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Discovering MOOC learner motivation and its moderating role
Yue Chen, Qin Gao, Quan Yuan and Yuanli Tang

Department of Industrial Engineering, Tsinghua University, Beijing, People’s Republic of China

ABSTRACT
In massive open online courses (MOOCs), learners have diverse types of motivation. Learners with
different motivations have different interaction behaviours, presence, and learning outcomes.
However, scant research has investigated the moderating role of learner motivations in the
associations between presence and learning outcomes. This study examined MOOC learner
motivation and its moderating role by surveying 646 MOOC learners. By exploratory factor
analysis, this study identified four types of motivation: interest in knowledge, curiosity and
expansion, connection and recognition, and professional relevance. Based on motivation, the
study clustered learners into high-motivation, low-motivation, and asocial learners. Both high-
motivation and asocial learners reported strong interest in knowledge and professional
relevance, but asocial learners reported the lowest level of connection and recognition among
the three groups of learners. Despite the low social presence, the asocial learners still had high
levels of cognitive and teaching presence and learning outcomes. In addition, learners with
higher presence generally perceived higher cognitive learning, but asocial learners with higher
social presence were less satisfied. The results highlight the impacts of specific types of
motivation to enrol in MOOCs and suggest designing different environments for learners with
different motivation types.
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1. Introduction

Learners obtain meaningful learning by interaction with
content, teachers, and other learners in the learning com-
munity (Moore 1989). During interaction, learners
develop feelings of being connected to a learning com-
munity and perceive educational presence, including
cognitive, teaching, and social presence (Garrison,
Anderson, and Archer 1999). Previous studies have
shown significant associations between interaction, edu-
cational presence, and learning outcomes (Akyol and
Garrison 2011; Baker 2010; Garrison and Arbaugh
2007; Jung and Lee 2018; Ke and Kwak 2013; Rovai
2002b).

Over the last few years, many people have learned
from massive open online courses (MOOCs). One of
the most popular local MOOC platforms, XuetangX,
offers over 1900 courses and has over 16 million users
(IBL News 2019). In MOOCs, besides interaction and
presence, learners are strongly affected by their motiv-
ation. Motivation is the goal people pursue and the
extent to which they desire to achieve the goal. MOOC
learners can easily register or withdraw from a course
without the complex procedures of traditional learning.
Therefore, MOOC learning relies more on learners’
motivation. Generally, learners with stronger overall

motivation interact more with lecture videos (Barba,
Kennedy, and Ainley 2016), participate in more commu-
nity learning activities (Castaño, Maiz, and Garay 2015;
Denker et al. 2018; Gillani and Eynon 2014; Yang
2014), and further develop higher cognitive, teaching,
and social presence (Kilis and Yıldırım 2018; Kim
2015; Tao 2009). Many studies in MOOC contexts
have shown positive associations between overall motiv-
ation and learning outcomes (Barba, Kennedy, and Ain-
ley 2016; Wu and Bai 2018; Xiong et al. 2015).

However, in MOOCs, learners from diverse back-
grounds have very different types of motivation, needs,
and expectations of a course. Different types of motiv-
ation lead to various interactions, different engagement
in learning (Brooker et al. 2018; Xiong et al. 2015), and
different levels of presence (Angelaina and Jimoyiannis
2012; Goh et al. 2017; Ngoyi et al. 2014). Knowing
more about what motivates learners to enrol in
MOOCs and how these motivations affect their inter-
actions and learning outcomes would enable educators
to better design MOOC learning environments for lear-
ners with different motivations and needs.

To describe learners’motivations to enrol in MOOCs,
some previous research determined items to describe
motivation (e.g. Hew and Cheung 2014; Watted and
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Barak 2018) by bottom-up methods. To investigate the
effects of these items conveniently, the researchers
grouped them using qualitative analyses. However,
these groups or structures lacked quantitative verifica-
tion. A previous study (Kizilcec and Schneider 2015) col-
lected 13 items of MOOC motivation through an open-
ended survey and tried to verify a structure of the items
by data-driven methods, but the research could not
further extract a structure. The first aim of this study is
to develop a quantitatively validated structure of
MOOC learner motivation.

Because of the motivation diversity, more research is
required about the experience of learners with different
motivations and needs so that the learning environments
and content can be designed to satisfy various learners’
needs. To understand learners’ expectations, previous
research grouped learners based on their behaviours
(e.g. video clicking stream) and further studied their
behaviours or learning strategies (Arora et al. 2017; Kha-
lil, Kastl, and Ebner 2016; Kizilcec, Piech, and Schneider
2013; Poquet et al. 2018). These behavioural data were
objective, and the quantity was large since MOOCs
usually involve thousands of learners. However, these
data lacked direct and interpretable expressions from
learners. The data also involved more examples of irrele-
vant behaviours and did not consider learners’ offline
learning behaviours.

To get more qualitative insights about learners’motiv-
ations, Barak, Watted, and Haick (2016) identified
groups of learners with different motivations based on
their emails and forum posts that contained motivational
information. However, learners expressed little about
their learning motivations in emails or forum posts. In
addition, most communications aimed to solve learning
problems rather than to express one’s motivation. Some
motivations were rarely mentioned in emails or posts.
Therefore, it is worthwhile to identify learner groups
through their self-reported motivations. The second
aim of this study is to group learners based on their
motivations and compare their interactions, presence,
and learning outcomes.

In addition, some previous research has found posi-
tive associations between presence and learning out-
comes in online contexts (e.g. Baker 2010; Ke and
Kwak 2013). Regarding the associations between learn-
ing and social interaction or presence, however, some
other studies obtained nonsignificant or even negative
results (Cho and Tobias 2016; He 2013; Mackey and
Freyberg 2010). Previous research has offered a possible
explanation that these associations were affected by sys-
tem or course aspects, such as system design and course
content (He 2013). A recent study found that the associ-
ation of social interaction and learning engagement was

mediated by the extent to which learners’ needs were sat-
isfied (Fang et al. 2019). This need satisfaction was deter-
mined not only by the system or course but by the
learners themselves. In other words, besides the sys-
tem/course aspect, learners’ motivations may moderate
the associations between social presence and learning
outcomes. Although the results of some studies have
implied that motivation may affect the association of
social presence with learning outcomes (e.g. Kizilcec
and Schneider 2015; Zhang, Allon, and Mieghem
2017), little research has directly studied the moderating
role of learners’ motivations. The third aim of this study
is investigating the moderating role of motivations by
comparing learner groups by motivation in terms of
the associations between presence and learning
outcomes.

To achieve these aims, this study conducted a survey
study with 646 valid responses from MOOC learners.
We first identified types of motivation for enrolling in
MOOCs. Based on these types of motivation, we then
clustered learners into groups and compared their inter-
actions, presence, and learning outcomes. Finally, we
studied the associations between presence and learning
outcomes in the different groups.

2. Literature review

2.1. Types of motivation for enrolling in MOOCs

Many researchers have studied how motivation affects
learning experience and outcomes. Most have adopted
overall motivation level or intrinsic/extrinsic motivation
categorisation (Deci and Ryan 1985, 1991, 2002). Intrin-
sic motivation refers to inherent gratification from a task,
whereas extrinsic motivation refers to external incentives
beyond the task. This categorisation has been widely
used in general learning contexts (Chen and Jang 2010;
Everaert, Opdecam, and Maussen 2017; Giesbers et al.
2013; Salmon et al. 2017).

However, MOOC learners were found to have highly
different types of motivation. Studies in the MOOC con-
text obtained inconsistent results on the effects of intrin-
sic and extrinsic motivation. Some studies have found
both intrinsic and extrinsic motivation positively affected
engagement (Xiong et al. 2015) and continuance
(Alraimi, Zo, and Ciganek 2015). Some studies have
determined that intrinsic motivation positively affected
interactions with videos (Barba, Kennedy, and Ainley
2016), the completion rate of a MOOC (Salmon et al.
2017), learning engagement (Fang et al. 2019), and atti-
tude to MOOCs (Zhou 2016) but ignored extrinsic
motivation or did not find its effects. One study demon-
strated that neither intrinsic nor extrinsic motivation
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affected learning outcomes (Brooker et al. 2018). In
Barba et al.’s study (2016), intrinsic motivation was
also divided into value beliefs, individual interest, and
mastery approach. These three constructs affected differ-
ent aspects of interaction differently. Individual interest
even had a small negative effect on final grade despite
the positive effects of the other two constructs.

