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UNIVERSITY OF SOUTHAMPTON
ABSTRACT

FACULTY OF ENGINEERING AND PHYSICAL SCIENCES
School of Electronics and Computer Science

Doctor of Philosophy

A PLATFORM-AGNOSTIC MODEL AND ANALYSIS OF LEARNER ENGAGEMENT
WITHIN PEER-SUPPORTED DIGITAL ENVIRONMENTS: FUTURELEARN MOOCS AND
PEERWISE

by Adriana Gabriela Wilde

Digital technologies have accelerated a conceptual shift in education from traditional
face-to-face instruction towards an increasingly asynchronous, online, learner-centred
paradigm. Under this paradigm, learners interact both with peers and content mat-
ter, leaving traces that can be used to characterise their learning engagement. This is
the focus of a growing interest in learning analytics, particularly with data mining al-
gorithms, of which clustering are an important class. These algorithms are however
usually applied to datasets from a single platform, leading to platform-specific findings.

This thesis presents a new model of learner engagement within peer-supported dig-
ital environments that describes interactions independently of their platform, and can
help make meaningful comparisons across contexts. The model was validated by ap-
plying a machine-learning approach to datasets from courses in face-to-face instruction
and online. Data processed were from a total of 271,851 learners from nineteen courses
from the University of Southampton between 2014-2019 on topics on archaeology, lan-
guage teaching and human-computer interaction. Seventeen of these were massive
open online courses (MOOCs), and the remaining two were in a face-to-face setting
that included the use of PeerWise as a peer-supported digital environment.

Feature engineering was performed on timestamped digital traces of activity using
this new model, producing sixteen feature files with up to 78 features per learner, which
were subjected to the clustering algorithms Expectation Maximization, Simple k-Means
and X-Means with k values varying from two to ten. Highly-interpretable clusters were
identified by X-Means on dialogic features from datasets from both platforms, allowing
for a meaningful comparison of learner engagement across environments. In particular,
engagement in both platforms was found to fall in four main activity classes ranging
from asocial to fully active social learners; although nuanced behaviours were also evi-
denced. Learning design was found to affect the composition of these clusters, and when
free of behavioural constraints, learners in the face-to-face environment evidenced the
same types of behaviours as those online.

Keywords: PeerWise, MOOC, learning analytics, learner engagement, clustering.
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Chapter

Introduction

“Isn’t it strange how princes and kings,

and clowns that caper in sawdust rings,
and common folk, like you and me,

are builders for eternity?

Each is given a bag of tools;

a shapeless mass; a book of rules.

And each must fashion, ere life is flown,
a stumbling block, or a stepping stone.”

Robert Lee Sharpe
(b. 14 August 1872 — d. 19 April 1951),
A BAG OF TOOLS, circa 1929

Though written nearly a century ago, the words in the epigraph, by the American
poet Robert Lee Sharpe are still relevant today, especially in the context of education.
Individuals from diverse backgrounds and interests each manifest their use ‘a bag of
tools’ and rules together with their raw talents, to arrive perhaps at one of two possible
outcomes: either ‘stumbling’ or a ‘stepping forwards’, the old-age dichotomy of attrition

versus progression and success.

A more recent addition to that proverbial bag of tools, are those mediated through
digital technologies. Their explosive growth and diversity has been catalised by an in-
creased affordability of devices with greater connectivity and computing power than
ever before. Many of these tools are ripe for assisting educators at a time of radical
societal change, such as those used to support interactions amongst learners, as well
as those of learners with their learning resources. Further, unprecedented demands for
social distancing practices across the globe over extended periods add to already high
expectations for around-the-clock access to educational resources and support.

1



2 Ch. 1. Introduction

Against this background, practitioners in higher education institutions have found
themselves “pivoting”, redesigning their courses, updating their methods of delivery
and assessment, and adopting digital environments to replace or complement a pro-
vision which had previously followed predominantly a face-to-face instruction model.
Though not all of the engagement activity of learners in face-to-face instruction is ob-
servable, some can be used as a valuable proxy for actual engagement. In particular, the
digital interactions amongst learners, as well as those with their educational content,
are valuable traces of the elusive true engagement. If, as I argue above, educational
and societal trends result in an increase of the proportion of digital interactions, then
it is imperative to study them by applying knowledge and understanding gained from

research on online learning.

The main motivation behind the research activities undertaken throughout my can-
didature has been my interest in technology to facilitate and understand learning success
in its many manifestations. This lifelong dual interest in computing and education led
me to study diverse aspects of human-centered computing, from the use of computa-
tional methods to make sense of human behaviour!, people’s attitudes® to technology
in general® and computing in particular®. I have also explored how technology could
support positive behaviours and be persuasive®, and how the use of new technologies
in learning need to still be human-centred®. Finally, I have also studied Massive Open
Online Courses (MOOCs) data in more ways than those explicitly related to this thesis’.
These themes are summarised in Figure 1.1.

Researching whilst teaching in higher education gave me opportunities to inform
my practice with my research, and also my research with my practice. I was able to
introduce some innovations in my practice which were born out of what I had been re-
searching, and conversely, some of my research emerged from the implementations of

ideas for learning activities in my practice®. For example, using clickers in my classes’,

!For example, in using sensor data for human activity classification (Pirzada, White, and Wilde, 2018),
fall detection (Zurbuchen, Wilde, and Bruegger, 2021; Zurbuchen, Bruegger, and Wilde, 2020), and smart
home technologies (Pirzada, Wilde, Doherty, and Harris-Birtill (2021); Bruegger, Wilde, and Guibert
(2020); Ojuroye, Torah, Beeby, and Wilde (2017); Wilde, Ojuroye, and Torah (2015)).

2As expressed, for example, in the sentiment of their comments in massive open online courses (Wilde
and Wang, 2017), explored by my student Jing Wang (2017) in her MSc project.

3I ran a bilingual survey of students’ attitudes towards smartphones in their studies (Wilde, 2015a).

“Explored through work on gender balance in computing (Wilde and Rasti¢-Dulborough, 2017).

°I have discussed the use of persuasive technologies for behaviour change, and how learning analytics
could help tailor interventions to promote perseverance in MOOC learning (Wilde, 2016).

®Including education via virtual reality (Simeone, Speicher, Molnar, Wilde, and Daiber, 2019).

7See Wilde, Ballesteros-Mesa, and Leén Urrutia (2016a); Wilde, Leén Urrutia, and White (2016b);
Wilde (2016); and Wilde, Urrutia, and Borthwick (2017).

8As reflected in my upgrade report, edited as a book chapter (Wilde and Zaluska, 2016).

°In my 2011/2012 classes I prepared some multiple-choice questions to students for informal assess-
ment within lectures, to gauge whether they were facing some stumbling blocks before moving on to
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Learning
Analytics

FIGURE 1.1: Computer Science Education (CSE) has been the main theme explored
during my candidature. This thesis’ focus is on learning analytics with Massive Open
Online Courses (MOOCs) and PeerWise.

and the introduction of video coursework!®. The latter led to collaborations'! with re-
searchers in computer science education (CSE) and human-computer interaction (HCI),
including a series of workshops on video targetted to each community.

Given that my research agenda encompassed the wide range of interests described
above, one of my challenges has been to delimit the scope of this thesis sufficiently to
evidence in depth the ways I have been able to extend the forefront of my discipline. In
what remains of this chapter, I explain how this thesis provides such evidence, starting
from the motivation for this research (in Section 1.1), the specific research questions
I addressed and the framework I used in doing so (in Section 1.2). I finalise with the
thesis’ organisation as a roadmap based on its title (in Section 1.3).

1.1 Motivation for this thesis

This research is part of a wider exploration on learner engagement using digital tech-
nologies in peer-supported environments, including those in the context of online learn-
ing, of which massive open online courses (MOOCs) are an important class, but also
other online learning that are designed to complement face-to-face instruction, such as
with the web-based peer-learning software PeerWise'.

more complex topics (Wilde, 2014). This worked well in my largest classes (with more 80 students), but
less so in the smaller ones (with less than twenty).

197 introduced videos for assessment in my Interaction Design classes of 2015/16 and 2016/17 (Snow
and Wilde, 2017; Wilde and Snow, 2018a). Another innovation introduced in these classes was the use
of PeerWise, explained in Chapter 6.

" Namely, Vasilchenko, Wilde, Snow, Balaam, and Devlin (2018); Wilde, Dix, Evans, Vasilchenko,
Maguire, and Snow (2019). Also, a number of events were collaboratively organised too, such as the
HClIvideoW workshop (Wilde and Dix, 2020a) and workshops on using video in computer science edu-
cation (Wilde, Vasilchenko, and Dix, 2018; Wilde and Terzic, 2018; Wilde and Dix, 2020b).

12peerWise: Ask | Share | Learn https://peerwise.cs.auckland.ac.nz/ (Last accessed on 2™
December 2020).
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Relatively speaking, there is not much published research on learning analytics on
face-to-face instruction data. One of the reasons is arguably that the data has much
greater variety than in MOOCs (and it is not as well structured either), where however,
there is a lot of research that can be used to inform approaches to understand learner
engagement in this space too.

Even within the MOOC space, where there is a fertile ground for learning analytics
research, I can identify a gap lying at the little-explored intersection of heuristic-based
classification approaches, which are interpretable but often rigid and biased to precon-
ceptions about learner behaviours rather than being based on what learners actually
do; and unsupervised learning approaches, which are able to elicit from the data what is
actually happening in practice, but often do it through models of limited interpretabil-
ity. In my review of existing studies to date to the best of found knowledge, that apply
interpretable clustering methods on both online and face-to-face instruction.

Having identified these gaps, I hence have refined my wider interest into human-
centric computing and learner success in general to focus on the study of an operational-
isation of learner engagement that can apply to both kinds of learning environments. I
do so by identifying some approaches in the literature about MOOCs that are applicable
to other peer-supported digital environments, such as PeerWise, but also many others,
by articulating a general model of learner interaction, and validating it by producing
interpretable clusters of learner engagement in various contexts.

Prior the formulation of the research questions addressed in this thesis, it is essen-
tial to understand the population of interest (learners in peer-supported digital environ-
ments) and the behaviours being studied (their engagement within, or more precisely,
proxies of their engagement). The following are the operational definitions of these
terms in the context of this thesis that have emerged from the discussion on relevant
literature around learning, learners and engagement, particularly within educational
technologies that support peer-learning (in Section 2.1):

Definition 1.1 (Learners in a peer-supported digital environment). All users of a peer-
supported digital environment who interact with learning content therein available, and

who are able to interact with other users within.

Definition 1.2 (Learner engagement in peer-supported digital environments). All of the
behavioural, cognitive or emotional interactions by learners within peer-supported dig-
ital environments.

Definition 1.3 (Proxies of learner engagement in peer-supported digital environments).
Digital (and therefore measurable) traces of behavioural, cognitive or emotional inter-

actions by learners within said environments.
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1.2 Purpose of this research

Certain types of engagement behaviour may manifest differently in the contexts of dif-
ferent platforms, and therefore be captured with different variables, that can be used as
proxies of engagement. The aim of this thesis is therefore to answer the following four
research questions:

RQ1 How can learner engagement be meaningfully compared across peer-supported

digital environments?

RQ2 What does a data-driven approach to learner interactions reveal about learning
engagement within FutureLearn MOOCs?

RQ3 What does a data-driven approach to learner interactions reveal about learning
engagement within the PeerWise digital environment for face-to-face instruction?

RQ4 Is learner engagement different in different kinds of peer-supported digital envi-

ronments, be it a complement to face-to-face instruction, or a fully online course?

These questions are addressed in this thesis following the research framework out-
lined in the diagram presented in Figure 1.2.

1.3 Thesis outline

This thesis, titled “A Platform-Agnostic Model and Analysis of Learner Engagement within
Peer-Supported Digital Environments: FutureLearn MOOCs and PeerWise” is organised as
follows:

Chapter 2 offers a literature review around the main concepts explored in this re-
search, starting with learning and engagement (Section 2.1), including considerations
on behaviour change, experimentation in educational research, learning at scale and
peer-learning; some peer-supported environments, such as massive open online courses
(MOOGCs, in Section 2.2), in general but also FutureLearn in particular; followed by
PeerWise (Section 2.3) and other peer-supported digital learning environments (Sec-
tion 2.4). Then I look into techniques for the measuring, collection and analysis of
these (part of “learning analytics”, in Section 2.5), including considerations about fea-
ture engineering and unsupervised learning algorithms, clustering in particular. I also
offer some definitions on measures for information retrieval (Section 2.7) and around
Allen’s interval algebra (Section 2.6), both which are helpful to refer to later on.
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Study of communicative
and non-communicative
learning activities in peer-
supported digital environments

A platform-agnostic
model for analysis of
learner engagement

on MOOCs data

[ Feature engineering

Feature engineering
on PeerWise data

Anonymised dataset
with up to 78 features
on sixteen MOOCs

Anonymised dataset
with up to 72 features
on two F2F courses

[Data—driven clustering analysis ]

4

{ Data-driven clustering analysis ]

Profile of learner en-

gagement in MOOCs

Profile of learner en-
gagement in PeerWise

Compare findings against

a heuristic approach

Compare MOOC findings
against PeerWise findings

A critique of
Chua et al. (2017)

4

A theory of
behavioural constraint

FIGURE 1.2: Research Framework Diagram, showing the processes (in purple, rounded
boxes), the outputs (in white, squared boxes) for each of the four research questions of
this thesis (in yellow, dashed boxes).
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Chapter 3 outlines the methodology used throughout this thesis, both at high level
and in detail, through a data science pipeline. Chapter 4, in offering an answer to
RQ1, presents a formalism for a platform-agnostic model of learner interactions within
peer-supported digital environments. I use this model to inform data-driven analyses
of interactions in two very different environments, each described in the following two
chapters: Chapter 5, “Peer-learning online within FutureLearn MOOCs” and Chapter 6,
“Peer-learning in face-to-face instruction mediated by PeerWise”. In those chapters I an-
swer research questions RQ2 and RQ3, as I present the results of my analysis of digital
traces of activity captured within each of those peer-supported digital environments. I
do this through a data-driven approach, specifically with unsupervised learning, using
a feature engineering process informed by the model earlier formalised. In the case
of MOOG s, I compare this data-driven approach against a heuristic-based approach re-
ported in the literature. I then compare these environments to each other given the
findings of the previous two research questions to articulate answers to RQ4.

Finally, the conclusions are presented in Chapter 7, as well as the limitations of my

research and pointers to future work.

| Chapter 4 A Platform-Agnostic Model

chapter 3 | and Analysis of Learner Engagement

Chapter 2 | within Peer-Supported Environments:

Chapter 5 FutureLearn MOOCs

Chapter 6 and PeerWise

FIGURE 1.3: Organisation of this document, linking the contents of each chapter to the
topics in the title of this thesis.






Chapter

Literature Review

May all your problems be technical ones

Old programmers’ blessing (according to Ian Witten and
David Bainbridge in “A RETROSPECTIVE LOOK AT GREEN-
STONE: LESSONS FROM THE FIRST DECADE”, ACM/IEEE Dig-
ital Libraries, pp. 147-156. June 2007.)

Many of the challenges encountered in this thesis echo in nature those reported by
Witten and Bainbridge (2007) when they reflected on the first ten years of the Green-
stone project. They mentioned “political, educational, and sociological” challenges,
which prompted them to recall the old programmers’ blessing quoted in the epigraph.
The literature reviewed in this area covers some of these types of challenges, made evi-
dent through the impact of digital technologies in the provision of support and feedback
to learners and other stakeholders of educational institutions. In my review I consider
aspects of learning in peer-supported environments (MOOCs and PeerWise specifically
but also others in general) as well as those needed for characterising the students via
learning analytics. This makes possible the identification of behaviours to better under-
stand learners and their engagement.

This chapter is organised as follows: Section 2.1 defines engagement in the context
of learning and it looks at the related problems of behavioural interventions to increase
it, as well as experimental constraints within educational environments and within peer-
learning technologies specifically. These lead to Sections 2.2 and 2.3, where two ex-
amples of peer-supported environments are given: FutureLearn MOOCs and PeerWise.
Some others are covered in Section 2.4. Then I give a whistle-stop tour around the
fields of educational data mining and learning analytics in Section 2.5, paying special

9
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attention to feature engineering and clustering, as they are particularly relevant to this
thesis. In Section 2.6, I give some definitions on interval algebra (upon which rest some
of the formalisms I present in Chapter 4). Finally, Section 2.7 gives some information
retrieval definitions that are useful in appraising the results of the experiments I present
later, in Chapters 5 and 6.

2.1 Learners and engagement

Though the terms learner and engagement are widely used in a variety of contexts, it
is worth to discuss the lack of an authoritative consensus on how they are understood.
The layperson’s accepted view of learning encompasses a change of behaviours or at-
titudes upon sufficient exposure to knowledge or practical skills (often, but not exclu-
sively, through teaching). This interpretation is echoed in recent literature (Darling-
Hammond, Flook, Cook-Harvey, Barron, and Osher, 2020) though these authors’ re-
search focuses in schoolchildren. Such a focus on the school context is also seen in
most of the research since the early twentieth century, as observed by Laurillard (2013)
and Biggs and Tang (2007). More recently however, the interest on higher and post-
compulsory education has grown, together with innovations in pedagogy, facilitating
updates on conversations around learning. These include wider considerations such as
the use of technology to mediate the process of acquisition of knowledge and skills, but
also less tangible aspects such as experiences of flow and personal wellbeing (Kukulska-
Hulme, Bossu, Coughlan, Ferguson, FitzGerald, Gaved, Herodotou, Rienties, Sargent,
Scanlon, Tang, Wang, Whitelock, and Zhang, 2021).

Consequently, the term learner has also suffered from this lack of clarity, yet it is
also commonly used and rarely explicitly defined. Whilst often used interchangeably
with the term student, the term “learner” should be understood as a more generic, char-
acterising someone engaged in a learning process, whereas the term “student” is more
specific: used for learners who are taught. This differentiation allows for a discussion
of learner behaviour (and particularly engagement, as discussed below) independently
of whether there is a teacher, or even whether the learning is taking place in a non-
formal, informal or formal context (see Tudor (2013) for an in-depth discussion of the
differences between these).

Furthermore, accepting a learner to be anyone involved in learning allows for teach-
ers, instructors and facilitators to also be considered as learners since they are co-
participants of the process. This is understood well by Paulo Freire (1970) when he
celebrated students and teachers coming together as equal learners. As part of his



2.1. Learners and engagement 11

pedagogy, the teacher is not considered to have the monopoly on expert knowledge.
Learning is seen as a liberating experience for all parties (in contrast with a “banking”
experience, where knowledge is imparted by teachers and “saved” by students), and
this liberation is through dialogue. Kolb (1998) concurs, not without indicating that
“dialogue among equals doesn’t mean that in any single conversation there isn’t a point
in which one person is an expert and the other person is not.”

The term engagement has been shown to be equally challenging to define precisely,
despite its wide adoption and relevance within learning contexts. Indeed, learner en-
gagement is considered one of the primary models applied to understand dropout and
fostering completion, as noted by Reschly and Christenson (2012). However, in the
context of peer-supported digital environments, such as MOOCs, no definition has been
widely adopted by the community. Gore (2018) had researched extensively on this
topic, and I quote (the italics are mine):

“In reviewing academic papers relating to engagement, very few had an ac-
tual definition of the term within them (Cormier and Siemens, 2010), and
none addressed the context of learning of MOOCs, with most relating to the
traditional classroom setting (Becker, 2000; Kuh, 2001; Kuh and Gonyea,
2003; Ahn et al., 2013; Milligan et al., 2013; Ramesh et al., 2013).”

More recently, Maia, Araujo, Figueiredo, and Serey (2020) recognised that learner
engagement is an essential aspect of learning, involving behavioural, cognitive and emo-
tional processes. As such, it can be operationalised in many ways, depending on fac-
tors such as the pedagogy behind the learning design. One important aspect of learn-
ing design, discussed in Chapter 1, is the transformation that the traditional lecture
format is seeing into the adoption of an increasingly learner-centric model. Though
much criticised nowadays, Prensky (2001) highlighted how tertiary instructors world-
wide have been faced with the problem of how best to teach and engage the current
generation of “digital-native” students who arguably display a decreased tolerance to
traditional teacher-centric lecture style information dissemination. Whilst the validity
of such a categorisation of students based on generational traits has been widely dis-
credited (Kennedy, Judd, Dalgarno, and Waycott, 2010; Hockly, 2011), some of the
implications from Prensky’s views have been very influential (Palfrey and Gasser, 2010;
Jones, 2011a; White, Connaway, Lanclos, Le Cornu, and Hood, 2012).

Educational technology and the teachers using it do face the challenge of keeping
apace of emerging technology and leveraging it to increase engagement and maximise
learning outcomes in the classroom (Tondeur, van Braak, Siddiq, and Scherer, 2016).
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As a response to these learning aspirations, a growing number of university instructors
seek to provide students with more direct input in their learning process.

The peer-learning model re-positions the instructor as a facilitator rather than a sage,
even as a learner, as Freire (1970) had envisaged. Peer-learning has been credited with
realising a greater level of productivity and learner engagement than traditional content
delivery (Unruh, Peters, and Willis, 2016). This model can be facilitated through the
use of online resources and teaching software that allow conversations and coursework
to extend outside of class time (Mehring, 2016), often bundled and accessed through
one single portal, as in the examples discussed in Sections 2.2, 2.3 and 2.4. These are
collectively known as “peer-supported digital environments”.

The above discussion is the basis of the operational definitions given in the intro-
duction, in particular, Definition 1.1 (learners in peer-supported digital environments),
Definition 1.2 (their engagement within) and Definition 1.3 (proxies of engagement).

I next consider how to increase engagement (subsection 2.1.1), and conduct ex-
perimentation in this context (subsection 2.1.2) and the particular challenges of learn-
ing at scale (subsection 2.1.3). Then I return to peer-learning technologies (in subsec-
tion 2.1.4) to complete this section about learners and engagement.

2.1.1 Behaviour change for engagement

Learners make behavioural choices (with various degrees of intentionality) as they en-
gage within learning environments. They do so as they are exposed to information
about their past engagement and that of their peers as a whole, or even just a hand-
ful of “successful” peers, such as for example, those at the top of a leaderboard in a
gamified environment. This information, amongst several kinds of ‘nudges’, are often
used by platform designers as these are understood to be helpful in increasing learner

engagement.

In the context of behavioural interventions, the term nudge, as used by Balebako,
Ledn, Almuhimedi, Kelley, Mugan, Acquisti, Cranor, and Sadeh (2011) and Acquisti
(2009) was first introduced by Thaler and Sunstein (2008) to describe “any aspect of
the choice architecture that alters people’s behaviour in a predictable way without for-
bidding any options or significantly changing their economic incentives.” By choice ar-
chitecture these authors refer to the environment (either social or physical) in which
individuals make choices. There is an element of low-awareness on the part of the indi-
vidual of such an architecture, so the individuals are still exercising their free will when
making choices, however such a choice might have been different were it not for the
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intervention. A taxonomy of different types of “behaviour change interventions” (Great
Britain. Parliament. House of Lords, 2011), including examples, is presented in Table
2.1. In this table there are possible nudges that platforms for peer-supported digital
environments may include in order to increase engagement, more particularly so, those

within the last intervention category: “Guide and enable choice”, in particular:

e Persuasion: By directly encouraging learners to engage in behaviours.

e Provision of information: By raising awareness of own behaviours through a sum-
mary of past engagement, reaching specific milestones, as well as peers’ interac-
tions on past contributions.

e Use of social norms and salience: By providing information about the peers’ en-

gagement, such as through leaderboards or other visualisations.

It is possible, therefore, to “nudge” (in Thaler and Sunstein’s sense) learners into
behaviours of higher levels of engagement, and various platforms do these in different

ways.

2.1.2 Experimenting in educational research

As Cohen, Manion, and Morrison (2007) points out, in educational research it is of-
ten the case that true experimental design in the strict sense of the word is not possible,
given that they cannot be conducted under laboratory conditions where all variables can
be controlled, or it is not possible to apply controls typically used in field experiments.
Further, in many of these cases, exact repeatability is challenging or even impossible.
Cohen et al. (2007) covers a number of research methods that are appropriate to ed-
ucational research, amongst which, two are relevant to this thesis: quasi-experiments
and ex post facto research.

A quasi-experiment is an empirical study of the causal impact of an intervention on a
target population without random assignment. Quasi-experiments are commonly used
in education and other disciplines where it is not practical, ethical or reasonable to
randomize study participants to the treatment condition (Cohen et al., 2007). One of
the most widely applied types of such quasi-experiments is the non-equivalent control
group design, by which the two groups (the “experimental” and “control” groups) are
non-equivalent in the sense of not having been drawn by randomisation, and therefore

may be subject to uncontrolled variables unevenly.
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TABLE 2.1: Table of interventions. (Adapted from Great Britain. Parliament. House of Lords (2011).)

Regulation of the Financial mea- Non-regulatory, non-financial measures in relation to the individual
individual sures directed at
the individual
Choice Architecture (“Nudges”)
B Guide and enable choice
§ | Eliminate Restrict Financial Financial Non- Persuasion Provision of | Changes Changes to | Use of social
m choice choice disincentives | incentives financial information to physical | the default | norms and
© incen- environment | policy salience
tives and
disincentives
& | Prohibiting Restricting Fiscal poli- | Fiscal poli- | Policies to | Persuading Providing in- | Altering the | Changing Providing
m goods or | the options | cies to make | cies to make | reward or | individuals formation in | environment | the default | information
< | services available to | behaviours behaviours penalise using leaflets option about what
H individuals more costly financially behaviours arguments others  are
beneficial doing
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Ex post facto research is done retrospectively (‘after the fact’, as translated from
Latin), and but the dependent variables are examined in retrospect for their possible
relationship to test hypotheses about cause and effect on the independent variable. It
can be used to study groups that are already different in some respect and search in
retrospect for the factor that brought about the difference (Cohen et al., 2007).

2.1.3 e-Learning and Learning at Scale

Access to higher education has increasingly widened in recent years, with greater ex-
pectation for school leavers to pursue further studies in the hope of increasing their
chances for employability and social mobility. For some degrees, such as Computer
Science, there has been a growth in student numbers, resulting in many classes that
comprise learners in their hundreds. This trend is observed in higher education institu-
tions across the UK'. Such an unprecedented growth has meant that higher education
institutions must adapt in order to rise to challenges in assessment and feedback, with
views to improve sustainability and scalability, all the while serving the primary goal of
facilitating learning.

Parallel to this thought in the face-to-face instruction space, we have the issue of an
ever growing affordability of smartphones, portable computers, and the ubiquity of the
Internet, which not only allows students to access learning materials “anytime and any-
where”, but also facilitates the uptake of online learning. Indeed, a natural consequence
of the pervasiveness of digital technologies in recent years is that they are now almost
universally used in teaching and learning (to various degrees). Indeed, they have been
intertwined for a long time. Coinciding with the advent of the personal computer in the
1970s, the term Computer Assisted Learning was first coined, alongside Computer Assisted
Instruction and similar others, however, these terms are less commonly used as they are
becoming replaced in the educational discourse by the term e-learning. The former
have been used to characterise the use of computers in education, or more specifically,
where digital content is used in teaching and learning. In contrast, the latter is gener-
ally used only when the content is accessed over the Internet (Derntl, 2005; Hughes,
2007; Jones, 2011b; Sun, Tsai, Finger, Chen, and Yeh, 2008). Salmon’s model of online
learning (Salmon, 2002)is represented by a five-step hierarchy with increasing levels of

1Computer science experienced the “largest percentage increase” (of 4%) in enrolments of first
year undergraduate students between 2015 and 2017, according to the Higher Education Statistics
Agency (HESA, https://www.hesa.ac.uk/news/11-01-2018/sfr247-higher-education-s
tudent-statistics/subjects. More recently, Computer Science continues to increase enrolments,
to 8% of all first year students choosing this subject between 2017 and 2019 (https://www.hesa.ac.
uk/news/16-01-2020/sb255-higher-education-student-statistics/subjects). (Pages
accessed 31% March 2020).


https://www.hesa.ac.uk/news/11-01-2018/sfr247-higher-education-student-statistics/subjects
https://www.hesa.ac.uk/news/11-01-2018/sfr247-higher-education-student-statistics/subjects
https://www.hesa.ac.uk/news/16-01-2020/sb255-higher-education-student-statistics/subjects
https://www.hesa.ac.uk/news/16-01-2020/sb255-higher-education-student-statistics/subjects

16 Ch. 2. Literature Review

interactivity though counting with visible e-moderating and technical support. In this
context she used the term e-tivities to mean a framework for designing learning activities
by individuals and groups, typically engaged asynchronously with the learning.

