UNIVERSITY OF LEEDS

This is a repository copy of Moving through MOOCS: Pedagogy, Learning Design and
Patterns of Engagement.

White Rose Research Online URL for this paper:
http://eprints.whiterose.ac.uk/87328/

Proceedings Paper:

Ferguson, R, Clow, D, Beale, R et al. (4 more authors) (2015) Moving through MOOCS:
Pedagogy, Learning Design and Patterns of Engagement. In: Lecture Notes in Computer
Science. 10th European Conference on Technology Enhanced Learning, 15-18 Sep 2015,
Toledo, Spain. Springer Verlag , 70 - 84. ISBN 978-3-319-24258-3

https://doi.org/10.1007/978-3-319-24258-3_6

Reuse

Unless indicated otherwise, fulltext items are protected by copyright with all rights reserved. The copyright
exception in section 29 of the Copyright, Designs and Patents Act 1988 allows the making of a single copy
solely for the purpose of non-commercial research or private study within the limits of fair dealing. The
publisher or other rights-holder may allow further reproduction and re-use of this version - refer to the White
Rose Research Online record for this item. Where records identify the publisher as the copyright holder,
users can verify any specific terms of use on the publisher’s website.

Takedown
If you consider content in White Rose Research Online to be in breach of UK law, please notify us by
emailing eprints@whiterose.ac.uk including the URL of the record and the reason for the withdrawal request.

eprints@whiterose.ac.uk
https://eprints.whiterose.ac.uk/



mailto:eprints@whiterose.ac.uk
https://eprints.whiterose.ac.uk/

Moving through MOOCS: Pedagogy, L earning Design
and Patter ns of Engagement

Rebecca FergusirDoug Clow, Russell Beafe Alison J Coopét Neil Morris’,
Sian Bayn& Amy Woodgat#

The Open University, Milton KeynesIK*
University of Birmingham, Birmingham, UK
University of Leeds, Leeds, UK

University of Edinburgh, UK
Rebecca.Ferguson@open.ac.uk

Abstract. Massive open online courses (MOOCSs) are part of the lifelong-lear
ing experience of people worldwide. Many of these learners particigate fu
However, the high levels of dropout on most of these courses arese foa
concern. Previous studies have suggested that there are pattergag#reent
within MOOC:s that vary according to the pedagogy employed clihent -

per builds on this work and examines MOOCs from different providers that
have been offered on the FutureLearn platform. A cluster analjsisese
MOOCs shows that engagement patterns are related to pedagogy and wourse d
ration. Learners did not work through a three-week MOOC in the saye

that learners work through the first three weeks of an eight-week MOOC.

Keywords: Learning Analytics Learner Engagement Pattemkearning Ce-
sign MOOCs-+ Pedagogy

1 I ntroduction

The overarching label ‘massive open online course’ sets out some of the common

features of this approach to learning and teaching: size, philosophks, of delivery
and structure. The generic title does not specify the pedagogy, the tiideayning
and teaching, which underpins MOOCs. Nor does it specify the tyjpkmming
design- the ways in which courses are planned, sequenced and mantggdvork
well with this model [4].

The first MOOC4q2] employed a connectivist approach, linking people and-info
mation on the basis that ‘the connections that enable us to learn more are more im-
portant than our current state of knowing’ [13]. Connectivist MOOCs were followed
by xMOOCs, which typically employ a pedagogy based on content de[M@:

The FutureLearn MOOC platform takes a different approach, and esnplsgycial
constructivist pedagogy that is based on the Conversational Frameydrk][ This
is a theory of learning effectively through conversations withsalfiand other§l 2].
In order to do this successfully, learners need access to badhea sbpresentation of



the subject matter and tools that support reflection, comment and respoimsss.
were incorporated into the design of the FutureLearn platform.

Despite these differences, MOOC providers all share a concern about dropout
rates. Almost without exception, there is a large disparity betweenemamdyiste
ing and numbers completing a MOOC [6]. There are positive explandtonbis
discrepancy and many of those who leave early have gained whatdnéed from
the course and do not regard themselves as dropouts [1, 3]. Neverttiedespen
nature of MOOCs is not just about making more resources availableréopmople;
it is also about extending opportunities.

An overview of this issue is provided by Jordah and her website offers amp-o
portunity to explore the data in more defh At the time of writing, ‘MOOC Com-
pletion Rates: The Data’ includes information about more than 180 MOOCs. Only
two of these have reported a retention rate of over 40%, and meshal@mpletion
rate of less than 13%. A possible explanation is that this variation is duéetentits
in pedagogy and learning design.