Therefore, it can be inferred that intrinsic or extrinsic
motivation types were generalised and probably insuffi-
cient to study the effect of motivation in MOOCs.
Some studies of interviews showed that learners with
different specific motivations adopted different learning
strategies (Gillani and Eynon 2014; Mukhtar, Muis,
and Elizov 2018; Zheng et al. 2015). For example, extrin-
sic motivation included both wanting to supplement
offline learning in school and wanting to obtain
additional professional skills. If a learner wanted to sup-
plement his or her offline learning by a MOOC, he or she
would treat the MOOC as a modularised resource, be less
likely to consider completing the whole course, and
rarely discuss the course content with other learners
(Zheng et al. 2015). If a learner wanted to obtain
additional professional skills, he or she would use the
forum of a MOOC for discussion more often (Gillani
and Eynon 2014). In summary, even when the two
specific motives were extrinsic motivation, they would
lead to different learning strategies. This suggests that
instead of intrinsic and extrinsic categories of motiv-
ation, a more detailed description of motivation is
required for investigating its effects on MOOC learning.

Some researchers have investigated specific items of
motivation for enrolling in MOOCs by bottom-up
methods as shown in Table 1. We manually grouped
these items into four themes: (1) to satisfy curiosity for
knowledge and about the form of MOOCs; (2) to help
a career or learning, such as to support learning in an
offline school, to acquire new knowledge and potentially
useful skills for the future, to obtain high-quality edu-
cational resources from famous universities and teachers,
or to collect certifications; (3) for self-growth through
flexible lifelong learning at any time and place; and (4)
for social interaction, such as through learning with
others and expanding social networks by making friends
with other learners in the same course.

Similarly, most of these studies also grouped the items
or developed structures for motivation by qualitative
methods such as analysing interviews, but these struc-
tures lacked quantitative verification. To validate a struc-
ture, Kizilcec and Schneider (2015) developed a 13-item
scale for measuring MOOCmotivation and attempted to
establish a structure by data-driven methods, such as fac-
tor analysis, but the research retained some problems.
First, the results showed that six factors accounted for

30% of the variance. A quantitatively verified structure
remains absent. Second, the motivation items were col-
lected by responses to open-ended surveys from learners
on three courses, which were not comprehensive enough.
As mentioned above, previous studies have provided a
comprehensive pool of motivation items. Based on this
pool, a more complete structure can be established.
Third, the response options were ‘Applies’ or ‘Does not
apply’. This dichotomous rating could reduce the resol-
ution of data and the reliability and validity of the
measurement (Preston and Colman 2000). The range
of the scale needs to be increased.

To summarise, the first research question is:

RQ1. What are the types of motivation to enroll in
MOOCs verified by quantitative methods?

2.2. Grouping and comparing learners by
motivation

Most relevant research grouped learners by their beha-
viours, such as interactions with video lectures, assess-
ments (Kizilcec, Piech, and Schneider 2013), forum
activity (Poquet et al. 2018), or both (Arora et al. 2017;
Khalil, Kastl, and Ebner 2016). These objective data can
be collected in a large amount without learners’ active
feedbacks, but from these data, we can hardly interpret
learners’ direct feelings and opinions. For example,
some studies (Kim et al. 2014; Qu and Chen 2015) pre-
sented behavioural patterns of learners, but participants
had a difficult time interpreting the data. In addition,
these system log data also included irrelevant behaviours
and missed learners’ offline learning behaviours.

To get more qualitative insights about learners’motiv-
ations, Barak, Watted, and Haick (2016) grouped lear-
ners by inductive content analysis of their emails and
forum posts that contained motivational information.
However, learners expressed little about their learning
motivation in emails or forum posts (only 144 out of
1600 messages and posts contained text regarding motiv-
ation). Most communications aimed to solve learning
problems rather than to express one’s motivation. Lear-
ners probably did not disclose much of their inner
thoughts due to the needs of impression management
(Ellison, Heino, and Gibbs 2006). Therefore, some
motivations were rarely mentioned in emails or posts.
In addition, to better understand the difference of
needs and experiences among different learner groups,
further comparisons were required about detailed
aspects of learning such as interaction and presence,
but previous research lacked further comparisons.

To summarise, it is necessary to identify learner
groups with the consideration of their directly reported
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Table 1. Motivation for learning in MOOCs from literature.
Study Methods Contexts Items/Results

(Hew and
Cheung
2014)

The authors reviewed 25 articles that applied
interviews or surveys to determine learners’
motivations to enrol in MOOCs.

Various courses and participants for the
25 articles

Why students sign up for MOOCs:
. The desire to learn about a new topic or to

extend current knowledge
. Curiosity about MOOCs
. Personal challenge
. The desire to collect as many completion

certificates as possible
(Huang and
Hew 2017)

The authors conducted semi-structured
interview to collect learners’ views on the
motivational design of MOOCs. Results
suggested that although the interview
participants were from different backgrounds,
their reasons for learning and for sustaining
learning were very similar.

11 participants from six countries.
Various disciplines including business,
health, archaeology, history, etc.

Factors influencing learning:
. Relevance to work, mentioned by 8

participants; example: ‘I am in business and
so interested in any business related courses.
It helped me synthesise some great new
ideas already’.

. Relevance to lifestyle, mentioned by 1
participant

. Interest, mentioned by 3 participants;
example: ‘It was important to me because I
am interested in history, archaeology and
art’.

. Credibility, mentioned by 1 participant
(Kizilcec and
Schneider
2015)

Survey items were obtained by analysing
responses to the open-ended question ‘Why
did you enroll in this course?’ The responses
were iteratively coded by MTurkers.

Thousands of responses from three
different MOOCs (on topics in political
science, computer science, and
economics)

Online Learning Enrollment Intentions (OLEI)
scale (Applies or not):

. General interest in topic

. Relevant to job

. Relevant to school or degree program

. Relevant to academic research

. For personal growth and enrichment

. For career change

. For fun and challenge

. To meet new people

. To experience an online course

. To earn a certificate/statement of
accomplishment

. Course offered by prestigious university/
professor

. To take with colleagues/friends

. To improve my English skills
(Loizzo et al.
2017)

The authors studied learners’ experience by
observations and interviews. One of the
researchers participated in the course as a
teaching assistant.

12 adult learners with bachelor’s and
master’s degrees enrolled in a four-
week MOOC about human trafficking

Learners’ motivations:
. Content interest
. To learn more about the topic
. Professional development
. Enjoyment
. Information retrieval
. Career planning
. Social connection
. Competition

(Milligan and
Littlejohn
2017)

The authors analysed responses to an open-
ended question: What was your primary
motivation for taking this course?

970 learners in two MOOCs:
Fundamentals of Clinical Trials and
Introduction to Data Science

Learners’ motivations:
. Relevance to current role
. Learning content
. Relevance to future career
. Interest in the topic
. Other motivation (prestige, certification,

MOOC study, zero cost, opportunity to learn
in English)

(Salmon et al.
2017)

The authors conducted an online survey and
interviews after the MOOC’s completion.

155 responses to the survey and 29
interviewed learners from a Carpe
Diem MOOC

Three dominant motivations to complete the
MOOC:

. To further existing knowledge

. To acquire skills in the learning design
process

. To apply the learning design methodology in
practice

(Shapiro et al.
2017)

The authors conducted interviews and
sentiment analysis.

36 learners from two courses:
Introduction to Chemistry, Data
Analysis and Statistical Inference

Learners’ motivations:
. To gain knowledge
. Relevance to current work, and career

change or advancement
. Convenience of MOOCs, high-quality course

materials, and ease of understanding
. Personal interest, fun, and hobby
. Care about certificate, commitment, and

confidence building
Learners’ motivations to complete a MOOC:

(Continued )
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motivations and further compare different groups. The
second research question concerns grouping learners
by motivation:

RQ2. What groups of MOOC learners can be identified
based on motivation, and how do their interactions,
presence, and learning outcomes differ?

