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ABSTRACT
The purpose of this research is to examine the research that has been done on
MOOCs by applying data mining and analytic approaches and to depict the current
state of MOOC research. The text mining revealed four broad themes: (I) MOOCs as
a mainstreaming learning model in HE, (II) motivation and engagement issues in
MOOCs, (III) assessment issues in MOOCs, and (IV) MOOCs for social learning. The social
network analysis indicated that MOOCs are a significant aspect of online education
and that learning analytics are considered a solution to current MOOC handicaps.
Both pivotal contribution analysis and timeline analysis demonstrated that MOOC
research has a heavy focus on motivation and engagement, high drop out and low
retention rates, and instructional quality. Overall, the research concludes that the first
wave of MOOC research largely concentrated on the qualitative characteristics of the
phenomenon, while the second and third waves of MOOC research concentrated on
the quantitative characteristics.
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INTRODUCTION
The phenomenon of massive open online courses (MOOCs) has attracted much attention in the
fields of higher education (HE), lifelong learning, distance education (DE), and open and distance
learning (ODL). At its core, MOOCs promise an open and flexible way of learning, regardless
of where learners live or when learners participate. Attracting millions of participants, MOOCs
differ from formal online courses in that they address a larger audience and provide students
the flexibility to drop in and drop out. As a result of continuing efforts and earlier practices in
the open education field, MOOCs first appeared in 2008 and since then, millions of participants
have benefited from them. After the inception of MOOCs, three waves of MOOCs followed. The
first wave was the connectivist MOOCs, followed by the second wave of extension MOOCs and
the third wave, which was a hybrid of the first and second MOOCs, insofar as it benefited from
the design principles of the first and the second waves.
Despite the increasing demand and interest in MOOCs, many questions remain unanswered
regarding what MOOCs really are and where they are headed in terms of their impact on
educational institutions and educational opportunities. To address this question, this study
aims to examine the research on MOOCs research by conducting a systematic review of the
empirical MOOC publications from 2016 to 2018.

LITERATURE REVIEW
There have been many efforts put forth by the academic world to understand the impacts of
the MOOCs. Some of the studies have examined MOOCs from the perspective of social media
and networked discourses (Bulfin et al., 2014; Chen, 2014; Deimann, 2015; Kovanović et al.,
2015; Shen & Kuo, 2015). These studies revealed that while there was a generally positive
response towards MOOCs (Bulfin et al., 2014; Shen & Kuo, 2015), the use of social media
presented challenges as well as opportunities (Chen, 2014), triggering discussions that went
beyond simply the pedagogical and economic aspects of MOOCs (Deimann, 2015).
Other studies have looked closely at the MOOC research in scholarly publications (Bozkurt et al.,
2016; Costello et al., 2018; Ebben & Murphy, 2014; Gašević et al., 2014; Joksimović, et al., 2018;
Kennedy, 2014; Lee et al., 2019; Liyanagunawardena et al., 2013; Raffaghelli et al., 2015; Sa’don
et al., 2014; Sangrà et al., 2015; Veletsianos & Shepherdson, 2015, 2016; Zawacki-Richter et al.,
2018; Zhu et al., 2018; Wong et al., 2019). These studies concluded that the interest MOOCs has
attracted in education and computer science disciplines (Veletsianos & Shepherdson, 2015)
has helped to build knowledge on a wide array of topics (Liyanagunawardena et al., 2013) by
providing social learning opportunities (Gašević et al., 2014) at the HE level (Sangrà et al., 2015).
The interest in MOOCs is still alive, as attested to by the increase in MOOC research. In this
context, this study aims to provide an overview of MOOC research from 2016 to 2018 by
identifying trends and patterns through a systematic review of the related literature through
data mining, analytics and visualization techniques. The following research questions were
developed to guide this aim.
What are the scholarly trends and patterns between 2016 and 2018 in:
•
•
•

MOOC research?
Published articles’ keywords?
Intellectual bibliometric network?