Section 2 of this paper looks at past research to investigate patterns afreagag
including a cluster analysis of Coursera MOOCSs that identified fourgengent p&
terns, and subsequent work on Open University FutureLearn MO@@sh showed
that patterns of engagement are affected by pedagogy. Sections nénodidce the
method used to expandststudy, using data from four universities. Section 5 reports
the first research phadadicating that learning design influences learner engagement.
Section 6 coves the second research phase, which identifies elements of design that
affect patterns of engagement, and Section 7 deals with the third plhécte jdent-
fies patterns of engagement in MOOCs with different learning designgoiss 8 and
9 discuss these findings and set out the implications for researchaztidep

2 Using Analytics To I nvestigate Engagement

Learning analytics are concerned with the use of trace data relating to deander
their contexts, for purposes of understanding and optimisiagitey and the emv
ronments in which it occurs [14]. They therefore provide wafysvestigating pa
terns of engagement on MOOCs and, potentially, highlighting pedagppgroaches
and learning designs that prove successful in retaining learners.

Kop and her colleagues have published several studies of connectivist MOOCS,
including an analysis of patterns of engagement on PLENKZ8JLOTheir work
pointed to two patterns of engagement, the Visible Contributors andtimiQers.

Kizilcec and his colleageeclassified engagement on three MOOCs on the
Coursera platforng‘the Coursera study’) [7] in terms of video lectures and asses
ments, and identified four patterns of engagement:

Sampling: learners explored some course videos.

Auditing: learners watched most videos, but completed assessments raitedyl, if
Disengaging: learners reduced their engagement over time.

Completing: learners completed most assessments



They noted that ‘MOOC designers can apply this simple and scalable categorization
to target intrventions and develop adaptive course features’.

2.1 Engagement on Social Constructivist MOOCs

In order to explore whether these patterns could indeed be used by M&@Geds
on any platform, a study of four MOOCs run by The Open Usityepn the Futug-
Learn platform (‘the OU study’) [4] aimed to replicate the method employed on the
Coursera study7]. Learners’ activity in each week was assigned to one of four cate-
gories: on track if they submitted assessment in the week it was skl lifethey
completed an assessment after the week in which it was set, auditing ehtheyed
with content but not with the assessment, antlif they did not participate in a
course week. Once engagement profiles had been created for letHradesneans
clustering algorithm was used to partition learners into a small humbgroops.
This produced two clusters that resembled the Completing and Samplings grom
the Coursera study, but neither an Auditing nor a Disengaging ¢4od].

The original methodology prioritized engagement with content and assgssm
However, the FutureLearn MOOCs laid stress on the social construction of
knowledge, including discussion alongside each content step. Theu@tserefore
went on to create engagement profiles for learners that reflectedeemgragwith
content, with assessment and with discussion [4]. The methodtausim this was
employed in the current study, and is described in section 4.1.

This generated seven clusters. Samplers visited a course brieflyg Starters
left after the first week’s assessment. Returners completed assessments in the first two
weeks, then leftMid-way Dropouts completed-8 assessments before leaving. The
Nearly There cluster completed most assessments but left batly Completers
completed most assessments but were either late in submitting theseea soise.
Keen Completers engaged actively throughout. Typically, learners pmstaderage
of around one comment for each week of engagement with the ¢élrse

MOOCs in the OU study were mainly eight-week courses withsaessment point
at or near the end of each week. OU MOOC?2 ran for a shorter pertodepfand
here the Midway Dropouts cluster was replaced by another clusteelhbéetveen
the Samplerard the Strong Starters. OU MOOC3, on the other hand, ran for eight
weeks, but only included three assessments. In this case, the Reamdehevid-
way Dropouts were replaced with a cluster of Samplers Who Commedithy a
much smaller cluster of those whose engagement was concentratedinal tivedk.

The OU study showed that patterns of engagement are influenced by détenen
pedagogy and course duration. This was an important point in tdérpraaice. If
engagement patterns on different MOOCs are essentially similar once variations
pedagogy have been taken into account, then reducing course dshamtiod reduce
dropout. If MOOC learners find it difficult to complete assessmeat #fe first week
of a course, MOOCs could be structured to take this into account. Howedara-f
tion influences engagement patterns, then these approaches are less diketyéal.