This study compares interactions, presence, and learning
outcomes because they are necessary components of the
learning process, and previous studies have examined the
effects of motivation on these variables. First, interaction
is a major component of formal education. Interaction in
online learning includes student-content and student-
instructor and student-student interactions (Moore
1989). Learners with higher overall motivation levels
have higher behavioural intentions (Khan et al. 2018)
and exhibit more interaction behaviours (Castaño,
Maiz, and Garay 2015; Gillani and Eynon 2014; Yang
2014), such as video interactions (Barba, Kennedy, and
Ainley 2016), communication (Denker et al. 2018), and
forum discussion (Yang 2014). Learners with higher
motivation also have higher learning engagement
(Xiong et al. 2015) and social engagement (Barak,
Watted, and Haick 2016). Besides the extent of motiv-
ation, types also affect interaction as mentioned in sec-
tion 2.1 (Gillani and Eynon 2014; Mukhtar, Muis, and

Elizov 2018; Zheng et al. 2015). For example, a previous
study showed that both intrinsic and extrinsic motiv-
ation positively affected learning engagement, but social
motivation did not (Xiong et al. 2015). Therefore, more
research is required about how learners with different
types of motivation interact in MOOCs.

Second, during interactions, learners develop their
cognitive, teaching, and social presence. Overall motiv-
ation level has been found to be positively associated
with cognitive, teaching, and social presence (Baker
2010; Kilis and Yıldırım 2018; Kim 2015; So and Brush
2008; Tao 2009). As elaborated above, different types
of motivation bring different interactions. Presence is
developed during interaction, and therefore different
motivations potentially bring different presence levels.

Third, a higher overall motivation level has been
found to be associated with superior learning outcomes.
Learners with stronger motivation perceive higher use-
fulness of MOOCs (Wu and Chen 2017) and have higher
final grades (Barba, Kennedy, and Ainley 2016), reten-
tion rates (Sujatha and Kavitha 2018; Xiong et al.
2015), and satisfaction (Keller 2010). Motivation also
influences learning outcomes in terms of self-regulated
learning (Littlejohn et al. 2016), which refers to thoughts,
feelings, and actions that are planned and cyclically
adapted to personal goals (Zimmerman 2000). More

Table 1. Continued.
Study Methods Contexts Items/Results

(Watted and
Barak 2018)

The authors collected data from an online survey
with an open-ended question ‘Why are you
taking the MOOC in Nanotechnology and
Nanosensors’, 116 forum posts, and 45 email
messages. Data were analysed by a deductive
and inductive analysis.

308 learners from a Nanotechnology
and Nanosensor MOOC

. Educational: experience of online course,
certificate, and school relevance

. Personal: growth and enrichment, and
general interest

. Career: career change, research relevance,
product development, professional
competence

(Xu and Yang
2016)

The authors classified learners based on their
activities in the platform such as whether they
took exams and video-playing activities.

Thousands of learners involved in 10
courses of various subjects

Learners’ motivations:
. Certification earning
. Video watching
. Course sampling

(Yousef et al.
2015b)

The authors analysed responses to an open-
ended question ‘What are your goals/
objectives when participating in MOOCs?’

82 learners and 76 professors Objectives of MOOC stakeholders
. Blended learning (e.g. to enhance classroom

learning)
. Flexibility (e.g. to conveniently access

resources)
. High-quality content (e.g. to learn from the

best universities)
. Instructional design and learning

methodologies (professors’ aim)
. Lifelong learning
. Network learning
. Openness (e.g. to learn free courses)
. Student-centered learning (mainly

professors’ aim)
(Zheng et al.
2015)

The motivation items were determined through
interviews and grounded theory.

18 MOOC learners from various
countries and various disciplines

Motivation to join MOOCs:
. Fulfilling current needs, including course

complement and professional needs
. Preparing for the future, including

impressing potential employers and shaping
a goal for college application

. Satisfying curiosity

. Connecting with people

BEHAVIOUR & INFORMATION TECHNOLOGY 5



self-regulated learning behaviours are associated with a
stronger interest in tasks (intrinsic motivation) (Niu
2019), more student-content interaction (Kizilcec,
Pérez-Sanagustín, and Maldonado 2017), and superior
learning outcome (Bernacki, Aguilar, and Byrnes 2011;
Pardo, Han, and Ellis 2017). Therefore, this study also
evaluates self-regulated learning to explain the effects
of motivation on learning outcomes.

2.3. Association between presence on learning
among learner groups

Cognitive and teaching presence have been found to pro-
mote learning. Higher cognitive presence is associated
with higher cognitive learning and actual learning per-
formance (Akyol and Garrison 2011; Yang et al. 2016).
Higher teaching presence is associated with higher
engagement (Jung and Lee 2018), satisfaction, cognitive
learning (Ke and Kwak 2013; Swan 2001), affective learn-
ing (Baker 2010), perceived learning quality (Picciano
2002), and persistence (Jung and Lee 2018).

Unlike cognitive and teaching presence, social pres-
ence or interaction has been found to be associated
with learning differently in different studies. Some
studies have suggested that higher social presence is
associated with higher affective learning, cognitive learn-
ing, and satisfaction with online courses (Ke and Kwak
2013; Richardson and Swan 2003; Swan and Shih
2005). Other studies have determined that increased
social presence had no association with learning per-
formance or satisfaction (Cho and Tobias 2016; Mackey
and Freyberg 2010). One study (He 2013) on live video
teaching found that student-student interaction related
to emotional communication was not associated with
learning performance and in one course was even nega-
tively related to learning performance.

Some of these researchers have indicated that the
associations between learning and social interaction or
presence were affected by system and course aspects,
such as system design and course content. For example,
most current MOOC platforms enable social interaction
through discussion forums. Interactions via forums con-
vey fewer social context cues, which make it more
difficult to develop social presence (Rovai 2002a). Lear-
ners have to make more effort to interact with others
and develop adequate social presence, and the amount
of effort can affect learning outcomes such as satisfaction
and retentions.

Besides system and course aspects, learners’ charac-
teristics, especially motivation, can affect these associ-
ations between social presence and learning outcomes
but have rarely been studied. An empirical study found
that social interaction with instructors and other learners

affected learning engagement in MOOCs, and this effect
was mediated by the extent of how learners’ needs were
satisfied (Fang et al. 2019). This need satisfaction was
determined by both system/course and learners. It indi-
cated that besides the system/course aspects, learners’
motivations could affect these associations between
social presence and learning outcomes.

Learners with different types of motivation expect to
obtain different things from social interactions. They
have different behavioural patterns (Kizilcec and Schnei-
der 2015) that further affect the associations between
social presence and learning outcomes. Highly task-
oriented learners feel unsatisfied with social interaction
if they cannot find enough value from it (Rosé et al.
2015). Non-signature students (those who registered
for a course for free) benefited from increased social
interaction in the forum, whereas signature-track stu-
dents (those who registered for a course with a fee) did
not (Zhang, Allon, and Mieghem 2017). These two
groups of students were very likely to have different
motivations for enrolling in MOOCs. These studies indi-
cate that motivation affects the association of social pres-
ence with learning outcome. However, little previous
research has studied this effect of learners’ motivations.
Thus, the third research question concerns the effect of
motivation on the association between presence and
learning outcomes:

RQ3. How do learners with different motivations differ
in the associations between presence and learning
outcomes?

3. Methods

3.1. Participants

We conducted an online survey study. We posted links
to the questionnaire in the forums of XuetangX and
WeChat Moments from December 2016 to April 2017.
If a learner enrolled in a course and quickly dropped
out, he or she would rarely have experienced most
types of interaction or developed adequate presence.
Therefore, we screened the responses and only used
those from participants who had completed at least
half of the schedule of any course on any MOOC plat-
form in the previous six months.

In total, 646 valid questionnaires were collected (see
Table 2 for details). The age of the participants ranged
from 15 to 50 years (mean [M] = 21.53 years, standard
deviation [SD] = 5.06 years). Most participants were
less than 30 years old (N = 605, 94%), indicating that
our sample was younger than the average population
of MOOC learners. Previous reports have found that
less than 80% of Chinese MOOC learners were younger
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than 30 years old (Zheng, Chen, and Burgos 2018).
Regarding gender, 433 (67%) of the respondents were
men, and 213 (33%) were women. Most participants
(N = 627, 97%) took higher education. Probably due to
the young age and high educational background, 552
participants (85%) were campus students. This pro-
portion of students was also higher than that in the gen-
eral population of MOOC learners (less than 60% in
Zheng, Chen, and Burgos 2018).