Not restricted to online environments, learning at scale is the study of the technolo-
gies, pedagogies, analyses, and theories of learning and teaching that take place with a
large number of learners and a high ratio of learners to facilitators. The scale of these
environments changes the very nature of the interaction and learning experiences. The
impact of learning at scale can be seen in different areas, but one in which it is most evi-
dent is in the increased complexity of data at scale. Many online learning environments
keep traces of learner interactions, as well as their engagement and performance. This
is typically kept in heterogeneous and distributed systems which make their processing
and interpretation challenging. In fact this is much more complex for institutional data
in the face-to-face context than in online learning, because the scale in the latter context
is given by the number of learners, but the actual data tends to be somewhat standarised
and centralised in a way that is not necessarily possible in the former (Dix, 2016).

The 90-9-1 principle of online engagement

Noteworthy amongst the phenomena that can be observable in learning at scale is the
application of the 90-9-1 principle, which is attributed to be the common distribution
of engagement in Internet communities (Carron-Arthur, Cunningham, and Griffiths,
2014). It was first observed by van Mierlo, Voci, Lee, Fournier, and Selby (2012) in
the context of social networks for smoking cessation. Essentially, this principle is a vari-
ation of the Pareto principle (where 20% of a group will produce 80% of the activity).
The 90-9-1 rule posits that in a collaborative environment online, 90% of the partici-
pants are ‘lurkers’, who watch but not contribute , 9% make changes or updates, and
1% add new content. Hence, theoretically one might expect that in these learning envi-
ronments 90% are asocial, 1% are fully engaged, and the remaining 9% exhibit a more
passive engagement somewhere in between both extremes.

2.1.4 Peer-learning: Experiential and conversational learning

The dialectic between individual action and co-reflection has tensions as per these two
complementary views: For one, the learning journey is individual-centered (and hence
the acquiring of skills is through “doing” and individual’s reflections on how this is done).
For the other, conversations with others enable this co-reflection and sharing of knowl-
edge which otherwise would not change the individual.
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Pedagogic conceptions of teaching and learning are usually understood in the litera-
ture as falling into one of two categories: teacher-centred (content driven) and student-
centred (learning driven) (Jones, 2011b, and references therein). Figure 2.1 shows
these orientations as overarching the main five conceptions of teaching and learning
which act as landmarks alongside a continuum of roles in learning. Deep learning occurs
at the bottom end of the scale, as opposed to shallow learning which occurs at the top
end. When student-centred, computer assisted learning can increase students’ satisfac-
tion and therefore engagement and attainment. It is remarkable that the move towards
learner-centredness in Higher Education coincides with the trends towards personalisa-
tion and user-centredness in Human-Computer Interaction and computing technologies

in general.

“Sage on the stage"
Imparting information teacher-centred
(content-driven)

Transmitting
structured knowledge

I

Student-teacher
interaction /
apprenticeship

J

Facilitating
understanding

|

Conceptual change “Guide on the side"
/ intellectual student-centred
development (learning-oriented)

FIGURE 2.1: Multi-level categorisation model of conceptions of teaching: the teacher
progresses from “sage on the stage” to “guide on the side” (adapted from Kember
(1997).)

The trend towards a widespread use of mobile devices, earlier identified, brings an
increased number of opportunities to effect the conceptual change from the categorisa-
tion above, as it has the potential of making the learning more student-centred than
before: it would take place wherever the student goes, whenever it suits the student
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best?. The advent of the web has made online learning accessible for all (Bates, 2005),
which has undoubtedly transformed access to information and knowledge in the last
twenty years, through distance learning and Massive Open Online Courses (MOOCs)
(Yuan et al., 2013).

Additional opportunities to reach students to either deliver content or to assess their
learning, are coupled with opportunities for other stakeholders at educational institu-
tions to gain an insight on student achievement (typically progression and completion)

via learning analytics, as presented in the next section.

Peer-learning technologies offer rich opportunities for extending learning beyond the
classroom. Students may work cooperatively in the formulation and peer-assessment of
multiple-choice questions.

2.2 Massive Open Online Courses

Nowadays there is an abundance of opportunities to study learning phenomena of the
kinds described in section 2.1. These opportunities have arisen due to the sustained
proliferation of Massive Open Online Courses (MOOCs) around the globe ever since its
emergence in the late 2000s, but more dramatically since 2012, the often called “year
of the MOOC” (Pappano, 2012). This trend is shown in Figure 2.2, where there are over
16,000 courses as of now, according to (Shah, 2020b).

16k Growth of MOOCs

14k —
12k —
10k —

8k —

Number of courses

Bk —

4k —

2k —

0 =0 Y T T T T T T T T
2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

FIGURE 2.2: Growth of MOOCs since 2012 as reported on Class Central. Statistics do
not include China. (Shah, 2020b)

2The “anywhere, anytime" maxim driving pervasive computing is also a motivator for the development
of the next generation of e-learning. Rubens, Kaplan, and Okamoto (2014) discuss the evolution of the
field, aligning it to the advent of Web 2.0 and 3.0, central to this paradigm of learning.
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The emergence of MOOCs is a consequence of the increased interconnectivity of
the digital age. When Siemens (2005) proposed connectivism as a new theory to sit
alongside classical learning theories (of which Piaget’s constructivism is an example
Fox (2001)), pioneer online courses started to be created based on this theory: people
learn by making meaningful connections between knowledge, information resources
and ideas during the learning process. The key to a successful connectivist course would
therefore be the use of a platform which fosters the formation of such connections in
a distributed manner. These courses have become known as ¢-MOQOCs, of which the
first one was delivered in 2008 by Siemens and Downes (McAuley, Stewart, Siemens,
Cormier, and Commons, 2010; Rodriguez, 2012).

TABLE 2.2: Summary of similarities and differences between ¢-MOOCs and x-MOOQOCs.
Adapted from Cobos et al. (2017)

Characteristic

c-MOOCs

x-MOOCs

Number of learners

Method of delivery

First MOOC delivered
(year)

Related learning the-
ory

Communication

Design mainly
ports

sup-

Should scale to large num-
bers

Online

Connectivism and Connec-
tive Knowledge (2008)

Connectivism

Distributed

connections between learn-
ers, resources and ideas
(connections with knowl-
edge objects)

Should scale to large num-
bers

Online

Introduction to Open Educa-
tion (2007)
Instructivism or be-
haviourism

Centralised

relationships between teach-
ers and learners, mediated
through task completion
(personalised interactions
with instructional materials)
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In contrast, other courses were designed to adapt the medium, learning materi-
als and assessments of traditional courses (i.e. instructivist, or cognitive behaviourist
courses (Anders, 2015)) so that these could be delivered at scale. Under instructivism,
learning is also an active process, but the relationship between teachers and learners is
key — the relationship is mediated through specific tasks which are assessed as a measure
of the learning process. These MOOCs have become known as x-MOOCs, a term coined
by Downes in 2012 to differentiate them from his ¢c-MOOCs. The first x-MOOC was
delivered in 2007 though: the Introduction to Open Education, by David Wiley from
Utah (Fini, Formiconi, Giorni, Pirruccello, Spadavecchia, and Zibordi, 2008). Noting
that there are many similarities as well as important differences between c-MOOCs and
x-MOOCs® (summarised in Table 2.2), it is interesting to consider them when analysing
case study courses in practice. The inherent similarities and differences between these
models (which in turns translate in a number of affordances provided by MOOC plat-
forms) may influence learner behaviours.

A scoping review of the literature in MOOCs produced Table 2.3, paying particular
attention to methodologies and outcomes by research seeking to categorise learners.

3Cobos et al. (2017) could be forgiven for having considered FutureLearn MOOCs as c-MOOGs, given
that the platform is not founded on instructivism but on a learning pedagogy as conversation, as discussed
in subsection 2.2.1. But they are not c-MOOCs either, as they have a clear, fixed structure in each offering,
and indeed it can be argued that there are no longer any true c-MOOQOCs.



21

2.2. Massive Open Online Courses

23pd 1x2u U0 panuIU0)

‘(A0 sauo I3

01 [eUO30YIO ‘04QT) SISISO[ORYPIY -
(%T-0) SISAJOS -

(%0T-) SISPUNOI-Y -

(%T2-1T) S10393][0D -

(9%SZ-81) SIOMIIA -

(%29-1+) sIopueisAq -

A103
-91BD ISUIRI[ S UO 129JJ9 U Sey (S91ep sjusw
-u3Isse pue UONBIISIZDI 0} DANB[SI) UOIIDRISIUL
JOo awin 93 Jeyl punoj Asy], INolAeyaq IRyl
UIIM 91B[9LI0D ABUI SIOIDBJ ISYI0 JRUM PIIpnis
U1 puk 103918 I8 10] SP[OYSaI) uonedon
-Ted YIIM SB[NULIOJ paUyap A9y, "dANEIIUEN()

:sdaas

1SIUUIUIOD

:SI9UIBI|

oM

(suni1 ) spapopy powydp.io o1

-S111qDqO.d ‘(SUnl g) SUIUIDIT JUIYID :S9SIN0D
BISSINOD ULIOJIB[d

DOOIN-X :2d4],

(PT0T) 2910¥s9T
pue  ‘Broquispy
JaydoTuaINY
‘uosiopuy

"(££€) pade3duy pue (88) padedus-uoN
1951n0d a1 v[dwod oym syuedonie -
(267) s1wodare ut-doig pue (10€)
sowoddle] ‘(6gs) sui-doig :9sInod
a3 9191dwod jou op oym sjuedonreq -
(TSET) s1oA1as

-QO Pu® (98%T) SMOYUS ON :SINNT -
:suzanled YIIm sa1103918D 9311,

-93esn BIpaW [BID0S 1133 SB [[M
se (3urmaraai-1aad Surpnpour) siolelej £q 19s
Sysel Ul juowoSedus U0 paseq ‘SAnBINUEN()

parpnas jou :sdais

(s103€1I0R] WOIJ €9€ +) £S0°0T :SIUSUILIOD
(s1o1B3I[IDR) G +) [S6°T :SIoUIRd[

(ea1q 1a1sey +) 6 :SYoom

a.nn, ay3 fo uonponpy 1pd1J :95IN0DH
XePeLIA WIOfe[d

passasse ‘DOOIN-X :odAT,

(#107) o1vued1p
-ZOUNJA| pue “o
‘soop-ope3ad
‘unsn3eues-zaIod
‘sOA0H-OLIe]Y

(10¢g) Surdues -
(6€2) 3urdeduasiq -
(zse‘z) Sunsidwo) -
(984°1) Sunipny -

‘mo -

1o 3unipne -

‘punyaq -

“Yoen uQ -

:3uraq

se ‘porad Juswssasse Jod Juswadesus [enplalp
-ur uo paseq (suedN-y 3ursn) suonendod-qns
SISWIBI[ JO SISATRUR SULIDISND YV "SANBINUEN()

"(SD) 801°1C

pue (90) £88°9Z ‘(SH) 9609t :SISUIBS[ DALY
9SIN0J JBS 10J ¢ :Sporrad JUsmWISSIssy

"(19A3] SD) SPPOI [Py dD.LD d13s11qDqO-I]

pue ([9A3] D) Si1sA)puy pup usisaq :SWYILIO3]y
‘(1A9] SH) [0 2ouas Jaindwio)  :$39sIN0D
BISSINOD PUB XP3 :SULIOJIE[d

SDOOIN-X SDOOIN JO 2dAL

(€102)
Ioprautds pue
Yoard  0[1ZRyf

‘pa1aaasiad o3 1oyoym

*(31ed o€ 01 paaide
pey oym Gg jo) 67 :siuedmonred pamararolu]
(s101€31[IDR] € +) Q0E‘T :SIouIed]

() 1uedonied aalssed - pue (BIpSW [BIDOS UO pue) S30[q Ul painqln GE SYIOM (£107) ufeied

(ST) 1INT - -U0d ASY1 ISYIDYM ‘9SIN0D ) PIMO[[OJ SId [[23upyo# :9sino) -Ie]N pue ‘uyol

(z1) Juedonied 2AnOY - -uIe9] MOy paio[dxd - (SMIIAISIUI) dAnIRIIEN)) DOOIN-D :2dAL  -opr]  ‘ueSIMIA
(s1oured] Jo PquInu) saLI0393e) A3oj0poyIaiN uondrsap eieq sioyIny

2Injelrsal] 9yl ul sivulea] DOOIN Jo mﬁowuwmﬁomvumu pomoaitaal Jo .\QNEESW 1g°C 414V],



Ch. 2. Literature Review

22

23pd 1x2u U0 panuIIU0)

*(8€7) 1s0d 10U Op OYM SISIMO[[O] -
(1SS) 1s0d oym SI2MOT[OJ -

(91€M)
ouoAue Mo[[0J Jou pIp oym sidisod -

*SINOIARYS(] SUIMO[[0] ISUTR3R SINOIARY
-9q 3unsod ussamiaq diysuonelas ay3 Sunednsaa
-u1 ‘sonsnels aAndinsap y3noy], ‘aaneinuend)

"(¥102
ur sOOQIN uoidureyinos is3uowe Isquunu 3sd
-y31y a3 A[ps1iodar) paymadsun :SIUSTIWOD)

QATIOR /76T ‘POI[OIUD GG]‘G SIUIRYT
8 YoM

102[0.44 Youpasay Inoj Suidojaadg :9SINoD
ureaoInIn :ULIofie[d

DOONX :2d4L,

(L102)

s1ABQ puE ‘UBIMp
-qQV ‘OMyMm ‘Teung

"(9%06) SIopueIsAq -
(%6) SI2UIRI[ SAISSE( -
(%T) SISUIBS[ SAIDY -

‘dnoi3 19130 Aue uey) ajer uonadwod
I9MO[ Uonw pey SIspueisiq Y], ‘SISpueisAq
I9M?dJ pUR SISUWIBI] 2AISSed pUe SAIIOER 210U pey
yomgm ‘Surrwrerdord #0 jo uondsdxs a9yl YIm
‘59SIN0J SSOIJE JRIWIS AI9A SEM BIOJ UOISSNISIP
ur uonedonied 1oures] (¥ jo anfea [ewmndo
SUIULISIOP O] POYISW pIBA S SULIDISND [edIYd
-IeIaI M) 3ULISISN]D SUBSA-Y "SANBIIUEN()

9SAUBMIR], %6 :SIOUIRY]

SYoIM 6T-6 SPOM

10T 1e2X

[e103 ut

sjuepnis 6841 *(18€) SulvauIduy 10§ ysiduy
pue (g61) SotuomdSd  ‘(6%/) oInidejnuey
pue u3so@ popre-romndwo) ‘(0fg) A3a1enS
uonesieuonewau] ‘(00f) Surmweidord #H
Ul S9SIN0D ZA °AI :(S1Uspnis pue) S9SIN0D
DOON-X :2d4],

e] pue

(9102)
‘ueyD

‘ng ‘oes], ‘3uasy,

*(9%0T - 0) sIaIsn[o Arejuswl

-91ddns 1ay10 931y - (9%Eg-L) sivvd
-wod Uady - (9%8-7°0) s1o1e[dwod 21eT -
(%9-S) 21913 A[1BON -

(%8-0) sinodoip AempIlj -

(9%8-9) s1ouInay -

(%t 1-8) sioiiels 3uons -

(%95-£¢€) s1v[dures -

*SI9UIO0 9l U]} S1919[dW0d U2y
JO J9qUINU 3} SSWN g-g SUIABY 9UO ISYJOUB
pue swdures Aq pajeurwop 3ureq DOOIN U0
JIM ‘S9SINOD SSOIDR PILIBA INOIARUS( JOUIRY]
*S9SIN0D PIAIISQO YL [[B $SOIde 1uasaid 10u
9I9M UDIYM ‘SI9ISN[D MdU punoj A3yl (£107)
‘T 39 2901z 91ed1[da1 01 3urpuLlul ‘(SIDISN[
Jo 1_qunu [ewndo SUIULISISP 01 POYILdW 9139
-NOYTIS YIIM) 3ULIaISN[D SUBIA-Y ‘dAnEIIURN()

‘pa110dai jou :sdais/sjusmmuIod

(pa110dai jou

szaquinu) Ajrrofewr si1 Ul Y 9YI WO :SISUIRI]
SY99M 8-9 :SYoam

A1oAnoadsar ssou

-ISng pue ‘SHY ‘SIUSDG SJIT ‘SIOUIDS [eIISAYJ
Ul $9sIn0d A[1es A1s19A1u) uad( Inoj :s9sInon
uIeaTaInIn uLofie[d

DOOIN-X :9d4],

(e‘qS10T) MO[D

pue

uosngiag

(s1oured[ Jo JPqUINU) SILI03eD

A3o1opoyIdIN

- uondrdsap eleq

sIoyINy

23pd snoaa.d wo.f panunauo) — €' d[qelL



23

2.2. Massive Open Online Courses

23pd 3x2u U0 panuIIU0)

*9I0W JUSWWIOD - {NJISN UONEBSI[BNSIA 3] puy -
{SE9pI Mau 3UMDIUU0D pue AIDA0DSIP U3noiyl
3unfuryy 01 Apeanisod puodsax :01 AN
9IOUWI 9I9M SUOTIORIANUT [BID0S SUIM[BA SISUIRST

QUo7 - ‘urojie[d ay3 Jo soduep ‘sasuodsal {0¢ :syuedonied pasaains
pUE ‘SUOIIBSISAUOD [RID0S PAIIWIT - -I0JJe PaAIadIad 31 U0 AdAINS ® pue (L107) 6E£T /ST :SUOMIBSIDAUOD
YRO- eI enyd AQ SIUSWUWOD JO AWOUOXE] SI SIS pagmadsun :sIauIed|
‘SUOTIBSIDAUOD [RID0S PIPUIIXY - *WIBITaININ UI S9OUBPIOJJE SANDRIIUL PUS) pagmadsun :9sInon (6102)
:s9d£3 Jo ‘syiun TeuonesIaA  -Xo 01 urdnjd UONESIENSIA B INOYIIM PUEB IIM uredoInIng :WLIOiR[d JInoydeUdg  pue
-U0d INQ pasLIO3a1ed J0U I SISUIBST  PIINSEaW SI JUSWLIe3UD JoUIed 2ANRINUEN() DOOINX :2dAL,  901ZO ‘uPRWIqN],
parpnis jou :sdais
08T :(Spea1yl) SUONBSISAUOD
SJUAWIWOD /EH T + Ss1sod GEE‘g 1suonngLIIuod
9 :sIouIed]
8 :Syoom
€10C -1edA
pagnadsun :9s1noD (8102)
‘su1a11ed UOHBITUNTITWOD J9A0D BISSINOD ULIOIR[{  SYOOIg pue
-SIp 01 SISA[RUR I21SN[D SUBIIA-Y V 'SAIBINUEN() DOOI-X :3dA1, “9enbog ‘amoq

() IsuIe9[ [RID0S DAIDE JURIIN[IY -
(S£) Bunye

-lIN) INOYIIM ISUIRI[ [BIDOS DANDY
(16) IoUIRI[ [BID0S SATIDY -
(£€) spuodsa1 oym 1oieniuj -
(411) Suld[da1 Inoyam Joleniuy -
(09) 1o1day -

(¥91) Iou0T -
:s9d£3 Jo (9g6) SIoUIBI[ [RIDOS

A[da1 s 1orenrur -

pue A[da1 1oynyg -

A1dax -

9sod auoj -

9sod Suneniyy -

:s9dA3 a3 Jo syusWILIOD AUB paInqln

-U0d pey A9 I9UISUM UO PIseq ‘SAleInuend)

parpnas jou :sdais

(s103€3110R] WIOIJ £€9€ +) £S0°0T :SIUSUIUIOD
(szo1B3I[IOR) { +) TS6°T :SIduIed|

(95102

9Y3 JO pus puoAaq eiep pad30[JO g +) ¥ :Soom

20UDUL [DUOS.I3J Ul Sanypnbau] :3sIN0D
ureoToININ ‘WIOpe[d
DOOIN-X :2d4],

(£1072) Te39 YD

(s1oured[ Jo JoqUINU) SILI03RD

A3o1opoyIdIN

- uondrdsap eleq

sIoyINy

23pd snoia.d wo.f panunauo) — €' d[qelL



Ch. 2. Literature Review

24

23pd 3x9u U0 panuIU0)

*(SI9UIR9[ [RID0S JO 949°9¢

‘/T/) SI0OINQLIIUOD JAIDE SNONURUOY) -
(SIouUIR9] [RID0S JO 949°9¢

‘/1/) s10InqLIuod aAIssed snonupuoy) -
(sIoures] Teos

JO 9%49°9¢ ‘£ 1/) SIOINQLIIUOD YI9M-U() -
(%%¥°S ‘£0T1) Iuanbaiy 1us3sIsIo{ -
(%S"6¥ ‘946) yusnbaiy -

(%2°8 ‘141) 1uanbaiy A[a1e19pOIA -
(s19UIeI[ [B1DOS JO %9°9¢ ‘£T/) d[duus -

*STUAWIIOD JO SUTWIT] 93 U0 paseq -

SJUSWIWIOD JO SUTRT]D,, JO YISUI[ 9} UO paseq -
(yoea 10j SI2UILI[ JO sIdqUINU payads

-un) Y31y pue juanbaig ‘91BISPOIN ‘DIRY ‘IRl
A1/ ‘aAmdey] - uona[dwod dais 9yl uo paseq -
:paio[dxa a1om sa1103938D [RUOSOIIO [BID

-A9S *3urures] pasialadnsun y3noiyl punoj jou
9I9M JS9Y} ‘pauonUAUW dIB SIAISN], Y3noyl,
‘uonoadsur ejep woyj 3urdIoWS SONUSLINSY UO
paseq sonsnels aANdLdsap M ‘Danelnuend)

‘BIEP SWesSs ) 3uIsn Apnis
dn-moroy e st s, "(4£10Z) Te 13 Teuns se swes

(0207) ueyolly
pue ‘AQIYM ‘siaeq

‘1seqqy

Jeung

"(syuapmis $18°T) ANMAIDY Y3IH -
(syuapnis OZTTT) ANANDY WNIPIA -
(syuspnis £0¥49) A11Ande MOT -

"SPIOIIURD 193N a3 Jo uondadsur Aq palaad
-I91UI 9I9M SOIUBUIAS SIDISN[D POYIDW MOq[d
91 U0 paseq 9311 SB UISOUD SeM Y "PIeMUO
Aep 161 Wotj Y31y A[oUIonXa SI UONLIIE 1By
pajou 3uiaey ‘wojie[d syl Jo Isn JO sAep ual
18I 93 I2A0 JUSW3e3UD [BNPIAIPUI UO paseq
(suesN-y Sursn) suoneindod-qns siduIesd] jo
sisA[eue 3unLIsnd B ‘((S€107) ‘T8 39 292[1ZI
woy yoeoidde ieyy Sundepe) sanemnuend

'saniAnoe zmb 0SS SIS T

guipnpur ‘suonoe wope[d 9/£01H8C :sen
-IATIOR  pasATeue ol AJIATOR JO sAep U9)
151y 93 A[uo Ing — pagwadsun :uoneINp

618°C6 :SIQUIBI] SISqUINN],, PUB SUONIRI],,

¢ SWAIsAg Apog, ‘Jueusa0) 9y, :s1092[qng
(eAuay ur g1

pue 6 ‘9 SOpeIS Ul UIP[IYD 10] 9SIN0d JUIuILd]
d[Iqowr paseq-SINS UB) 6T¢ NAedNyS :ULIOfE]

(0202)

usyD pue JID[IZD]

"(%€0°S "3A®) PaynIA) -
(paymadsun) sia3e[dwoy -
(9%65°ST "3ae) s1a10[dxq -

(%20°8t "3ae) sjuedonie] -
(O s1oures] onbrun -

"0 pO[[0IUD A9Y3 9SIN0D AI9AD
UIIM JUSPNIS 911 JO UOTIDRIDIUT 3] SQLIDSIP I8l
S9[qeLIBA ()9 IDAO0 IIM Jaselep 9sinod-uosiad e
dn pring o1 yrzomaweyy Aenb3iqzxpa syl Yam
SJuaAD weansOI 3urssadoid  ‘sanelnueng)

*SJUSAD UOI[[I] {'{ J9AO :SINIALDR

SAIIDE

UOI[IW €9°G ‘PI[OIUD UOHIW 9T :SIoUIRI]
(Xpiealey pue

X LI WOJJ) SISIN0D 97 JO SUNI G9G :SISIN0D
Xpo :uioyie[d

DOONX :2d4],

(6102)

juaIeA-ZzatdIny

pue

PRy

(s1oured[ Jo JPqUINU) SILI03eD

A3o1opoyIdIN

- uondrdsap eleq

sIoyINy

23pd snoaa.d wo.f panunauo) — €' d[qelL



25

2.2. Massive Open Online Courses

's191s04 1odAH pue
(891) s1010V [enuanpu] (SS) paydelnd
AT[ePog ‘(69) S1MO[O] ‘(04T) SINMNT

*SUOIIDBISIUI SUITUO Jo suiayied [euosiadial
-Ul [eIn3onas 3undafgal (YNS) SISA[eUY JI0MIDN
[eID0S pue ‘9sinodsip auluo jo santadoid on
-uewas [eloduwa]l uo paseq (VD) SISA[eUy uon
-eorunwwio) dnoin SuUIqUOD  ‘SATIRINIUENQ)

parpras jou :sdois

08T :(Spea2I11) SUONBSIDAUO0D

SJUDWIWOD /EH‘T + s1sod GEEg 1SUOIINQLIIUOD
P9 :SIouIRa]

8 :Syoam

120T :Ieax

(8102) Te 32 [[PMOQ
ur se dwres 91 Ajqewnsaid ‘paynadsun :3sInoD

BlIasinod) ”Euoﬁm—m
DOOIN-X :2dAL,

pue

(1207%) 3enbogd
[[emoQ

*9SIN0D 91 JO PUD 93 SPIRMO]
PISEIIIRP YIIYM ‘SUOISSTIOSIP NSBI-U0U [BID0S Ul
3unsod Jo 91e1 91 YIIM PIIBID0SSE 3q 01 punoj
sem aouasaid wniof -sisod jo sadAy jo A1oux
-BA ISUDLI SARY SIUDPISAI AQ dpell SUONINALIIU0D
1y st urpuy jueitodwr suQ ‘sorIonb [euon
-BULIOJUT IO [BI20S (ND) YSBI-U0U JUIU0D ‘(1D)

parpnas jou :sdais

08T :(Spe2111) SUONBSISAUO0D

SpeaJy1 uors

-SNISIP 097} 1240 s1s0d G4T°QT :SUOMNQLIIUOD
TL60T = dS ‘8/80% = IN :sI19UIBST

T1-8 :S¥9oM

¥10C-€10C :STe=k

"S10]  YSB], JUSJUOD UO SeM JUSWIWIOD 3} JISYI_aUM 90URIDS I9INdWOD UI SUO pUe SISA
-ISIA PUB SJUSPISY :SISUIBI[ JO S9SS[D U0 3UIPOD AQ PoynUSIPI 2I9M UDIYM ‘UOIIBDIU  -[RUR BIEP UI 9UO ‘SULISSUISUD UI OM], :SISIN0D (0202) uosmeq
PaySIN3UnISIp 0M] A[UO JO SUOTIBLIBA SB  -NWWOD Ul 93ueyd jo suraied 3uriaisnp [ed Xpo :wojie[d pue O1AOUBA
pojaidialul oI YOIUM ‘SISISN[D USASS  -IUDIRISIY SAIRISWO[33e 3ulsn ‘sAneinueng) DOOINX :2dAL, -or ‘3onbog
(s1oured[ Jo JoqUINU) SILI03RD A3o1opoyIdIN - uondrdsap eleq sioyIny

23pd snoia.d wo.f panunauo) — €' d[qelL



26 Ch. 2. Literature Review

From the research outlined in Table 2.3 I provide some additional details:

For example, Littlejohn, Milligan, and Margarayn (2011) identified workplace be-
haviours that are applicable to learning. These are identified as: consume, connect,
create and contribute. In a survey of 462 respondents, they found that the combination
of these behaviours helped them in their personal learning and work environments, as
manifested in many learning practices. For example in formal learning (consuming and
connecting), in teaching others (creating and contributing), and in learning through
experience (all four). They conclude that technology tools for connecting may be most
effective when they interface with tools for consuming. Similarly technology tools for
creating knowledge resources may be most effective when they interface with tools for
contributing knowledge to the collective”.

Anderson et al. (2014) were the first (amongst my reviewed literature) to report
insights on the effect of the time of interaction (relative to registration and assignments
dates) on the learner categories determined by the volume of interactions. For exam-
ple, students who enrolled as early as six months in advance in the Coursera MOOCs
they studied tend to become “bystanders” (70%) whereas those who enrol around the
formal start of the course are much less likely to do so (35%). Also, a sizeable fraction
of learners (18%) engaged in their first interaction after the course had finished (hence
dubbed “archaeologists” in their taxonomy), and that only approximately 60% had en-
rolled prior to the formal start of the course. Another interesting observation from their
data exploration was the fact that learners achieving the top marks in their assessments
consumed the most lectures (with the majority watching videos more than once). How-
ever, those under the “solvers” category did not. They were dubbed “solvers” if the
fraction a/(a + [) was above a certain threshold, given the number of assessments they
engaged in (a), and the number of lecture videos watched (1). With regards to com-
menting behaviour, the authors looked into the difference in marks achieved by thread
initiators and those who later contribute to the thread, with no generalisable findings.