The research reported in this paper builds on the Coursera study @d gtady
and investigates patterns of learner engagement on FutureLearn M@@Ckur



universities. Each of these MOOCs has a different and carefully eoeditearning
design, containing many elements. In this study, we have focustglooof these-
length of course and distribution of assessmeis these can be easily identified
within sets of activity data. The study asks whether the engaggratterns identified
on the four Open University MOOCs are found on MOOCs delivereth®rsame
pattern by different universities, and whether engagement patterndlaeadad by
changes in learning design.

3 Futurel earn Multi-University Dataset

To investigate these questions, we used data supplied by FutureLearn, angomp
owned by The Open University that has developed a social-construciatfstim for
delivering free online courses, which currently has over 1.5 milemistered lear
ers. Course weeks are divided into steps. Except for assessments, #aebeab
associated with a freBewing discussion. ‘Typically, the discussion associated with
any step on a FutureLearn MOOC will attract hundreds or thousardstoibutions,
with ‘Like’ and ‘Follow’ options providing ways of navigating the5¢4].

Each partner institution has access to its own course data. Here, we fdowes on
MOOCs from four institutions. Together, these five sets of data inclddemation
about the activity of all 32,942 learners who engaged actively with thasgeso

3.1 MOOCsintheCross-University Dataset

LongM OOC1 was an eight-week course from the OU, including assessment in each
week, focused on the hard sciences. It is included here because it W@ for
which the eight OU study cluster descriptions were first developed. The dataset i
cludes activity data from 5,069 learners who were active on this MOOC.

LongM OOC2 was a seven-week course from the University of Edinburgh,dnclu
ing assessment each week, focused on the hard sciences. It wasdndutbst
whether the clusters generated by the OU study could be replicated on edvates
er institutions. In all10,136 learners were active on this MOOC.

TalkMOOC3 was a six-week politics course from the University of Edinburgh.
This was included because it had a distinctive learning design and pedagegy.
course provided a period of structured discussion, enabling participadeselop an
informed position on an issue, so the course included no asses3ine dataseni
cludes activity data from 6,141 learners who were active on this MOOC.

ShortM OOC4 was a three-week course from the University of Birmingham with a
focus on the life/medical sciences. This was included because it wagt aalrse
offering a broad introduction to concepts that could be explored in depth in
subsequent courses. In all, 6,839 learners were active on this MOOC.

ShortM OOC5 was a three-week course from the University of Leeds with a focus
on the life/medical sciences. This was included alongside ShortMOOC 4tto tes
whether three-week courses showed consistent patterns of engagehneedatdset
includes activity data from 4,756 learners who were active on this MOOC.



4  Clustering

4.1  Replicating the M ethod

The current study began by replicating the method used in the OU SYedynade
use of anonymised individual-level activity data. The data processamdoibk place
before we received the data meant they were partially aggregated, and ad @me h
cess to the data and time of a learner’s first visit to a content step, but we did not have
access to the date and time of any subsequent visits. Graphical inspedtieseof
data did not reveal any major differences that could be attributed to thisgroce

Although there is no compulsion to keep to the course schedwegarew of d-
ta showed that activity followed a weekly cycle, spiking after theklyemurse email
was sent out on a Mond$4]. This weekly pattern meant that this study could follow
previous studies and divide the data into weekly segments.

For each course week, we assigned learners an activity score tifey fiewed
content, 2 if they posted a comment, 4 if they submitted their asséssnaesubs-
quent week, and 8 if they submittédealy or on time Individuals’ activity scores
were summed in order to give an activity score for each weekexXanple, if a
learner visited content, commented and submitted on time in weé&kgisited co-
tent and did the assessment late in week 6, visited content in week 7 auod pléad
ticipate in week 8, their engagement profile wolodd11, 11, 11, 11, 11, 5, 1, O].

Possible weekly activity scores:

1 = Visited content only

2 = Posted comment but visited no new content

3 = Visited content and posted comment

4 = Submitted the assessment late

5 = Visited content and submitted assessment late

6 = Posted late assessment, saw no new content

7 = Visited content, posted, late assessment

8 = Submitted assessment early / on time

9 = Visited content, assessment early / on time

10 = Posted, assessment early / on time, no new content

11 = Visited, posted, assessment early / on time

Using these engagement profiles, we applied the k-means clusterinighaigtor
split the learners into a small number of groups. To cluster engageatérns, we
used the L norm as the basis for one-dimensional k-means clusteringntimirsis-
ing the sum of the differences between individual patterns in each clisteimeans
has random aspects, we repeated the clustering 100 times, selectingttbe wdth
the highest likelihood.