The participants were asked to complete the question-
naire based on a course they had taken in the previous six
months. More than 80% of the selected courses were
from XuetangX (N = 513, 79.41%), since we posted the
questionnaire in the forums of XuetangX. Other plat-
forms included icourse163.org (N = 70, 10.84%), Cour-
sera (N = 31, 4.80%), and other platforms (N = 32,
4.95%). Among the selected courses, 204 were on
STEM subjects (science, technology, engineering, and
mathematics), with the remainder being on subjects
such as arts, history, language, and sociology.

3.2. Questionnaire design

The first section of the questionnaire asked for infor-
mation about the course, including (1) its name, (2)
the platform providing the course, and (3) the percentage
of the course schedule that the participant had finished.

The second section was about motivation. As shown
in section 2, we obtained motivation items from 11
studies that investigated MOOC motivation by bottom-
up methods (Hew and Cheung 2014; Huang and Hew
2017; Kizilcec and Schneider 2015; Loizzo et al. 2017;
Milligan and Littlejohn 2017; Salmon et al. 2017; Shapiro
et al. 2017; Watted and Barak 2018; Xu and Yang 2016;
Yousef et al., 2015b; Zheng et al. 2015). First, we sum-
marised motives into four themes, then similar motives
were combined into one item. Too generalised state-
ments were removed. Finally, we identified 16 potential
motivation items (Table 4). The participants rated their
agreement or disagreement with each item using a five-
point Likert scale.

The third section was about interactions. We asked
the participants (1) whether they would watch a lecture
video once or for several times and (2) to describe
their behaviours when taking notes by a single question
(options were ‘using the note function on the platform’,
‘using a note application’, ‘on paper’, and ‘never took
notes’). Regarding interactions in forums, the frequency
of reading threads in the forum was measured by a single
item with five levels scored from 0 to 4 (i.e. ‘never or very
rarely’, ‘once or twice per month’, ‘once or twice per
week’, ‘more than twice per week but not every day’,
and ‘every day’). The frequency of posting or replying
to threads in the forum was measured using a single
item with four levels scored from 0 to 3 (i.e. ‘never or
very rarely’, ‘once or twice per month’, ‘once or twice
per week’, and ‘more than twice per week’). Moreover,
the participants were asked whether they had made
friends on the forum. Outside MOOC platforms, the
participants were asked whether they had joined discus-
sion groups (if any) organised by teaching assistants
(TAs) or the instructor in an instant messaging appli-
cation (e.g. QQ or WeChat). Next, the participants
were asked whether they had direct contact with the
TAs or the instructor (e.g. email, instant message, or
face-to-face). Based on these questions, we measured
interaction level by variety of behavior, defined as how
many of the following common activities the participant
had performed: (1) taking notes, (2) reading the forum,
(3) posting in the forum, (4) making friends in the
forum, (5) joining the discussion group, and (6) directly
contacting the TAs or instructor.

The fourth section concerned cognitive, teaching, and
social presence. These were measured using nine items on
a five-point Likert scale (Table 3) adapted and simplified
from the CoI Questionnaire (Akyol and Garrison 2008;
Arbaugh et al. 2008). The original scale of each presence
involved several dimensions, and each dimension con-
sisted of several items. In the simplified scale, items of
a dimension were combined into one item to reduce
the workload of filling the questionnaire (see Table 3).
The level in each presence was calculated using the

Table 2. Demographic information of participants
Age Count (Percentage) Occupation Count (Percentage)

15–19 286 (44.27%) Campus student 552 (85.45%)
20–24 259 (40.09%) Working 80 (12.38%)
25–29 60 (9.29%) Unemployed 14 (2.17%)
30–50 41 (6.35%) Retired 0 (0.00%)
Education
Campus students enrolled in Count (Percentage) (Others) academic degree Count (Percentage)
Junior high school or lower 2 (0.31%) Junior high school or lower 3 (0.46%)
High school 12 (1.86%) High school 2 (0.31%)
College 484 (74.92%) Vocational degree 8 (1.23%)
Graduate school (Master) 44 (6.81%) Bachelor 61 (9.41%)
Graduate school (Ph.D.) 9 (1.39%) Master 18 (2.78%)

Ph.D. 2 (0.31%)
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mean of the scores of the items of that type of presence.
The Cronbach’s α coefficients of cognitive, teaching, and
social presence were 0.826, 0.799, and 0.855 respectively.

The fifth section concerned learning outcomes, includ-
ing perceived learning and satisfaction. Two aspects of
perceived learning were considered: cognitive and affec-
tive learning. Cognitive learning is a learner’s memory
or recognition of knowledge and the development of
intellectual abilities (Bloom 1956). It was measured
using a five-point Likert scale with five items, including
three cognitive items and two affective items from the
CAP Perceived Learning Scale (Rovai et al. 2009)
(Table 3). Some statements in the two items on affective
learning also reflected cognitive aspects of learning, and
they were therefore modified to measure cognitive learn-
ing in this study (see the last two items of cognitive learn-
ing in Table 3). The Cronbach’s α of the five items was
0.831. Affective learning is increasing internalisation of
positive attitudes toward the learning content, subject,
or instructor (Russo and Benson 2005). It was measured
using a five-point Likert scale with two items adapted
from Gorham (1988) (Table 3). The original question-
naire asked about learners’ attitudes toward both the
content and the instructor and whether learners would
like to learn in the same way in the future. This scale
simply combined the content and the instructor into
the term ‘course’. The Cronbach’s α of affective learning
was 0.786. Objective measures of performance, such as
grades, were not employed for two reasons. First, our
participants took different courses, and thus it was

difficult to compare objective scores across courses.
Second, MOOC learners have diverse educational back-
grounds and previous knowledge, rendering it unfair to
compare objective performance.

Satisfaction was measured using four items with a
five-point Likert scale (Table 3), including satisfaction
with the course and satisfaction with the platform. The
level of each variable was calculated as the mean of the
scores of the items corresponding with the variable.
The Cronbach’s α was 0.851.

The sixth section concerned self-regulated learning
and helped to explain how motivation affected the learn-
ing outcomes. It was measured using six items with a
five-point Likert scale adapted from the Online Self-
Regulated Learning Questionnaire (Barnard et al. 2009)
(Table 3). The six dimensions in the original question-
naire were converted into six items respectively. The par-
ticipants rated how often they experienced each item
using the scale, and their extent of self-regulated learning
was calculated as the mean of the scores for these items.
The Cronbach’s α was 0.877.

Finally, the questionnaire asked for the participants’
background information, such as age, gender, edu-
cational background, and occupation.

Because we simplified the scales for presence, affective
learning, and self-regulated learning, we conducted a
pilot test for the adapted scales to initially validate the
simplification. Besides the internal reliability, we also
conducted correlation analyses of the original and
adapted scales. We conducted a survey involving 32

Table 3. Questionnaire items for measuring presence, perceived learning, satisfaction, and self-regulated learning.
variables Items

Cognitive presence
(Cronbach’s α = 0.826)

Taking the course increased my interest in the related field.
I gathered information related to the course in various ways, thought about related problems, and learned from the
perspectives of others in the forum discussion.

I integrated new information, thought about concepts, and solved problems.
I was able to apply the knowledge from the course to my life, my study in school, or my work.

Teaching presence
(Cronbach’s α = 0.799)

I think the instructor of the course provided clear goals, topics, requirements, and guidance.
I think the instructor was helpful in guiding learners.
I think the instructor could directly guide me and provide feedback in time.

Social presence
(Cronbach’s α = 0.855)

I could communicate with other learners in the same course and have a sense of belonging.
I could communicate with other learners comfortably.

Perceived cognitive learning
(Cronbach’s α = 0.831)

I could summarise the logic structure of the course.
I could provide guidance for people who were going to take the course.
I could critically think about the content in the course.
Taking the course promoted my self-directed learning.
I could do more complex thinking after taking the course.