RESEARCH METHOD AND DESIGN
This study applied a systematic review method (Gough et al., 2012), using data mining and
analysis approaches, such as text mining (Hearst, 2003) and social network analysis (SNA)
(Hansen et al., 2010). The main purpose of using different analytic approaches (e.g., text
mining for lexical relationships, social network analysis of the keywords and references) is
to triangulate the research data (Thurmond, 2001) and to examine MOOCs from multiple
perspectives in order to gain a broader understanding. By triangulating the research findings,
the reliability and validity issues improved, and researchers were enabled to report a more
complete meta picture of the state of the art in MOOC research. The findings in each research
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strand were visualized through data mining and analytic approaches (Fayyad, et al., 2002) to
discover research patterns and better interpret the sheer volume of data.
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SAMPLING
The selected articles were identified by using the following search strings: “MOOC* OR Massive
Open Online Course*”. As a follow-up study to the study by Bozkurt et al. (2017), who examined
the MOOC research from 2018 to 2015, the present study examined publications from 2016 to
2018. The inclusion criteria for sampling were that the study be indexed in Scopus, published
in peer-reviewed journals between 2016 and 2018, written in English, be accessible online, and
have the searched keywords in the title. The rationale of including articles that have search
strings only in their title is to build a more focused, concentrated research corpus and, therefore,
reach more accurate and representative findings that reflect the trends and patterns in MOOC
research. Accordingly, after following the PRISMA Framework (Page et al., 2021), a total of 633
articles that met the inclusion criteria were included in the research corpus (See Figure 1).

DATA ANALYSIS
For the text mining portion of the research, sentiment analysis algorithms were used to make
meaningful connections. Bayesian statistics, which record the “occurrence of a word and
connects it to the occurrence of a series of other words”, were included as part of this analysis
(Ward et al., 2014, p. 119). For text mining, titles and abstracts of the articles in the final research
corpus merged, and after omitting nonrelevant words (e.g., pronouns, prepositions), the data
was analyzed and then visualized. The textual data was then quantified by considering the
frequency of the words, co-occurrences, and their meaning in the context before generating
concepts and themes. For the text mining, to identify different thematic patterns, the paths
emerged through lexical analysis reported in fractions.
In the social network analysis of the keywords, each keyword is considered as a node, and their
co-occurrences are considered as ties. The analysis included betweenness centrality (BC), which
refers to a node’s bridging score and its centrality in the network. Degree centrality (DC), which
refers to the total number of unique edges, and PageRank (PR), which refers to the influence
score, were also calculated to better interpret the significance of the nodes. The node sizes
were adjusted according to their betweenness centrality. Moreover, the edge weights were
calculated to indicate the strength of the connections, and the thickness of ties were adjusted
according to their edge weight values. In the social network analysis of the bibliometric data,
the density value, which ranges from 0 to 1 and explains the degree to which the nodes are
interconnected in the network, the modularity value, which is used to measure the strength of
division of a network into modules, and silhouette, which ranges from -1 to 1 and measures the
quality of a clustering configuration, were calculated.

Figure 1 Identification of
final research corpus through
Prisma Diagram.

STRENGTHS AND LIMITATIONS
The strength of this study lies in the methodological approaches used. First, the findings
were visualized in such a way to easily make sense of the large volume of data compiled.
Second, since machine-based approaches were used, the analysis of the data was free from
researcher bias. Third, the use of different analytical approaches facilitated data triangulation,
which allowed different layers of the research data to be explored. However, in addition to the
strengths of the study, there were some limitations that should be taken into account. First,
though the research provides a panoramic outlook of the MOOC research, the data was limited
to articles indexed in the Scopus database. In other words, despite the comprehensiveness of
the data, the research presents only a partial view. Second, the research included only peerreviewed articles in the research corpus. However, the researcher acknowledges that other
scholarly sources, such as books, book chapters, reports, conference proceedings, wikis and
blogs may provide additional valuable insights into MOOC research.
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FINDINGS AND DISCUSSIONS
TEXT MINING AND QUALITATIVE CONTENT ANALYSIS
This section presents the findings derived from the lexical analysis involving a text-mining
approach of the titles and abstracts from the sampled 633 publications (Figure 2).
Lexical analysis meaningfully dissects words to identify them as concepts, a process referred
to as parsing or tokenizing, to present them as meaningful syntaxes for the generation of
a thematic concept map. The research presented meaningful paths that aligned with the
purposes of the research. Accordingly, the following four themes were identified: (I) MOOCs as
a mainstreaming learning model in HE, (II) motivation and engagement issues in MOOCs, (III)
assessment issues in MOOCs, and (IV) MOOCs for social learning.
MOOCs as a mainstreaming learning model in HE (see path: Universities, MOOCs, learning,
higher, and education): There is an increasing trend to utilize MOOCs by integrating them
with emerging educational delivery models, such as blended learning (Bralić & Divjak, 2018)
or flipped classroom (Cao, 2018). MOOCs have benefitted from the partnerships they have