Based on the number of weeks in a course, we used the k-means raldorét:
tract clusters directly from the profiles, as a 3-, 6- , 7- om&dsional vector for
each learner, in order to allow for the possibility of clustering by tifretivity.

A feature of k-means clustering is that it will always generate k ctudtée trialed
the use of values for k ranging from 3 to 8, and comparedithouette widths, in
order to identify the best-fit value. This provided a graphical representatibovof



well each object lay within its cluster. We also used a scree plot to visuaizstdh
within-groups sum of squaresan indication of how closely the clusters groop t
gether and used ‘kinks’ in the slope to suggest the best choice of k.

4.2  TheThree Phases of the Study

In Phase One of the study, we looked in detail at the clusters for which k=7 peovid

the best fit. This value for k had also proved to be the best fit in the OU. Stady
Phase One dataset therefore included LongMOOC1 and LongMOOC2 and used the
cluster descriptions that had been developed during the OU fhdse Two used

the sets of data for TalkMOOC3, ShortMOOC4 and ShortMOOCS5 andregpichy

a value of 7 for k was not a good fit in these caBhase Three of the analysis used

the most suitable value for k for TalkMOOC3, ShortMOOC4 and ShortMOO&5.

ble 1 shows the values of k used for each phase of the study.

Phase 1: best-fit Phase 2: testing k=7 Phase 3: Most suit-
MOOC valuefor k aligned with | wherethiswasnot the | ablevaluefor k in each
OU study best fit set of data
LongMOOC1 7
LongMOOC2 7
TalkMOOC3 7 3
ShortMOOC4 7 4
ShortMOOC5 7 5

Table 1. Valuesfor k used in the phases of this study.

5 Analysisof Clusters: Phase One

LongMOOC1 and LongMOOC2 were both courses in the hard sciencesng for 7
or 8 weeks on a platform that linked discussion with comment thoaighn both
cases, as on the OU study, seven clusters was the best fit for the data.

This section therefore describes the seven clusters outlined in the OUnsttiily,
where LongMOOC?2 differs from the data considered in that study. Whedédfeo
ences are noted, the description holds true for the four MOOCs in the O stud
(which included LongMOOC1) and for LongMOOC?2. Typical engagemertfil@so
are based on the average weekly activity scores in LongMOOC1.

Cluster I: Samplersis the largest cluster of learners (3786%). Its members, on
average, visit about eight steps, with around one in ten visiting fiessi@p. It m-
cludes a large number of latecomeraround a fifth of the people in this cluster were
not active during Week 1. A few members of the cluster complete the Week
sessment, but do not go on to do so in subsequent weeksofgdiran 18% of clsr
ter members post a comment and typically less than 15%. A typical emgaigen-
file for this cluster is: [1, 0, 0, 0, 0, 0, O, 0O].

Cluster II: Strong Startersis a smaller cluster, accounting for 8%4% of the a-
tire cohort. All members of this cluster submit the assessment in Weeaktftiere is



then a sharp drop-off in activity and members of the cluspécally do not complete
another assessment. On average, over a third post a comment, with clusbarsne
posting fewer than four comments each. On LongMOOC?2, only df7fhe cluster
posted a comment and, overall, learners in all clusters on this coutsd [ess fe-
quently than on the OU MOOCs. This may be because the OU courses ad
quirements for entry, other than an interest in the subject, whileMOQC2 re-
quired ‘a basic level of mathematical skills, at the level of a final-year school pupil’.
This could have meant that it was more difficult to contribute to the disouss this
MOOC. A typical engagement profile for this cluster is: [9, 10,@, O, O, O].

Cluster 111: Returners, 6%-8% of the cohort, all complete the assessment in
Week 2, although up to 10% may have missed it out in Week 1. Oagayehey visit
fewer than half the steps on the courder example, the mean number visited by this
group on LongMOOC2 was 42 of 110 steps. After submitting thedek 2 asses
ment, members of this cluster usually leave. Overall, they post lessrtbammment
each. A typical engagement profile for this cluster is: [9, 9, 0, 0, 0, O].

Cluster 1V: Midway Dropouts is typically a small cluster, making up just 46%6
of the overall cohort. Learners in this cluster visit about halfcthese steps and
submit assessment in three or four weeks then leave the coumsayhtifough its
run. In the OU study, just under half this cluster posted a comimelndtngMOOC2,
this cohort posted less than on the OU study and only 29%sdgltister contributed
a comment. A typical engagement profile for this clusteris: [9,4, 8,1, 00].