Perceived affective learning
(Cronbach’s α = 0.786)

I think the course was valuable.
I would like to take other courses in the same way.

Satisfaction (Cronbach’s α =
0.851)

The course met my needs for the related knowledge.
I felt satisfied about the course generally.
I felt satisfied about the MOOC platform.
I will take part in more MOOCs.

Self-regulated learning
(Cronbach’s α = 0.877)

Goal setting: I set goals when taking the course.
Environment structuring: I chose a quiet location and time to take the course in order to avoid distraction.
Task strategies: I prepared a lot to complete different learning tasks.
Time management: I managed my time and scheduled the learning.
Help seeking: I tried to find others for help or discussion when I encountered problems during learning.
Self-evaluation: I regularly evaluated myself during the course.
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valid responses. Participants were asked to fill out two
questionnaires in two consecutive days based on a course
they had taken in the previous six months. The first
questionnaire included the original scales for cognitive,
teaching, and social presence and the adapted scales for
self-regulated learning and affective learning. The second
questionnaire included the original scales for self-regu-
lated learning and affective learning and the adapted
scales for cognitive, teaching, and social presence. The
score of a scale was calculated by the mean values of
all the items in the scale.

All the participants had completed at least half of the
schedule of any course on any MOOC platform in the
previous six months. The age of the participants ranged
from 19 to 29 years (mean [M] = 22.88 years, standard
deviation [SD] = 2.81 years). Regarding gender, 19
(59%) were men and 13 (41%) were women. All partici-
pants participated in higher education. Most (N = 31)
were students.

The results suggested that all the values of the adapted
scales were correlated with the values of the original
scales (Pearson’s r values > 0.70). The Pearson’s r values
for cognitive presence, teaching presence, social pres-
ence, self-regulated learning, and affective learning
were 0.81, 0.75, 0.90, 0.86, and 0.84.

3.3. Data analysis

To answer RQ1 on identifying the types of motivation to
enrol in MOOCs, we conducted principal component
factor analysis with varimax rotation on the 16 motiv-
ation items. To answer RQ2, we first clustered learners
based on motivation types from factor analysis. The clus-
tering method was k-means with the algorithm of Harti-
gan and Wong (1979). Then we compared different

learner clusters in terms of motivation, interaction, pres-
ence, and learning outcomes. The frequencies of reading
the threads and of posting in the forum violated the
assumption of normality. Therefore, Kruskal–Wallis
rank sum tests were conducted, and the post hoc analyses
were Wilcoxon rank sum tests with the Bonferroni cor-
rection. For other variables, analysis of variance
(ANOVA) was applied, and the post hoc analyses were
pairwise t-tests with the Bonferroni correction. To
answer RQ3 on how motivation affected the relationship
between presence and outcomes, we conducted Pearson
correlation analysis for the relationships between pres-
ence and outcomes in different learner clusters.

4. Results

4.1. Motivation to enrol in MOOCs

To answer RQ1 on identifying types of motivation to
enrol in MOOCs, we conducted exploratory factor
analysis for motivation items. The results suggested a
four-factor structure with no cross-loading higher than
0.45 (see Table 4). The ratings of each item are illustrated
in Figure 1. Altogether, 68% of the total variance was
explained by the four factors, indicating acceptable fit
of the model. The Cronbach’s α coefficients of the factors
were all above the threshold of 0.60 suggested for
exploratory research (Hair 2009).

Factor 1, named interest in knowledge, consists of five
items and explains 19% of the total variance. It rep-
resents the intrinsic motivation to learn new things
and broaden knowledge. It contains four items with posi-
tive loadings and one item with negative loading (the
requirement from teachers). It was relatively intrinsic,
and some items with high ratings were ‘I want to

Table 4. Factor loadings (principal components, varimax rotation) of types of motivation for course enrolment
Item Description Mean (SD) Loading

F1 Interest in knowledge (M = 3.80, SD = 0.87, Cronbach’s α = 0.772)
1 I am interested in this course. 4.12 (0.96) 0.78
2 The teacher at my school asked us to take this course. 3.32 (1.72) −0.77
3 I want to broaden my knowledge through this course. 4.21 (0.90) 0.76
4 I take this course to learn about topics that are new for me. 3.88 (1.06) 0.67
5 I take MOOCs because I enjoy lifelong learning. 3.47 (1.21) 0.52
F2 Curiosity and expansion (M = 3.45, SD = 0.83, Cronbach’s α = 0.764)
6 I am attracted by the resources from famous universities. 3.78 (1.13) 0.75
7 I am attracted by famous teachers. 3.47 (1.15) 0.75
8 I learn about different majors through MOOCs. 3.29 (1.20) 0.59
9 I challenge myself by taking MOOCs. 3.32 (1.18) 0.58
10 I am curious about the form of MOOCs. 3.40 (1.16) 0.54
F3 Connection and recognition (M = 2.55, SD = 0.98, Cronbach’s α = 0.751)
11 I keep in touch with acquaintances by taking the same course with them. 2.56 (1.18) 0.86
12 I want to make friends who share the same interests through this course. 2.71 (1.20) 0.84
13 I want to collect as many certifications as possible. 2.38 (1.22) 0.64
F4 Professional relevance (M = 3.56, SD = 1.01, Cronbach’s α = 0.707)
14 I learn knowledge and skills that my major requires me to have through this course. 3.30 (1.38) 0.85
15 I take this course to support my learning, for example, in school. 3.54 (1.29) 0.82
16 I want to improve my skills and abilities and promote my career through this course. 3.84 (1.13) 0.52
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broaden my knowledge through this course’ and ‘I am
interested in this course’.

Factor 2, named curiosity and expansion, comprises
five items and explains 16% of the total variance. It cov-
ers (1) the need to satisfy curiosity about MOOCs and
different majors and (2) the need for high-quality edu-
cational resources and self-challenge. Items with the
highest ratings were mainly about resources from
famous universities and professors.

Factor 3, named connection and recognition, consists
of three items and explains 15% of the total variance. It
represents the need to connect with and be recognised
by others. Participants rated relatively low scores in
these three items, especially the item about collecting
certifications.

Finally, factor 4, named professional relevance, con-
sists of three items and explains 13% of the total variance.
It represents the motivation to support the learner’s cur-
rent offline learning or working. The highest rated item
was about improving skills and abilities to promote
career goals.

The score for each factor (except interest in knowl-
edge) was the mean value of the scores for all items
in that factor. Interest in knowledge contained an
item with negative loading; therefore, its score was cal-
culated as the mean value of the scores for the four
items with positive loadings and 6 minus the score for
the item with negative loading. Generally, participants
reported the highest scores in interest in knowledge
(M = 3.80, SD = 0.87), followed by curiosity and expan-
sion (M = 3.45, SD = 0.83) and professional relevance
(M = 3.56, SD = 1.01, p values of t tests with Bonferroni

correction < 0.001). They reported the lowest scores in
connection and recognition (M = 2.55, SD = 0.98, p
values < 0.001).

4.2. Descriptive statistics of overall interaction,
presence, and learning outcomes

We compared interaction, presence, and learning out-
comes of learners with different motivations. First, we
summarised the overall statistics of all the participants.
Regarding interaction, Table 5 presents a summary of
whether participants performed six behaviours. Partici-
pants performed 2.44 of the six behaviours on average
(SD = 1.45). The mean frequency of reading threads in
the forum was between the levels of ‘once or twice per
month’ and ‘once or twice per week’. Nearly half of the
participants (N = 260) read threads in the forum once
or twice per week. The mean frequency of posting in
the forum was between the level ‘never or very rarely’

Figure 1. Rating of 16 motivation items with the 95% confidence interval (ordered as in Table 4).

Table 5. Frequency of performance of behaviours
Items in the variety of behaviours Yes No

1. Did you take notes when watching the
lecture video?

319 49.38% 327 50.62%

2. Did you read any posts in the forum? 496 76.78% 150 23.22%
3. Did you post any threads or reply in the
forum?

361 55.88% 285 44.12%

4. Did you make friends in the forum? 57 8.82% 589 91.18%
5. Did you join in any group of the course
managed by TAs or the teacher? (e.g. QQ
or WeChat group)

210 32.51% 436 67.49%

6. Did you contact the teacher or TAs
directly? (e.g. by email or instant
message)

131 20.28% 515 79.72%
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and ‘once or twice per month’. Nearly half of the partici-
pants (N = 285) had never posted in the forum.