Reich and Ruipérez-Valiente (2019) studied all the MOOCs delivered on edX by MITx
and HarvardX from the start of the initiative in 2012 to 2018, comprising 565 course
iterations from 261 different courses that have summed more than 12.67 million course
registrations from over 5.63 million learners that generated over 4.4 billion events and

invested more than 48 million hours in such courses.

Sunar et al. (2020) claim to have observed that nearly 100% of the non-social learn-
ers (those who did not post any comments), also did not complete any steps. If so, a
valuable feature for prediction of attrition would be knowing whether the number of
comments is zero. Another corollary of such observation is that an intervention based
on textual analysis of the comments would be perhaps less valuable, especially when
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considering that there is an important category of learners who do engage (and may
complete) yet do not comment, as the converse is not necessarily true (i.e. it does not
follow that all of those who do not complete, also did not post any comment).

The above has not deterred these researchers and many others in doing textual anal-
ysis of the comments, for prediction of attrition (c.f. Duru, Sunar, White, and Diri (2021)
and others), and though there is research value on focusing solely on those who com-
ment, for various valid, methodological reasons, I am interested in creating a more
holistic model, in which all learners could be represented. This would encompass all
they come to do in their courses, i.e. their interactions with the content matter too, not
solely in their interactions with their peers. Particularly in the FutureLearn context, as
Sharples and Ferguson (2019) note, “learning through conversation on MOOCs is not a

replacement for direct instruction but an adjunct to it”.

Much of the recent literature looking into identification of sub-populations in MOOCs
utilise social network analysis tools (Gillani and Eynon, 2014; Poquet et al., 2020; Wise
and Cui, 2018), and though the identified groups are often comparable, I will not review
this research in much detail as their methodology differs substantially from mine.

Dowell et al. (2018) considers conversations within a MOOC thread as possibly or-
ganized visually or temporally. In particular, for the visual organisation, the authors
consider the order of the conversation as respecting the labelled dependency between
posts and comments on posts, but ignoring the temporal order of the contributions. In
their opinion, the temporal ordering more accurately represents the evolving develop-
ment of learners’ ideas over time. Arguably, it does hide the true semantic relations as
the context within which a comment is written (as part of the conversation) may be

stripped or difficult to capture in the timeline view.

2.2.1 FuturelLearn

FutureLearn is one of the top three global MOOC platforms, with fifteen million learners
enrolled in 2020 (Shah, 2020a), only behind Coursera and edX in number of registra-
tions. The University of Southampton is one of the founding of partners of FutureLearn,
joining the consortium in 2013, and with 22 courses offered to date, is still an important
MOOC-providing institution on the platform.
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2.2.1.1 Architecture

FutureLearn courses are organised in weeks. Each week contains a set of activities,
called “steps”, each of which has a learning object belonging to a prescribed category.
Typical examples of these categories are: videos, articles, exercises, discussions, reflec-
tions, quizzes and peer reviews. For each step, learners are able to write comments,
each of these in turn can be visibly “liked” (as in mainstream social media platforms)
and have replies or follow-up comments. This facility allows learners to build connec-
tions amongst the community and with the learning objects presented, as often these
comments allow for their personal reflections and expressions of their own understand-
ing (or lack thereof).

For each its courses, FutureLearn logs traces of learners activities, organising them
into files, some of which consist of the following®:

e Enrolments: Entries of participants registered in the course containing demo-
graphic data.

e Step Activity: Most important course activity containing aggregated records for

course step visits and completion actions.

e Comments: This file contains the social forum interactions classified per course,
week and step.

o Peer Review Assignments: This file contains the assignment submission by the
participant along with the relevant data to classify it correctly among the courses,
weeks and steps.

e Peer Review Reviews: The assignment reviews are stored in this separate CSV
file which also references the corresponding entry at the assignments file.

e Question Response: The quiz questions’ response attempts along with the out-
come (correct/incorrect) are contained in this file.

e Weekly Sentiment Survey Responses: A experience rating provided by learners
on specific weeks, with reasons for the feedback.

“This list might not be complete as designers in FutureLearn add functionality to the platform over
time. Also, not every features are supported for all of their courses. For example, the MOOC “Under-
standing Language: Learning and Teaching” does not have Peer Review Assignments, and the MOOC
“Archaeology of Portus: Exploring the Lost Arbour of Ancient Rome” had them in its early runs but ceased
having them after the third run.
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e Video Stats: A number of MOOC-level statistics for video types of steps including:
duration, number of views, downloads, total caption views, total transcript views,
device used, and views disaggregated by region and percentage of the video (with
counts at 5%, 10%, 25%, 50%, 75%, 95% and 100%).

e Archetype survey responses: Learners responses to optional survey about their
learning archetype, as described in Table 2.4 below.

e Leaving Survey Responses: Learners responses to optional leaving survey. This
survey is offered to learners who leave a course, and it records the reason for
leaving the course, the last completed step and week, and the timestamp for both
the last step and the leaving event.

FutureLearn rolled out a survey in 2017 through all of their courses, and responses
from nearly 7,000 learners were coded and organised in learner archetypes, which are
defined by FutureLearn as “patterns of behaviour that others are likely to follow.” The
driver behind such categorisation was to identify those learners who are more likely to
bring revenue, so that they could focus their efforts in supporting these learners (Walker,
2018b). The archetypes identified, based on their motivations to pursue MOOCs, either
for personal development employability and learning either to better understand (and
“fix”) a problem or for the joy of learning itself, are the following seven: Advancers,
Preparers, Explorers, Hobbyists, Vitalizers and Fixers. This survey is still being offered
to participants joining a new course in FutureLearn to date, who are presented with
a multiple-choice question, as per Figure 2.3, which signals the interest of the plat-
form in categorising their learners. However, the answering rates to these surveys are
considerably low, as Table D.3, shows. To give an example, for run 7 of the Understand-
ing Language MOOC, there were only 606 survey participants, out of 6,033 enrolled
learners. In fact, for all the courses where there is survey information collected, ap-
proximately 10% of enrolled participants take the survey, despite it being very simple,
consisting of only one multiple-choice question, as shown in Figure 2.3, though this
might be attributable to the funnel of participation effect, as coined by Clow (2013).
Table 2.4 summarises the characteristics of these archetypes.

2.2.1.2 Design

The use of this architecture reflects the pedagogical underpinnings that informed Fu-
tureLearn’s design. It was based on an explicit pedagogy of conversational learning,
resting on a framework by Laurillard (2013), who was in turn inspired by the conversa-
tional theory formulated by Pask (1975). The platform fulfills the requirements for this
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Tell us why you joined

What's your main reason for joining Introduction to Virtual, Augmented
and Mixed Reality?

| want to:
(Please choose one answer)

Support my personal interests or community activities

Prepare for a work or study goal, such as an interview or exam
Improve my wellbeing

Explore future work or study options

Satisfy my curiosity and love of learning

Understand or manage a situation in my personal life

Develop or stay up to date in my field

Other (please specify)

Knowing what motivates our learners helps FutureLearn understand you better and improve our courses.

For information about how your responses will be used and stored, please review our Terms and conditions
and Privacy policy.

FIGURE 2.3: Archetype survey question in a FutureLearn MOOC, as seen by the partic-

ipant. Its answers, together with the demographics information collated at enrolment,

help the platform characterise learners (Screenshot taken from a survey presented to

myself on joining the course Introduction to Virtual, Augmented and Mixed Reality in
December 2020.)
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TABLE 2.4: Summary of the FutureLearn archetypes as researched by Tracy Walker and
reported in the series of newspages by Niam O’Grady (Walker, 2018a,b,c,d).

Archetype Comments and reported Age Jobs and Likely location Certificate

name needs groups education purchasing

Advancers Need accreditation of 26-35 full-timein  Asia (36%), The most
work-related skills, with clear employ- Europe (30%), likely
outcomes, on up-to-date ment Africa (18%) learners to
information on trend topics, purchase a
with pathways for certificate.
specialisation.

Preparers As above, but also ways to 19-26  studentor  Asia (47%) Likely to
build confidence in knowledge, early purchase.
such as tests. Support for career
non-native English speakers.

Explorers As advancers, but with 26-35 seeking Asia (38%), Less likely
reassurance about the viability career Europe (34%), than the
of their chosen path. change Africa (15%) two above.

Hobbyists Courses supporting their 56-75 retired Europe (61%) Not
existing personal projects, reported.
leisure activities and pastimes.

They had the best activation
rate and the best full
participation rate.

Vitalizers  Lifelong learners, want to be 56-75 retired Europe (63%) Not
indulged with stimulating reported.
topics. They had the highest
number of enrolments of all
archetypes.

Fixers To manage and understand all varied Asia (45%), Least likely
personal issues (health, social, Europe (28%) to purchase
political or cultural). They a certificate.
want empathy, understanding,
confidence and empowerment.

Accessible content and expert
advice.

Flourishers As above, but more likely to all varied Europe (40%) Not
take several courses, interested
particularly on well-being, in certifica-
health and the arts. They want tion.

accessible content that can be
consumed on the go.
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framework, as it includes the following elements to support effective conversations for

learning at scale (Sharples and Ferguson, 2019)):

a consistent language, articulated through a pattern library for the platform;
it supports a variety of pedagogic elements, through different types of steps;

supports conversations for action and description, in the way of comments and
discussion steps;

presents conversations in context, stimulated by its educators;

which also encourage reflective conversations; share perspectives, via peer-review,

discussion and even how feedback to quizzes is given;

synthesising knowledge or reaching agreements;

clear objectives and outcomes, allowing for learners to share their own goals;
enabling educators to become facilitators of conversations; and finally,

it has a structured content that can facilitate the tracking of conversations, via
the inspection of the comments.csv file> provided in its datasets as well as a
dashboard.

As explained before, with this approach, learning is the result of the social interaction

between peers (and within the platform, the facilitators can act as such). Therefore, the

platform has been built in order to afford this connectivist characteristic (and continues

to be updated with new features that further support such affordances®).

>This and other files and their structure are presented in Figures 3.3 and 3.4.
®A recent innovation is the facility to work in small groups “to come together and reach shared un-
derstanding” (https://www.futurelearn.com/about-futurelearn/our-principles.


https://www.futurelearn.com/about-futurelearn/our-principles.
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2.3 PeerWise

PeerWise is a web-based software that supports and manages the authoring and an-
swering of multiple-choice questions (MCQs) for students within a cohort of a course.
It is a widely adopted, free software, created and maintained by Paul Denny at the
University of Auckland in New Zealand since 2008. PeerWise hosts over four million
student-authored questions’, has received over ten million answers by students® and is
used in more than 1500 institutions worldwide®, including many British institutions.

With regards to the disciplines it has been used for, it has been successfully used in
various topics in Computer Science (e.g. Database development, Web systems develop-
ment, Games Al, IT project management, as in Devon, Paterson, Moffat, and McCrae
(2012)); in Health Sciences (e.g. Biochemistry (McClean, 2015), and Nursing edu-
cation, as in Rhodes (2013) and Rhodes et al. (2015)) and other exact sciences (e.g.
Physics and Organic Chemistry, Mac Raighne, Casey, Howard, and Ryan (2015)).

One of the insights from these reviewed works which is most relevant to my re-
search is the observation by Denny (2013) that participation data in PeerWise is heavily
skewed, with the most active 10% of students submitting approximately one third of
all the answers. This suggests that even though PeerWise is a peer-supported digital
environment designed to complement courses delivered face-to-face, learners engag-
ing within this environment exhibit behaviours that are consistent to those exhibited
by online learners, such as the 90-9-1 rule of online participation, discussed earlier (in
subsection 2.1.3).

The remainder of this section is organised as follows: Subsection 2.3.1 defines
multiple-choice questions MCQs, as their production constitute the core learning activity
supported by PeerWise. Subsection 2.3.2 discusses how can they be used for assessment
in Computer Science education, thanks to the affordances of the software that are visible
to the student, as well as those hidden (‘under the hood’) which can help study learning
activity behaviours. In order to find reported research on learners behaviours whilst
using PeerWise, and more specifically, gain insights on what features are used by the
research community, I conducted a scoping review, and its methodology is described in
Section ??. The research identified therein is summarised in Table 2.5.

’Denny, B (July 2019) PeerWise mini-symposium. (https://www.ucl.ac.uk/brain-sciences/
events/2019/jul/peerwise-mini-symposium, last accessed on 11 July 2020.)

8Denny, P (n.d.) “If at first you don’t succeed, answer again!” PeerWise blog. (https://peerwi
se.cs.auckland.ac.nz/docs/community/if _at_first_you_dont_succeed/, last accessed on
11 July 2020.)

“PeerWise. (https://peerwise.cs.auckland.ac.nz/.)


https://www.ucl.ac.uk/brain-sciences/events/2019/jul/peerwise-mini-symposium
https://www.ucl.ac.uk/brain-sciences/events/2019/jul/peerwise-mini-symposium
https://peerwise.cs.auckland.ac.nz/docs/community/if_at_first_you_dont_succeed/
https://peerwise.cs.auckland.ac.nz/docs/community/if_at_first_you_dont_succeed/
https://peerwise.cs.auckland.ac.nz/
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2.3.1 Multiple-Choice Questions

A multiple-choice question (MCQ) comprises of a statement or question (a stem), and
its answer amongst a number of distractors. The student’s task is to select the correct
answer Draper (2009). Distractors of well-designed MCQs can expose different kinds of
misunderstandings or common errors associated with the material being tested. For this
reason, MCQs are widely used for summative and formative assessment, especially at
early stages and in first- and second-year undergraduate studies. Typically, MCQs would
be used to test factual knowledge (hence their prevalent use in STEMM, of which intro-
duction to programming are prime examples (Denny, Tempero, Garbett, and Petersen,
2017; Luxton-Reilly, Denny, Plimmer, and Sheehan, 2012)), though they have also been
used in more discursive disciplines (Humpage et al., 2014; Renzo et al., 2014).

An advantage of MCQ-based assessment is that it allows for automated marking, and
therefore instant provision of feedback to learners Davies, Proops, and Carolan (2020),
as well as opportunities for multiple attempts, that is ideal for formative assessment,
providing that there is opportunity for reflection on the mistakes made. However, the
use of MCQs has been criticised on the grounds of fostering shallow or strategic learning
Biggs and Tang (2007).

A way to overcome this problem, and fostering deeper learning, is the use of an envi-
ronment in which the students do not simply answer the questions, but also create them
and critique them, as within PeerWise, which can be beneficial to both ends of the ability
spectrum in a course. For example, Denny, Hamer, Luxton-Reilly, and Purchase (2008a)
studied learners’ performance both within PeerWise and in the final exam (which had
an MCQ component) in a first-year programming course, as well as their engagement in
other learning activities (outside PeerWise, such as participation in labs and projects),
concluding that it was both higher- and lower-achieving students who exhibited more
learning gains through their interaction with PeerWise, whereas for mid-achieving stu-
dents, their engagement in other learning activities may play a larger role. The con-
jecture they arrived at is that the higher-achieving students were more likely to benefit
from the higher learning gains associated with engaging in question creation and crit-
ical appraisal of those made by fellow students, whilst the lower-achieving ones were
more likely to improve their exam results through the learning by rota associated with
the strategic learning from just answering MCQs in the question bank. For all kinds
of students, however, there are huge benefits associated to the use of PeerWise as a

peer-supported environment.

Though technically there is no mechanism within PeerWise for formal assessment of
the questions therein produced, some higher education institutions assess (externally
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to PeerWise) content created by students within the software, requiring them to self-
select their own best contributions, and write a reflective essay about them, for example.
However, because the engagement in these activities take place in the context of assessed
courses, some authors have explored how students’ engagement levels correspond with
their grades, and PeerWise has been found to increase student engagement in course
content (Denny, 2013), and improved exam results and positive reviews by students
(Denny, 2013; Biggins et al., 2015; Renzo et al., 2014).

2.3.2 PeerWise affordances

Motivation for its use is supported by its many affordances. In particular, Users of the
platform have the ability to gain followers and follow authors amongst their peers, which
is an element present in many social media platforms. Another important affordance
of this software is that, being generated by peers, the MCQs presented are critically
appraised, rather than ‘accepted as correct’ as would typically be when created by the
lecturer Luxton-Reilly et al. (2012). There are mechanisms to award ratings to questions
by all users (where both the quality and difficulty of a given question are given a score),

as well as to leave comments and replies.

2.3.3 Gamification elements in PeerWise

One of the main characteristics of PeerWise is that it uses gamification to nudge partici-
pation, which has proven empirically to have a positive effect on the number of questions
students answer (Denny, 2013). Nudges for participation are given via notifications,
which provide learners information about their own engagement, such as by the use of
leaderboards, as well as via “badges”. PeerWise uses social norms and salience by ex-
posing to each student their relative level of engagement with the software by signalling
their relative position within the cohort, through simple visualisations (see Figure 2.4).
Badges can be acquired by students in reaching various milestones (some examples are
in Figure 2.5)

Badges

To promote participation in PeerWise, special icons, called badges, are revealed to the
student once they meet certain conditions. This is referred as “earning the badge”. There
are three kinds of badges that can be earned: Basic, Standard and Elite. Basic badges
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typically mark the first time a particular interaction milestone has been achieved, mean-
ing that they can only be earned once. Standard badges can be earned multiple times,
meaning that the total number of badges can be greater than the number of different
badges earned. Finally, elite badges are the most challenging to earn. Table 2.6 com-
prises all the badges that students can obtain through their engagement in the course
through PeerWise, with a description of the ways these badges can be awarded to a stu-
dent. At present, there are 25 possible badges to be earned, expanded from the original
set of 22.

“Basic” badges are typically very easy to earn, with minimal engagement. These
reward students as they explore the platform’s functionalities, in particular: authoring,
answering and commenting on questions, agreeing on (and replying to) comments writ-
ten by others, follow others and verifying others’ answers. Denny (2013) reports 80% of
516 learners that were able to earn badges in PeerWise (the “badges on group”) earned
more than 11, with only one student earning them all and three earning less than the

seven basic ones'°.

2.4 Other peer-supported digital environments for face-

to-face instruction

As seen in the literature review covered in Section 2.3, I did not find any prior research
on classification of PeerWise learners using clustering, which is the approach I use in
this thesis. Indeed, there are challenges in securing educational datasets on face-to-face
instruction contexts, as indicated by Sarker (2014). The heterogeneity of technologies
used for capturing traces of relevant learning activity, together with the institutional
challenges associated with the ethical use of such traces (Slade and Prinsloo, 2013) re-
sult in the relatively scarce availability of well-structured, coherent datasets for research.
Those that exist, tend to be around the use of Learning Management Systems (LMS),
course managements systems (CMS) or virtual learning environments (VLE) support-
ing face-to-face instruction. These are many systems used in the context of educational
institutions offering technology-enhanced learning or computer-assisted instruction —
Blackboard™, Canvas, Moodle and Sakai are well-known examples, though there are
others, such as SkyPrep, and Docebo (both commercial products) and open-source tech-
nologies, developed in-house by higher education institutions and made publicly avail-
able such as ILIAS and Online Learning and Training (OLAT). Godwin-Jones (2012)

10At the time of the study by Denny (2013), only 22 badges out of the present 25 were available, seven
of which were basic ones.
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TABLE 2.6: Badges currently available in PeerWise for a student s. The column Type
identifies the kind of interaction a badge rewards: question authoring (Q), question
answering (Q), comments (C), replies (R), and consistency over time or accuracy (7). A
‘yes’ in the column New indicates that the badge was not present in the original research

paper by Denny (2013)

Category Badge name Description Type New
“Question author” s contributed one question Q
“Question answerer” s answered one question A
“Star-crossed” s agreed or disagreed with a comment C
Basic “Comment” s wrote one comment C
“Author-reply” s replied to a comment written about own question R
“Follower” s followed one or more authors
“I'll be back” s answered correctly ten or more questions, on each of three dif- A}
ferent days)
“Verifier” s has confirmed one answer or more yes
“Helper” s improved the explanation of an existing question C
“Popular question author” per question authored by s that was answered ten times or more ~ Q
“Discussed question author”  per question authored by s that received two or more comments Q
Standard  “Commentator” s wrote five comments or more
“Critique” s agreed or disagreed with ten comments C
“Rater” s submitted a rating for ten questions
“Scholar” s answered ten questions correctly A
“ Commitment” s answered correctly ten or more questions, on each of five con- AT
secutive days
“Good question author” per question authored by s rated as excellent five times or more Q
“Insight” s wrote two or more comments that someone agreed with C
“Conversation” s replied to five comments about own questions R
Elite “Genius” s answered ten questions in a row correctly At
“Leader” s had one or more followers as a question author Q
“Einstein” s answered 20 questions in a row correctly AT
“Obsessed” s answered correctly ten or more questions, on each of ten con-  Aff
secutive days
“Super scholar” s answered correctly a total of 50 questions A yes
“Legend” s submitted a correct answer on 31 distinct days ATT yes

provide a comprehensive (if somewhat dated) list and critique of a number of such
systems.

In terms of research on data generated in such environments, Romero and Ventura
(2010) reviewed 304 studies indicating that students use LMS to personalise their learn-
ing, reviewing specific material and engaging in relevant discussions as they prepare for
their exams. Lecturers and instructors use them to give and receive prompt feedback
about their instruction, as well as to provide timely support to students (e.g. struggling
students need additional attention to complete their courses more successfully (Baepler
and Murdoch, 2010), as the failure to do so comes at a great cost, not only to these
students but to their institutions). Administrators use LMS to inform their allocation
of institutional resources, and other decision-making processes (Romero and Ventura,
2010). These authors argue the need for the integration of educational data mining
tools into the e-learning environment, which can be achieved via LMS.

One rare example using clustering on data from face-to-face instruction courses is
that by Bogarin, Romero, Cerezo, and Sanchez-Santilldn (2014). They report use of
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clustering for improving modelling for process mining in an online course using the
VLE Moodle 2.0 to complement a face-to-face undergraduate course in Psychology. In
their study, they used the Expectation Maximisation clustering algorithm from WEKA
to find three clusters of distinguishable behaviours. One of these clusters contained the
majority of the failing students in the course, whilst the majority of the passing students
were in the other two. In the first case, students models of interactions in Moodle
were simpler and more limited, whereas those in the other two clusters were much
more complex. The first of the “passing” clusters grouped learners with more strategic
actions within the VLE than the second cluster, so there were observable differences of
behaviour even with similar levels of attainment. This finding suggests, not only that the
patterns of engagement with the digital environment can be used to predict attainment,

but that clustering algorithms are a useful tool to identify nuanced behaviours.

There is one final aspect regarding peer-supported digital environments, that is of
relevance to this thesis. Regardless of their implementation details, these environments
include mechanisms such as discussion forums within which learners can communicate.
Their organisation details vary but it is very common that they are supported by multi-
level structure, such as thread, posts and replies, which are featured not only in VLEs
like Blackboard and others but also in MOOCs like Coursera and edX. Though the struc-
ture itself can be a useful indicator of the conversational patterns of interaction, much
research is focused on analysing unstructured learner posts, as seen in the next section.

2.5 Learning analytics, educational data mining and aca-

demic analytics

Modern digital technologies are characterised by a high integration of information pro-
cessing, connectivity, media storage and even sensing capabilities, making it easier than
ever to collect, analyse and exchange data about our daily activities. For higher edu-
cation students, this means that they also generate a rich data trail as they navigate
their way through towards successful completion of their studies, particularly in the
contexts where these digital technologies have been adopted. In more recent times,
such adoption has been on the increase as institutions are driven by the need to facili-
tate the delivery of learning content as well as the assessment of students’ work, often
remotely even in the contexts of face-to-face courses, giving further opportunities for
learners to add to the already rich data trail of activity aforementioned as they measure
engagement, attendance and attainment of learning.

Learning analytics, educational data mining and academic analytics are all, in the
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broadest terms, similarly concerned with the analysis of student records held by the
institution, as well as course management system audits, including statistics on online
participation and similar metrics. They do so to either understand learners and facili-
tate interventions (in the case of learning analytics), or to inform stakeholders decisions
in HE institutions (in academic analytics). Educational data mining originally differen-
tiated from the other two mainly through its methods, which were borne out of the
artificial intelligence and data mining communities. In more recent times the divisions
amongst these disciplines are increasingly blurred and arguably they are more related
to academic communities membership rather than marked differences in methodologies
or utility of the findings.

In particular, Learning Analytics was first defined in the call for papers for the first
Learning Analytics and Knowledge conference, in Banff, Canada, by the Society for
Learning Analytics Research (SoLAR), as: “.. the measurement, collection, analysis and
reporting of data about learners and their contexts, for purposes of understanding and op-
timizing learning and the environments in which it occurs” (as cited in Siemens and Baker
(2012)). As such, it is a multi-disciplinary field, concerning often the expertise of data
scientists, learning technologists, psychologists, educators, educational domain content
experts, computer scientists and even measurement specialists (as illustrated in Figure
2.6).

Measurement
Sciences

Data Science

Domain Content
Specialisms

FIGURE 2.6: Learning Analytics is a multidisciplinary field
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Educational data mining involves processing such data (collected from the VLE or
other sources) through machine learning algorithms, enabling knowledge discovery,
which is “the non-trivial extraction of implicit, previously unknown, and potentially
useful information from data” (Frawley, Piatetsky-Shapiro, and Matheus, 1992).

Academic analytics are similarly considered as useful tools to study scholarly inno-
vations in teaching and learning (Baepler and Murdoch, 2010), but the level or object
of the analysis tends to be at least of institutional scale (Sharkey, 2011), but often,
regional, national and even international scale. According to Baepler and Murdoch
(2010), the term academic analytics was originally coined by the makers of the virtual

learning environment (VLE) Blackboard™

, and it has become widely accepted to de-
scribe the actions “that can be taken with real-time data reporting and with predictive
modeling” which in turn helps to suggest likely outcomes from certain behavioural pat-

terns.

The kinds of problems studied in these fields include retention, attrition (Glynn,
Sauer, and Miller, 2003), and dropout (e.g. Barber and Sharkey (2012)). Through
the understanding of learners’ progress and engagement using these techniques, it be-
comes possible to plan and deliver personalized interventions: be it directly, in the

"1 "or indirectly, via institutional processes, offering the opportunity to

form of “nudges
promptly identify performance issues so that actions can be taken to encourage student
success. This is indeed the ultimate goal of learning analytics, that it provides actionable
insights that can assist educators in supporting learners, as well as informing policies
and reforms that can effect change to the benefit of the many. As Siemens and Long
(2011) put it, by "penetrating the fog" that is over much of higher education about the

mechanics of supported learning, foster a better understanding of how learners learn.

One of the challenges in learning analytics as it transitions into a rigourous, empir-
ical discipline, is the creation of frameworks that facilitate replication work in learning
analytics, which it is still very unusual (Dowell and Poquet, 2021).

2.5.1 Feature Engineering

Much of educational analytics research (as well as data mining research) rests on the
goodness of features from the data, chosen for the application of methods within these
fields. The goal of feature engineering in learning analytics is a “greater interpretability,
generalizability, transferability, applicability and with clearer evidence for effectiveness”

1As mentioned in the introduction, I explored in a position paper the idea of using learning analytics
for behavioural change to address attrition in MOOCs using persuasive technology (Wilde, 2016).
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(Baker, 2020). The design of predictor variables is surprisingly poorly studied and doc-
umented (Baker, 2020). It is said to involve lore rather than well-known and validated
principles. A well-designed feature, however, is one that is meaningfully linked to the
construct under study and is potentially interpretable by humans. Baker (2020) discour-
ages feature engineers from engaging in deep learning models that are not interpretable
and may have problems with overfitting and smaller datasets than the algorithms as-
sumptions lie on. Similarly, though much research includes them, Baker considers the
use of “tautologies” from the data as poor feature-engineering design, such as, for ex-
ample, the final course grade from assignments and tests. Good heuristics for the design
of features are offered as follows:

1. Brainstorm with domain experts: deferring judgement, encouraging lateral think-
ing but building on the ideas of other researchers. As many features as possible
from the data that can be collected.

2. Decide what features to create from the brainstorm, biasing in favour of tractabil-
ity and diversity of features.

3. Create the features, preferably with a scripting language for reproducibility.

4. Study the impact of features on model goodness, possibly with a confusion matrix.
Also decide what to do with outliers (typically instances above or below three
standard deviations from the mean), ideally visually, such as through the use of
box-and-whisker plots.

5. Iterate on features if useful, splitting the data into groups of interest, and mod-
elling each subgroup.

6. Go back to step 3 (or even 1).

Baker (2020) also notes that it is possible to become a domain expert, by understand-
ing the literature, having conducted classroom observations, or having had teaching ex-

perience relevant to the construct under study. However, conversations with others are
helpful.