Cluster V: Nearly There is a variable cluster in percentage terms (5%-12%t)
accounts for just 3% of the LongMOOC?2 cohort. These learners engagnder
than those in the clusters described above, submitting work in hatiore of the
course weeks and visiting around 80% of the steps. They leave withimpieting
the entire course and few, if any, submit work in the final wéekypical engag-
ment profile for this cluster is: [11, 11, 9, 11, 9, 9, 8, 0].

Cluster VI: Late Completers Both this cluster and the following cluster are isim
lar to the Completing cluster identified in the Coursera study. Late Congplatde
up 6%-8% of the cohort. They view most steps on the course. Each week tinan
94% of the cluster completes the assessment. They submit the finahssgeasd
most others, but either do so late or miss at least one of themthagshalf of them
post a comment. A typical engagement profile for this cluster is; /,% 5, 9, 9, 9].

Cluster VII: Keen Completers, 7%-23% of the cohort, can be regarded as model
students. They visit more than 90% of the course steps, submibréd on time and
engage throughout. Typically, at least two-thirds of them comment at leastpos
ing about twice a week. Even on LongMOOC2, where engagement witinexus
was lower than on the courses included in the OU study, 58Pisccluster posted a
comment. A typical engagement profile for this cluster is: [11, 19, 91, 11, 9, 9].

6 Analysis of Clusters. Phase Two

In the case of TalkMOOC3, ShortMOOC4 and ShortMOOCS5, seven clustenstdid
prove to be the best fit for the data, and so these MOOCS did not forrof phet



Phase One dataset. However, the k-means approach enabled us to segdatattthe
investigate why seven was not an appropriate value for k in these cases.

6.1 TakMOOCSI: Seven Clusters

In the case of TalkMOOC3, k=7 did not generate clusters that were clearlalegtiv

to those found on other MOOCSs. This was because TalkMOOC3 differadofitters

in that did not include any assessment. This affected the activity scores that could be
obtained in any one week. As the description of possible weekly activitgssod-

lined above shows, weekly activity scores on most MOOCs consideredddce
range from 611. However, on TalkMOOC3 the range was between 0 (no activity)
and 3 (viewed content and posted comment). This limited range effedticebased

the importance of comments at the expense of content. Splitting this datasetinto

en therefore produced seven clusters that were heavily dependent ouasraatins

in posting behaviour and, of course, not at all influenced by assessmen

6.2 ShortM OOC4 and ShortM OOC5: Seven Clusters

ShortMOOC4 and ShortMOOCS5 included assessment, but differed from other
MOOC:s studied in that they were much shorter: both ran for just threesweek

When these two courses were segmented into seven, the resulting ahetieed
five that were the same as those found in Phase One. These clusters met ihe criter
described above foSamplers Strong StartersNearly There Late Completers and
Keen Completers

Three clusters were not found in these two MOOCs. Returners (learnzidrogh
out in week 2 of an eight-week course) and Midway Dropouts (leawfersirop out
halfway through the course) were not represented, presumably becausé¢hree-
week course, these clusters would be very similar to Nearly There (leatmzidrop
out in the penultimate week). These two MOOCs also included no clusterteof
Completers, presumably because there were only three opportumitiatefsubrs-
sion, rather than eight.

Other clusters were found on these MOOCs. Two, the Saggers and tloedmp
were found on both. Surgers and Weak Starters were foundyarenMOOC.

Cluster a: surgers concentrate their effort after the first week of a three-week
course. On average, they visit more than two-thirds of the stegsging to some
extent with each week. They do little in Week 1 other than submit daksgssment
late, engage more in Week 2, but still submit their assessment laténgvon it in
Week 3), and engage but do not submit in Week 3. On average,d$tegng or two
comments. A typical engagement profile for this cluster is: [4,.6, 2]

Cluster b: Improvers fall behind in Week 1, submitting their first assessment late.
They engage more in Week 2 and by Week 3 they are on schedutetand their
assessment on time. They view the majority of steps on the anoidgpically post
more than one comment. A typical engagement profile for this clus{ér & 9].