The participants perceived different levels of the three
types of presence (F2,1935 = 251.3, p < .001, partial η2

= .206). Social presence (M = 2.93, SD = 1.08) was signifi-
cantly lower than cognitive presence (M = 3.83, SD =
0.78, p < .001) and teaching presence (M = 3.93, SD =
0.75, p < .001). Generally, participants reported good
learning outcomes in terms of cognitive learning (M =
3.63, SD = 0.71), affective learning (M = 4.05, SD =
0.85), self-regulated learning (M = 3.69, SD = 0.74), and
satisfaction (M = 4.11, SD = 0.70).

4.3. Learner groups based on types of motivation

To answer RQ2, learners were clustered and compared.
Three groups emerged (Table 6): (1) high-motivation
learners (learners who had relatively high scores in all
four motivation factors), (2) asocial learners (learners
who had high scores in all motivation factors except con-
nection and recognition); and (3) low-motivation lear-
ners (learners who had relatively low scores in all four
motivation factors). Their demographic information is
shown in Table 6.

4.3.1. Comparing motivation
The three groups of learners differed in all four motiv-
ation factors (see Table 7). High-motivation learners
and asocial learners did not differ in interest in knowl-
edge (M = 4.18, SD = 0.60 for high-motivation learners
and M = 4.07, SD = 0.62 for asocial learners) and pro-
fessional relevance (M = 3.97, SD = 0.79 for high-
motivation learners and M = 4.09, SD = 0.68 for asocial
learners; p values of t tests with the Bonferroni correc-
tion were 0.28 and 0.26). Compared with these two
groups, low-motivation learners gave the lowest scores

for interest in knowledge (M = 3.05, SD = 0.90) and
professional relevance (M = 2.53, SD = 0.69, p values
< 0.001). High-motivation learners rated higher for
curiosity and expansion (M = 4.05, SD = 0.57) than
asocial learners (M = 3.33, SD = 0.68), followed by
low-motivation learners (M = 2.80, SD = 0.69, p values
< 0.001). High-motivation learners rated higher for
connection and recognition (M = 3.44, SD = 0.65)
than low-motivation learners (M = 2.13, SD = 0.71), fol-
lowed by asocial learners (M = 1.76, SD = 0.53, p values
< 0.001).

Within each group, we also compared their ratings of
the four factors. For high-motivation learners, the high-
est ratings were for interest in knowledge and curiosity
and expansion. Professional relevance was slightly
lower than interest in knowledge (p = 0.002). Connection
and recognition was the lowest motivation factor (p
values < 0.001).

For asocial learners, the highest ratings were for inter-
est in knowledge and professional relevance. These two
factors were higher than curiosity and expansion and
connection and recognition (p values < 0.001). Connec-
tion and recognition was the lowest motivation factor
(p values < 0.001).

Low-motivation learners gave significantly different
scores among the four motivation factors. Factors from
the highest to the lowest were interest in knowledge,
curiosity and expansion, professional relevance, and con-
nection and recognition (p values < 0.01).

4.3.2. Comparing interaction and presence
The participants in different motivation groups reported
significantly different interactions and presence (Table 7).
Kruskal–Wallis rank sum tests and ANOVA revealed
that the difference in the frequency of posting in the
forum was marginally significant (p = 0.057) and the

Table 6. Demographic information of learner groups
Group 1 High-motivation learners (N = 258) 2 Asocial learners (N = 187) 3 Low-motivation learners (N = 201)
Motivations M (SD) M (SD) M (SD)

Interest in knowledge 4.18 (0.60) 4.07 (0.62) 3.05 (0.90)
Curiosity & expansion 4.05 (0.57) 3.33 (0.68) 2.80 (0.69)
Connection & recognition 3.44 (0.65) 1.76 (0.53) 2.13 (0.71)
Professional relevance 3.97 (0.79) 4.09 (0.68) 2.53 (0.69)

Age 22.1 (5.4) 22.3 (5.7) 20.0 (3.3)
Gender Count (Percentage) Count (Percentage) Count (Percentage)
Male 182 (70.5%) 119 (63.6%) 132 (65.7%)
Female 76 (29.5%) 68 (36.4%) 69 (34.3%)

Employment status
Student 212 (82.2%) 151 (80.7%) 189 (94.0%)

39 (15.1%) 31 (16.6%) 10 (5.0%)
Unemployed 7 (2.7%) 5 (2.7%) 2 (1.0%)

Educational level (in progress)
High school 10 (3.9%) 5 (2.7%) 4 (2.0%)
Bachelor or junior college 219 (84.9%) 149 (79.7%) 186 (92.5%)
Master 26 (10.1%) 27 (14.4%) 9 (4.5%)
PhD 3 (1.2%) 6 (3.2%) 2 (1.0%)
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difference in all the other variables was significant
(p values < 0.001).

The variety of behaviours of the high-motivation lear-
ners (M = 2.71, SD = 1.49) was significantly greater than
that of the asocial learners (M = 2.30, SD = 1.41, p =
0.0097) and low-motivation learners (M = 2.22, SD =
1.37, p < 0.001). The frequency of reading the forum of
the high-motivation learners (M = 1.69, SD = 1.06) was
significantly higher than that of the asocial learners (M
= 1.31, SD = 1.10, p = 0.007) and low-motivation learners
(M = 1.36, SD = 0.94, p = 0.004).

The cognitive presence of the high-motivation lear-
ners (M = 4.17, SD = 0.54) was higher than that of the
asocial learners (M = 3.97, SD = 0.69, p = 0.007), followed
by the low-motivation learners (M = 3.27, SD = 0.80, p <
0.001). The teaching presence of the low-motivation
learners (M = 3.50, SD = 0.79) was significantly lower
than that of the high-motivation learners (M = 4.17,
SD = 0.62, p < 0.001) and asocial learners (M = 4.05,
SD = 0.67, p < 0.001). The social presence of the high-
motivation learners (M = 3.30, SD = 1.04) was signifi-
cantly higher than that of the asocial learners (M =
2.55, SD = 1.08, p < 0.001) and low-motivation learners
(M = 2.80, SD = 0.98, p < 0.001).

4.3.3. Comparing learning outcomes
The participants from different groups also reported sig-
nificantly different perceived learning, satisfaction, and
self-regulated learning (p values < 0.001 as shown in
Table 7). The cognitive learning of the high-motivation
learners (M = 3.93, SD = 0.56) was higher than that of
the asocial learners (M = 3.74, SD = 0.58, p = 0.006), fol-
lowed by the low-motivation learners (M = 3.15, SD =
0.73, p < 0.001). The affective learning of the low-motiv-
ation learners (M = 3.40, SD = 0.90) was significantly

lower than that of the high-motivation learners (M =
4.38, SD = 0.61, p < 0.001) and asocial learners (M =
4.29, SD = 0.66, p < 0.001).

Regarding satisfaction, the low-motivation learners
(M = 3.64, SD = 0.75) were significantly less satisfied
than the high-motivation learners (M = 4.35, SD = 0.51,
p < .001) and asocial learners (M = 4.27, SD = 0.61, p <
0.001). The self-regulated learning of the high-motiv-
ation learners (M = 4.02, SD = 0.61) was higher than
that of the asocial learners (M = 3.81, SD = 0.59, p
= .003) followed by the low-motivation learners (M =
3.17, SD = 0.75, p < 0.001).

4.4. Comparing the associations of presence with
outcomes

To answer RQ3, we conducted Pearson correlation
analysis for the relationships between the three types of
presence and learning outcomes (Table 8).

When we analysed all the participants together, higher
cognitive presence and teaching presence were signifi-
cantly correlated with higher perceived learning and sat-
isfaction. Furthermore, higher social presence was
significantly correlated with higher cognitive learning,
and no significant correlation was discovered between
social presence and affective learning or satisfaction.

However, across different learner groups, the corre-
lations between social presence and learning outcomes
were slightly different. For the high-motivation learners,
higher social presence was correlated with higher cogni-
tive learning; for the asocial learners, higher social pres-
ence was correlated with higher cognitive learning but
lower satisfaction; and for the low-motivation learners,
higher social presence was correlated with higher cogni-
tive learning and satisfaction (marginally significant).