Figure 2 Themes and
concepts derived from the
MOOC research.
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established with MOOC providers, HE institutions and corporations, where the purpose in the
case of the latter has been to equip employees with specific skills suitable to the competitive
business sector (Calonge & Shah, 2016). The shrinking half-life of knowledge and the constantly
changing dynamics of the industry require that employees as well as new graduates have the
opportunity to engage in continuous learning so that they have the necessary qualifications
(Egloffstein & Ifenthaler, 2017), and MOOCs, by offering micro credentials or nano degrees,
help the business sector to meet these needs (Lemoine & Richardson, 2015). The fact that
MOOCs are capable of meeting this need strengthens their acceptance as a mainstreaming
learning model (Costa et al., 2018). However, despite the transformational potential of MOOCs’
sustainable business model (Belleflamme & Jacqmin, 2016), there are still concerns and
skepticism about how to sustain this business model (Egloffstein, & Ifenthaler, 2017). It is also
important to note that while there is a positive outlook on the mainstreaming of MOOCs in the
U.S (Li et al., 2018), the mainstreaming of MOOCs in other regions of the world (e.g., Africa) does
not look as promising (Rambe & Moeti, 2017).
The findings indicate that MOOCs will continue their growth trend in HE on account of not
only their potential in this area but also their integration with new educational models (e.g.,
blended learning and flipped classroom), both of which shall help them to forge their existence
and sustainability in HE. However, it is also noteworthy that the perception of MOOCs is not
the same all around the world, and that before fully exploring MOOCs’ potential, they should
be looked at in terms of social, cultural, and economic aspects, and the needs of the learners
should be examined. The first wave of MOOCs, termed connectivist MOOCs (cMOOCs), which
ran from 2008–2011, seems to have played the role of disruptive innovation, while the second
wave, termed extension MOOCs (xMOOCs), which ran from 2012–2015, transformed the first
wave into sustainable innovation. The third and current wave of MOOCs has been a hybrid of
the first two waves, having connectivist and extension properties, and has served to further
evolve MOOC pedagogies into a supplementary mode to already existing delivery modes, such
as blended learning or flipped classroom.
Motivation and engagement issues in MOOCs (see path: motivation, MOOCs, and learning;
see also: MOOCs, learning, engagement, learners, exploring, and intention): Low competition
and high drop-out rates are major concerns in MOOC research (Sinclair & Kalvala, 2016) and
these concerns make two variables a significant issue in MOOC research: motivation and
engagement. Research suggests that innovative tools and approaches (e.g., gamification)
that take into account learners’ digital skills and competencies can be used to sustain
motivation and engagement. However, related studies also show, in reference to the massive
number of learners taking MOOCs, that learners come from diverse backgrounds and have
different motivations, goals and experiences, which underlines the importance of developing
self-regulated learning strategies (Alario-Hoyos et al., 2017; Littlejohn et al., 2016). While
studies have recommended that MOOCs be designed with an emphasis on motivational and
engagement, other improvements, like using learning analytics to tailor learning design and
learning experience, should also be considered (De Barba et al., 2016; Pursel et al., 2016).
The issues of motivation and engagement have a long history in all the educational modes. The
massiveness characteristic of MOOCs has proven to be a challenge for both MOOC platforms and
MOOC instructors. While MOOCs have been strongly criticized for their high drop-out rates and
low completion rates, as indicated by Lambert (2020), they have been praised for contributing
to student equity and social inclusion, two factors responsible for its widening participation. In
this regard, beyond the quantified outcomes, it can be argued that MOOCs promote universal
values in education and, therefore, their contribution at any educational level is significant. It
is also promising that there is an increasing trend in using learning analytics to deal with the
massive number of learners. One area of concern, however, is that the perceived learning in
MOOCs has been neglected as a focus of research. This is important to note because learning
goes beyond quantified learning objectives.