Cluster c: Saggers was only found in ShortMOOC4. The members of this cluster
start strongly. They submit on time in the first week, thisjt ynost steps on the



course and they post an average of just over one comment aTegkengage less
than Keen Completers, submitting late in Week 2, then engaging m@feek 3 and
submitting their final assessment on time. il le@gagement profile is: [10, 5, 8].
Cluster d: Weak Startersonly appears in ShortMOOCS5, engaging for longer than
Samplers and less actively than Strong Starters. They engage inl\Waeksome
submit the assessment. In Week 2 there is a low level of engagemefawardurn
in Week 3. On average, members of this cluster post one com#eawpical en-
gagement profile for this cluster is: [4, 1, 0].

7  Analysisof Clusters: Phase Three

In the third and final phase of the study, we looked at the best-fibeéaf clusters
for TalkMOOC3 (k=3), for ShortMOOC4 (k=4) and for ShortMOOCS5 (k=5).

7.1 TakMOOCS: ThreeClusters

As noted above, the lack of assessment on TalkMOOC3 meant that weekly activity
scores ranged only from 0-3.

In this case, the method of assigning activity scores described abowe thega
higher scores were given to those who commented (2) and those mhwented and
viewed content (3). In the other MOOCs examined here, commenting lesd si-
nificant effect because it could only contribute 1 to a possible activity scafe of

As discussions were linked with content, an activity score of 2 was rare bétaus
was only possible for learners who did not engage with the current week’s activities,
but did return to a previous week to comment. The effective optiona feeekly
activity score were therefore 0, 1 or 3.

Cluster 1/3: Quiet is the largest cluster, containing around two-thirds of the ¢
hort. On average, members of this cluster visit a quarter of the courseNepsof
them contribute a comment during the first week of the course, apd’@npost at
any point. This cluster contains many late arrivals. Over a third arrive aétek \
and over 9% only engage with the second half of the coursgpiéat engagement
profile for this clusteris [1, O, 0, 0, 0, O].

Cluster 2/3 Week 1 Contributors Although number and frequency of comments
are among the defining elements of many of the MOOC clusters ideritifigds
study, it is only TalkMOOCS3 that contains clusters in which every reermdmments
at least once. In this cluster, which makes up 19% of the cohort, every nostsa
comment during the first week of the course, although half ofi tthe not comment
again. On average, this cluster visits 38% of the course stepgicaltgngagement
profile for this clusteris [3, 1, 1, 0, 0, O].

Cluster 3/3: Consistent Engagers makes up 11% of the cohort. They have a mean
activity score at least slightly above 1 in each week of the course, inditiaat they
engage throughout. On average, they visit 82% of the course step$.tidim co-
tribute at least one comment during the course, 95% of them contribute more tha



three comments and 7% contribute more than 100 comments each. A ¢ypjagl-
ment profile for this clusteris [3, 3, 3, 3, 1, 1].

7.2  ShortMOOC4: Four Clusters

Cluster 1/4: Very Weak Startersis the largest group on this MOOC, accounting for
35% of the cohort. Its profile is closest to that of the Weak Starterswatefound in
ShortMOOCS5 when it was split into seven clusters. Overall, the Very Weak Starter
show low levels of engagement, visiting 20% of steps on averagementing less
than once per learner, and no individual achieves an activity score khgimeb in
Week 1 of the course. This indicates that none of these learners fitishegsses
ment on time in Week 1, although 18% of the group completes this mestdate. A

fifth of the cluster do not engage at all during the first week of the eotitse @-
gagement profile for this cluster is: [2, 1, 0].

Cluster 2/1: Strong Starters (Truncated) can be regarded as a version of the
Strong Startes cluster described above. This is one of the smaller clusters, accounting
in this case for 17% of the entire cohort. Members of this cluateamis the asses
ment in Week 1, although 6% submit late. There is then a drop-oftivita@and
members of the cluster typically do not complete another assessment.chas¢hef
ShortMOOC4, almost half the group posts a comment and, ovetaitecimembers
post just over one comment each. The engagement profile for this tdustey sini-
lar to the beginning of the Strong Startgrsfile: [10, 1, O].

Cluster 3/4: Returners (Truncated) can be regarded as a version of the Returners
cluster described above. These learners all complete the assessment in Week 2, al
hough a few (17) miss it out in Week 1. On average, this clustiés 8% of the
steps. This is a higher percentage than that visited by the Returners desaileed ab
but, because this was a short course, it only represents 36 stepsubinitting their
Week 2 assessment, members of this cluster engage in very littleyadfimitan
eight-week course, their activity after Week 2 is spread thinly achasginal six
weeks. On this three-week course, all additional activity is conceniradtek 3,
which gives them a slightly higher average activity score in Weeals the engag
ment profile shows. The amount of people commenting was higissathis MOOC
(47%) and was also high in this cluster, with half the group postitegsit one cm-
ment. The engagement profile for this cluster is very similar to the beginof the
Returnersprofile: [9, 9, 2].