Table 7. Statistics for variety of behaviours, frequency of reading and posting in the forum, presence, perceived learning, satisfaction,
and self-regulated learning of learners in different groups

Items
High-motivation learner M

(SD)
Asocial learners M

(SD)
Low-motivation learners M

(SD) Statisticsa p value η2b

Interest in knowledge 4.18 (0.60) 4.07 (0.62) 3.05 (0.90) 161.6 <.001 .334
Curiosity & expansion 4.05 (0.57) 3.33 (0.68) 2.80 (0.69) 218.4 <.001 .405
Connection & recognition 3.44 (0.65) 1.76 (0.53) 2.13 (0.71) 436.6 <.001 .576
Professional relevance 3.97 (0.79) 4.09 (0.68) 2.53 (0.69) 290.9 <.001 .475
Variety of behaviours 2.71 (1.49) 2.30 (1.41) 2.22 (1.37) 7.746 <.001 .024
Frequency of reading threads in the
forum

1.69 (1.06) 1.37 (1.10) 1.36 (0.94) 13.89 <.001

Frequency of posting in the forum 0.87 (0.90) 0.75 (0.87) 0.97 (0.94) 5.731 .057
Cognitive presence 4.17 (0.54) 3.97 (0.69) 3.27 (0.80) 106.1 <.001 .248
Teaching presence 4.17 (0.62) 4.05 (0.67) 3.50 (0.79) 57.34 <.001 .151
Social presence 3.30 (1.04) 2.55 (1.08) 2.80 (0.98) 33.13 <.001 .088
Cognitive learning 3.93 (0.56) 3.74 (0.58) 3.15 (0.73) 93.23 <.001 .225
Affective learning 4.38 (0.61) 4.29 (0.66) 3.40 (0.90) 119.4 <.001 .271
Satisfaction 4.35 (0.51) 4.27 (0.61) 3.64 (0.75) 82.00 <.001 .203
Self-regulated learning 4.02 (0.61) 3.81 (0.59) 3.17 (0.75) 101.7 <.001 .240
aFor frequency of reading threads in the forum and frequency of posting in the forum, the Kruskal-Wallis rank sum test was applied, and the statistic wasx22. For
other variables, ANOVA was applied, and the statistic was F2,643.

bη2 = .01, small; .06, medium; .14, large.
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5. Discussion

5.1. Motivations to enrol in MOOCs

Because MOOC learners had much more diverse motiv-
ation and backgrounds than learners in traditional schools,
the overall motivations or general categorizations were
insufficient to show the effects of motivation on learning
(e.g. Barba, Kennedy, and Ainley 2016). This study pro-
vides a detailed and initially verified motivation model
forMOOCenrolment (RQ1). It has twodistinguishing fea-
tures. First, the detailed items were gathered from 11 pre-
vious bottom-up studies. They covered various courses
and learners and suggested the comprehensiveness of the
item set. Second, the structure was initially evaluated by
exploratory factor analysis and could explain 68% of the
total variance. It can be further validated by confirmatory
factor analysis and used to develop a questionnaire for
measurement of motivations to enrol in MOOCs.

In detail, the model includes four motivation types or
factors: interest in knowledge, curiosity and expansion,
connection and recognition, and professional relevance.
Our data suggest that themost important reason ormotiv-
ation is interest in knowledge, supporting the previous
studies that found the greatest motivation to take
MOOCs is general interest in the course content (Kizilcec
and Schneider 2015; Watted and Barak 2018). Our data
also reveal that the least significant reason is connection
and recognition. Fewer learners enrol in MOOCs with
the aims of connecting with others or earning a certificate.
This is probably oneof the reasons for the lowparticipation
in social interactions and low completion rate in MOOCs.

5.2. Grouping and comparing learners by
motivation

This study also clustered learners based on motivation
factors and compared learner clusters in a number of

variables (RQ2). Three groups of learners emerged: 258
high-motivation learners, 187 asocial learners, and 201
low-motivation learners. Each group had significantly
different motivations, interactions, presence, and learn-
ing outcomes.

High-motivation learners rated the highest scores in
all four motivation factors. In this group, the highest rat-
ings were for interest in knowledge and curiosity and
expansion. In other words, high-motivation learners
expect to obtain related knowledge and to fulfil their
interests and curiosity in knowledge, the resources they
can gain from university and professors, and how
MOOC learning works. They participate in more types
of learning activities and read the forummore frequently.
They perceived the highest cognitive, teaching, and social
presence. Moreover, they reported the highest cognitive
learning, affective learning, satisfaction, and self-regu-
lated learning.

Low-motivation learners rated the lowest scores in all
four motivation factors. As with high-motivation lear-
ners, low-motivation learners also value interest in
knowledge most among the four motivation factors.
Since they have a low level of overall motivation, they
reported the lowest levels of interaction, presence, and
learning outcomes.

In addition to high- and low-motivation learners, this
study identified a special group of learners that we
termed asocial learners. They reported interest in knowl-
edge and professional relevance as important as high-
motivation learners did. However, they rated the lowest
score in connection and recognition, even lower than
low-motivation learners. In this group, the highest rat-
ings were for interest in knowledge and professional rel-
evance. In other words, asocial learners most expect to
obtain related knowledge and to improve skills and abil-
ities to promote professional careers. Compared with
high-motivation learners, asocial learners are more

Table 8. Pearson product-moment correlations of cognitive, teaching, and social presence with measures of
learning outcomes for different learner groups

Cognitive presence Teaching presence Social presence

All participants
Perceived cognitive learning .646 (p < .001) .486 (p < .001) .220 (p < .001)
Perceived affective learning .664 (p < .001) .569 (p < .001) .076 (p = .053)
Satisfaction .644 (p < .001) .600 (p < .001) .062 (p = .117)
High-motivation learners
Perceived cognitive learning .533 (p < .001) .465 (p < .001) .137 (p = .028)
Perceived affective learning .547 (p < .001) .509 (p < .001) .046 (p = .464)
Satisfaction .552 (p < .001) .572 (p < .001) .047 (p = .452)
Asocial learners
Perceived cognitive learning .426 (p < .001) .339 (p < .001) .169 (p = .021)
Perceived affective learning .530 (p < .001) .390 (p < .001) −.070 (p = .342)
Satisfaction .517 (p < .001) .495 (p < .001) −.171 (p = .019)
Low-motivation learners
Perceived cognitive learning .615 (p < .001) .322 (p < .001) .240 (p < .001)
Perceived affective learning .565 (p < .001) .485 (p < .001) .082 (p = .250)
Satisfaction .557 (p < .001) .494 (p < .001) .137 (p = .053)
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pragmatic, focus on the knowledge and skills, and avoid
inefficient social interactions. They reported interacting
as little as the low-motivation learners did and perceived
social presence as low as the low-motivation learners did.
Regardless of the low levels of interaction and social
presence, they still perceived teaching presence, affective
learning, and satisfaction as high as the high-motivation
learners perceived. Their cognitive presence, cognitive
learning, and self-regulated learning were slightly lower
than those of high-motivation learners.

These asocial learners were similar to the ‘performers’
(4% of the participants) identified in a relevant study
from HarvardX–MITx (Arora et al. 2017). The perfor-
mers also valued efficiency and performed better with
less effort and interaction. However, the proportion of
asocial learners in this study is much higher than perfor-
mers in Arora et al.’s study. In addition, previous
research indicated that superior learning outcomes
were associated with higher overall motivation (e.g.
Barba, Kennedy, and Ainley 2016; Niu 2019). Our results
also supplement this previous research: the positive
associations were contributed mainly by the motivation
factors of interest in knowledge and professional rel-
evance, whereas connection and recognitive contributed
little to it.

5.3. Association of presence and learning
outcomes

To investigate the effects of motivation on the associ-
ations of presence and learning outcomes (RQ3), corre-
lation analyses were conducted in different learner
groups. Regardless of motivation groups, cognitive pres-
ence and teaching presence were positively associated
with perceived affective learning, cognitive learning,
and satisfaction. Social presence was also positively
associated with cognitive learning in all three groups,
consistent with previous studies (Akyol and Garrison
2011; Ke and Kwak 2013; Picciano 2002; Richardson
and Swan 2003; Swan 2001).