Assessment issues in MOOCs (see path: educational, MOOCs, assessment, design, and students):
Among the many challenges that MOOCs have in dealing with a massive number of students
is the issue of assessments, particularly in terms of emerging assessment concepts: Formative
assessment (e.g., automated assessment, peer assessment, etc.) and summative assessment
(e.g., badges, certificates, micro credentials, etc.) (Xiong, & Suen, 2018). Automated assessments
and peer assessments have been the topics most examined in the research corpus.
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Formative assessment approaches are a challenge for leisure learners who are lured to MOOCs
by their openness dimension. Likewise, summative assessment techniques are a challenge
insofar as they present concerns about assessment security issues (Xiong, & Suen, 2018). The
massive number of students involved in MOOCs require that MOOC providers develop alternative
assessments, like peer assessments, to traditional assessment methods. However, “the validity
of [peer assessment] process is still under discussion, suffers from a lack of credibility and has
many weaknesses” (Haddadi et al., 2018, p. 1873). It is reported that peer assessment is not
particularly reliable nor valid (Formanek et al., 2017). From the perspectives of learners, while
some benefit from peer assessment, others do not find it useful (Meek et al., 2017). Another
assessment method mentioned in the research corpus was automated assessments (Beg &
Beg, 2018; Rossano et al., 2017; Santamaría et al., 2018); however, it was observed that most
of the focus has been directed on handling learning at scale, as opposed to providing effective
assessment approaches. Moreover, summative assessment approaches appeared to be less of
a concern in the research corpus.
This theme revealed that in terms of assessment and evaluation perspectives, automated
assessment approaches were highly favored in the research corpus on account of their use
of artificial intelligences and the attractiveness of algorithms. While peer assessment sounds
promising, considering the massive number of learners, it might not be a working solution for
all learners.
MOOCs for social learning (see path: MOOCs, learning, and social): The studies in the research
corpus indicated that most of the social interactions in MOOCs take place on social media
platforms (Alario‐Hoyos et al., 2016) or in discussions forums, as it is a real challenge to build
a one-to-one communication environment where a massive number of students exist (Zhang,
Peck et al., 2016). Moreover, the findings support the idea that those who so socially interact (i.e.,
commenting) tend to complete MOOCs (Sunar et al., 2016; Swinnerton et al., 2017), and that
those who demonstrate an active presence are likely to be more engaged and hold strategic
positions in the learning network (Wise & Cui, 2018; Zhang, Skryabin et al., 2016). However,
there are different types of participants that demonstrate different levels of social engagement
(Kahan et al., 2017) or, in some cases, these participants are not visible in socially constructed
learning processes (Bozkurt et al., 2020). Studies have therefore suggested that the success of
MOOCs cannot be measured based on drop-out or completion rates, but rather, on the learning
behaviors of the participants (Kahan et al., 2017). The advantage of MOOCs, in terms of social
learning, is their ability to form social learning communities (Gallagher & Savage, 2016) that
“would arise around the course, would remain over time, and involve participants contributing
to with new proposals” (de Lima & Zorrilla, 2017).
For any educational process, the main ingredient of learning has always been the socially
constructed interactions. Third generation MOOCs, in this regard, have benefited from both
connectivist MOOC approaches (e.g., social media and networking) and extension MOOC
approaches (e.g., discussion forums) to better provide social learning opportunities. However,
it is noted that not all learners learn by visible interaction (e.g., lurkers or legitimate peripheral
participants) or wish be a part of the entire MOOC (e.g., drop ins). Interestingly, some MOOCs
help learners to form a learning community, and these communities provide more learning
opportunities, even outside of the defined MOOC concept. The problematic view according to
the studies in the research corpus is when social learning is framed around predefined MOOC
dates alone, ignoring their contribution to lifelong learning. This perhaps stems from the
influence of HE, which tends to resist change, and from interpreting MOOCs from a strictly
structured HE view.