Cluster 4/4: Keen Completers (Truncated) can be regarded as a version of the
Keen Completers cluster described above. The description of the groepsantk in
both cases but the engagement profile shows that, overall, membiis gfoup
were less keen, because their average activity score in any week wasigbee
than 9. A typical engagement profile for this cluster is: [9, 9, 9].

7.3  ShortMOOCS5: FiveClusters

Cluster 1/5: Samplers (Truncated) can be regarded as a version of the Keem-Co
pleters cluster described above. The description of the group is thérshoth ca-



es. Once again, a large number of people do not participate during Weigk thore
than 25% not registering any activity during that time. The typical emgegt profile
for this cluster is [1, O, 0], but it should be noted that manyéardid not participate
in Week 1 although they visited in Weeks 2 or 3.

Cluster 2/5: Strong Starters (Truncated) is another instance of the Strong $tar
ers (Truncated) cluster described in the analysis of ShortMOOC4. A smadircins
which everyone submits the Week 1 assessment, but there is then destizng in
engagement. Engagement profile: [9, 1, 0].

Cluster 3/5: Returners (Truncated) is another instance of the Returners (Fru
cated) cluster described in the analysis of ShortMOOC4. These learners all complete
the assessment in Week 2, although a few (20) miss it out ik Wela this case,
average activity levels rise slightly in Week 2. This is not clear fitwentypical &-
gagement profile of 8, 8, 2, but can be seen when the averagesewgagcore for
each week is shown to one decimal place: 7.8, 8.1, 1.6.

Cluster 4/5: Improversis another instance of the Improvers cluster that was found
when the three-week MOOCs were segmented into seven clusters. Aictititys
cluster rises each week, and the final assessment is typically submittiedeo The
engagement profile remains: [5, 6, 9].

Cluster 5/5: Keen Completers (Truncated) is another instance of the cluster
found in ShortMOOC4. Engagement remains steady throughoutréevileeks, with
an average activity score of 9 or 10.

8 Discussion

This study investigated whether the engagement patterns identified in theu@U st
[4] were only found on MOOCs developed by The Open Universityhether they

were also apparent in MOOCs from other universities. It also investigated whether
engagement patterns are influenced by changes in learning desighis case &
sessment and course length. This is an important issue, becaasgittad, and higp-

ly cited, study of Coursera MOOCs suggested that MOOC designers veoalulebto
apply the four patterns they had identifigd target interventions and develop pda

tive course featus’ [7]. TheOU study [4] showed that MOOC designers should not
do this without taking variations in pedagogy into account. Theecustudy shows

that they should also take account of design variations.

The seven clusters identified in the OU study: Samplreng Starters, Retor
ers Midway Dropouts Nearly There Late Completers and Keen Completers were
found here on MOOCs that employed similar assessment patterns torthasené
OU and that also ran for seven or eight week. The same set of cluaterst found
on three-week MOOCs, or on a MOOC that did not include assessment.

In the case of TalkMOOC3, the omission of assessment from tlreecoan be
seen not only as a shift in learning design, but also as a chargeunderlyingped-
agogy. The original Coursera study clustered learners on the bakisiroéngag-
ment with two key pedagogic elements: content and assessment. Thed®tfbahd
that a different set of engagement patterns was seen when the kgpgiectlements



were discussion, content and assessment. In the case of ShortMOOG, Hesbk
gogic elements were discussion and content, and so a new set of eostaged.

These variations related to pedagogy highlight that the results of a elnatgsis
are dependent on the variables that are selected as significant by researchers. A k
means analysis will produce k clusters for any value of k, but thidsenly be mea-
ingful if priority is given to elements of the data that are significartiéncontext.

In the case of ShortMOOC4, where engagement with discussion wgsbe kent
of the course, the cluster descriptions set out here can be only partids Bbiause
the activity data included information about how many comments individuaisdpos
and when they posted them. However, there were no data available atysutnw
which people engaged with the discussion by reading or liking cotsmAdding
these elements in future studies would make it easier to identifyhamdcterise e
gagement patterns in this type of course.