An alternative way to produce features is through a process Baker calls “knowledge
engineering” where a construct is modelled with a domain expert, features are chosen
and recombined within machine learning. Though more elaborate, this process can
lead to better performance in unseen data or in data across different sources than a
more traditionally-developed feature set (Baker, 2020; Paquette and Baker, 2019).
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2.5.2 Clustering

There are several algorithms used in the literature, as surveyed by Dutt, Aghabozrgi, Is-
mail, and Mahroeian (2015) in the context of educational data mining. These typically
fall in one of the two types: partitioning and hierarchical. Partitioning clustering algo-
rithms part from the principle that there is a number of clusters that the data is known
to fall into (e.g. the k-Means clustering algorithm, and its variations, such as X-Means
clustering, by Pelleg and Moore (2000)).

This requires both a good knowledge of the domain where the data is drawn from
and a relative noise-free dataset. Another assumption, typically an implementation lim-
itation, is that the size of the dataset is sufficiently small to wholly reside in memory
because of the way the assignation to clusters is typically done. Hierarchical algorithms,
on the other hand, presume the assignation to clusters to follow some kind of hierarchy;,
and though the number of clusters is not required to be known a priori, a stopping condi-
tion might have to be defined, particularly in the case of divisive hierarchical clustering.
In this case, the dataset is separated in successive steps depending on a measure of dis-
tance, upon which the stopping condition can be defined. Therefore, this is a top-down
approach.

The choice between clustering algorithms is ultimately dependent on the problem
and the domain, as there is no single clusterer that outperforms all others in all situa-
tions. Hence, performance metrics must be applied to conduct a comparison and make
a selection.

In the context of learning analytics, Baker (2020) suggests that the ultimate arbiter
on the goodness of a clustering algorithm is whether the resulting clustering are in-
teresting, rather than the actual fitness of the data to clusters. Poor interpretability of
models is in fact a known limitation of the application of many clustering techniques,
as observed by Liu and Koedinger (2017), “tend to result in student groupings that are
difficult to interpret”. Yet for learning analytics, interpretation is key, especially if the
observations inform policy. This is an observation to keep in mind when choosing to
apply a clustering algorithms on educational data.

2.6 Interval Algebra

A well established interval-based temporal logic is commonly known as “Allen’s interval
algebra” (Allen, 1983). hailed for its expressive power and simplicity, which facilitates
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automated reasoning in applications over many domains where temporal hierarchies
can be defined (Janhunen and Sioutis, 2020).

TABLE 2.7: Interval algebra: the thirteen possible relations (adapted from Allen (1983)
and Hunsdale et al. (2017)). All relations have an inverse, except for “is equal to”. Not
listed under “Endpoint conditions” are x, < xq and y. < yo. These apply to all.

Relation Symbol Inverse Pictorial example Endpoint conditions
X y
x precedesy < > O ® O ® x,<VY,
x
Oo——=e
xisequaltoy = Yy Xo=Xq N Yo=1DYe
X meets y m mi o—* o Xo = Yo
o e
. x
x overlaps y © oi O——e X0 <Y, <Xe<Ye
OL.
. . . X
x isduringy d di Oo—e Vo <X <Xq<Ye
040
X starts y s si o> e Xo=Xo
o— o
. . X
x finishes y f fi oO———@ Xe=Ye
OLQ

The domain D of interval algebra is defined to be the set of intervals on the line
of rational numbers, i.e., D = {x= (x,,x,) € Q xQ > x, < x4}. Each base re-
lation can be defined by appropriately constraining the endpoints of the two inter-
vals at hand, which yields a total of 13 base relations comprising the set B defined
as: B = {e,p,pi,m,mi,o,oi,s,si,d,di, f,fi}; where p = precedes, e = equals, m =
meets, o = overlaps, d = during, s = starts, and f = finishes respectively, with oi
denoting the converse of o (note that ei = e). For example, d is defined as d =
(x,Y)ED XD | x, >y, AXq<Yq; X1 < Xy (x; takes place before x,); x; o x, (x;
overlaps x,); amongst others.

The relevance of these definitions will become evident when I introduce the model
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of learner engagement within peer-supported learner environments in Chapter 4.

2.7 Information retrieval terminology

The sensitivity (or recall) in information retrieval is the rate of retrieved elements that
are relevant amongst the total number of relevant elements Witten, Frank, Hall, and Pal
(2017). Its counterpart definition in classification with machine learning is the propor-
tion of elements of a given class that are correctly classified. A perfect recall therefore
will have a value of one, and it will occur when there are no false negatives, as per the
Equation 2.1. It means that all relevant elements were retrieved (and there are no false

negatives).
TP

Rec = ———
TP+FN

2.1)

The precision is the rate of retrieved elements that are relevant amongst the total
number of elements retrieved, as per the Equation 2.2. It means that all retrieved ele-
ments were relevant (and there are no false positives).

Prec = _IN_ (2.2)
TN +FP

The accuracy Acc (Equation 2.3), the F1 score (Equation 2.4), and the Area Under
the Receiver Operating Characteristics Curve (AUROC, or ROC Area) are provided in
scikit-learn and WEKA. The ROC Area is used to evaluate classifiers’ performance which
is used in pattern recognition and machine learning (Fawcett, 2006). In simple terms,
a ROC Area close to the value of one is indicative of a well-performing algorithm, with

true-positive and true-negative rates consistently high.

TP+ TN
Acc = (2.3)
TP+TN+FP+FN
2xX TP
(2.9

1=
2xTP+FP+FN

2.7.1 Multi-Class Approach Considerations

In order to evaluate the performance of such classification, it is possible to use metrics
such as Recall, Precision, F1-score and AUROC. However these are defined for two-class
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classification problems and its extension for multi-class problems could be done using
the calculation of the macro or the micro score for Recall, Precision, F1-score and AU-
ROC. This is the average metric per class which gives the same importance for each
class. The other solution is the micro score which average the metric by giving more
importance to the amount of data per class. In a multi-class problem, the Recall for
a specific class is calculated against all the others together as if they were one class.
Matches for this specific class represent the positive cases and matches for the com-
bined class represent the negative cases. Applying this step for each class offers four
different Recalls, which then are averaged using the previously explained macro score,
as per Equation 2.5. A similar process is applied for Precision and F1-score, as shown
in Equations 2.6 and 2.7.

. 1 . |Class| TPi (2 5)
ec = R —— .
T |Class| & TP +FN,
|Class|
1 TN.
Prec =— X — 2.6
M |Class| & TN; +FP, (2.6)
1 2% TP,
F1-score 2.7)

macro — TA7 . X Z
|Class| < 2xTP;+FP;+FN;

2.8 Summary

I reflect on the research questions listed in Section 1.2 to inform my literature review,

as follows:

RQ1: How can learner engagement be meaningfully compared across peer-supported digital

environments?

The literature reviewed around engagement and philosophies of learning presented
in Section 2.1 discuss aspects of these environments that are essentially platform-agnostic.
This means there is already a common understanding of the concerns around the phe-
nomena occurring within peer-supported digital environments that can be used in such
comparisons, such as the nature of the interactions occurring within, irrespective of the
implementation details. However the review has also highlighted the challenges around
the proliferation of these types of environments, such as poor interoperability and oth-
ers which arise from the diversity of implementations. These call for a formal model of
interactions, and Section 2.6 on Allen’s algebra provided the language through which
some of the formalisms required for a model of learner interactions can be articulated.



48 Ch. 2. Literature Review

Also, the dialogic analysis for engagement presented by Chua et al. (2017), though de-
veloped on data from a FutureLearn MOOC, can be part of a model that can be extended
and generalised to other platforms.

In particular, where both the dialogic and the temporal aspects of learning activity
in theory can be used within an operationalised view of engagement. That operational-
isation can be expressed and applied, in turn, to any practical examples in real-world
platforms, irrespective on how the capture of the timestamps on the digital traces of
activity is performed, or indeed, of any other implementation details. This forms the

bases of a model that is presented in Chapter 4.

RQ2: What does a data-driven approach to learner interactions reveal about learning
engagement within FutureLearn MOOCs?

Table 2.3 presents several ways in which researchers categorise MOOC learners and
their engagement based on their interactions in the platform. Amongst those categories
found, many relate to the level of engagement as well as the type of engagement and
the time within which these interactions occur. Of particular interest and relevance to
this thesis is the dialogic categorisation of learners by Chua et al. (2017). In terms of
the methodology to categorise learners, clustering is an effective approach, in particu-
lar, k-Means clustering, as used by Kizilcec et al. (2013); Ferguson and Clow (2015a);
Tseng et al. (2016); Dowell et al. (2018), but also expectation maximisation (EM),
as used by Bogarin et al. (2014) and others. The number of clusters range between
three (Dowell et al., 2018) and ten (Ferguson and Clow, 2015a), and typically dom-
inated by dropouts across many of the studies in Table 2.3. A couple of the surveyed
studies looked into orthogonal classifications (Anderson et al., 2014; Sunar et al., 2020)
but the majority looked at analysing all of the feature space and have only one classifi-
cation, based on frequency or types of interactions.

RQ3: What does a data-driven approach to learner interactions reveal about learning
engagement within the PeerWise digital environment for face-to-face instruction?

Table 2.5 lists features used in the literature for analysing student engagement within
this platform. Amongst those features, the counts of questions, answers and comments
by students is found as informative. Other features that characterise engagement in this
platform are the badges earned (from those in Table 2.6) and the cohort activity.

RQ4: Is learner engagement different in different kinds of peer-supported digital environ-
ments, be it a complement to face-to-face instruction, or a fully online course?

Past research on learning analytics (Section 2.5) has shown how engagement is of-
ten studied, but a comparison between such different environments did not emerge in
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the scoping reviews conducted. Unsupervised learning can elucidate this answer, in
particular clustering, which was presented in Section 2.5.2.

There is value in using datasets from diverse platforms and disciplines to test the ef-
fectiveness of the operationalised metrics and hence the validity of a platform-agnostic
model. As Duru et al. (2021) have also observed in their own literature survey, the re-
search community generally apply their algorithms on a very limited number of courses,
which can be observed also in most of the literature listed both in Tables 2.3 and 2.5. As
a consequence, the findings are often not generalisable, with many threats to validity as
such studies can be very platform-specific, discipline-specific, or even cohort-specific.

My research seeks to overcome such threats by not only using data from various
offering of the same course on the same platform, but looking at data from at least two
distinct platforms, from at least two distinct disciplines and at least two consecutive
offerings of each course. This approach was adopted so that we might also investigate
the generalisability of the model as well as its accuracy. Further, I also sought to repli-
cate and extend reported work by Chua et al. (2017). This is in itself is an interesting
contribution of particular challenge, as mentioned before, replication work in learning
analytics is still regarded as unusual (Dowell and Poquet, 2021). The way this is done
here is described in general in Chapter 3 and in detail in Chapters 5 and 6.






Chapter

Methodological framework

“If we can really understand the problem,
the answer will come out of it,
because the answer is not separate from the problem.”

Jiddu Krishnamurti (b.11 May 1895-d.17 February 1986), quoted in “How TO
SOLVE IT: MODERN HEURISTICS”, by Z. Michalewicz and D. B. Fogel, Springer.

In this thesis I have investigated learner engagement in peer-supported digital en-
vironments used in diverse contexts. In particular, within massive open online courses
(MOOCs) in the context of purely online learning, and within PeerWise as an online
environment embedded in a taught course at a higher education institution where the
predominant modality of interaction is face-to-face instruction.

This chapter offers details of the methodology used in the development of this the-
sis, starting with a high-level description of its approach, in Section 3.1, both from a
motivational and an operational perspective. Then, in Section 3.2, I offer details of
the approach, through a mapping to a data-science pipeline. Finally, a summary of the
methodology is presented in Section 3.3.

3.1 High-level description of the approach

The overarching theme amongst the literature surveyed in Sections 2.2 and 2.3 in the
previous chapter was on learner engagement in peer-supported digital environments

such as PeerWise and MOOCs (with a focus on FutureLearn MOOCs in particular),
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though these are manifested differently in each context, partly due to the character-
istics of the populations of learners but also due to differences in applied pedagogy
and platform user-interface design. Differences aside, both FutureLearn and PeerWise
capture data related to learners’ participation in their courses. These data traces, left
behind by participating learners, may allow institutions to assess learning gains, but
also, to understand whether there are any sub-populations of interest worth identifying
in order to inform both the course design and also possible interventions to increase

engagement and facilitate learning.

In general terms, as proposed in the introduction of this thesis, the main aim of my
doctoral research is the formulation of a model for analysis of learner activities in peer-
supported digital environments. The purpose of such a model is to facilitate discussion
regarding patterns of engagement irrespective of the platform within which it takes
place. Crucially, such discussions could contribute towards discerning the parallels and
contrasts between the behaviours exhibited by students in formal contexts (that include
online activities even if it may primarily follow a face-to-face instruction model) and
MOOCs, which are purely online, and may be part of non-formal or informal learning,
as illustrated in Figure 3.1.

Learners engaging

ise .
Qee‘f\N‘ in peer-supported MOOC
digital environments ...

: | Purel
.St?dentl\l{\] 01, ...leave traces of their et onlinz
~11 | n 5 107~
1 forma - communicative and non- — learner

settings communicative activities. ..

Timestamped engagement with peers and content in CSV files
POSTS ...COMMENTS ...REPLIES ... QUESTIONS ... ANSWERS ...LIKES ...

“ ...until they finish their u W
courses with an outcome.

Pass? Complete?

Fail? Dropout?

FIGURE 3.1: High-level view of scenarios spanning two different educational contexts.
Both show learners within peer-supported digital environments, leaving a data trail of
their engagement in the form of timestamped records of activity (e.g. when creating
content or interacting with their peers through comments and replies). These traces,
alongside the learners’ outcomes, are captured in various CSV files in the respective
environments (attainment or completion) for as long as they are in their courses.
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In practical terms, the platform data is collated by both MOOC providers and given
to the subscribing institutions with a structure that specifically affords the study of be-
havioural characteristics of the learners in the course (e.g. their graded achievements
or the social interactions of the learners). This wealth of data offers great opportuni-
ties for collecting learning analytics, however, there are challenges in aligning the data
collected and performing comparison studies not only because of the fundamentally
different approaches taken in each case but also important differences in the technical
implementations adopted.

In principle, a common approach is viable, since both contexts present learners en-
gaging in a peer-supported digital environment, leaving a data trail of their engagement
in the form of timestamped activity (creating content and interacting with their peers
through comments and replies, for example). These digital traces are captured in vari-
ous CSV files in the respective systems, which in turn can be analysed against the learner
outcomes as illustrated in Figure 3.1. However, in practice, there are many challenges
to overcome, related to data acquisition, processing, and representation in these envi-
ronments, as well as in differences in the semantics of the data being captured, meaning

that it is necessary to apply a data science approach.

3.2 A quantitative approach for data science

This thesis uses quantitative research methods, following the data science pipeline shown
in Figure 3.2, and described in detail in subsections 3.2.1 to 3.2.5.

Ask question Collect data Clean data Define new Deploy
features

FIGURE 3.2: Data science pipeline applied in this study: experimental setup, data col-
lection, data cleaning, feature extraction, feature selection, classification/clustering,
analysis, evaluation of results, insights

3.2.1 Ask question

As per the epigraph in this Chapter, an important first step in the research is the un-
derstanding of the problem at hand, given that the answer is not separate from it. The
research questions RQ1-RQ4, listed in Section 1.2 in the Introduction, are in fact aspects
of the overarching question driving all research (“what do you want to know?”). All of



54 Ch. 3. Methodological framework

my research questions have at heart learner engagement on peer-supported digital en-
vironments, and a categorisation of such learner engagement in diverse environments.

In order to formulate the model (as detailed in Chapter 4), I first needed to under-
stand how engagement in digital environments can be operationalised both in formal
instruction and in MOOCs. This was achieved thorugh the literature review presented
in Chapter 2, with attention to the data characteristics and features used by others in
the research community.

3.2.2 Collect data

In addition to the data collected via the scoping reviews mentioned above, for this the-
sis it was necessary to collect data from courses in the peer-supported environments of
interest. Following an opportunistic approach to data collection, I was able to request
MOOC data from FutureLearn courses provided by my institution, as well as that from
students in one of my face-to-face courses. I was firstly required to submit an ethics
application form for secondary data analysis. Though the details can be seen in Ap-
pendix A, it is important to describe here the engagement data I collected or requested
access to. Following a rigorous process, once the ethics application was approved, a
Data Protection Impact Assessment was conducted (see Appendix B) and a detailed

Data Management Plan was provided (see Appendix C).

This process allowed me to study participation and attainment data for a total of
271,851 learners from nineteen courses provided by the University of Southampton
between 2014 and 2019. The sampled courses encompass topics on human-computer
interaction, archaeology, and pedagogy of language teaching, with seventeen of these
being massive open online courses (MOOCs), and two in a face-to-face setting that
included activities within a peer-supported digital environment. The data collection
processes for each are described in the following subsections.

Collecting MOOC data

The first seventeen comprised two distinct FutureLearn courses, with both of them hav-
ing been run multiple times over the considered period (eleven and six times respec-
tively). At the time of the study, each MOOC run enrolled several thousands of learners
from around the world (ranging between 1,286 to 58,782 across the seventeen runs),
whereas the face-to-face courses enrolled 320 (140 and 180 respectively), also with an
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international demographic, including students from Bulgaria, India, China and several
other countries though primarily from the UK.

Figures 3.3 and 3.4 show the associated files for the FutureLearn MOOCs datasets,
though it is worth to point out that FutureLearn does not collect all of the listed data files
for all courses, nor is it available for every run of courses, as new affordances to the plat-
form are progressively incorporated over time, and providers adapt the learning design
for their existing courses. More details about these files can be found in Appendix D.

Collecting PeerWise data

The second part of the engagement data concerned students enrolled on consecutive
offerings of a module in a formal setting, following primarily a face-to-face instruc-
tion model which was complemented with the use of PeerWise as a peer-supported
digital environment for creating, answering and critiquing multiple-choice questions.
These modules ran in the academic years of 2015/16 and 2016/17 at the University of
Southampton, and they are regarded as an opportunistic sample, given that I designed
the assessments and delivered both as part of a team. Still, I sought permission for the
ethical use of this data as appropriate and this was granted by the institution as detailed
in Appendix A.

More specifically, these data subjects were enrolled on the second-year module “In-
teraction Design (COMP2213)”, a compulsory module for Computer Science. There are
two data sources for this part of the study: firstly, students’ participation in the module
via the free software PeerWise, which on registration students agreed it could be used
for research purposes (previously approved as ERGO/FPSE/20318). Secondly, their at-
tainment data which have been used to evaluate their learning within the module. The
data in PeerWise are predominantly quantitative, reflecting their engagement with the
module by their timestamped activity (e.g. creation of multiple- choice questions, pro-
vision of answers, ratings given and received on created questions, comments, number
of replies given, number of followers, badges obtained, and so on). To these, as men-
tioned, the marks obtained in all elements of the assessment were also used. Figures 3.5

and 3.6 show the associated files for the PeerWise dataset (and assessment data).

The samples included timestamped digital traces of activity and comments generated
by learners who completed at least one learning step (in the case of a MOOC learner)
or activity, such as logging into the platform at least once (in the case of Peerwise).
Achievement data for a learner consisted of what percentage of the course’s steps were
completed by the learner in the case of MOOCs (with 50% being the minimum required
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FIGURE 3.3: Associated Files for the FutureLearn MOOCs datasets (part I)
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FIGURE 3.4: Associated Files for the FutureLearn MOOCs datasets (part II). Generated
by FL only for run 6 of Portus and runs 8 and 9 of Understanding Language)
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FIGURE 3.5: Associated Files for the PeerWise datasets (I)
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FIGURE 3.6: Associated Files for the PeerWise datasets (II). Some fields are omitted for
clarity
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for certification eligibility) whereas for learners in the formal context it is the actual

marks awarded in their assessment.

3.2.3 Clean data

This phase of the feature engineering involved identifying and extracting features from
the data, with care about how to deal with duplicates and the data types are consistent
and understood as intended’.

!An example on FutureLearn data is the naming convention for learning steps, being a string of the
form "<week number>.<step of the week>". These strings can be mistakenly interpreted as numbers
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At this stage there is the opportunity to identify and correct human errors introduced
in the data, for example as a result of participants not following exactly the instructions
given. This was notably the case for PeerWise data. As shown in the instructions on
page F-5 of Appendix F, students had been instructed to use as a “name” their University-
of-Southampton username and their student number as the “identifier”. However, some
students had instead used nicknames, full email addresses, or their full names as user-
name. Yet another student created two different accounts on PeerWise (one with very
little activity), so in this phase of the process I manually changed the entries so that the
assessment dataset could be successfully merged with the PeerWise data. Subsequently
to that step, I then anonymised the clean data and used the unique internal identifier
in PeerWise for constructing the feature vector per learner, with those features directly

extracted from the data.

Similar challenges were presented with the MOOC data. The files in the datasets
were expected to follow strict naming conventions but in reality, some directory names
had spaces and unexpected characters (such as parenthesis) that needed to be removed
for scripts to work consistently throughout. More critical issues were related to sys-
tematically removed data (the unique learner identifier, learner_id, as described in Ap-
pendix D), which constituted an unexpected setback of several months of work.

Once data is deemed to be clean and complete, however, problems can still be identi-
fied later. For example, the Understanding Language MOOC dataset I received with the
learner has an inconsistency I discovered only during the processing of interval activities
(explained below) which lead me to believe some entries in the step-activity.csv
file had been removed either by FutureLearn or by the University of Southampton (per-
haps for compliance with data protection). With time at the premium at this stage, I
decided to exclude this particular run from subsequent data analysis.

3.2.4 Define new features

As mentioned in Section 2.5.1, the design of predictor variables involves lore rather
than well-known and validated principles (Baker, 2020). The analysis of the findings
obtained through qualitative methods have informed the feature engineering process
and the quantitative data analysis.

For each of the courses under consideration I constructed a vector of features (some
extracted directly from the log files, other engineered from these) which are representa-

tive of the user engagement for each of the peer-supported digital environments within

and those steps with zeroes to the right (e.g. 1.10) would then be mistaken for earlier steps (1.1 in the
given example).
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which the courses took place. Further, some of the features operationalise concepts that
manifest themselves in different ways in each of the environments. To give an example,
in the case of MOOC:s, certificate eligibility is a commonly used proxy for attainment,
whereas in the case of formal instruction, the student attainment is commonly measured
through exam marks or final marks.

In order to identify relevant features to engineer from the raw data that each plat-
form collects from the learners, I surveyed the literature seeking understanding on ex-
isting work on categorisation of learners based on measures of engagement emerging
from the data, which was presented in Sections 2.2 and 2.3. The methodology used for
these reviews is detailed in Section ??

Features fall into the following categories:

e Features extracted directly from the datasets
e Derived features (obtained through relatively simple manipulation)

e High-level features (obtained through more complex manipulation)

A non-orthogonal categorisation of features includes:

Features characterising the learner (e.g. in the formal context: their assessment,

and organisational details such as group membership);

e Features capturing temporal information (e.g. when and how often the learner
leaves traces of activity, whether they complete tasks sequentially, in an overlap-
ping manner, or not at all);

Features capturing content production (i.e. engagement with the content);

e Features capturing interaction information (i.e. engagement with each other).

A key driver for feature engineering in this thesis is that they lead to interpretable
findings, as informed by a model of learner engagement. This model is presented in
full in Chapter 4, but as it represents communicative and non-communicative learning
activities occurring in peer-supported digital environment, the previous categorisation
could be reformulated as:

e Features characterising the learner’s communicative behaviours (e.g. whether
they post, make comments or replies, being part of a discussion thread or not);
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e Features characterising the learner’s non-communicative behaviours (e.g. how do
they engage with the tasks);

e Any other features not directly explainable by this dichotomy, perhaps for present-
ing elements of both.

3.2.5 Deploy

Once a diverse, large feature set was created, I studied those that contribute to mean-
ingful interpretations of patterns of engagement that emerged, by performing attribute
selection in the first instance and then a clustering analysis of the data. The effect of
these and other engagement features in the learning is then studied using a machine
learning technique that involves the grouping of individual data points (clustering), as
described in Section 2.5.2.

The design includes the creation of a feature vector associated to each student (made
anonymous at source), to characterise their engagement and learning profiles. An im-
portant design consideration is that the analysis was to be mirrored with that of a
study of learner engagement in the “Understanding language” and “Portus” FutureLearn
MOOC s (fully described in section 5.4). This meant that in the engineering of features
I was not only guided by choosing those that can be easily derived from the data avail-
able, but rather, I became interested on engineering more complex features or at best
identifying proxies® for those more readily available in the MOOC analysis.

In both cases, a feature vector is constructed to characterise learner engagement
with the aim, in the case of MOOCs, of identifying those features which are predictive of
retention and completion in the course, rather than of exam performance as in the case
of formal settings such as in face-to-face instruction. The research question is whether
we can see the same learner behaviour manifesting in different ways in these two peer-
supported environments or whether different behaviours altogether are presented.

3.3 Summary

This research follows a quantitative methodology, described through the steps in the
data science pipeline ranging from data acquisition and curation, to feature extraction
and engineering, to the application of a data-driven, unsupervised learning approach
on engagement data within MOOCs and PeerWise. In what follows, I will explain in

2See Definition 1.3 (proxies of learner engagement).
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detail the platform agnostic model (in Chapter 4) that was formulated to gain an un-
derstanding of this problem, followed by its application and validation in both platforms
(in Chapters 5 and 6).






Chapter

A platform-agnostic model of learner

interactions

“I learned without any pressure of punishment to urge me on,

for my heart urged me to give birth to its conceptions,

which I could only do by learning words not of those who taught,

but of those who talked with me;

in whose ears also I gave birth to the thoughts, whatever I conceived.”

St Augustine (b.354-d.430), “THE CONFESSIONS OF SAINT AUGUSTINE”, AD 401.

Discussions and conversations are effective catalysts for learning, as illustrated in
this epigraph’. St Augustine, one of the most prolific authors from ancient times, de-
voted much of his writing to considerations around knowledge, teaching and learning.
He saw teaching as a mere preparatory mechanism for understanding, and considered
conversations as the true key to unlock the power of learning. Only relatively recently
(just over a century ago), the contrasting concept of “learning by doing” became more
prevalent through the work by John Dewey and others, discussed in Section 2.1.4.

I take these two ideas to motivate the development of a platform-agnostic model of
learning engagement within peer-supported environments that is defined in this chap-
ter. I do so by identifying conversing and doing activities in these environments as com-
plementary in facilitating learning. The way they are complementary is central to the
formulation of the new platform-agnostic model of learner interactions introduced in
the previous chapter.

1Often paraphrased as “I learned most, not from those who taught me, but from those who talked
with me”.
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More specifically, in this chapter I describe in detail the interactions modelled, which
include those amongst learners (conversing) and those of learners with the learning
material (doing). The distinction between communicative activities (those involving
conversations with peers) and non-communicative activities (those where the learner
is engaging with the material) was already made as part of the high-level overview of
the methodology in this thesis, in Chapter 3. The essential interaction processes within

peer-supported digital environments are shown in Figure 4.1.

Learners engaging in peer-supported
digital environments ...

P

Learner [, Learner [, Learner [,

n\\°°0\

17
07
0;
1

Timestamped engagement with peers and content
POSTS ...COMMENTS ...REPLIES ...QUESTIONS ... ANSWERS ...LIKES ...

...leave traces of their communicative
and non-communicative activities.

FIGURE 4.1: Basis of the platform-agnostic model of learner interactions (adapted from
Figure 3.1).

This chapter concerns RQ1: In the context of peer-supported digital environments, is
it possible to define a platform-agnostic model of learner interactions (with the content
matter and with each another)? To answer this research question, I formulate a theoret-
ical model that, independently of the platform implementation, conceptualises learner

activities, given their observable digital “traces”.

To illustrate the difference between activities and their traces, consider the follow-
ing situation: suppose a dancer performing behind a translucent screen, so that ob-
servers looking at the screen cannot see the dancer directly, but only as a silhouette
on the screen. Though the observers are aware that the dance takes place in a three-
dimensional space, some of it is completely occluded (e.g. when dancing behind opaque
objects) and all that is observable is a two-dimensional silhouette on the screen, as il-

lustrated in Figure 4.2.

Silhouettes reflect, though they are not able to fully convey, the richness of the real
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7

FIGURE 4.2: The silhouette of a partly-occluded dancer performing behind a translucent
screen represents the visible traces of activity. The performance represents the learning
and the dancer, the learner.

activity of which they are mere traces. In digital learning environments, the equiva-
lent to these ‘silhouettes’, are digital traces, also referred to as “microanalytics” in the
context of some educational software, such as Talis (Dix, 2016). In what follows, these
will be referred to as e-tivities, as a portmanteau of electronically-captured activities. I
borrow this term from Salmon (2002), who used it to describe high-level design plans
for learning activities, as discussed in Section 2.1.3 of Chapter 2.