SOCIAL NETWORK ANALYSIS OF THE KEYWORDS
Of all the 1312 keywords included in the analysis, 92 had 325 edges with a minimum of three
occurrences (Figure 3). In social network analysis, nodes can represent any entity and ties can
represent the relationships. In the case of the present study, the keywords of the articles served
as the nodes and ties the co-occurrences of the keywords represented the relationships. The
sizes of the nodes are defined according to their betweenness centrality (BC) metrics, which can
be explained as the bridging score between the other nodes. The thicknesses of ties are defined
according to edge weight (EW) values, which emphasize the strength of the relationships.
Degree centrality (DC) and PageRank (PR) for each keyword were also calculated.
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Figure 3 SNA of the keywords
from sampled publications.

The keywords with the highest betweenness centrality and other social network analysis
metrics are given in Appendix 1. The most salient keywords that held strategic positions were as
follows: MOOCs (DC: 90; BC: 2832.643), online learning (DC: 29; BC: 142.871), learning analytics
(DC: 29; BC: 141.045), Internet (DC: 9; BC: 117.775), e-learning (DC: 24; BC: 86.835), distance
learning (DC: 23; BC: 61.252), lifelong learning (DC: 8; BC: 59.971), distance education (DC: 20;
BC: 57.073), education (DC: 18; BC: 50.851), and higher education (DC: 21; BC: 48.880). The
strongest ties with high EW were as follows: MOOCs – online learning (EW: 241056), e-learning
– MOOCs (EW: 155520), learning analytics – MOOCs (EW: 90625), higher education – MOOCs
(EW: 65625), and MOOCs – instructional design (EW: 46971). The keywords were grouped into
the following seven clusters (Figure 3):
•
•
•
•
•
•
•

Massive Open Online Courses (MOOCs) (Cluster 1),
MOOC design, types, and environments (Cluster 2),
Educational delivery modes (Cluster 3),
Research variables (Cluster 4),
MOOC research methods (Cluster 5),
Theoretical and conceptual backgrounds (Cluster 6),
Disruptive potential of MOOCs (Cluster 7).

Massive Open Online Courses (MOOCs) (Cluster 1): The first cluster includes only the keyword,
‘MOOCs’, in order to see its relationships with other keywords and clusters. The central keyword
dominates the whole network and as expected, emerges as a central node.
MOOC design, types, and environments (Cluster 2): The trending topics of this cluster included
the Internet as an online learning infrastructure, the need for a specific instructional design,
communication and interaction (e.g., social networking, discussion forums, etc.). In addition to
the basic MOOC types (e.g., xMOOCs and cMOOCs), small private online courses (SPOCs) emerged
as significant keywords. The publications in the research corpus highlight that instructional
design in MOOCs is highly complex and challenging (Watson et al. 2016). Moreover, perceived
learning matters in MOOCs, likely due to their lifelong dimension (Kim et al., 2016).
Educational delivery modes (Cluster 3): Distance education delivery modes (e.g., e-learning,
m-learning, online education), and with a specific focus on HE, open learning, and lifelong
learning, were the central nodes in this cluster. The publications also argue that MOOCs are
inherent to distance education (Zou, 2016) and are “characterized by openness, online and
large-scale, all of which are conducive to creating a profound reform in education and teaching,
thus significantly affecting higher education” (Liu, 2017, p. 785). Their application for blended
learning (Bralić, & Divjak, 2018) or flipped classrooms (Cao, 2018) further makes them popular
from a HE perspective.