However, different from previous studies, we found
motivation affected the association of social presence
and satisfaction. In the high-motivation group, social
presence was not associated with satisfaction; in the
low-motivation group, higher social presence was corre-
lated with higher satisfaction (marginally significant);
but in the asocial group, higher social presencewas associ-
ated with lower satisfaction. We explain this negative
association as follows. Asocial learners have strongmotiv-
ation to acquire knowledge and improve abilities efficien-
tly. Theywant to concentrate on interactionswith content
and instructors. They are unwilling to connect with other
learners and do not care about recognitions. However, to

develop social presence, learners are required to have a
number of social interactions, such as participating in for-
ums or discussion groups. Our data also found signifi-
cantly positive associations of social presence with the
frequency of reading forum discussions (Pearson’s r =
0.235, p < 0.001) and with the frequency of posting mess-
ages in the forum (Pearson’s r = 0.271, p < 0.001). The
participants who joined discussion groups perceived
higher social presence (M = 3.44, SD = 0.93) than did
those who did not join any group (M = 2.68, SD = 1.06,
p value of t test < 0.001). More social interactions engen-
dered higher perceived social presence but lowered satis-
faction for the asocial learners.

6. Conclusion

6.1. Implications

This study developed and initially evaluated a four-factor
model to describe the diverse motivations to enrol in
MOOCs, including interest in knowledge, curiosity and
expansion, connection and recognition, and professional
relevance. The 16 detailed items covered various courses
and learners, and the model was initially evaluated by a
survey with 646 responses. On the one hand, this
model provides an alternative way to study the experi-
ence of MOOC learning systematically from different
dimensions of motivation instead of the overall motiv-
ation level or general motivation categories. On the
other hand, it can be further validated by confirmatory
factor analysis and used to develop a questionnaire for
measurement of motivation to enrol in MOOCs.

This study also applied the motivation model and
clustered learners into high-motivation, low-motivation,
and asocial learners. Each group had significantly differ-
ent motivations, interactions, presence, and learning out-
comes. In particular, asocial learners (29% of the sample)
rated interest in knowledge and professional relevance as
high as high-motivation learners, but they rated connec-
tion and recognition even lower than low-motivation
learners. These asocial learners omit social interactions
and pragmatically focus on learning content. Despite
the low social presence, they still have high teaching
presence, affective learning, and satisfaction, whereas
cognitive presence, cognitive learning, and self-regulated
learning were slightly impeded compared with high-
motivation learners. Moreover, these asocial learners
also differ from other learners in the association of social
presence and satisfaction. For all groups, social presence
promotes cognitive learning. But for asocial learners,
social presence is negatively associated with satisfaction.

These results of asocial learners suggested the follow-
ing implications. First, a great number of learners treat
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learning as a solitary activity. They want to concentrate
on interactions with content and instructors, ignoring
the value and potential opportunities of academic social
interaction and collaborative online learning. They tend
to use Internet-based communication tools for daily
social activities but not for academic purposes (Winter
et al. 2010). A relevant empirical study from Germany
found that most learners preferred to complete
MOOCs alone (Staubitz et al. 2014), and in Japan, lear-
ners preferred solitary completion of online distance
courses for university degrees (Bray, Aoki, and Dlugosh
2008).

Therefore, it is necessary to show MOOC learners
high-quality discussions to help them become aware of
the benefits from social presence and the value of colla-
borative learning. For example, one approach is to
expose learners to more high-quality and meaningful
discussions. Researchers identified useful information
related to the course (Wise, Cui, and Vytasek 2016)
and summarised knowledge or status of other learners
from discussions (Chen et al. 2018). This information
can benefit asocial learners, and therefore they are likely
to have a more positive attitude toward meaningful social
interactions during learning.

Second, current ways to interact, such as forums, in
MOOC platforms do not support efficient interactions
well. Perceived convenience affects attitude and intention
to learn (Hsu, Chen, and Ting 2018). Learners will not
join in forum discussions if they cannot get valuable
information efficiently (Rosé et al. 2015). Consistent
with previous research, this study also revealed low par-
ticipation in forum discussion. Our participants had
finished at least half of a MOOC and were thus presumed
to be active learners. However, two-thirds of the partici-
pants were in the low-motivation and asocial groups. We
found that 23.22% of the participants had never read the
forum for their MOOC, 44.12% had never posted any-
thing in the forum, and only 8.82% had made friends
in the forum.

Therefore, rather than a forum, a MOOC platform or
course should provide more supports that require little
effort from learners to interact and should find ways to
enhance learners’ presence so that learners can be
more attracted to continuous learning. One approach is
to involve learners in more discussions passively, such
as by making it easier to access discussions. Passive par-
ticipation in discussions (i.e. reading) was found to
strongly predict learning performance and completion
rate of MOOCs (Brooker et al. 2018; Chiu and Hew
2018; Cisel 2014; Wise and Cui 2018). To promote pas-
sive participation, some studies have increased the visi-
bility of high-quality discussions by integrating
discussions with videos (e.g. Chen et al. 2019; Chen,

Gao, and Yuan 2017; Yao, Bort, and Huang 2017; Yousef
et al. 2015a). For low-motivation learners, another
approach is to support attractive and collaborative
ways to interact. For example, some studies have
designed tools for use in online learning to increase lear-
ners’motivation and engagement (Chen and Chen 2018;
De-Marcos et al. 2014; DomíNguez et al. 2013; Jagušt,
Botički, and So 2018; Simões, Redondo, and Vilas
2013). This study highlighted the necessity of these
studies of new ways to interact in MOOCs.

Third, cultural differences exist in motivations to take
MOOCs. Similar to our identification of asocial learners
in this study, the previous study in HarvardX-MITx
(Arora et al. 2017) identified ‘performers’ who made
less effort and had fewer interactions but performed
well. The proportion of performers was only 4%, which
was much lower than the proportion of asocial learners
in the present study. Previous research has also indicated
that although teachers in China encouraged students to
participate in discussions, many Chinese students were
unwilling to express their feelings or opinions publicly
(Tu 2001). In the context of MOOCs, Chinese learners
were found to post far fewer messages than did German
learners (Che et al. 2016). Future research is needed to
study how to satisfy MOOC learners from different
cultures.

6.2. Limitations

This study has some limitations. First, most participants
were campus students (85%), whereas less than 60% of
learners were campus students in another report about
MOOC learners in China (Zheng, Chen, and Burgos
2018). The occupation may affect motivations. Our
data found that student participants reported interest
in knowledge and curiosity and expansion as motivating
factors far less than other participants did (p values of t-
tests < 0.001). The proportion of student participants in
the low-motivation group was also higher than in the
other two groups (p values of Chi-squared tests <
0.001). Previous research also revealed different motiv-
ations of university-affiliated students and general par-
ticipants (Watted and Barak 2018). Future research on
a broader sample is required.

Second, we initially found that interactions, presence,
and learning outcomes differed in different group of lear-
ners with different motivations. However, we did not
develop an integrated model including these variables
and types of motivation by structural equation model-
ling, probably due to (1) a limited sample size but
many relationships between constructs and (2) sim-
plified scales without strict validation. Future research
is required to verify these results more strictly.
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Third, interactions were self-reported. Self-reports
may be biased and easily influenced by individual
characteristics, such as reading and comprehension abil-
ity. Future research is required to measure interactions
using actual behaviour data. In addition, this study did
not distinguish between social interactions that were
related to the course and those that were unrelated.
One study (Lambić 2016) discovered a positive associ-
ation between learning performance and frequency of
using social networking sites to share and discuss content
related to a course but no association between learning
performance and the frequency of general social net-
working site use (including interactions both related
and unrelated to the course). Therefore, future research
needs to consider the different effects of social inter-
actions related or unrelated to a course.

Finally, we did not investigate the objective learning
performance or retention rate, which many stakeholders
are interested in. The reason was that our participants
took different courses. This makes it difficult to evaluate
their learning using objective scores or retention rates.
Future research is required to collect data from one
specific course so that objective performance and reten-
tion rate can then be studied.
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