However, in this context it is used to mean the recorded evidence of a learning
activity of fine granularity that has taken place within the digital environment, be it of
the communicative kind or not. This finer granularity for e-learning activities allows
for the capture of those considered to be of an atomic nature (i.e., those activities of
such short duration that are either completed by the learner at a given point in time or
not attempted at all and thus not recorded), but also those which span periods of time,
with a determined beginning and a possibly also an end. I define e-tivities precisely
in Section 4.1, and elaborate the model through the subsequent Sections, particularly:
types of e-tivities (in Section 4.2), before detailing further the types of communicative
e-tivities (Section 4.3) and non-communicative ones (in Section 4.4). Having completed
the formalisation of the model, I outline its limitations in Section 4.5. Finally, I offer a
summary of the full model and suggest a validation strategy in Section 4.6.

4.1 e-tivities

An electronically-captured activity, or e-tivity within a peer-supported digital environ-
ment, is here defined as a triple representing the relationship between a learning activity,
the learner who performed it, and the specific time in which (or period during which) it
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took place. More precisely, the triples (a;,[;, t;) and (a;, l;, d;) would indicate that the
activity a; (the i-th distinct fine-granularity activity recorded within the environment)
was performed by learner [; (the j-th enrolled learner) at a specific moment in time ¢,
for the former, or during a period d,, for the latter. In other words, the answers to three

key questions: ‘what?’, ‘who?’, ‘when?’ about the e-tivity, as follows:

what Any of the prescribed learning activities supported by the platform, more for-
mally a € A, the set of activities. These activities involve either communication
between learners or engagement with the learning material, such as production
or consumption of content. This distinction may be dynamic and highly context-
dependent, as I will discuss in Section 4.2.

who Typically learners in a course, though this model could well include other actors
in the learning activity, such as educators and moderators who may act as if they
were ‘peers’ engaging with others and the learning materials, as discussed in Sec-
tion 2.1.4 in Chapter 2. More formally, L is the set of learners on a course, such
that |L| is the cohort size.

when Either a specific point in time, typically characterised by a timestamp t in a com-
puter implementation, or a period d which has a starting time t,, and possibly an
end time t,, with T being the set of timestamps with a total order <. The total
order < entails that, for any given two timestamps, one either precedes or suc-
ceeds the other. Further, a timestamp with a given sub-index will always precede
timestamps of a higher sub-index. Timestamps and intervals (or periods) will be
further discussed in Section 4.4.1.

Let us consider the following definitions that are the basis of this model:

Definition 4.1 (Activities). The set A is the set of all fine-granularity activities a; that
can be captured in a given peer-supported digital environment, such that g; is either a
monuple w; € Ay or a pair {(c;,m;) €A.. Therefore:

A=A;UAy (4.1)

AcNAy =0 (4.2)

Definition 4.2 (Non-communicative activities). The set Ay C A is the set of non com-
municative activities w; such that w; is assumed to be some work undertaken within
a given peer-supported digital environment over a period of time (i.e. not primarily
intended for communication).

Ay ={wy,wy,...,w,} 4.3)
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Definition 4.3 (Communicative activities). The set A C A is the set of communicative
activities (c,m) where ¢ € M is a communication in response to a message m € M,.
M is the set of messages, and M, is the set of messages that includes the distinguished
member m,,, the null message (not to be confused with an empty message).

Ac={{c,m) | ceM A meM,} (4.4)

Note that Vi, j : {c;,m;), these are instantaneous, intentional communications.

Definition 4.4 (e-tivities). The set E is the set of electronically-captured activities e-
tivities comprising all of the activities a; € A undertaken by each learner [; € L at a time

ty € T or over a period of time d, € D, such that Vt;,t; € T :if i <jthent; <t¢;.

E={{a,l,t) | a€A, €L, teTuD} (4.5)

4.2 Types of e-tivities

As established in the motivation earlier in this chapter, when studying learner interac-
tions I am interested the distinction between conversing and doing, and how learners
engage with each other and with their learning content through communicative and
non-communicative activities. The key aspects informing my modelling are listed in
Table 4.1 with my view on how these activities are complementary.

TABLE 4.1: Complementary interpretations of views on learning activities

Communicative activities Non-communicative activities
Conversations with others  Centered around  Individuals’ work
Conversing Learning paradigm  Doing
Typically instantaneous  Time per activity ~ Typically over a period
Primarily interaction Focus on Primarily knowledge and skills
Others Interaction with Content
Outwards into the external world  Knowledge “flow”  Inwards into oneself
Socrates, St Augustine, Pask, Laurillard, Baker ~ Known advocates ~ Dewey, Kolb

In practice, these will be any of the prescribed learning activities that may be af-
forded via any of the platforms for peer-supported digital learning environments, as per

the following non-exhaustive list:
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e asking questions e give a quality/difficulty rating

e posting comments e writing essays

e giving replies e writing a peer-review on someone else’s essay
e reading comments e creating multiple-choice questions

e reading content e answering multiple-choice questions

e creating videos e filling the blanks in a cloze exercise

e watching videos e answering surveys

e giving “likes” o following “posters” (those who post content)

Sometimes it is challenging to make the distinction between what makes an activity
communicative or not. This is because even when the purpose of the learning activity
may not be primarily communicative, when the activity is visible to others it may spark
conversations, as it is often the case with learner-generated content. Learners who en-
gage with their material in an active way, say, producing content in a peer-supported
digital environment, implicitly offer that product to the scrutiny of others, who in turn
may engage with it by conversing about it or by consuming it, as shown in Figure 4.3.

ENGAGING WITH PEERS ENGAGING WITH CONTENT

conversing producing

FIGURE 4.3: Engagement within a peer-supported digital environment. Learners engage
with others through communicative activities. Passive engagement with the material
(consuming it) is non-communicative, as produced content often sparks conversations.

A good example is the creation of multiple-choice questions (MCQs), which becomes
a resource for others to engage with in two different ways: with the associated learning
content (since answering the MCQ would be a way to consume it), and with the learner
who created it (making a comment, hence continuing a conversation about it).

Still, the Augustinian/Deweyan inspired views for learner engagement illustrated
above can be developed further. Conversing is by nature an active function, requiring
at least two parties to make contributions, and therefore engaging with peers can be
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seen in theory as a purely active type of engagement. Indeed, as per the epigraph of
this chapter, St Augustine is said to have “learned most, not from those who taught” him
(suggesting a passive engagement), “but from those who talked with” him (the emphasis
is mine, to highlight the active participation of both parties).

Nowadays however, many peer-supported digital environments support various af-
fordances that allow for a passive kind of engagement with peers: following others,
reading their comments or liking their contributions, for example. These are all forms
of engagement with others that tend to be much more passive than, for example, asking
questions, writing comments or giving replies. The main difference between these two
ways of engagement with peers (whether it is active or passive) can perhaps be seen
more evidently in activities fostering engagement with the learning content. We could
classify that engagement as either active or passive depending on whether the content
is being produced or consumed by the learner. Perhaps more accurately however, given
that peer-supported digital environments often offer ways to engage with others some-
what passively, learner engagement could be placed somewhere along the active/passive
spectrum. This would depend on how active the production act is (or how passive is
the consumption of the material). For example, “making an MCQ” is more active than
“answering an MCQ” even though in both learners are producing something, it can be
seen that answering the MCQ is somewhat an act of consumption of the MCQ that was
previously produced by someone else. Similarly, “reading” a comment is a more passive
act than “liking” it, but both could be regarded as observing acts.

Therefore in addition to the three kinds of learner engagement illustrated in Fig-
ure 4.3 (conversing, producing and consuming), as discussed, I include “observing”, to
reflect that the learner interactions with each other could be ‘consumed’ passively, just
as well as the learning content can be.

Some of the examples listed in this discussion are shown across the two-dimensional
space in Figure 4.4, with the dimensions being whether the engagement is active or
passive and whether it is with peers or the learning content, with the caveat that the
quadrants producing and conversing are rather fluid as discussed, depending on the
context as products of activities may be the start of conversations.

Given the above discussion about communicative vs non-communicative activities,
let us remember that e-tivities are triples comprising “what” (the activity), “who” (the
learner), and “when” (the time), as per Definition 4.4. This means that e-tivities can be
either communicative or non-communicative too, according to what type of activity is
being captured as the first element in the triple. Therefore, communicative e-tivities are
those used for communication with peers, by a learner, at a given time. Examples would
be: (a comment, Ana, t,) and (a reply, Bob, t,). In contrast, non-communicative e-tivities
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ACTIVE
Conversing Producing
asking questions writing essays
giving replies creating videos
PEERS ¢ > CONTENT
Observing Consuming
reading comments reading content
following posters watching videos
PASS

FIGURE 4.4: Examples of typical learning activities in various digital environments and
where they lie in the “conversing vs doing” space, with the dimensions being: who/what
are they engaging with, and the whether their engagement is active or passive.

are those in which the learner is engaging with the learning material as an individual,
either consuming it (such as watching a video, or answering an MCQ) or producing it.
Sometimes content produced by a learner, though originally as the product of a non-
communicative activity, can become part of a conversation (if it attracts comments from
others, for example) and therefore the associated e-tivity becomes communicative. The
implication for this is that membership to the sets

More formally, a partition P of E into these two sets satisfies:

Definition 4.5 (Partition of E). The set of e-tivities E is partitioned as two sets: E
(comprising all communicative e-tivities) and E, (non-communicative e-tivities), such
that:

(E=E; U Ey) AN (E; N Ey=0) (4.6)

Next, in Section 4.3 and Section 4.4, I develop the model of learner engagement
within peer-supported digital environments through each of these two types of e-tivities.
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4.3 Communicative e-tivities

As mentioned, the difference between communicative and non-communicative activi-
ties can be merely contextual, i.e. its type will depend on whether related e-tivities
occur later or not. Understanding the relevance of capturing the context where learner
contributions take place is fundamental to the model of interactions I am proposing.
This is inspired by the turn-taking nature of dialogues observed by Chua et al. (2017),
discussed in Chapter 2. When the dialogic context is taken into account, communicative
e-tivities can be broadly classified as one of the following five types:

SP starting posts (communications by a learner at a given time that are responded to
by others at a later time),

LP lone posts (learner contributions that are not responded to by others, even though
the learner may have added further information in a later post as a “reply to self”),

FR first replies (responses to a starting post that had been communicated by another
learner at an earlier time),

IR initiators’ replies (responses to others’ replies to one’s own starting post), and,

AR additional replies (responses to others’ replies under a starting post that has already
been replied to).

More formally:

Definition 4.6 (Pg.). The partition Py, of E is the set Py, = {Esp,E;p, Erg, Er, Ear}
satisfying:

Eo,NE,, =0
ESPOELP_Q ELPOEFRZQ E. AE _@
sp M Epp E,pNEp=0 FR M EIR EnNE,,=Q
ESPOEIRZQ EFRﬂEARZQ
EpNEgp=0
Egp NEyp =

where Eg, is the set of all starting posts, E; , is the set of all lone posts, Egy is the set of
all first replies, E is the set of all initiators’ replies, and E,j is the set of all additional
replies. In other words, each of the communicative e-tivities e = (a,, t) € E. belong to

one and exactly one of these five sets Egp, E; p, Epg, Ejg OF Ezg.

The belonging to one of these five sets is determined by a contextual function F,
defined as follows:
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Definition 4.7 (Response-to). The response-to function F : E; — E, maps a commu-
nicative e-tivity e to another one f, such that f is a direct response to e, and no other
e-tivity. In other words, F(f) = e, or, more precisely:

F € {{{a,b),L,t),{{b,c),l',t"y | a,bjceM A LI'eEL A t,t'eT} (4.8)

The function F is irreflexive, antisymmetric and non-transitive?.

F™, the transitive closure of F, relates indirectly a communicative e-tivity to all of its an-
cestors, so for example F%(e,) = F(F(e,)) = e, means that there exists a communicative
e-tivity e; such that F(e,) = e; and F(e;) = e,.

Similarly, F"(e,) = F(F(...F(e,)...) = e, means that there exist communicative e-

tivities e, _1,€,_o,...,€; such that F(e,) =e,_; A F(e,_1)=¢€,o A ... A F(e;)=e,.

Definition 4.8 (Starting post). The communicative e-tivity e is a starting post if there
exists a communicative e-tivity f such that f is a direct response to e not created by the
same learner.

Ep={e=(aLt) | If=(a.l,t')eE; A F(f)=e A 1#1'} (4.9)

Definition 4.9 (First reply). The communicative e-tivity f is a first reply if there exists
a starting post e such that f is a direct response to e not created by the same learner.

Ep={f=(al,t) | Je=(a,I,t')€Esp A F(f)=e A l#1'} (4.10)

Definition 4.10 (Initiator’s reply). The communicative e-tivity f is an initiator’s reply if
there exist a communicative e-tivity that is a starting post e € Egp and a positive integer
k > 1, such that F*(f) = e (i.e. f is an indirect response to ¢), and with e and f having
both been produced by the same learner. More precisely:

Er={(a,,t)€E. | d,L,t')€Esp A TkeNk>1 A F¥((a,1,t))=(d,,t")}
(4.11)

2The properties of F as per the Definition 4.7 mean that an e-tivity e cannot be its own reply (i.e.
(e,e) ¢ F), and that if f is a reply of e, then e cannot be a reply of f. Also, if an e-tivity e is a direct reply
of f, and f a direct reply of g, then it does not follow that e is a direct reply of g.
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Definition 4.11 (Additional reply). The communicative e-tivity f is an additional reply
if there exist a communicative e-tivity that is a starting post e € Egp and a positive integer
k > 1, such that F*(f) = e (i.e. f is an indirect response to ¢), and with e and f having
been produced by different learners.

Ex={{a,,t)eE, | d,l,t')€Esp A

(Fk eN, k> D[F({a,1,0)) = (@, I, t)] A 1#1} (4.12)

Definition 4.12 (Discussion thread). The discussion thread function DT : E. — E;
maps a communicative e-tivity e, with the sequence of communicative e-tivities e;, such
that each e; is a response to another e-tivity in the sequence. This sequence includes e,
and the posts to which e, is a direct or indirect response to (upto and including the post
e, from which the thread of responses is originated). More formally:

k
DT(e) = {(60: €1+, Ck) | F(ep) =my, A |:/\Fi(ei) = eo]} (4.13)
i=1
where m,, is the distinguished member of M*, the null message.

Definition 4.13 (Lone post). The communicative e-tivity e{a,l, t) is a lone post if it is
not part of any discussion threads involving any learners other than [. More formally,
if there does not exist an e-tivity f = (a’,l’,t’) in the discussion thread of e, such that
[ #1’, and, it does not appear in the discussion thread of any e-tivities involving other

learners.

Epp ={{a,1, )|}, 1, t)[DT ({a,1,¢)) = (', U, t') A{a,1,t) € DT({a, ', D] AL#T'}
(4.14)

In other words, all e-tivities (if any) in the discussion thread are produced by the same
learner: there is no ‘conversation’ with other learners.

To illustrate how these definitions are the basis of a platform-agnostic model of
learner engagement within peer-supported digital environments that can be applied
in practice, the following section offers a simple hypothetical scenario.

4.3.1 A practical scenario

Consider a hypothetical scenario where various contributions and conversations amongst
learners take place in a peer-supported digital environment. Here, three learners, Ana,
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Bob and Cam, post some comments, which, as I will show, correspond to different types
of e-tivities, given the context in which they occur.

Figure 4.5 shows a chat-like history of comments produced by each of these three
learners, as follows: comments by Ana are shown on the left, in pink speech bubbles,

those by Bob in the middle, in , and those by Cam on the right, in | teal .

The temporal relationship amongst the comments posted is shown vertically, with
earlier comments appearing at the top and later comments added underneath, until the
last comment at the bottom of the figure. Though no threading or nesting is shown (and
indeed this would be an implementation detail, platform-dependent, which may or may
not be supported), it is evident that some comments stand alone, unanswered, whilst
others may elicit responses, even if not immediately and many other events may have
occurred in between.

Scenarios such as the one illustrated could be represented in a different way in order
to capture the contextual relationships amongst posts and their replies. One way would
be to use a forest of trees rooted in each of the learners at play with their initiating (or
lone) posts shown in the first level, the first replies received on their starting posts in the
second level, and their additional replies appearing deeper in their respective trees. The
rationale behind applying such a structure is that each learner could be characterised
by the kind of tree it produces.

For example, a very deep tree would indicate that the learner tends to initiate longer
interactions than, for example, another learner whose associated tree is very shallow.
Also, the breadth of the tree could be an indicator of how many distinct conversations
the learner initiates. Further, being able to organise learners’ communicative e-tivities
in such manner, facilitates the visualisation the kinds of e-tivities created. In particular,
whether they stand alone as starting posts (or are “zero-order replies”), direct responses
to starting posts (“first-order replies”), or indirect ones (“second-order” replies)®. In
such a structure, the more direct responses to starting posts would be placed closer
to the root of each tree, regardless of the time when were they posted. The insights
provided by these kinds of observations about learners and how they engage with each
other can be useful to understand learner behaviours. Therefore, this model can inform
feature engineering processes for data analysis of learner data on specific platforms, as
shown in Sections 6.4 and 5.4 where I describe the features extracted in PeerWise data
and MOOCs data, respectively.

In the particular case of the scenario in Figure 4.5, applying such a process results

3The formal definitions of zero-, first- and second-order replies are Definitions 4.14, 4.15 and 4.16
respectively).
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Hi, who else is struggling to use this?

Hi, I'm Bob

I'm Ana

What is this?

Where to start to study?

| did with the background

et used to it

EE

| mean you

FIGURE 4.5: Hypothetical scenario with a set of conversations amongst learners.
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A

sp Hi, who else is struggling to use this? 1P What is this?

12 Hi, I'm Bob 13:30| ESheasy
. I | mean you get used to it
IR I'm Ana AR =

Bob

18d | have a question 18d could anyone answer? 34 Anyone here? 33 Where to start to study?

|
FR— FR | did with the background
WIS thes s

FIGURE 4.6: Alternative representation of the illustrated scenario, showing the contex-
tual relationships between learners and their posts, comments and replies. To the left
of each post, a code is given to indicate their types of communicative e-tivity: starting
post (SP), lone post (LP), first reply (FR), additional reply (AR) and initiator’s reply (IR).
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in the tree shown in Figure 4.6. For example, Ana’s start of her contributions “Hi, who
else is struggling to use this?", elicits a greeting back from Bob immediately after, “Hi,
I'm Bob"”, making her comment a starting post in the conversation. Then, her reply,
“I'm Ana” becomes, due to this context, an initiator’s reply. Bob’s additional reply,
“a.k.a. B", continues the conversation. By contrast, her second post, “What is this?",
goes unanswered during the whole of the recorded exchanges, therefore remaining to
be a lone post. Indeed, several lone posts were created by all, not just Ana, but also Bob
('l have a question”, “could anyone answer?") and Cam (‘Has anyone worked on this
before?”, “| have” and "“but not recently”). Notably, whilst Cam is seemingly answering
his own question, this is not a conversation but a succession of lone posts, given that
these do not involve other learners. First replies are perhaps more intuitive to identify,

namely “Hi, I'm Bob", in answer to Ana’s post, and “I'm here, Cam” in answer to Bob’s.

In contrast, Bob’s earlier comment, “It's easy”, is actually a first reply to the second
part of Ana’ first post “Hi, who else is struggling to use this?", to which only much later
he gives a additional reply by saying “| mean you get used to it" (the last comment
listed). In the interim, other conversations had started (or not).

4.3.2 Limitations of the chat representation

Though the multi-column, multi-colour chat-like representation shown in Figure 4.5
and the multi-coloured trees in Figure 4.6 both allow to visualise the actors at play and
their contributions (over time and in context, respectively), a general model, capable
of capturing a much larger number of learners interacting, cannot rely on the use of
colour, which I have used so far for illustrative purposes. Ultimately, given that the
model of learner engagement within peer-supported environments is based on e-tivities,
which are triples of the form (“what”, “who”, “when”) (as per the definition given in
Section 4.1), it is necessary to make a mapping that incorporates explicitly each of the

three elements in these triples.

Let us first consider “who” and “when”. The “who” are the learners, Ana, Bob and
Cam in our hypothetical scenario, who now become [, [, and [; in the model (the first
three out of a possible |L| number of learners in the cohort). The “when” would be the
timestamps associated to the vertical timeline intuitively suggested visually in the chat-
like representation of Figure 4.5, satisfying that Vi < j : t; < t; (i.e. that the indices of all
timestamps follow the same ordering than the actual timestamp values). Applying such
a mapping to the hypothetical scenario above described (the chat-like representation),
with the identified types of communicative activities (starting post, lone post, first reply,
initiator’s reply and additional reply, as per the mapping shown in the colourful tree in
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Figure 4.6), would result in the sequence of e-tivities shown in Figure 4.7.

Starting post ——> 1

Initiator’s reply ——

Additional reply —— 1

Lone post ——

First reply —— 1

Lone post* ——°

t
10

t
11

12

t
13

t
14

t
15

t
16

17

-<—— ( Hi, who else is struggling to use this? ,1;, ty)

l (, Ly, tq)

-<—— ( I'm Ana , [, t,)

< (, Iy, t3)

< (, Ly, tg)

- <—— ( What is this? ,1;,ts)

l (, ly, te)

o (, [y, t7)

- (, Iy, tg)

l (-, I3, tg)

< R -
-<—— ( | did with the background ,1;,t;;)
- R e -
e — (-, 3, t13)

l (_, [3,t14)

e (: [y, t1s)

L (_, I3, t16)
o (, [, t17)

FIGURE 4.7: Timeline of posts, comments and replies in the scenario introduced in

Figure 4.5, showing various types of interactions, and the times when they took place.

*Note that post in tq, is still a lone post, since even though it has sparked a comment
and a reply, these are from the initiator, [5, Cam.

Now the information about the learners and the timestamps of the posts are incorpo-

rated (“who” and “when”), I turn my attention to “what”. The general model of learner

engagement requires to make abstraction of the utterances exchanged to focus on the
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contextual nature of the role they played in the conversations when they occurred, e.g.
whether they were in response to others. This with the ultimate goal of replacing the
texts with their corresponding abstractions as shown in the following section.

4.3.3 Communicative e-tivities as n-order replies

To model learner interactions within a peer-supported digital environment, utterances
can be replaced with an identifier that makes an abstraction of their role in the dia-
logue. Suitable identifiers, such as posts, comments and replies, could be assigned to
communicative e-tivities based on whether they are zero-, first- or second-order replies.

Definition 4.14 (Zero-order reply). A zero-order reply, or post e-tivity, comprises any
communicative activity (usually “posts”) created not in response to a previously recorded
one. The ‘zero’ means to emphasise that it is not areply,i.e. P={p € E; A F(p) ¢ E.}.

It is made by a learner [ at a moment in time of timestamp t. Since all learners
can make many posts, each of their posts will be uniquely identified as p;, representing
the j™ post recorded in the peer-supported digital environment, which could have been
made by any learner.

Therefore, let P be the set of posts:

P={<(Pj,mu),l,t> ’ pjeM,mueM*,leL,teT} (4.15)

where m,, is the distinguished member of M*, the null message.

Only starting posts and lone posts* can be found under this category, and correspond
to all nodes at depth=1 in the tree of e-tivities, as in the example shown in Figure 4.6.
Starting posts would have sparked comments by other learners at depth=2, whereas
lone post would either be leaves at this level (i.e. no comments associated) or have

comments made by the same learner who created the original post.

Definition 4.15 (First-order reply). A first-order reply, or comment e-tivity, comprises
all communicative activities (usually “comments”) that are in response to a zero-order
reply, i.e. C={c€E. A F(c)eP}.

In other words, comments made by any learner [; at any moment of timestamp t;

on every zero-order reply, such as a post p; € P. Since all learners can make many

“However, not all lone posts are zero-order replies, as for example the lone post in timestamp t;5 in
Figure 4.7. As indicated in the caption, the post in t;, is a lone post which has a reply. However, this is
a “reply to self”, and as such, it is also considered in the model as a lone post, because it is not part of a
conversation, irrespective of its depth in the tree.)
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comments on a given post p;, each of their comments will be uniquely identified as
c,, representing the n'" comment recorded in the peer-supported digital environment,
which could have been made by any learner. In order to capture what is the post the
comment is a reply to, the activity a in the e-tivity tuple (a,l, t) is represented as the

tuple (c,,p;)-

Therefore, C = <(cn, p;), L, tk> is the set of comments such that F(c,) = p; and
p;EP.

Under this category we can find only first replies and and lone posts (in particular,
those lone posts that are ‘replies to self’), and correspond to all nodes at depth=2 in the
forest of e-tivities. These posts are direct replies to starting posts (and therefore will be
first replies, provided the posters are not commenting upon posts made by themselves,

in which case these are lone posts, as shown).

Definition 4.16 (Second-order reply). A second-order reply, or reply e-tivity, comprises
a reply r made by learner [; at a moment in time of timestamp t; to an activity a, which
could be: either a first-order reply c, (related to post p;, as above), or another second-
order reply r,, (related to a comment c,).

Since all learners can make more than one reply to a given comment c,, or a previous
reply r,, each of these replies will be uniquely identified as r,, representing the v‘" reply
recorded in the peer-supported digital environment, made by any learner. Note that
u < v is maintained as an invariant, in other words, whilst replies can be given to other
replies, these must already exist by definition, thus, their sub-index u will always be
smaller than the sub-index of the new reply, which represents that the reply r, was
added to the set R prior to the new reply r,, and this is true for all replies r, and r, €R.

Let R be the set of replies:

((rn,a),ll—,tk> > ((azck A ¢€C) Y (a=r, A rmeR)) A

F(rp)=a A mn=1.R A m<n

Under this category we find initiators’ replies and additional replies, and correspond
to all nodes of depth > 2 in the tree of e-tivities, which suggests it is part of a conver-
sation including indirect replies to a starting post (either by the initiator or by others,
provided that in the conversation there has been more than one learner involved, oth-
erwise, like in previous cases, these will be lone posts.

The formal definitions of zero-, first- and second-order replies given above provide
an improved way of representing the hypothetical exchange in this scenario, that is
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FIGURE 4.8: Timeline of e-tivities in the illustrated scenario, showing various types

of interactions. Each communicative e-tivity falls into one of five categories: starting

posts, lone posts, first replies, additional replies, and initiator’s replies. *Note that post

((p7, my,), s, t12> is still a lone post, since its only comment <(c5,p7), l5, t13> and reply
((rs, c4), 13, t16> are both from the initiator, l5.
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L
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FIGURE 4.9: Alternative representation of the illustrated scenario, showing contextual

relationship between posts, comments and replies. Here, a learner [; makes a post p;

(at depth=1 in the tree), which in turn may raise a comment c; from learner [, (at
depth=2). Learner [,, then makes a reply r, to a comment (at depth=3).
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generalisable. In particular, we can associate each of the utterances typed in by learners
(and that are shown in Figure 4.5) to labels p;, ¢;, . This association is made according
to the role each of these utterances play in the dialogues, evidenced in the structure of
the tree in Figure 4.6, where zero-order replies are all the nodes of depth=1 (at level
one in the tree); first-order replies are all the nodes of depth=2 (at level two); and
second-order replies are all the nodes of depth=3 (at level three).

Applying this generic representation of communicative activities a € A, through
labels p;, ¢;, ry to replace learners’ utterances in the timeline of Figure 4.7 results into
the timeline of Figure 4.8. Similarly, applying these label mappings onto the colourful
tree shown in Figure 4.6 results into the tree shown in Figure 4.9.

The generic representation provided by the model is able to capture various contex-
tual relationships amongst learner activities, namely, who responds to what, when are
responses made, what conversations are non-starters, which ones spark a lot of interac-
tion, and so on. Having this representation rooted on the learner helps to characterise
said learner too, and thus can inform feature engineering for categorising learners based
on their engagement in these kinds of environments, in the way shown in Sections 5.4

and 6.4 about engagement in FutureLearn MOOCs and in PeerWise, respectively.

4.4 Non-communicative e-tivities

At the start of this chapter, I mentioned that observing electronically-captured learning
activities with a very fine granularity lends itself to interpret them as if they were atomic:
either completed or not attempted.

For example, on posting a comment, it is typically irrelevant when the learner started
writing a comment, which is why I have been referring about time in communicative
e-tivities as timestamps t;. However, for some other learning activities, and typically for
the non-communicative kind, (such as for undertaking quizzes or a longer type of activ-
ity) it might be of interest to capture when the activity started and finished, or whether
the activity is still ongoing or abandoned as unfinished, as opposed to other ones where
this information is unnecessary or not captured. In other words, independent of the
platform, some activities will be considered as atomic, and others as occurring over an
interval of time. Therefore, to include a generalisable notion of time within the platform-
agnostic model of learner interactions, time can be considered either as a snapshot (a

moment, a timestamp) or an interval (a period).
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4.4.1 Time beyond a timestamp: Intervals

More formally, let us define the following sets:

Definition 4.17 (Timestamps). A timestamp t; is a number representing a moment in
time as captured electronically. T is the set of timestamps with a total order <.

Definition 4.18 (Intervals). An interval, or period, is defined as a tuple (t.q¢> teng) €D
such that t,,,,, € T is a timestamp defining the start of a period, and t,,; € (T U {ts})
is either a timestamp defining the end of the period, or t, the supreme of T, satisfying
Vi, €T, t; < too.