Research variables (Cluster 4): Confirming the text mining findings, this cluster indicated that
variables like motivation, engagement, completion, quality, assessment and evaluation in
computer mediated learning processes are trending hot topics. This finding is in line with earlier
research on MOOCs which reported similar variables as the central research focus in MOOC
publications (see Albelbisi et al., 2018; Kennedy, 2014).
MOOC research methods (Cluster 5): This cluster indicated that learning analytics was the
central keyword, followed by machine learning, content analysis, social network analysis and
educational data mining. The publications on implementation of learning analytics in MOOCs
(see Bystrova et al., 2018; Yulianto et al., 2018) showed that emerging research methods are
used to predict learners’ probability of drop out and success, and their performance.
Theoretical and conceptual backgrounds (Cluster 6): Collaborative learning, peer learning,
personalized learning and theoretical approaches, such as self-regulated learning, were salient
in this cluster. The research suggests that the primary characteristic of MOOCs, namely their
massiveness, hinders the community formation process, and therefore the ability to engage in
collaborative learning and peer interaction (Sanz-Martínez et al., 2018). However, it is reported
that learners with self-regulated skills tend to reach their goals (Kizilcec et al., 2017; Littlejohn
et al., 2016).
Disruptive potential of MOOCs (Cluster 7): Disruption and innovation were the leading keywords
in this cluster, which was the smallest to emerge. The impact of the MOOCs in HE is much
discussed, with some arguing that MOOCs are more of a sustaining innovation than a disruptive
innovation (Al-Imarah, & Shields, 2019; Bozkurt et al., 2017). It is further argued that the
disruptive potential of MOOCs does not the fall along the same lines as that seen in the first
wave of MOOCs (Connectivist MOOCs), and furthermore, that “behind the MOOC rhetoric of
disrupting and democratizing higher education lies the projection of top academic brands
on the marketing pedestal, financial piggybacking on the hype, and the politics of academic
exclusion” (Rambe & Moeti, 2017, p. 631).
Overall, the social network analysis showed that MOOCs are equated with online education at
the HE level. The use of learning analytics has been proposed as a way to address the criticisms
(e.g., drop out and retention) and as a tool to increase quality indicators (e.g., motivation and
engagement). Self-regulated learning skills are vital to the success of MOOCs, and MOOCs
should be viewed not as a disruptive innovation, but rather, as a sustaining innovation.

ANALYSIS OF INTELLECTUAL BIBLIOMETRIC NETWORK
Scholarly publications are important sources for explaining, sharing, storing, and disseminating
knowledge. Among the different types of scholarly publications, journals and articles have a
pivotal role insofar as they are considered reliable because they are supervised and reviewed
through an editorial process. Articles, in this regard, serve to build an intellectual network by
linking different resources via citations, which are included in the References section. Citing and
being cited, in this sense, is an indicator of the value of the scholarly publication and further tell
us what the scholarly community focuses on, the direction the disciplines are moving, and how
the research interests shift over time.
From this perspective, the present research examined the intellectual bibliometric network of
MOOC research, first, by identifying the most cited publications through time zone analysis to
identify the pivotal scholarly publications (Figure 4). Second, the present research aimed to
reveal temporal patterns, shifting attention as well as collective interest by examining the cited
and referenced publications in the sampled articles through timeline analysis (Figure 5).
In the time zone analysis, the 150 top-cited articles and their relationships among each other
were visualized. Of these articles, 83 were labeled as having a minimum citation of ten. The
density of the network was found to be 0.1443, which indicates a tightly connected network
structure.
The findings revealed that pivotal contributions were made by the articles that covered the issues
of motivation (Barak et al., 2016; De Barba et al., 2016; Littlejohn et al., 2016), engagement
(Hew, 2016), self-regulated learning skills (Kizilcec et al., 2017), dropout and retention (Hone
& El Said, 2016; Xing et al., 2016), continuance intention behaviors to use MOOCs (Wu & Chen,
2017), and innovative potential of MOOCs for online learning (Kaplan & Haenlein, 2016).
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Figure 4 Articles that were
most cited between 2016 and
2018.

Figure 5 References cited by
the articles published between
2016 and 2018.