ShortMOOC4 and ShortMOOC5 both employed similar learning designs in that
both ran for just three weeks. In the case of ShortMOOCS5, théxiaspthe learning
design was, in part, intended to encourage completion by making the Disenghgeme
identified in the Coursera study more difficult to achieve.

To some extent, this was the case. ShortMOOC4 included learners whoetisplay
truncated versions of the engagement patterns of Strong St&eéusners and Keen
Completers. ShortMOOCS included truncated forms of the engagement pafterns
SamplersStrong StarterReturners and Keen Completers.

However, in both cases the Late Completers cluster was missing. In adtiiien,
was a subtle shift in the engagement pattern of the Keen Compldiersverall a-
tivity levels of learners in this cluster were lower each week thanwkey on eight-
week courses. On average, Keen Completers on the eight-week MOQ&gee@n
fully in most weeks, posting comments, visiting content and &sting assessment
on time. In the three-week MOOCs, the average Keen Completer (Trundateubt
do all those things in any week.

The clusters also suggest that participants in three-week MOOC tended tn-conce
trate their activity in one or two weeks, and these did not necessatilge the first
week. Strong Starters and Weak Starters concentrated on Weekalndtable fa-
ture of the Sampler cluster was the high percentage (on all the M&@@sned here
and in the OU study) that did not engage in the first week.

ShortMOOCS included an Improvers cluster, which was seen for k=k=ahd he
Improvers increased their activity over time. In Weeks 1 atite2 average activity
scores indicate that most of them submitted their assessment late, whiterityag-
ed their Week 3 assessment on time. This suggests that they completed altsbe co
assessment in Weeks 2 and / or 3.

When ShortMOOC4 and ShortMOOCS5 were segmented into seven, botmednta
aSurgers cluster. In this case, cluster members typically did not edgegg Week
1, submitted their Week 1 assessment late, engaged more in Week aibstdgni-
ted their assessment late, then did not submit their Week 3 assessmeity Aeter
is concentrated at the end of the course.

The study also included a cluster of Saggers, found on ShortMOOGH#itmas
segmented into seven, who engaged more in Week3 and Week 1 Wapkr?.



It seems clear that many learners do not approach a three-weekiodhessame
way as an eight-week course. There are limited opportunities to get far athead
behind, the cohort, and so it is possible to dip in at different point®utitosing the
sense of working on the course as part of a cohort.

Although these courses remained open to learners afterethé-dates, and most
FutureLearn assessment does not have to be submitted by a set daté themgd-
cal engagement profiles ends with a figure 4, which would halieaited that a gF
nificant engagement pattern involved completing the course after its end date.

9 Conclusion

This study has extended the findings of the OU study using etswo$ data. The
recommendations of that study can therefore be restated with moigecaef- with
the added proviso that they only apply in the case of seven- toveigtt MOOCs
that support engagement with content, assessment and discussion.

The OU study suggested strategies for intervention and improvement:

e providing previews of course material

e setting up discussion steps for latecomers

e encouraging late arrivate register for another course or for a later presentation
¢ providing bridges between course weeks, stressing links betweenvtbekd4].

In the case of course length, there are many good pedagogic réasoreating
short courses. However, educators should not assume that shortenieggth of a
course will necessarily increase learner engagement and course completion. This
study indicates that may not be the case because the patterns of engagéiment sh

In the case of pedagogy, it is clear from the Coursera study, theu@yastd this
study that changes to the basic pedagogic elements of a course are assdtiated w
shifts in patterns of engagement. The analysis of TalkMOOC3 gives Balication
of the patterns of engagement on a course focused on content amssbidiscbut a
lack of data limited that analysis and thus its implications are unclear.

As shifts in pedagogic approach can change the elements of a catrsartthe
regarded as key, it is important that any future analysis of patitersgagement is
based on the elements that are most important to the pedagogy of the s
examination. Where the focus is heavily on discussion elementspéicessary to
have access to data about the reading and liking of contributions, as whmasnd
by whom they were written.

It is clear that changes to some elements of learning design can change learners’
patterns of engagement with a MOOC. Future work should therafeestigate other
elements of learning design in order to identify which of these are associ#ted w
desirable patterns of engagement.

Our understanding of patterns of engagement in MOOCs is devel@uitdy. It
initially seemed clear that these patterns held steady across MOOCs; we new kno
that those patterns are influenced by both learning design and ped@gaiyg a



MOOC short in order to promote engagement originally seemed t a prgmisn,
but this study shows that such an approach is not a panacea. Tiggss iten help
us to produce learning designs that will support desirable patterns otemgyatg
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