Let I be the set of intervals:

DCTx(TU{ty}) (4.16)

I is governed by Allen’s interval algebra, which was presented in Section 2.6 of Chap-
ter 2. This means that temporal relations between periods can be expressed formally
and such be used for automated reasoning.

Definition 4.19 (Unfinished event). An unfinished event (either because it has been
abandoned or it is still ongoing) is an e-tivity with an open interval, i.e. an event which
does not have (yet, at the time of the observations) an end-of-period timestamp, so it is
regarded to have a finishing time of t,, the supreme of T.

4.4.2 A practical scenario

Let us consider another scenario, involving the same learners as in the hypothetical
scenario previously presented (in Section 4.3.1), Ana, Bob and Cam (later referred to as
l1,15,15). In this scenario, these learners are engaging in non-communicative activities
wy, W,, w5, which are not atomic activities, in contrast with the types of activities they
engaged with in the previous scenario. That is, a learner [; will work on activities w;
over an interval (or period) of time d,, each of which, with a start and possibly an end,
with jeL,we Ak eN.

This scenario is represented in Figure 4.10, with eight triples (w;,[;,d,) being the
non-communicative e-tivities recorded in this environment. These e-tivities are rep-
resented as segments whose length are dependent on the duration of the interval (as
indicated in the timestamps axis), with circles as delimiters to the left and right of the
segment. An empty circle to the left indicates the start of an e-tivity whilst a full circle
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FIGURE 4.10: Timeline of non-communicative e-tivities in a second scenario, showing

various types of behaviour amongst learners [y, [,,l; working in activities wy, w,, w5

over time. Starts and ends of activity are shown by empty and full circles. The absence

of a full circle indicates an ongoing or abandoned activity (so a finishing time of ¢, is
assigned.)

to the right of the segments indicates the end. A line with no terminators represents

that the activity is still ongoing (or was abandoned.)

The graphical representation of the e-tivities as interval events allows visualising
how these three learners have different patterns in approaching their activities. Ana
comes across as somewhat methodical, as she starts and finishes each activity before
embarking on the next one in the list. Bob, by contrast, seems to samples all the activities
in quick succession but does not appear to finish them, whilst Cam did a couple of them
in parallel, or perhaps revisited the first activity after having completed his second one.

In general, any non-communicative e-tivity can be described by its relation with the
one commencing immediately after its start (by the same learner). From the set of
thirteen relationships in Allen’s interval algebra, shown in Table 2.7, only before (<),
overlaps (0), and during (d) are detailed in this model®. More formally:

SInverse relationships are not detailed in this model since they do not add expressiveness to it. Also,
relationships in which two intervals have the same start or ending, as described in Allen’s algbra (i.e.
equal, meets, start, finishes) are very unlikely to occur in this context, as it based on timestamps for
starting and finishing e-tivities. Though it could be regarded as unfeasible that two separate activities by
the same learner have the same timestamp, in practice these may occur due to representation errors.
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Definition 4.20 (Preceding e-tivity). An e-tivity (w, [, (t,, t,)) is said to be preceding if
there is an e-tivity (w’,1,(t/,t)), (by the same learner), such that t;, < t/ and t, < t,

therefore satisfying:
(w, 1, (t,, t,)) < (W, 1, (¢, £)) (4.17)

and there is no other e-tivity (w”, [, (t/, ")) such that t, < t”" < t/.

The operator < in Equation 4.17 is the before operator (also called precede) in Allen’s
interval algebra. For example, the e-tivity (wq, [, (t, t5)) in Figure 4.10 is “preceding”
because <W1: ll: (to, tS)) < <W27 ll: (t6’ tll))'

Definition 4.21 (Overlapping e-tivity). An e-tivity (w, [, (t,, t,)) is said to be overlapping
if there is an e-tivity (w’,1,(t,t’)), (by the same learner), such that t; < t/ and t, < t/,
therefore satisfying:

w, 1, (t,, t,))y o (W,1,(t,t))) (4.18)

s’ e

. L /! 4 1 4 /
and there is no other e-tivity (w”,[,(t/,t")) such that t, < t”" < t/.

The operator o in equation 4.18 is the overlaps operator in Allen’s interval algebra,
shown in Table 2.7.

Not included in Allen’s algebra, but evidently important in this context, is the notion
of unfinished e-tivities, such as all of those by [,. However, note that, somewhat counter-
intuitively, according to Definition 4.21, unfinished e-tivities are not “overlapping”. This
is intended, as the overlap due to a learner having abandoned an activity is different
from the overlap due to a learner having returned to a previously unfinished activity
after completing its subsequent one.

Definition 4.22 (During e-tivity). An e-tivity (w, [, (¢, t,)) is said to be during if there is
an e-tivity (w’, [, (t/,t))), (by the same learner), such that t; < t; and t, > t/, therefore
satisfying:

w,1,(t,,t,))y d (w,1,(t),t)) (4.19)

s’ e

and there is no other e-tivity (w”, 1, (t”,t”)) such that t; < t” < t’.
S e S S

In the above example, the e-tivity (w,, I, (tg, t15)) is during, because (w, L5, (tg, t15))
d (wy, s, (t10, t14)) Which is in turn due to tg < t;, and ty5 > ty,.

Ultimately, the descriptions of a given learner’s e-tivities can be used to characterise
their engagement, such as we have seen in the scenario above. These patterns, and
others, are likely to be part of a great diversity of learner engagement patterns and
therefore this model can prove useful to understand the digital traces of interaction we

must examine when studying such phenomena.
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4.4.3 Putting it all together

Until now we have considered communicative activities and non-communicative e-tivities
separately, but in reality they coexist, and learners may dip in and out their individual
engagement with the learning materials and turn to their peers for support or for com-
munity building. As a result, the timeline of e-tivities is interspersed with e-tivities of the
form (a,l, t) and (w,1,d), where a is a communicative activity, w a non-communicative
activity, [ a learner, t a timestamp and d a period or interval. Therefore, for the scenario
currently under consideration, in addition to the timestamps shown in Figure 4.10, there

are five of timestamps associated to communicative e-tivities, one for each kind:

SP ((p;,m,),1;, t2> : Ana (1;) makes the first post (p;) at time t,

(«
LP < (py, m), 14, t3> : Ana (l;) makes a second post (p,) at time ¢4
FR ( (c1,p1), Lo, t9> : Bob (l,) comments on Ana’s p; with ¢; at time ¢,
IR ( (ri,c1), 14, t13> : Ana (l;) replies to Bob’s ¢; with r; at time t,5
AR ( (ry,11), 15, t17> : Cam (l3) comments on Ana’s reply r; with reply r, at time ¢,

These five communicative activities can be represented in two different ways, as
shown in Figures 4.8 and 4.9 for the previous scenario. This results on the forest shown
in Figure 4.11 and the timeline in Figure 4.12.

L L Iy

TN

SP((pl:ml_l):llatZ) LP<<p2, ml_l)’llat3>

FR<<C1sp1>: 12’ t9>
IR((’”D 1), ly, t13>

AR((rz: 1) ls, t17>

FIGURE 4.11: Forest representation of the communicative activities in the second sce-

nario, showing contextual relationships between zero- first- and second-order replies.

Here, learner 1, makes posts p; and p, (at depth=1), followed by a comment ¢; on

p; from [, (at depth=2), which in turn is replied by the initiator, [; (at depth=3) with
reply r; which is then replied to by learner I3 with r,.

These contextual relationships can also be shown alongside the non-communicative
e-tivities of Figure 4.10, resulting on the timelines shown in Figures 4.13 and 4.14.
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Starting post ——> 1

Lone post ——

First reply ——

Initiator’s reply ——

Additional reply ——

t
10

t
11

t
12

t
14

t
15

2| <—— Ana makes the first post ((pl,mu),ll,t2>

3| <—— Ana makes the second post ((pz,mu),ll, t3>

o | «<—— Bob comments on Ana'’s first post ((cl,pl),lz, t9>

‘13 «<—— Ana replies to Bob’s comment ((rl,cl),ll, t13>

16|

17 «<—— Cam comments on Ana'’s reply <<r2,r1),13, t17>

FIGURE 4.12: Timeline of the communicative activities of the scenario presented in

Figure 4.11.
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FIGURE 4.13: Timeline of communicative and non-communicative e-tivities in the sec-
ond scenario, involving learners 14, [,, 5. Circles indicate the starts and ends of a non-
communicative activity. A square indicates a communicative activity.

4.5 Limitations of the model

The proposed platform-agnostic model of learner engagement within peer-supported
digital environments is expressive and informative, though it presents some limitations.
Earlier in the chapter I explained that a non-communicative activity may become com-
municative by virtue of it sparking conversations, even if it happens over a period. So
far in this model this is not well represented, and there are two key reasons for it: Firstly,
the model considers intentionality as a key differentiator between communicative and
non-communicative activities, which is why a post that does not generate a response is

a communicative activity (a “lone post”, under the categorisation).

The second limitation is around an important assumption of the model: that all
communicative activities are atomic. This suggests that it may not model adequately
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Starting post ——>

Lone post ——>

First reply ——

Initiator’s reply ——

Additional reply ——

t
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t
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t
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t
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t
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t
15

t
16

17

- <—— Ana starts the first activity (wl,ll,(to, t5)>

- <—— Bob starts the first activity <w1,12,(t1, too)>

- <—— Ana makes the first post ((pl,m,_l),ll,t2>

- <—— Ana makes the second post <(p2,m|_|),ll, t3>

- <—— Bob starts the second activity <w2,lz,(t4, too)>

- <—— Ana finishes the first activity <w1,ll,(t0, t5)>

- <—— Ana starts the second activity (wz,ll,(t6, t11)>

- <—— Bob starts the third activity <W3,12,(t7, too)>
-<—— Cam starts the first activity <W1,13,(t8, t15)>
-<—— Bob comments on Ana’s first post <(c1,p1),l2, t9>
-<—— Cam starts the second activity <w2,13,(t10, t14)>
- <—— Ana finishes the second activity (wz,ll,(tE,, tu))
- <—— Ana starts the third activity <W3,11,(t12, t16)>

- <—— Ana replies to Bob's comment ((rl,cl),ll, t13>
-<—— Cam finishes the second activity <W2,13,(t10, t14)>
-<—— Cam finishes the first activity (w1, s, (tg, t15))

- <—— Ana finishes the third activity <w3,ll,(t12, t16)>

-<—— Cam comments on Ana's reply ((rz,rl),l3, t17>

FIGURE 4.14: Timeline of the non-communicative e-tivities shown in Figure 4.10, inter-
spersed with the communicative activities of the scenario.
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some peer-supported learning platforms that support communicative activities that oc-
cur during an interval, where the start and end of the event is captured. For exam-
ple, communication apps typically allow others to see whether one user have started
to type, stopped typing and continue typing, even before the comment is posted, as in
Figure 4.15.

=\ ; :
< %“ Adriana Wilde

< typing..

Hey 1555

FIGURE 4.15: Screenshot in the Whatsapp messaging app whilst someone is typing: in

this case the communicative activity (sending someone a message) is not atomic, not

is occurring over a period of time, with the start some time prior the screenshot, and

it is still ongoing. The person who with this exchange is taking place is able to see the
status of this ongoing activity, in this case, “typing...”.

To illustrate another aspect of this second limitation, consider a learner intending to
make some content with the purpose of communicating it with others. Even though the
intent is for communication, we could conceptualise that there are in fact two different
activities here: one of engagement with content (its creation, which happens over a
period, which may or not be recorded as such by the platform), and a separate one of
communicating it with the peers (“posting” it, which happens instantaneously). There-
fore, even though the model considers communicative activities to be atomic, it can still
be used to model engagement within platforms that record communicative activities as
intervals, with the timestamp associated to the end of the interval activity now been
assigned to be the timestamp of the atomic part of the communicative activity.

Another factor, not modelled, is visibility of the activities. It is possible, in particular
for interval activities, that their visibility could have an impact on the communicative
activities to be produced by others. Arguably, that in itself communicates to others that
the user is engaging in the writing activity (considering the earlier discussion, showcased

through Figure 4.15), which in turn may have an impact on others.

This was not addressed in this model as the design priority was on simplicity and
generalisation over a wide variety of peer-learning environments. Adapting the model to
include visibility of the activities as a variable is out of the scope of this thesis. Further, an
alternative model which offers a good fit to that situation may suffer from “overfitting”,
and therefore being less general and applicable to several other platforms which do not
present such affordances.
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4.6 Summary of the model

For ease of reference, here are all the definitions presented earlier which constitute the
platform-agnostic model for learner engagement within peer-supported digital environ-

ments:

Definition 4.1: The set A is the set of all fine-granularity activities a; that can be
captured in a given peer-supported digital environment, such that a; is either a monuple
w; € Ay or a pair (c;,m;) € Ac. Therefore:

A=AgUAy

AcNAy =

Definition 4.2: The set Ay C A is the set of non communicative activities w; such
that w; is assumed to be some work undertaken within a given peer-supported digital
environment over a period of time (i.e. not primarily intended for communication).

Ay ={wy,wy,...,w,}

Definition 4.3: The set A C A is the set of communicative activities (c,m) where
c € M is a communication in response to a message m € M,,. M is the set of messages,
and M, is the set of messages that includes the distinguished member m,, the null
message (not to be confused with an empty message).

Ac={{c,m) | ceM A meM,} (4.20)
Note that Vi, j : {c;,m;), these are instantaneous, intentional communications.

Definition 4.4: An electronically-captured activities, e-tivity is defined as a triple
(a,l,t) e E|la€AlelL,t eTuUD, to indicate an activity a (‘what?’) performed by a
learner [ (‘who?’) at a time t (either a timestamp or a period, ‘when?’). The set E is the
set of e-tivities comprising all of the activities a; € A undertaken by each learner [; € L

at a time t, € T or over a period of time d,, such that Vt;,t; € T :if i < j then t; < ;.

E={{a,l,t) | a€A, €L, teTuD}

Definition 4.5: There are two types of e-tivities: E=E, U Eyand E. N Ey =@.
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Definition 4.6: P;. = {Ep, E; p, Erg, Eir, Esr} is the partition of E. satisfying:

E,NE,, =0
ESPOELP_Q ELPﬂEFRZQ E. AE _@
SP FR ELP N EIR — @ FR IR EIR N ELP — @
E,NEy=0
Lp AR
Egp NEp =0

Definition 4.7: The response-to function F : E. — E, maps a communicative e-
tivity e to another one f, such that f is a direct response to e, and no other e-tivity. In
other words, F(f) = e, or, more precisely:

F C{{{a,b),L,t),{{b,c),l',t"y | a,b,ceM A LLI'EL A t,t'€T}

The transitive closure of F, F* relates a communicative e-tivity to all of its ancestors.
Definition 4.8: The set of (starting posts) is:
Esp={e={(a,l,t) | If=(a’,U',;t')€E; N F(f)=e AN l#!l}
Definition 4.9: The set of (first replies) is:
Eqr={f =(a,I,t) | Je={(a,lU,;t')€Esp N F(f)=e A L#I}

Definition 4.10: The set of (initiators’ replies) is:

Er={(a,,t)€E; | d,L,t')€Epp A FkEN, k>1 A F¥({a,1,t))=(d’,1,t")}

Definition 4.11: The set of (additional replies) is:

Ex={(a,l,t) €E. | I{d,l',t") €Egp A
(FkeN, k>1)[F'{a,l,t)=(a,l,t")] A L#1}

Definition 4.12: The discussion thread function DT : E; — E/ maps a communica-
tive e-tivity e, with the sequence of communicative e-tivities e;, such that each e; is a
response to another e-tivity in the sequence. This sequence includes e, and the posts to
which e, is a direct or indirect response to (upto and including the post e, from which
the thread of responses is originated).

k
DT(ek):{<eO:elz"':ek> | F(eO):mu/\[/\Fi(ei)ZBO]}
i=1
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where m,, is the distinguished member of M*, the null message.

Definition 4.13: The set of lone posts is:

Ep={{a,1, )|}, 1, t")[DT ((a,1,£)) = (', U, t') A{a,1,t) ¢ DT((a’, ', )| AL#T'}

Definition 4.14: The set of zero-order replies (or posts):
P ={{{p;,m,),1,t) | pjeM,m,e Ml €L, t €T}
where m,, is the distinguished member of M*, the null message.
Definition 4.15: The set of first-order replies (or comments) is:
C={{cpj)sli,ty) | F(c,)=p; N p;€P}

Definition 4.16: The set of second-order replies is:

<<rn> a): lis tk) e ((a = Ck A Cr € C) Y (Cl =TIn A m ER)) A
F(r))=a A mmn=1.R A m<n

Definition 4.17: T is the set of recorded timestamps.
teo € T is the supreme of T : t o >t; Vt,€T.
Definition 4.18: D C T x (T U {t.}) is the set of periods (or intervals).

Definition 4.19: An unfinished event (either because it has been abandoned or it is
still ongoing) is an e-tivity with an open interval, i.e. an event which does not have (yet,
at the time of the observations) an end-of-period timestamp, so it is regarded to have a
finishing time of t,, the supreme of T.

Definition 4.20: An e-tivity (w, [, (t,, t,)) is said to be preceding if there is an e-tivity
(w',1,(t/,t))), (by the same learner), such that t; < t/ and t, < t/, therefore satisfying:

s’ e
(w, 1, (£, ) < (W', L, (¢, £))
and there is no other e-tivity (w”, [, (t/, ")) such that t, < t” < t/.

Definition 4.21: An e-tivity (w, [, (t,,t,)) is said to be overlapping if there is an e-
tivity (w’,1,(t/,t))), (by the same learner), such that t; < t/ and t, < t/, therefore

s’ e

satisfying:
w,1, (¢, t,)) o (W', 1, (t],t)))
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and there is no other e-tivity (w”, 1, (t”,t”)) such that t, < t” < t’.
S e S S

Definition 4.22: An e-tivity (w, [, (t,, t,)) is said to be during if there is an e-tivity
(w',1,(t/,t))), (by the same learner), such that t; < t/ and t, > t/, therefore satisfying:

s’ e

w,1,(t,,t,))y d (w,1,(t),t))

s’ e

and there is no other e-tivity (w”, [, (t/, ")) such that t, < t”" < t/.

s? e

4.7 Conclusion of this chapter

The set of definitions listed in Section 4.6 constitute collectively a novel platform-agnostic
model of learner engagement within peer-supported digital environments. This model
provides a common language to express relationships captured in the logged interac-
tions within these environments, such as temporal relationships, engagement with con-
tent, connections with peers, and others. In particular, both the dialogic analysis as well
as the temporal analysis of learners engagement can offer valuable insights on categories
of learners.

This model provides one possible answer to the research question RQ1 (How can
learner engagement be meaningfully compared across peer-supported digital environments?)
posed in the introduction of this thesis, in Chapter 1. However, for this assertion to hold
rigorously, it is important for the defined model to be validated. A strategy for such
validation would consist in procuring learner-interaction data from two very different
selected platforms, applying the model to inform feature engineering to such data, and
obtaining the same feature sets associated to each of the datasets under comparison.
The resulting analysis, if providing meaningful insights, would be a valid comparison of
peer-supported digital environments that transcends the limitations of the differences
between their implementations. Further, the application of the model in informing what
features are important to extract, out the given digital traces of learner interactions, is
likely to offer insights contributing towards an understanding of how students learn.

Chapters 5 and 6 present the validation of this model following the outlined strategy,
in two different peer-supported digital environments, FutureLearn MOOCs and Peer-
Wise.






Chapter

Peer-learning online within
FutureLearn MOOCs

“The most that can be expected from any model is
that it can supply a useful approximation to reality:
All models are wrong; some models are useful”

George Edward Pelham Box, FRS (b. 18 October 1919 — d. 28 March 2013)
In Box, G. E. P; Hunter, J. S.; Hunter, W. G. (2005), “STATISTICS FOR EXPER-
IMENTERS”, (2nd ed.), John Wiley & Sons.

The above quote by British statistician George Box is widely used to warn researchers
about the limitations of theoretical models: whilst they might be useful in understand-
ing underlying phenomena and main forces at play, they are invariably too simple to
capture the intricate details of real applications that are subject to other forces that the
model may make abstraction of. Still, its usefulness is the extent to which a particular
application can be understood when studied with the generic model despite it not being
a perfect fit or conforming entirely to reality (being “wrong”, as Box puts it).

The extent to which the above applies to the model presented in the previous chap-
ter, Chapter 4, is what concerns this chapter and the next (Chapter 6). If using the
model to study learner interactions in real peer-supported digital environments allows
some useful insights, this model is considered to be validated. In particular, this chapter
investigates RQ2: What does a data-driven approach to learner interactions reveal about

learning engagement within FutureLearn MOOCs?

To answer this question, I analysed data from two of such MOOCs, provided by
99
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the University of Southampton between 2014 and 2019. Data from seventeen runs in
total’, and 271,851 enrolled learners, was studied applying the methodology described
in Chapter 3 under the lens of the theoretical model formulated in Chapter 4.

This chapter is organised as follows: Section 5.1 outlines my earlier approaches to
experimentation with FutureLearn MOOC data. Section 5.2 describes the datasets used
in this research, followed by Section 5.3, where I explain what is observable from this
data when applying a heuristic from the literature in Chapter 2. Section 5.4, then lists
the features engineered from these datasets, amongst which a reduced feature set is
selected as described in Section 5.5. These selected features are used in a clustering
algorithm, chosen as detailed in Section 5.6, and its results presented in Section 5.7.
Finally, a discussion of the findings and a conclusion for the chapter are given in Sec-
tion 5.8 respectively.

5.1 Motivation and context

Prior to the development of the model of learner interaction from Chapter 4, I engaged
in several studies using MOOC data. One of such studies was a step-centred analysis
of the first run of Understanding Language (described in Appendix G). There I sought
to ascertain what characteristics of a learning step, if any, led participants to complete
it. I engineered fourteen features from the file step-activity.csv for this run of the
MOOC?, together with additional information regarding the type of step. Whilst the
study itself was inconclusive, it allowed me to be exposed to challenges® of data manip-
ulation with WEKA and Tableau, as well as gaining experience with feature engineering
from MOOC data.

With Cobos et al. (2017), I studied data from the second run of Portus to compare
against the edX course “El Quijote” provided by the Universidad Auténoma de Madrid.
This experience was an excellent exposure to heterogeneous data, and feature engineer-
ing to extract the same features from data across different platforms, such as Future-
Learn and edX. The approach in that collaboration was to look only at the features that
lie on the intersection of both platforms rather than trying to engineer from one those
extractable in the other. Though the focus of that research was prediction of attrition

!Sixteen courses, with 195,465 enrolled learners in total, when excluding the third run of the Under-
standing Language MOOC, as explained in Chapter 3.

2The structure of this particular file is shown in Figure 3.3 and explained in section 3.2.2, alongside
that all of the other files in the datasets used in this thesis.)

3Including a common gripe amongst newcomers to FutureLearn data analysis: step 1.1 being in-
correctly conflated with step 1.10, when they are the first and tenth step respectively, as mentioned in
section 3.2.3 and discussed during a FLAN meet-up (Wilde, Zaluska, and Millard (2015)).
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(which is not the focus of this thesis), considerable effort was spent on identifying the
features with the highest predictive power, and we found that number of comments
is one of the two most valuable attributes for Portus, whereas for “El Quijote” it was
not. One reasonable explanation was that the conversational approach in FutureLearn
provided natural affordances that facilitated peer interactions in a greater way than in
edX. However, it is also possible that the interactions that did occur amongst learners
in “El Quijote” in particular were of less importance than non-communicative activities
in terms of achieving certificate eligibility, and hence had less predictive power for this
particular outcome.

In Wilde (2015b), I talked about my considered approach for understanding learner
success in MOOCs and wanting to tend a bridge to how it is studied in F2F instruction.
It proved to be a bridge built on a theoretical model of learner interactions which not
only works with MOOC data (as in the research by Chua et al. (2017), where I drew
inspiration from for part of the model) but is generalisable enough to be applied to other
peer-supported learning environments, such as those facilitating face-to-face instruction
as discussed in Chapter 6, which mirrors the structure of the present chapter.

5.2 Datasets

As mentioned in section 2.2.1, FutureLearn captures digital traces of learner activity
in all of their courses, which are shared with its course providers. In particular, the
University of Southampton has produced over twenty courses on this platform, amongst
which, data from two courses were made available to me following ethical approval, a
Data Protection Impact assessment and data management processes*.

The first of the two courses under study is the 6-week-long MOOC titled “Archae-
ology of Portus: Exploring the Lost Harbour of Ancient Rome” (called Portus herein),
and the second is the 4-week long “Understanding Language: Learning and Teaching”,
produced in collaboration with the British Council (called Understanding Language
herein). Table 5.1 shows a summary of their characteristics, for each of their offer-
ings, or “runs” as FutureLearn denotes them. Namely, the starting dates as declared
in Class Central®, the number of enrolled learners and the number of active learners

(as recorded in the files enrolments.csv and step-activity.csv). This means that a

“Details about the ethical approval process, the Data Protection Impact Assessment (DPIA) and the
Data Management Process (DMP) are given in Appendices A, B and C, respectively.

>Information about MOOGs from all over the world is aggregated and curated by Class Central. Rele-
vant listings for these two courses are available at: https://www.classcentral.com/course/po
rtus-1863 and https://www.classcentral.com/course/understanding-language-2450
(Last accessed 12 February 2021).


https://www.classcentral.com/course/portus-1863
https://www.classcentral.com/course/portus-1863
https://www.classcentral.com/course/understanding-language-2450
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learner would be counted as ‘enrolled’ if their learner_id appeared in the correspond-
ing enrolments. csv file, even if they had unenrolled (which does not cause the entry to
be removed, but rather, a timestamp is added in the corresponding field unenrolled_at
in the file). Similarly, an ‘active learner’ is counted as such if their learner_id appeared
in the corresponding step-activity.csv file, even if their only activity was to visit one
step and never complete it.

TABLE 5.1: Enrolled and active learners per offering of each course (run) as extracted
from the datasets. (Source of starting dates per run: Class Central®).

Enrolled Active

Course Run Started on
learners learners
1 19 May 2014 7,773 5,076
?gﬁ?jg’:l"g}’ of 2 26January 2015 8,920 4,031
Exploring the 3 15 June 2015 3,252 1,554
Lost Harbour of 4 13 June 2016 5,172 2,455
Ancient Rome 5 30 January 2017 4,266 2,249
6 26 February 2018 1,286 967
1 17 November 2014 58,781 27,957
2 4 April 2015 41,912 20,435
3 19 October 2015 44,283 N/A
4 4 April 2016 25,590 11,716
Understanding 5 17 Octobe.r 2016 19,872 10,947
Language: 6 24 April 2017 10,278 5,346
Learning and 7 8 January 2018 12,899 8,447
Teaching 8 11 June 2018 6,033 3,015
9 22 October 2018 8,310 5,795
10 29 April 2019 5,095 3,067
11 21 October 2019 7,831 4,101
12 27 April 2020 N/A N/A
13 12 October 2020 N/A N/A

5.2.1 Learning design changes

There are additional observations to make on Table 5.1. The third run of the Under-
standing Language MOOC has 44,283 enrolled learners but the table does not provide
information about active learners. The reason for this information not to be available is
that, as explained in section 3.2.3, this run was excluded from subsequent data analy-
sis due to inconsistencies that were not easily fixable in the data cleaning phase of the
methodology. Other missing fields in the table are to be noted for runs 12 and 13 of the
Understanding Language MOOC. Though to date there have been two further offerings
of this course, only some data from the first 11 were made available to me. Further
details regarding the data collection process are given in Appendices A and B.
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Due to small changes in course design between runs of each MOOC, the number of
steps that can be visited (and completed) by learners vary as shown in detail in Table 5.2.
These adjustments to the learning design between consecutive runs of a given MOOC
may have had an effect on the engagement. For example, in Portus there was a small
change to the number of steps between the first and second run which perhaps had an
effect on learning engagement, even though that the structure of the MOOC was very
similar (there was only one less step in the last week of the course). However, between
the third and fourth runs, the structural changes not only seem to be greater®, but also
occurring earlier in the MOOC, with three steps fewer in week one and in week six.

TABLE 5.2: Steps per week in each run for both courses, as extracted from the datasets.