The examination of pivotal contributions confirms the findings revealed in text-mining and
social network analysis. Accordingly, it can be claimed that the MOOC research created its own
research echo-chamber, whereby MOOCs were continually examined from certain perspectives.
The questions that are raised in MOOC research stand in contrast to the first wave of cMOOCs’
core values and promises, addressing rather, the second wave xMOOCs, which in turn, has
prevented exploration of the real potential of third wave hybrid MOOCs.
In the timeline analysis, 16.389 references cited in the sampled publications were analyzed. To
get a clear view, the 134 references that were found to pass the threshold and 988 links were
visualized. The density value was 0.1109; the modularity value was 0.4057 and the silhouette
value was 0.6008 (Figure 5).
The analysis revealed that though some of the references dated back earlier than the emergence
of MOOCs, the first footprints of MOOC research became visible in the seminal work of Siemens
(2005), Connectivism: A learning theory for the digital age, which introduced principles of
networked learning and connectivism and further inspired the first wave cMOOCs. While the
focal point of MOOC research in 2011 was cMOOCs and the concepts of diversity, participation,
collaboration and networked learning (for example, see Kop et al., 2011; Mackness et al.,
2010; McAuley et al., 2010), intellectual attention turns towards extension MOOCs (xMOOCs)
in 2012 by comparing two different pedagogical MOOC types (see Rodriguez, 2012; Yuan &
Powell, 2013) and problems of xMOOCs. By the time of the advent and dominance of xMOOCs
in related literature (Bozkurt et al., 2017), different issues, like motivational challenges (Hew &
Cheung, 2014), instructional quality (Margaryan et al., 2015), addressing diversity of learners
and learning at scale (Breslow et al., 2013), and retention and dropout rates (Jordan, 2014) are
the main concerns.

The timeline analysis demonstrated that first wave cMOOCs ignited a scholarly intellectual
landscape, where publications (from 2008 to 2011) that interpreted MOOCs as an open,
networked, and participatory practice were at the forefront. Publications from 2012 to 2015
shifted their attention to xMOOCs. By 2016, hybrid MOOC designs emerged. From connectivist
MOOCs to extension MOOCs, from extension MOOCs to hybrid MOOCs, three waves of MOOCs
are shown in Figure 6.
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Figure 6 The three waves of
MOOCs.

The findings of the timeline analysis were in line with the results from the pivotal contribution
analysis and further confirmed the results derived from the text mining and social network
analysis. To this end, it was seen that constantly articulated issues have become the major
concerns, with the focal point of MOOC research being motivational challenges, instructional
quality, and low retention and high drop-out rates.

CONCLUSIONS AND SUGGESTIONS FOR FUTURE RESEARCH
DIRECTIONS
This study examined a total of 633 scholarly MOOC publications from 2016–2018. The text
mining revealed four major themes: (I) MOOCs as a mainstreaming learning model in HE,
(II) motivation and engagement issues in MOOCs, (III) assessment issues in MOOCs, and (IV)
MOOCs for social learning. In the social network analysis, the keywords used in the research
corpus were examined in 7 clusters, and it was found that MOOCs are utilized by HE through
online learning delivery modes. It was noteworthy that learning analytics is considered to be a
viable solution to many ongoing criticisms. In line with findings of the social network analysis
of the keywords, the bibliometric social network analysis conducted by examining pivotal
contributions and through timeline analysis showed that MOOCs still suffer from low retention
and high drop-out rates, two issues at the center of many of the negative discourses on this
subject. Moreover, the instructional quality of MOOCs remains a topic under question, and it
was found that researchers frequently examine motivational and engagement factors, as they
relate to MOOCs.
In the three phases of the examination of the research data, that is, lexical analysis through
text mining, and keyword and bibliometric analysis through social network analysis, some
interesting patterns emerged in MOOC research. In reference to the letters constituting the MOOC
abbreviation, it was found that most of the current discourses have shifted to the quantified
massiveness features of the MOOCs. In this context, massiveness is largely interpreted as the
number of students, and arguments are built upon this notion. Second, while the qualitative
feature, that is, openness, was the central issue of focus in the first wave connectivist MOOCs,
it was less of a concern in the second wave extension and third wave hybrid MOOCs. In this
sense, it can be argued that from the inception of the first wave connectivist MOOCs, the
concept has evolved enormously, with quantitative values having replaced qualitative core
values as focuses of attention in research. This can be further interpreted as the assimilation
of the original MOOC concept. For instance, openness refers to the flexibility of access to enter