Course run steps per week num.
name 1 2 3 4 5 6 steps
Archaeology 1 11-123 21-221 3.1-319 41-418 51-523 6.1-6.17 121
of Portus: 2 1.1-123 21-221 31-3.19 41-418 5.1-523 6.1-6.18 122
Exploring 3 1.1-123 21-221 31-319 41-418 5.1-523 6.1-6.18 122
the Lost 4 11-120 2.1-221 3.1-3.19 41-4.18 5.1-523 6.1-6.15 116
Harbour of 5 11-120 21-221 31-319 41-418 5.1-523 6.1-6.15 116
Ancient Rome 6 1.1-120 21-221 31-319 41-418 5.1-523 6.1-6.15 116
1 11-1.17 21-2.15 3.1-3.12 4.1-4.20 64

2 11-118 21-216 3.1-312 4.1-4.20 66

3 11-118 21-216 3.1-312 4.1-4.20 66

Understanding 4 1.1-118 2.1-216 3.1-3.12 4.1-4.20 66
Language: 5 11-118 21-216 3.1-3.12 41-4.18 5.1-5.12 76
Learning and 6 1.1-118 21-216 3.1-3.12 41-4.18 5.1-5.12 76
Teaching 7 11-1.17 21-2.15 3.1-3.12 41-4.21 65
8 11-116 21-215 31-312 4.1-4.21 64

9 1.1-116 2.1-215 3.1-3.13 41-4.21 65

10 1.1-1.16 2.1-215 3.1-3.14 4.1-4.21 66

11 1.1-1.16 2.1-215 3.1-3.15 4.1-421 67

Similarly, for Understanding Language, it can also be observed in Table 5.2 that there
was a very small variation in the number of steps between the first and second runs, and
bigger structural changes for the fifth and six runs, all of which may have had an effect
on the learning experience and the engagement. Additionally, though not observable
in this table, there might have been significant changes to steps (besides additions or
removals). For example, inspecting the number of videos in runs eight and nine of the
Understanding Language MOOC, we can see it jumped from 31 to 34 (as shown in the
video-stats file shape” listed in Tables D.2 and D.3 in Appendix D). Rather than three new
steps in run nine, however, there is only one more (step number 3.13), which suggests
the other two videos must have been added as steps that were previously of a different

type.

®One of such changes was mentioned in Footnote 4, the removal of peer review assignments, as can
be seen by inspecting Table D.1.

"Note that the file shape of CSV files in this dataset will always have one more row than the number
of instances because the file header is included in the count.
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In addition to all of these changes in course design, the FutureLearn platform itself
keeps evolving and adding functionalities over the years, many of which would nec-
essarily have an effect on learners behaviour. One such example is the functionality
by which learners receive email notifications from FutureLearn when others have left
comments to their posts®. All of the variations discussed above, and their potential ef-
fects, are needed to bear in mind when performing an inter-run comparison of learner
engagement in the MOOC.

5.3 A heuristic approach to discussion analytics

The first step in analysing the MOOC data described in Section 5.2 is studying it through
the lens of a heuristic from the literature that has already been applied using Future-
Learn data such as, in particular, the dialogic approach used by Chua et al. (2017).

As per the summary of research listed on Table 2.3, this heuristic-based categorisa-
tion of learners in MOOCs was based on the identification of the types of comments cre-
ated. By examining the comments learners made, in relation to their positioning in the
turn-taking nature of conversations, they proposed a categorisation of learners. In their
dialogic analysis, the authors distinguished five types of comments: initiating posts,
lone posts, replies, initiator’s replies and further replies. Based on whether learners had
made comments of each of these five types or not, there would be 2° = 32 permutations
of possible classes (irrespective of the number of comments per type, hence binary).
However, in doing a further analysis of each combination, the authors grouped them
according to their distinctive features in seven categories of social learners: ‘loners”,
‘repliers’, ‘initiators without replying’, ‘initiators who respond’, ‘active social learners
without turn-taking’, ‘reluctant active social learners’ and ‘active social learners’. Then,
they applied this heuristic to comment data from the first run of the FutureLearn MOOC
“Inequalities in Personal Finance: The Baby Boom Legacy”, or Personal Finance in short,
obtaining the counts of learners per category that are listed in Table 5.3.

Each category in this heuristic is listed below, with its definition from Chua et al.

(2017). These definitions are complemented with the corresponding counts across the

110

five types of communicative activities defined in the model*” proposed in Chapter 4.

8The exact date of the release of this functionality is not easily retrievable. However, I am aware that it
was sometime in early 2016, as confirmed in a personal communication from Richard Banks (FutureLearn
Head of Studio) via Monty King (FutureLearn Learning Designer), on 22 February 2021.

Given its pejorative connotations, I do not agree with the use of the term ‘loners’ which, in this
context, merely refers to learners who had not received replies to their posts. Alas, such comments are
called ‘lone posts’, thus any other name would have perhaps been unclear.

OFigure 4.6 is particularly helpful to look at when applying these definitions.
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TABLE 5.3: Absolute counts per social learner group in the first run of the Personal
Finance MOOC calculated by Chua et al. (2017). Numbers in brackets include counts
for educators, as per the accepted version of the manuscript (http://oro.open.ac.

uk/57071/)
. Im.t lators Initiators . Active Reluctant Active
Loners Repliers  without social learners . . .
X who respond . . active social learners  social learners
replying without turn-taking
164 5 178
(165) 40 114 37 98 6) (181)

e Loners: “Never received replies”. In terms of the model, these learners produced
comments that include non-zero lone posts (LP) and zero starting posts (SP), zero
initiators’ replies (IR) and zero additional replies (AR).

o Repliers: “Only replied to others”. Therefore these learners would have zero SP
and LP but non-zero FR or AR. In the example in Figure 4.11, [, and [, are such a
type of learners.

e [nitiators without replying: “Never replied to others’ posts or underneath (their)
own initiating post”. These learners would then have contributed non-zero SP but
zero FR, IR and AR.

e [nitiators who respond: “Never replied to others’ posts but responded to others’
replies underneath (their) own initiating post”, i.e. non-zero SP and IR but zero
FR.

e Active social learners without turn-taking: “Initiated posts, replied to others, but
never replied under own initating post or further replied”, i.e. non-zero SB LP and
FR but zero IR and FR.

® Reluctant active social learners: “Created lone posts, replied to others, further
replied”. In the model, this is equivalent to having zero SP and non-zero LB FR.

e Active social learners: “Initiated posts, replied to others, and engaging (sic) in turn-
taking by replying under (their) own initiating post or further replying”. These
learners then would have non-zero comments across all of the dialogic features
(though possibly zero in either IR or AR but not both). In the example in Fig-
ure 4.11, [, belongs to such a type of learners.

One observation to make about Table 5.3 is that there are some numbers in brack-
ets, accounting for a discrepancy between the two versions of this publication that are
available online. Specifically, the accepted version'! of the manuscript, (before the ed-

The accepted version of the manuscript is available in the Open Research Online repository by the
Open University (ORO) at http://oro.open.ac.uk/57071/, last accessed 20 February 2021.


http://oro.open.ac.uk/57071/
http://oro.open.ac.uk/57071/
http://oro.open.ac.uk/57071/
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its resulting from recommendations from the peer-review process) included the educa-
tors in the learners’ counts. In contrast, the final version'? of the manuscript does not.
Both are shown for reference!®. The difference between the numbers in brackets and
those immediately above them indicates the behaviours exhibited by the educators in
the MOOC. In particular, these educators fell in the following categories: one ‘loner’,
one ‘reluctant active social learner’, and three ‘active social learners’.

There is a final observation about Table 5.3, which is most evident when these counts
are plotted in the bar chart shown in Figure 5.1. In this MOOC, the counts for active
social learners make it the largest of the categories, rather than the smallest, as the 90-9-
1 rule discussed in Section 2.1.3 would predict. This is important to point out although
the reason for this apparent high engagement is not addressed in Chua et al. (2017).
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FIGURE 5.1: Distribution of social learners in the Personal Finance MOOC (from Ta-
ble 5.4), in descendent order by number of learners in each category. Note that the
largest category is the one comprising active social learners.

Two possible explanations are as follows. One, it is possible that the characteristics of
the Personal Finance MOOC induced a much-higher-than-expected social engagement,

12The final version of the manuscript is available in CEUR at http://ceur-ws.org/Vol-1967/FL
MOOCS_Paper3.pdf, last accessed 20 February 2021.

13In my comparisons I use the version that includes the educators because I was unable to exclude
the educators from the data in the MOOCs I studied. This information would have been extractable from
the role column in the enrolment.csv files had I received them without the removal of the learner_id
column.


http://ceur-ws.org/Vol-1967/FLMOOCS_Paper3.pdf
http://ceur-ws.org/Vol-1967/FLMOOCS_Paper3.pdf
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be it due to the learning design of this MOOC specifically or the FutureLearn platform
in general. Another, more plausible explanation, is that the heuristic cannot capture
the intensity of the learner engagement that the rule predicts. This is more evident in
findings reported in the next section.

5.3.1 Applying the heuristic by Chua et al. (2017)

Applying the heuristic above defined to the datasets for Portus and Understanding Lan-
guage MOOCSs produces two distribution of learners which are comparable to that in
Table 5.3. This table has now been extended to include the counts for each run of these
MOOCs, as shown in Table 5.4. It is important to note the addition of the category ‘aso-
cial learners’ to those by Chua et al. (2017), to include the counts of those who had not
made any comments amongst the so-called active learners (as defined in Section 5.2),
who had, at the very least, visited a step. It excludes, however, enrolled learners who
had not. This information is not in Chua et al. (2017), as these researchers focused on
social learners in their MOOC of interest.

TABLE 5.4: Absolute counts per social learner group in the categorisation by Chua et al.
(2017), including counts reported by the authors for reference against experiments in
this thesis. Numbers in brackets include statistics for educators.

Social Learners Groups found in each dataset

Course name run -
Active
i ie social Reluctant .
. Initiators  Initiators K Active
Asocial . . learners active .
learners  LOmers Repliers w1ﬂ1<?ut who without social social
replying respond learners
turn- learners
taking
Inequalities in
Personal Finance: 1 N/A (123) 40 114 37 98 (Z) &Zf)
the Baby Boom Legacy
1 3261 978 6 310 38 10 5 470
2 2748 611 11 166 79 5 21 392
g}:;?jfilgi }i{ Portus: 3 1205 168 6 64 23 3 4 83
Lost Harbour of 4 1716 347 4 84 50 4 14 239
Ancient Rome 5 1704 220 4 69 28 3 12 211
6 751 89 1 18 8 0 6 96
all 11385 2413 32 711 226 25 62 1491
1 16664 5990 9 1758 608 27 92 2810
2 12865 4034 11 1256 420 8 73 1769
4 7560 2171 8 710 286 6 47 929
Understanding 5 8519 1278 6 354 127 2 16 646
Language: 6 4032 674 3 212 74 2 19 331
Learning and 7 6302 1241 7 238 87 5 24 544
Teaching 8 2490 384 0 125 27 0 8 182
9 4538 646 6 170 59 4 10 363
10 2323 389 5 120 31 2 9 189
11 3015 655 8 141 26 1 18 238
all 68308 17462 63 5084 1745 57 316 8001

Another observation to make from this table is that the number of learners partici-
pating in these three MOOCs vary greatly, which can make the comparison challenging.
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FIGURE 5.2: Distribution of learners on each of the eight categories found on applying
the extended heuristic on Portus MOOCs data (shown in Table 5.4)
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FIGURE 5.3: Distribution of learners on each of the eight categories found on applying
the heuristic on Understanding Language MOOCs data (shown in Table 5.4).
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Whilst in the Personal Finance MOOC there are a few hundreds of learners, the Portus
MOOC has a few thousands and the Understanding Language MOOC a few tens of thou-
sands. To facilitate the comparison, Figures 5.1, 5.2 and 5.3, use a logarithmic scale for
the bar charts for each of these MOOCs. This is particularly helpful when inspecting data
from the Understanding Language MOOC, where the largest category (asocial learners)
dwarfs the smallest one (repliers), with 16,664 learners against nine in its first run.

Having overcome the issue about the differences in scale amongst these three MOOCs,
it is easier to look for both similarities and differences in learner social behaviours across
these MOOCs. For example, as noted earlier, in the Personal Finance MOOC, the largest
category reported was ‘active social learners’, whereas for the other two it was ‘loners’ by
far (if we exclude ‘asocial learners’ for the comparison). However ‘active social learners’
is still one of the most populated categories across all the runs of both MOOCs. The rea-
son, as hypothesised in Section 5.3, is that the heuristic does not capture the intensity of
participation as per widely-observed 90-9-1 rule. The heuristic disregards the intensity
of the participation to turn the focus of the classification to the type of comments learner
make, irrespective of how many of each kind they produce.

Finally, one important observation across these MOOCs is that there were learners
across every category when applying this heuristic, and roughly follow similar propor-
tions throughout the datasets, though there are some differences across MOOCs and
between runs of the same MOOC.

5.4 Feature engineering on FutureLearn MOOC data

Having described the MOOC datasets and used a heuristic from the literature to con-
firm the existence of a variety of social behaviours amongst learners, in the remaining
sections of this chapter I explore whether these categories can be discovered via unsu-
pervised learning, such as by clustering. In other words, whether a data-driven approach
would elicit a comparable categorisation of learning engagement in MOOCs.

Here I apply the model presented in Chapter 4. As this model characterises two
types of e-tivities, each of part of this model was used to inform two kinds of feature sets
engineered from the MOOC data, in the spirit proposed by Baker (2020) and detailed in
Section 2.5.1. In particular, communicative e-tivities helped defining dialogic features
as detailed in Section 5.4.1, whereas non-communicative e-tivities helped defining the
interval features in Section 5.4.2. In addition to those inspired by the model, I consider
other features in Sections 5.4.3 and 5.4.4.
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5.4.1 Dialogic features

The dialogic features engineered from the model require the calculation of comment
types, which is performed for each learner as per the definitions given in Section 4.3.3.
The counts for each type become then the features summarised in Table 5.5.

TABLE 5.5: Dialogic features engineered (as informed by the model in Chapter 4)

Feature Description Equivalent comment
type in Chua et al.
(2017)
SP Count of starting posts (comments created by the learner which attract Initiating post
replies but are not replies themselves). These are zero-order replies.
LP Count of lone posts (posts created by the learner which do not attract Lone post
replies from others and are replies themselves).
FR Count of first replies (replies to someone else’s starting post). These Reply
are first-order replies.
IR Count of initiator replies (replies to someone’s reply to their own start- Initiator’s reply
ing post). These are second-order replies.
AR Count of additional replies (replies to a reply to a starting post created  Further reply

by someone else). These are also second-order replies.

5.4.2 Interval features

In order to engineer these features, For each learning step visited by a learner, if com-
pleted, is given an Event_type value based on its timestamps relationship with respect
to the timestamps of the next step visited. The relationship is determined applying
Allen’s algebra definitions'* given in Section 2.6. If not completed, the Event_type of
the step is ‘abandoned’ instead, however, if it has been completed but is the last step
performed by the learner (hence there is no “next step” to compare it against), then it
is assigned a Event_type of ‘last’. The interval features engineered from the model are
therefore shown in Table 5.6.

For example, consider the sequence of steps given in the step-activity.csv of a
fictitious MOOC with three learners, shown in Table 5.7. To aid the comprehension of
this example, the timestamps have been chosen to intuitively match the indices of each
of the t; timestamps shown in Figure 4.10 when intervals for non-communicative activ-
ities were first introduced. Hence, t, becomes “2021-01-01 00:00:00 UTC”, t; becomes
“2021-01-01 01:00:00 UTC”, and so on.

This file is processed by constructing the sequence of steps undertaken by each
learner, in this case the three sequences shown in Table 5.8. For each step in the re-

4That is, all of the direct relations defined by Allen (1983), except ‘during’ which is in fact is the
inverse relation, i.e. if “next step” is visited and completed ‘during’ the current one.
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TABLE 5.6: Interval features engineered (as informed by the model in Chapter 4)

Feature Description

precede Count of steps of Event_type = ‘precede’
overlap Count of steps of Event_type = ‘overlap’
during Count of steps of Event_type = ‘during’
abandoned Count of steps of Event_type = ‘abandoned’
equal Count of steps of Event_type = ‘equal’
begin Count of steps of Event_type = ‘begin’
finish Count of steps of Event_type = ‘finish’
meet Count of steps of Event_type = ‘meet’

last Count of steps of Event_type = ‘last’

TABLE 5.7: Extract of the step-activity file associated to the toy example MOOC from
Figure 4.10), built to illustrate the calculation of interval features

learner_id step first_visited_at last_completed_at
learner 1 1.1. ... 2021-01-01 00:00:00 UTC 2021-01-01 05:00:00 UTC
learner 2 1.1. 2021-01-01 01:00:00 UTC

learner 2 1.2. ... 2021-01-01 04:00:00 UTC

learner 1 1.2 ... 2021-01-01 06:00:00 UTC 2021-01-01 11:00:00 UTC
learner 2 1.3. ... 2021-01-01 07:00:00 UTC

learner 3 1.1. ... 2021-01-01 08:00:00 UTC 2021-01-01 15:00:00 UTC
learner 3 1.2. ... 2021-01-01 10:00:00 UTC 2021-01-01 14:00:00 UTC
learner 1 1.3. ... 2021-01-01 00:00:00 UTC 2021-01-01 05:00:00 UTC

sulting sequence, Allen’s algebra definitions are applied with respect to the next step
in the sequence when possible (with the variations described above), resulting in the
event types for each of those steps, also shown in Table 5.8, and collated in the feature
vectors in Table 5.9.

TABLE 5.8: Sequences of steps and their Event_types for each learner in the toy example
from Figure 4.10

learner_id steps sequence steps Event_types

learner 1 1.1. - 1.2. - 1.3. precede — precede —last

learner 2 1.1.-1.2. - 1.3. abandoned —abandoned —abandoned
learner 3 1.1. - 1.2. during— last

TABLE 5.9: Values of the interval features for each learner in the toy example

learner_id precede overlap during abandoned equal begin finish meet last

[

learner 1 2 0 0 0 0 0 0 0
learner 2 0 0 0 3 0 0 0 0
learner 3 0 0 1 0 0 0 0 0 1

o
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5.4.3 Badge features

In addition to the feature sets of Tables 5.5 and 5.6, informed by the model of learner
engagement, I also included features that are possible to engineer and that would be
equivalent to those directly extractable from the PeerWise dataset, as per the recom-
mendations in 2.5.1. I pursued this with the intention of defining as many features as
possible that are common to both peer-supported digital environments. Without detail-
ing yet too much how are these features defined in PeerWise'®, Table 5.10 shows three of
such features. Even though FeatureLearn MOOCs do not have a gamification approach
nor use badges to signal milestones, learners still reach said milestones. Therefore, a
convenient feature that would facilitate a comparison across platforms is one capturing
whether the learner has reached a given milestone (i.e. whether they would be eligible
for a series of badges given their engagement).

TABLE 5.10: “Badge” features engineered (inspired from PeerWise badges in Chapter 6)

Feature Description

B1 One, if the learner has posted at least a comment, zero if not.
B4 One, if the learner has posted at least a first reply, zero if not.
B5 One, if the learner has posted at least an initiators’ reply, zero if not.

5.4.4 Other features

In addition to the features in the three categories listed above, the following features
were extracted from the step-activity.csv file, as listed in Table 5.11.

TABLE 5.11: Other features extracted for MOOC learners

Feature Description

steps_visited_ratio Count of steps visited by the learner over the total number of steps in the MOOC
(listed in Table 5.2). Engineered from step-activity.csv

steps_completed_ratio = Count of steps completed by the learner over the total number of steps in the
MOOC. Engineered from step-activity.csv

eligible for certificate  Calculated as ‘True’ if their steps_completed ratio is greater than 0.5. ‘False’
otherwise.

archetype Self-reported learning archetype from those listed in Table 2.4 (engineered from
archetype-survey-responses.csv when available).

Finally, I engineered a final set of features by which both communicative and non-
communicative activities were assigned to bins according to when in the course they
were performed. Hence, there are pre- and post- features, capturing counts of each
type of learner activities before and after the formal start and end of the course; there

I5This is covered in Section 6.4.
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are early- features, capturing learner activities in the first ten days of the course'®;

and finally, there are 1ate- features, capturing learner activities after the tenth day but

before the course ended.

All together, the complete set of up to 78 features'” is listed as follows:

num_visited_steps

num_completed_steps

precede

overlap

during
abandoned

equal

finish

meet

last
num_comments

SP

LP

FR

IR

AR
pre_abandoned
pre_begin
pre_during
n_pre_start_equal
n_pre_start_finish
pre_last
pre_meet
pre_overlap
pre_precede
early_abandoned

early_begin
early_during
n_early_equal
n_early_finish
early_last
early_meet
early_overlap
early_precede
late_abandoned
late_begin
late_during
n_late_equal
n_late_finish
late_last
late_meet
late_overlap
late_precede
post_abandoned
post_begin
post_during
n_post_end_equal
n_post_end_finish
post_last
post_meet
post_overlap
post_precede

pre_AR

pre_FR

pre_IR

pre_LP

pre_SP

early_AR

early_FR

early_IR

early_LP

early_SP

late_AR

late_FR

late_IR

late_LP

late_SP

post_AR

post_FR

post_IR

post_LP

post_SP

Bl

B4

B5
steps_visited_ratio
steps_completed_ratio
eligible_for_certificate

16Ten days were chosen as a cut-off point for early engagement, motivated by Kizilcec and Chen
(2020), who observed that student engagement in an SMS-based mobile learning platform declined

rapidly after this point.

17Any features that are zero for all the instances of a given run of a MOOC are removed from the
python dataframe constructed during the feature engineering process as they would not be of any use
for the analysis of that set of instances, and therefore do not appear in the resulting learner features file

associated to the run of a MOOC.
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5.5 Selecting a feature set

The feature set engineered for FutureLearn MOOC data, described in Section 5.4 above
has a very high dimensionality, containing up to 78 features. This poses a problem
for machine learning methods in particular, called the “curse of dimensionality”. Even
though the inclusion of more features to describe a learner may characterise them bet-
ter (as more information about them is available), the inclusion of each leads to in-
stances become more separated as the search space gains an additional dimension,
and therefore, organising them in groups of high similarity becomes extremely chal-
lenging (Pestov, 2013). In order to reduce the dimensionality and avoid this prob-
lem, to which clustering algorithms are particularly sensitive, there are two possible
approaches, which I consider in the following sections.

5.5.1 Why not Principal Component Analysis?

A commonly used approach for dimensionality reduction is the application of principal
component analysis (PCA), to reduce the dimensions of the data to the components that
explain maximum variability (Witten et al., 2017). This approach is employed to both
improve the performance of unsupervised learning algorithms, and also, typically for
the convenience of representation in a two-dimensional space, e.g. figures on paper.

The method is essentially a transformation to a lower dimensional space, which re-
lies on the calculation of orthogonal vectors, chosen successively to capture the largest
variance. It does so by calculating a correlation matrix including all of the original co-
ordinates of the instances in the dataset, and finding its eigenvectors on diagonalising
this matrix. Thus, the eigenvectors are the axes in this transformed space, and can be
ranked according to their eigenvalues, which reflect the variance across each axis. By
selecting the top n eigenvectors, the multi-dimensional space is reduced to n (typically
two-dimensional, to aid visual representations on paper). Given how the top n eigen-
vectors are selected by the method, these explain the maximum variability possible with
only n vectors.

However, in the MOOC data, there is an assumption the method relies on which
might be violated: that there should not be significant outliers, as they would have a
disproportionate influence on the results. MOOC participation typically follows a long
tail (with the majority of the participants showing low engagement, and very few show-
ing extremely high engagement). My explorations with this method using WEKA's im-
plementation confirmed this. Appendix I shows the results using all features in two
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runs’ datasets (specifically run one of Understanding Language and run six of Portus,
the largest and the smallest of the MOOCs, respectively).

Whilst still useful for identifying the most relevant features for each dataset (as listed
in page I-1), constructing a two-dimensional space from the top two eigenvectors is to be
discouraged in this context. The resulting attributes explain only a very small proportion
of the variability observed in each case (e.g. 27% in run one of Understanding Language,
and 32.1% in run six of Portus'®). Even increasing the number of dimensions would not
improve matters significantly, as incorporating the top five ranked attributes would only
explain 39% and 47.6% of the whole variability in these two respective courses. These
are not acceptable values as it would be desirable to set a number of dimensions that
can explain around 90% of the variability (or over 60% at the very least, as ), otherwise
no valuable insights would be obtained from the subsequent clustering.

Further, the fact that the eigenvectors chosen by PCA are potentially different for
each run of these MOOC is an important limitation for inter-run comparisons as well
as comparisons across MOOCs, let alone comparing against other peer-supported envi-
ronments as per the aim of this thesis. Finally, the resulting clusters (should we use the
“ranked attributes” that PCA outputs as the reduced feature set as input to the clustering)
would have very low-interpretability as the features themselves are a linear combina-
tion of a subset of the original feature set, and therefore, unsuitable for this application,
where high-interpretability is desired in clusters.

Given these considerations, I did not pursue this line of enquiry in what follows,
despite being one commonly used for dimensionality reduction as explained above.

5.5.2 Semantically-chosen features

An alternative approach for dimensionality reduction of the feature space is to group
features semantically to investigate how expressive they are for the data. Choosing
a feature set that expresses well the differences amongst instances in the data would
support the generation of clusters that are a good fit for the data, as well as being of high
interpretability. Therefore, I compared the subsets of features described in Section 5.4:
dialogic features, interval features and badge features, and performed experiments with
the commonly used k-Means clusterer (applied by Kizilcec et al. (2013); Ferguson and

18These percentages are calculated from the highlighted values in Appendix I, after substracting them
from 1 to get the cumulative variance explained with the inclusion of a given factor and all higher-ranked
factors. Including the top two ranked attributes as calculated by PCA explains (1-0.679)*100% of the
variability in the six run of Portus. Hence, an explained variability of only 32.1%.
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Clow (2015a,b); Tseng et al. (2016); Dowell et al. (2018); Kizilcec and Chen (2020))
applied to each of these subsets.

Figure 5.4 shows the performance of the k-Means clusterer using the dialogic fea-
tures from Section 5.4.1, with the number of clusters (k) varying between 2 and 10. It
can be seen that the within-cluster sum of squared errors decreases as k increases. This
is an indication that the instances in each cluster are more similar to each other as the
variation tends to zero. In the limit, where all the instances in each cluster are identi-
cal (or there is exactly one cluster per instance), the differences between each and the
means (characterised by the coordinates of the centroid) are exactly zero and therefore
the sum is zero. Particularly in Figure 5.4, it can be seen that the decrease slows down
after k = 3 (the ‘elbow’ for the clustering), suggesting that this would be the optimal
number of clusters for both Understanding Language and Portus.

The performance of the k-Means clusterer is much poorer with interval features
(from Section 5.4.2), judging by the within-cluster sum of square errors which is in
its thousands as seen in Figure 5.5. In terms of the ‘elbow’, there seem to be two poten-
tial candidates, in k = 3 and k = 8. However, given that the algorithm performs much
better with dialogic features, it would seem that interval features are not as expressive
to differentiate instances. Similarly, when performing the same set of experiments on
badge features from Section 5.4.3, within-cluster sum of square errors starts very high,
with values in the tens of thousands, and then drops to zero at exactly k = 3. This
can be seen in Figure 5.6. Whilst a small within-cluster sum of square errors is desir-
able, it plummeting to zero this early means that all of the instances in the cluster have
exactly the same values as the cluster centroids, and therefore the feature set is not suf-
ficiently expressive for this data. Therefore, it would be very unlikely that any nuances
of behaviour would be noticed by the clusterer.

Given these observations, I focus on the use of dialogic features in what remains of
this thesis.

5.6 Clustering algorithm on MOOC features

Having chosen to do the clustering on dialogic features only, the next step is to confirm
whether the widely used k-Means clustering algorithm is still a good choice for this
dataset, and whether k = 3 (found by the Elbow method as seen in Figure 5.4) is a
good choice for number of clusters.
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FIGURE 5.4: Inspecting the within-cluster sum of square errors to assess the perfor-
mance of k-Means using only dialogic features on data from learners in for Under-
standing Language (all runs) and Portus (all runs).
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FIGURE 5.5: Inspecting the within-cluster sum of square errors to assess the perfor-

mance of k-Means using only interval features on data from learners in for Understand-
ing Language (all runs) and Portus (all runs).
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Badge features from MOOCs (all) with k-Means
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FIGURE 5.6: Inspecting the within-cluster sum of square errors to assess the perfor-
mance of k-Means using only badge features on data from learners in Understanding
Language (all runs) and Portus (all runs).

5.6.1 Which clustering algorithm?

To select an appropriate clustering algorithm, in addition to the k-means clustering al-
gorithm, which was used to select the reduced feature set, I consider two alternatives
and compare their peformance. The first clusterer is Expectation Maximisation (EM),
also mentioned in Table 2.3 as having been used by Bogarin et al. (2014) and others;
and the second one is X-Means (Pelleg and Moore, 2000), given that it is considered a
good improvement to k-Means. Like in the experiments just presented in Section 5.5,
all runs in each of both MOOCs were collated into two large instance files upon which
the clustering algorithms were applied.