and withdraw easily, which was one of the most valuable promises of first wave MOOCs. In
contrast, second wave MOOCs see this flexibility as a limitation, linking it to drop out and
retention rates. While the first wave MOOCs was a fertile territory for leisure learners, and
learning was associated with perceived learning, the second and third wave MOOCs strived to
keep the learners in the MOOC, and thus, motivation and engagement have become a trending
hot topic. Additionally, it can be concluded that while the first wave MOOCs were considered
to be a disruptive innovation because it challenged conventional education with its features
of openness, the second and third wave MOOCs served well as a sustaining innovation for
traditional education, that is, brick and mortar HE institutions. Finally, it can be argued that
ignoring the openness feature of MOOCs hinders its real potential, in terms of social justice and
widening participation.
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Referring to third letter in the MOOC acronym, online has become significant, not only for
MOOCs but also for HE institutions due to the capacity increase to reach many learners,
especially for-profit purposes. Rather than exploiting opportunities that are inherent to
online learning, learning analytics, to better monitor learners, and automated assessment
and evaluation approaches, to deal with the massive number of learners, come to the
forefront. Ignoring for the time being the instructional quality and learners’ needs, course,
which is represented with the final letter in the MOOC acronym, is now associated with
HE practices instead of with the lifelong learning journey. Interestingly, MOOCs have also
been integrated with conventional education as a part of the blended learning and flipped
classroom models, and the current efforts in micro credentials and nano degrees might
yield interesting results.
Based on the research findings and the impressions gained from the examined publications,
this study argues that the real potential of MOOCs cannot be quantitatively measured, but
rather, this potential should be considered in terms of the qualitative contributions provided by
MOOCs. To this end, it is suggested that MOOC providers focus more on the social justice and
widening participation aspects of MOOCs.

APPENDIX
VERTEX

DEGREE

BETWEENNESS
CENTRALITY

CLOSENESS EIGENVECTOR
CENTRALITY CENTRALITY

PAGERANK

CLUSTERING
COEFFICIENT

MOOCs

90

2832.643

0.011

0.064

9.541

0.079

online learning

29

142.871

0.006

0.027

3.003

0.180

learning analytics

29

141.045

0.006

0.027

3.064

0.197

internet

9

117.775

0.006

0.010

1.164

0.361

e-learning

24

86.835

0.006

0.025

2.494

0.264

distance learning

23

61.252

0.006

0.026

2.326

0.312

lifelong learning

8

59.971

0.006

0.012

0.962

0.464

distance education

20

57.073

0.006

0.022

2.086

0.326

education

18

50.851

0.006

0.020

1.897

0.320

higher education

21

48.880

0.006

0.024

2.135

0.305

computer-mediated
communication

4

31.283

0.006

0.005

0.611

0.500

instructional design

16

30.583

0.006

0.016

1.721

0.333

flipped classroom

7

29.687

0.006

0.008

0.904

0.333

learning
environments

18

29.426

0.006

0.020

1.818

0.405

motivation

13

26.261

0.006

0.012

1.561

0.269

Coursera

15

25.581

0.006

0.018

1.543

0.381

virtual reality

4

21.192

0.006

0.007

0.553

0.500

teaching reform

3

15.696

0.006

0.005

0.499

0.333

open learning

12

15.576

0.006

0.014

1.353

0.394

social networks

12

14.392

0.006

0.014

1.295

0.439
(Contd.)
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DEGREE

BETWEENNESS
CENTRALITY

CLOSENESS EIGENVECTOR
CENTRALITY CENTRALITY

PAGERANK

CLUSTERING
COEFFICIENT

online education

11

11.676

0.006

0.014

1.217

0.455

SPOC

10

11.033

0.006

0.012

1.114

0.400

collaborative
learning

11

9.833

0.006

0.013

1.196

0.473

discussion forums

10

9.268

0.006

0.013

1.124

0.556

connectivism

10

8.150

0.006

0.011

1.098

0.489

assessment

8

7.750

0.006

0.010

0.999

0.393

blended learning

10

7.210

0.006

0.015

1.082

0.533

teaching

10

6.900

0.006

0.014

1.085

0.556

machine learning

8

6.867

0.006

0.010

0.959

0.393

educational
technology

9

6.411

0.006

0.012

0.997

0.556

engagement

8

6.075

0.006

0.010

0.930

0.464
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