However, in terms of assessing the performance, the within-clusters sum of squared
errors could no longer be used as a metric for comparison, as this is not used by EM
or X-Means'® An approach that can be useful in such cases is to preprocess the data
with a given clustering algorithm as a filter, such that to the existing feature set, a new
feature named “cluster” is added to each instance, indicating the label to the cluster it

9The 9og-likelihood’ is an output for EM and X-Means but not for k-Means, so it cannot be used as a
comparative performance metric either.
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was assigned to by the algorithm?’. The resulting file is subsequently subjected to a su-
pervised learning algorithm with cross-validation (a classifier, such as the scikit-learn
DecisionTreeClassifier), using the newly-created feature “cluster” as the ground
truth, or predictive class. The percentage of incorrectly clustered instances that the
classifier outputs is therefore a suitable measure of the goodness of the clusterer, as the
classifier only sees the feature values to predict the labelled cluster, and if the within-
cluster similarity is high, the classification will be highly accurate. Figures 5.7 and 5.8
show that X-Means outperforms both k-Means and Expectation Maximisation (EM) in
both Understanding Language and Portus MOOCs datasets with dialogic features.

5.6.2 How many clusters?

In order to perform the comparison, once again I varied the number of clusters k which
is a parameter for k-Means. Neither EM nor X-means require this parameter, as they are
able to find the number of clusters for optimum fitness from the data if not provided.
However, in both cases, it is possible to set upper and lower bounds for the number of
clusters, and when setting both values to a given k, the algorithms are forced to group
the instances into that given number of clusters.

Interestingly, when left alone (i.e. when k is not set), X-Means typically returns seven
clusters on this data. When running the classifier with a ten-fold validation testing upon
the seven clusters given by X-Means the detailed accuracy by class is very high for both
Understanding Language (all runs) and Portus (all runs too). The information retrieval
values are very high across all classes as shown in Appendix J. However, when running
the clusterer on separate runs of the MOOCs, on occasion it would return four clusters
instead (particularly when the clusterer was used as an instance filter). The reason
behind it might be that the difference in performance is almost negligible across the
different values of k, as shown in both Figures.

Therefore, and for the sake of consistency, I chose to use seven clusters in the sub-
sequent analysis. Seven clusters are also closer to Chua’s taxonomy in terms of number
of distinctively identifiable groups. In addition, in the particular context of dialogic en-
gagement, two distinct categories contain the majority of the learners of the datasets
(i.e. the asocial learners, who did not post any comments, and the loners, who did not
engage in conversations despite having posted comments). Grouping everyone else un-
der the same category, in a third, final cluster, did not seem of sufficient interest as it
would not provide insights on the nuanced behaviours occurring in the long tail of the

20In WEKA the cluster names assigned are: clusterl, cluster2, ..., clusterk.
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Clustering Portus learners on Dialogic Features
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FIGURE 5.7: Percentage of instances incorrectly clustered according to the scikit-learn
DecisionTreeClassifier with varying values of k, using only dialogic features on
data from learners in Portus (all runs).

Clustering Understanding Language learners on Dialogic Features
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FIGURE 5.8: Percentage of instances incorrectly clustered according to the scikit-learn

DecisionTreeClassifier with varying values of k, using only dialogic features on
data from learners in Understanding Language (all runs).
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datasets. Therefore, a more interesting clustering for the data used here would neces-
sarily need to be of a larger number of clusters.

However, it is important to remember that many researchers report findings with a
very small number of clusters. For example, Tseng et al. (2016) report having found
three distinct classes of learners (active, passive, and bystanders); Kizilcec and Chen
(2020), found three clusters (of low, medium and high levels of engagement activity);
and Bogarin et al. (2014) also identify three clusters to characterise failing students
and two types of passing students. Several others in Table 2.3 do report categorisations
of learners with very few classes. Therefore this is also a valid choice, in particular
because the clusterer offered classes with very good precision and recall even with only
four clusters, as per the results shown in Appendix K. This question will be revisited in
Section 5.7, in particular, when discussing Table 5.16.

5.7 Results

Once decisions were made regarding the selection of a reduced set of engineered fea-
tures (dialogic features), a clustering algorithm (X-Means) and a suitable number of
clusters (k = 7), the next step is to interpret the results from the clustering process
for these selections. In particular, in this section I investigate the size of the resulting
clusters and their coherence (in Section 5.7.1); give them meaningful names based on
the central measures of the instances within for both MOOCs when all the runs are
aggregated (in Section 5.7.2), and repeat the process for each run of each MOOC (in
Section 5.7.3). Then, in Section 5.7.4, I look into the distribution of learners across these
newly-named categories and compare these distributions against those given through
the heuristic by Chua et al. (2017), as presented in Section 5.3.1.

5.7.1 Size and coherence of resulting clusters

I investigate the size of the resulting clusters and their coherence. In order to do so, it
is necessary to inspect the confusion matrices generated as described in Section 5.6.1,
when the scikit-learn DecisionTreeClassifier was used to determine the goodness
of the fit. Figures 5.9 and 5.10 show the confusion matrices for the classifier when
predicting the seven clusters found by X-Means on the datasets containing all of the runs
available for the Portus MOOC and the Understanding Language MOOC, respectively.

A confusion matrix plots the goodness of a classifier by showing whether the ground
truth (commonly depicted in the x axis) matches the predicted class (in the y axis).
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Portus (all) with X-Means (k=7)
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FIGURE 5.9: Confusion matrix plots for the scikit-learn DecisionTreeClassifier on
the seven clusters found by X-Means applied to the Portus MOOC (all runs combined),
with k=7

Understanding Language (all) with X-Means (k=7)
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FIGURE  5.10: Confusion matrix plots for the the scikit-learn

DecisionTreeClassifier on the seven clusters found by X-Means applied to
the Understanding Language MOOC (all runs combined), with k =7
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The numbers of instances for which the prediction is correct lie on the diagonal of the
matrix. Misclassifications, lying elsewhere on the matrix when occur, are also important
to inspect to gain insight on the kinds of “confusion” that may take place between classes.
This is evident in the matrices shown in Figures 5.9 and 5.10, where, in addition, I used
a heatmap to highlight the intensity of the matches (the darker the colour, the higher
the number of instances). Specifically, I used a logarithmic-scale colour map to facilitate
its reading, due to the high imbalance of the clustered data, as indicated by the colour
bar next to each confusion matrix.

On closer inspection, it is possible to make the following observations: firstly, as
mentioned, the clusters found are very imbalanced. In particular, cluster 6 in both cases,
contain the highest number of instances by far, both with the largest numbers of correctly
classified instances (14,594 and 93,848 respectively), several orders of magnitude more
than the other classes, which are nonetheless largely accurately classified (though there
is some noise outside the diagonal indicating a few dozen misclassifications). The great
class imbalance observed is expected, given the nature of the data, and the 90-9-1 rule
as discussed in Section 5.3.

Despite this large imbalance, the clusters are inherently coherent, as the high level
of similarity between instances within the same cluster are usually correctly predicted
when subjected to the scikit learn DecisionTreeClassifier. This is evident in Fig-
ures 5.9 and 5.10, since both matrices are markedly diagonally-dominant, indicating a
high coherence in the classes, which is most particularly true for the largest classes in
both sets of results (containing 14,594 and 93,848 instances). Given this high inter-
cluster coherence, the next logical step is to assign clusters meaningful names that are
able to characterise each cluster in domain-interpretable terms.

5.7.2 Semantically chosen names for clusters in both MOOCs

Having established that the seven clusters found via unsupervised learning are coherent,
I next inspect the resulting clusters to give them meaningful names based on the central
measures of the instances within.

Box-and-whiskers plots, such as those in Figures 5.11 and 5.12, are used to demon-
strate central measures and dispersion of the data and are interpreted as follows: the
green triangle indicates the mean, the orange bar indicates the median. The lower and
upper limits of the boxes represent the 25" and 75" centiles, otherwise known as the
interquartile range (IQR). The ‘whiskers’, are the lines extending to either side of the
box to 1.5 times the IQR, to indicate the variation in the data. Any other values outside
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this range are deemed as outliers and are indicated by circles. The number of comments

are plotted against a logarithmic scale.

Portus (all runs)

For each cluster in the Portus dataset containing all runs of the MOOC, their semantics

are loosely based on the names of the groups by the heuristic in Chua et al. (2017), ac-

cording to the mean and median values for the dialogic features as shown in Figure 5.11.

These are as follows:

cluster3

cluster4

cluster5

cluster6

Initiators without replying: This group has non-zero starting posts (SP), with both
mean and median greater than one; non-zero lone posts (LP), with a mean and
median of ten lone posts and non-zero first replies (FR). However, both the mean
and median are zero for initiators replies (IR), and additional replies (AR). There
are 1,108 instances in this cluster.

Active social learners: In this group, the central measures for both SP and LP are
greater than 10, and all FR, IR, AR are greater than one. There are 150 instances
in this cluster.

More active social learners: As above but even higher number of comments for the
means and medians of all dialogic features. There are 32 instances in this cluster.

More active social learners who do not give additional replies: Similar to cluster5
below but with an even higher level of comment activity. All dialogic features have
central measures greater than one, except AR, for which is zero in both counts.

This group has 114 instances.

Active social learners who do not give additional replies: All dialogic features have
central measures greater than zero, except AR, for which is zero in both counts.
There are 313 instances in this cluster.

Asocial learners: All dialogic features are at zero, except for the outliers that are
shown. There are 14,602 instances in this cluster.

Initiators who respond. This group has non-zero starting posts (SP) yet a zero me-
dian for initiators replies (IR). Though the mean is non-zero, 75% of the members
of this cluster have less than one IR. Given the size of the cluster, the mean is very
sensitive to the outliers’ effect (there are 25 instances in this cluster, and one of
them has given tens of initiator’s replies.)
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FIGURE 5.11: Box-and-whisker plots for the dialogic features on clusters found by the
X-Means clustering algorithm on the Portus MOOC (all runs), with k = 7. The se-
mantics for each cluster, based on the median values for the dialogic features are

as follows. -: Initiators without replying; -: Active social learners;

cluster3 : More active social learners; -: More active social learners who do

not give additional replies; cluster5 : Active social learners who do not give additional

replies; -: Asocial learners; -: Initiators who respond.
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Understanding Language (all runs)

For Understanding Language, I analysed the central measures of the clusters shown in

Figure 5.12, guided by the categories in Chua et al. (2017) as explained in Section 5.3

and similarly applied above. This resulted in the following cluster names:

- Active social learners: In this group, the central measures for both SP and LP are

greater than ten, and all FR, IR, AR are greater than one. There are 691 instances
in this cluster.

- More active social learners who do not give additional replies: This is similar to

cluster3

cluster4

cluster5

cluster6

cluster3 below but with a higher level of comment activity. All dialogic features
have central measures greater than zero, except AR, which has a median of zero
and a mean less than one. All learners in this category have zero AR, except
outliers. There are 1,313 instances in this cluster.

Active social learners who do not give additional replies: Similar to cluster2, only

with a lower level of comment activity. There are 2,679 instances in this cluster.

Active social learners without turn-taking: Non-zero SB LP and FR, but zero for IR
and AR for most instances except outliers (no initiators replies, and no additional
replies). There are 4,843 instances in this cluster.

Loners: All features are zero apart from LP for most of the 10,827 instances (except
for outliers).

Asocial learners: All dialogic features are zero. In the plot, only outliers are shown.
The size of this cluster is 93,851 instances.

- Initiators without replying: This group has non-zero starting posts (SP) yet a zero

median for initiators replies (IR). Though the mean is non-zero, 75% of the mem-
bers of this cluster have less than one IR. There are 7,268 instances in this cluster.
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FIGURE 5.12: Box-and-whisker plots for the dialogic features on clusters found by the
X-Means clustering algorithm on the Understanding Language MOOC (comprising all
of the available runs), with k = 7. The semantics for each cluster, based on the me-
dian values for the dialogic features are as follows.

: Active social learners;
-: More active social learners who do not give additional replies; | cluster3 : Ac-
tive social learners who do not give additional replies; -: Active social learners

without turn-taking; cluster5 : Loners; -: Asocial learners; -: Initia-

tors without replying.
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5.7.3 Semantically chosen names for clusters in each run of a MOOC

As mentioned in Section 5.2.1, even small variations in the learning design between
consecutive runs may lead to variations in the evidenced learning engagement. This is
investigated by repeating the process I have just described in Section 5.7.2, but instead
inspect the confusion matrices and the box-and-whiskers plots associated to each of the
runs of each MOOC. All of these plots are available in Appendix L, comprising sixteen
confusion matrices and sixteen groups of seven box-and-whiskers plots.

It is important to note that, using those plots, I applied the same process for de-
termining the semantics of each cluster as in the previous section, that is, naming the
clusters as closely as possible?! to the classes provided by Chua et al. (2017), whilst
incorporating any relevant variation (such as a higher level of activity, or an additional
distinction that would count as a sub-category of those original classes).

However, to ease the identification of the classes found across all of the sixteen runs’
studies (six for Portus and ten for Understanding Language), I added another modifier to
the name, which is pre-pending a number followed by a letter, to facilitate keeping track
of subdivisions of the original categories made by Chua et al. (2017), especially given
there is a high similarity amongst several of these names. These are shown under the
column “Classes found” in the set of Tables 5.12 to 5.15. In particular, Table 5.12 shows
the mapping between the cluster name as assigned by the X-Means clusterer and the
associated category name found through manual inspection of the boxplots (for all of
the runs of Portus), whereas Table 5.13 shows the size of each of those clusters in number
of instances. The remaining two tables show the same findings but for Understanding
Language.

21Though I named some of the categories similarly to those in Chua et al. (2017) these are not exactly
the same. For example, an initiator without replying “never replied others’ initiating posts despite receiving
replies from others” (Chua et al., 2017). This is too tight a definition, given the overall behaviour as
observed in the cluster containing 1,098 learners in Figure K.1, where with the exception of a handful of
outliers, for all cluster instances AR=0, and both IR and FR had very low values too. This is even more
evident in Figure K.2, where the median of FR considering all 9,279 learners in this cluster is exactly one,
and for both IR and AR is exactly zero.
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TABLE 5.12: Semantic classes for the clusters found by X-Means in Portus (for each run),
with k =7.

Portus
Classes found 1 2 3 4 5 6

1-  asocial learners cluster6 cluster5
2-  loners clusters

2a- more active loners

3-  initiators without replying - cluster5 -

3a- more active initiators without replying

4-  initiators who respond

5-  replier cluster3 clusteré

6-  reluctant ASL cluster3 cluster5

7-  ASL without turn-taking clusters  cluster JBSIERA) clusters cluster6

7a- more active SL without turn-taking
7aa- even more active SL without turn-taking
8-  active social learners

8a- more active social learners cluster3 cluster3

8aa- even more active social learners
8b- ASL who do not give additional replies
8bb- more active SL who do not give additional replies

TABLE 5.13: Numbers of learners in each of the semantic classes for the clusters found
by X-Means in Portus (for each run), with k = 7.

Portus

Classes found 1 2 3 4 5 6
1-  asocial learners 4134 848
2-  loners 60
2a- more active loners
3-  initiators without replying - 286 -
3a- more active initiators without replying
4-  initiators who respond
5-  replier 6 2
6- reluctant ASL 589 15
7-  ASL without turn-taking s3] el 47 30

7a- more active SL without turn-taking
7aa- even more active SL without turn-taking

8-  active social learners

8a- more active social learners

8aa- even more active social learners

8b- ASL who do not give additional replies

8bb- more active SL who do not give additional replies
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TABLE 5.14: Semantic classes for the clusters found by X-Means in and Understanding
Language (for each run), with k =7.

Understanding Language

Classes found 1 2 4 5 6 7 8 9 10 1"
1-  asocial learners m
2- loners clusters cluster5 cluster5 cluster5
2a- more active loners clusterd -
3- initiators without replying clusterd -
3a- more active initiators without replying
4- initiators who respond clusterd
5-  replier

6- reluctant ASL
7-  ASL without turn-taking
7a- more active SL without turn-taking

cluster3

7aa- even more active SL without turn-taking

8- active social learners cluster5 cluster5 cluster3 clusters
8a- more active social learners cluster5

8aa- even more active social learners

8b- ASL who do not give additional replies clusterd
8bb- more active SL who do not give additional replies

TABLE 5.15: Numbers of learners in each of the semantic classes for the clusters found
by X-Means in Understanding Language (for each run), with k = 7.

Understanding Language

Classes found 1 2 4 5 6 7 8 9 10 1"
1-  asocial learners m
2-  loners 679 399 264 378
2a- more active loners 848 -
3- initiators without replying 204 -
3a- more active initiators without replying
4-  initiators who respond 431
5-  replier

6- reluctant ASL
7-  ASL without turn-taking
7a- more active SL without turn-taking

7aa- even more active SL without turn-taking

8- active social learners
8a- more active social learners

8aa- even more active social learners
8b- ASL who do not give additional replies 64
8bb- more active SL who do not give additional replies
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5.7.4 Distribution of learners across the newly-named clusters

This section analyses the distribution of learners across the classes identified in the pre-
vious section. I perform this analysis in a similar manner as that presented in Sec-
tion 5.3.1, that is, by inspecting bar charts plotting the numbers of learners on each
category.

However, in order to illustrate the importance of having renamed® the clusters
found by X-Means through a manual inspection of their semantics, let us first consider
the numbers of learners assigned cluster labels given by the algorithm, ignoring for a
moments the names I gave them by inspecting the boxplots in Appendix L, as explained.

It is clear that these would not easily interpretable, other than signalling that there
is a large class imbalance observed across all runs, in which some clusters have several
thousands of learners whereas for others it is merely a handful. This large class imbal-
ance is evidenced in both MOOCs. For example in Portus (in Table 5.13, cluster6 in
run one (shown in orange) and cluster?7 in run two (in red) have around four thousand
learners each, whereas cluster3 in run six (in cyan) and cluster6 in run five (in orange
still) have only two learners each. This is also noticeable in Understanding Language
(in Table 5.15, where for cluster7 in run one (shown in red) there are 22,108 learners,
yet only two in cluster5 for run six (in yellow).

The difficulty in gaining further insights from this clustering lies with the fact that the
X-Means algorithm groups instances according to the similarity found in the defining fea-
tures in each experiment (i.e. for each separate run of the MOOCs). Though the clusters
are highly coherent (as shown in the confusion matrices in Figures L.1 and L.8), there
is no shared memory across experiments, and therefore the cluster labels are freshly
assigned each time and cannot be expected to be coherent across experiments as they
are within.

The manual inspection of the box-and-whisker plots for each cluster is one way to
overcome this evident difficulty of comparing clusters across different runs of the studied
MOOCs. By relabelling the clusters found and grouping them by their semantic names
before making the bar charts (as described at the start of this section), there will be an
improved interpretability of the variations in groups composition amongst runs of each
MOOC. This is explained in the next section.

22 Another note on names. In earlier drafts of this thesis I had used different names for several of these
categories but, for the sake of clarity in the comparisons, I reverted to the original names given in Chua
et al. (2017). In particular, and as mentioned before, I did not want to use the term ‘loner’.
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Replotting bar charts to include every semantic class

The bar charts that include every semantic class listed in Tables 5.13 and 5.15 are shown
in Figures 5.13 and 5.14. There are a number of insights emerging from these charts.
Firstly, though many different classes are found within the MOOCs studied, only a few
appear consistently in most runs (if not all). For Portus (Figure 5.13), these are:

e ‘l-asocial learners’,

e ‘7-ASL without turn-taking’,

e ‘8-active social learners’,

e ‘S8a-more active social learners’.

Ilrun lllrun 2
D [lrun 3 run 4
Itrun 50 0run 6
103 [ N
ol
—_
5]
g
T 10?2
—
ey
o] J
-
5]
E
= _
=
10t | ' .
10 ner® ners \‘j'\i\g . ol\d \19"| JXSL AOng ners I ner® ners \ies es
cial 1ot 20 ou® TP im0 yesP B'Tep\‘ cran® & v il 10T o) Yot Loy heat ona! te.‘i‘\oga\ ep
4-a80 ops WIRPS L kot G-V oW e 59T e 89T e 597 o ad®i%! e addy
L ia ko mb AR _ac! ac ac V! n
3‘_‘“\“‘,, A 1'}_5 B O e o more Yo ot & do ot &
N e o ho
gaa < gy, W oy, W
L
ore &
oo

FIGURE 5.13: Distribution of social learners across on Portus according to the clusters
found by X-Means (k = 7) and interpreted using the classification by Chua et al. (2017).
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whereas for Understanding Language (Figure 5.14), these are:

e ‘l-asocial learners’,
e 2-loners’,
e ‘7-ASL without turn-taking’,

e ‘8-active social learners’.
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FIGURE 5.14: Distribution of social learners across on Understanding Language accord-
ing to the clusters found by X-Means (k = 7) and interpreted using the classification by
Chua et al. (2017).

Also noteworthy are variations in the level of a given type of activity are often found,
these are not observed consistently across all runs. For example, run two in Understand-
ing Language had a ‘2a-more active loners’ class, which was not observed in any other
run. Similarly, run ten is the only run showing three different classes of active social
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learners without turn-taking, with varying levels of activity (i.e. ‘7-ASL without...’, ‘7a-
more active SL without...’, and ‘7aa-even more active SL without...”).

However these classes were not observed consistently across all the runs and their
presence or absence might be a by-product of the changes in the learning design or af-
fordances of the platform itself. Examples of such, is the occurrence of the significantly-
sized clusters ‘3-initiators without replying’, and ‘3a-more active initiators without re-
plying’, which were only observed in the earlier runs of Understanding Language, but
was only observed once again, in run 11, and in a much reduced number. This is sim-
ilar to the large clusters of ’4-initiators who respond’ which appeared in early run of
both MOOCs but in this case are never seen again. In fact, the demise of the initia-
tors’ classes coincides with the emergence of the new classes ‘7a-more active SL without
turn-taking’ and ‘8a-more active social learners’. It is quite possible that learners in these
classes migrated from a low-engagement class to a higher-engagement class, following
the introduction of the intervention by FutureLearn mentioned in Section 5.3, by which
learners receive email notifications when others reply to their comments. This interven-
tion took place in early 2016, between runs three and four in both MOOCs, as per the
dates shown in Table 5.1.

Another observation to make from observing the barcharts in Figures 5.15 and 5.16
is that there are some categories defined by Chua et al. (2017) which rarely appear in
a MOOC (if ever) and when they do, it might be with a very small numbers of learn-
ers. This is the case of ‘5-repliers’, which appears in Portus but not in Understanding
Language, and ‘6-reluctant ASL’ which appears only in a few runs of each MOOC. In
particular, there are only five, six, and two repliers in the second, third, and fifth runs

of Portus respectively.

5.7.5 Comparing against the learner types as per Chua’s heuristic

Despite a carefully-chosen naming convention for the labels to order them in the x axis,
further insights from the charts in the previous section are still hard to extract. This is
due to the results being disaggregated by the categories found by the clusterer which,
as discussed, do not appear consistently across all runs of MOOC. Adding the clusters
containing instances of specialisations from the original categories in each run results
in the distributions in Figures 5.15 and 5.16. These show the barcharts of categories
per run when these have been aggregated according to the names of the classes as per
the heuristic, e.g. adding ‘2-loners’ to ‘2a-more active loners’ in a given run, and all
variations of ‘8-active social learners’ together (i.e. ‘8-active social learners’, ‘8a-more

active social learners’, ‘8aa-even more active social learners’, ‘8b-ASL who do not give
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FIGURE 5.15: Distribution of social learners across on Portus according to the clusters
found by X-Means and aggregated guided by Chua’s classification
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FIGURE 5.16: Distribution of social learners across on Understanding Language accord-
ing to the clusters found by X-Means and aggregated guided by Chua’s classification
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additional replies’, and ‘8bb-more active SL who do not give additional replies’).

This aggregation allows for an important like-for-like comparison between the classes
found via a data-driven approach (since clustering is an unsupervised learning algo-
rithm) and those set by the application of the heuristic by Chua et al. (2017) with the
addition of the asocial class. This entails inspecting these figures and comparing them
against Figures 5.2 and 5.3, which showed the distributions of learners in each of the
runs for the MOOCs according to the heuristic explained.

At first glance there seems to be a correspondence between the clusters found via
unsupervised learning, and those defined by the heuristics. However, some important
differences are noticeable, beyond the minor issue of the labels not being in the same
order (as the chosen ordering served different purposes each time). The most recent,
Figures 5.15 and 5.16, show much fewer learners in some of the classes (as discussed
in Section 5.7.4), but also some other classes with much more learners than their near-
homonyms in the heuristic case. This insight can be made more precise through com-
paring the exact numbers in Tables 5.4 and 5.13 side by side for Portus, and those in
Table5.15. For example, there are many more ‘1-asocial learners’ than ‘asocial learners’
in each of the runs of both MOOCs*.

Therefore it is clear that the apparent correspondence between the heuristic and
the data-driven approach is not quite an exact match, and that many of the learners
considered by the heuristic as “social” (because they might have made a comment of
certain kind) are in fact considered by the clusterer as exhibiting behaviours much closer
to that of an asocial learner than to any of the other categories that the nature of their
given comment would have placed them into. Further, this “migration” of learners from
heuristic-based classes into data-driven classification is much more widespread than
the few examples given in Footnote 23, as Figure 5.17 evidences. To create this figure
I constructed the matrix so that the “ground truth” were the clusters generated by X-
means (with k = 7) and the “predicted class” were those determined by the heuristic.
The clusters were renamed in order to pivot the columns so that, if the match of clusters
to classes was good, it would appear largely as a diagonal, with a high correspondence
between clusters and classes.

This matrix shows that all asocial learners (in cluster6, now c1) were correctly iden-
tified as ‘1-asocial learners’, as the top left value for each matrix are exactly the same

values as those in the corresponding entries in Table 5.4 show for all runs of Portus

BIn Portus 1 there were 3,261 asocial learners, yet the X-Means algorithm identified 4,134. Portus 2
saw an increase from 2,748 asocial learners into 3,562 ‘1-asocial learners’. For Portus 3, the increase was
from to 1,205 to 1,418; for Portus 4 it was from 1,716 to 2,107; for Portus 5 from 1,704 to 2,000; and
for Portus 6 from 751 to 848. The same phenomenon was observed in Understanding Language, across
all of the ten runs I examined.
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DIAL portus_all runs_7clusters.csv

1-asocial [USER]
2-loner LIS
3-initiator without replying |85
4-initiator who responds
S-replier
B-reluctant asl

7-asl without turn-taking

8-active social learner E

cl c2 c3 c4 ch ch cf

FIGURE 5.17: Confusion matrix plot for the matching of clusters found by the X-Means
clustering algorithm on the Portus MOOC (all runs), with k = 7, against those cate-
gories identified by applying Chua’s heuristic. The mapping for cluster names that al-
low pivoting the confusion matrix (for improved readability) is as follows: clusterl—c2,
cluster2—c7, cluster3—c6, cluster4—c4, cluster5—c3, cluster6—c1 and cluster6—c5.

(11,385), meaning that the recall for this class was 100%. However, the precision is
poor as many instances across the other categories in the heuristic are also deemed to
be ‘1-asocial’. This is due to the strictness of the definition of the heuristic in Chua
et al. (2017), whereby a learner is deemed to be of a certain class by having posted at
least one comment of a given type. For example, someone having produced just one
lone post would be deemed a ‘loner’ whilst someone having given only one reply would
be a replier, despite neither of them having had any more engagement throughout the
course. The clusterer would rightfully deem these two cases as having more in common
with each other (and with asocial learners) than with loners or repliers who may have
produced many more posts of each kind. It is clear that the intensity of interactions
is a very important differentiator of learner groups, as much as the type of these in-
teractions is. Whilst for Chua et al. (2017) only the type of interactions is taken into
account, for much of learning analytic research I reviewed it is only the intensity of in-
teractions which guides the classifications (Milligan et al. (2013); Kizilcec et al. (2013);
Kizilcec and Chen (2020); Alario-Hoyos et al. (2014); Anderson et al. (2014); Ferguson
and Clow (2015a,b), amongst others). A clustering approach such as the one presented
in this thesis, which combines both type and intensity of interactions, is an important
contribution to this space.
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5.8 Summary and conclusion for this chapter

The feature engineering process described in Chapter 3, informed by the model defined
in Chapter 4 on the data described in Section 5.2 produced an anonymised dataset
with 78 features extracted on learner engagement data in sixteen FutureLearn MOOCs,
comprising dialogic features, interval features, and badge features amongst others. An
analysis of the performance of a clustering algorithm on three feature subsets led to the
selection of dialogic features. Through a similar performance analysis, the clustering
algorithm X-Means was selected as it was superior by far amongst those trialled. Less
clear were the performance gains in selecting a number of clusters amongst experimen-
tation between two and ten. In particular, the choices of k = 4 and k = 7 seemed equally
appropriate from this perspective, but I settled for seven clusters as this was closer to
the number of classes in the heuristic by Chua et al. (2017).

In the sixteen experiments involving each run of each MOOC, all of these heuristic
classes were observed in the clusters (as well as several additional variations, to account
for intensity of interaction or further specialisation of a class). However, not all the
classes were observed, and only four were consistently found across most of the runs,
as shown in Table 5.16. This suggests that having chosen k = 4 instead of seven would

have probably led to similar conclusions overall.

TABLE 5.16: Summary comparative table of clusters.

Categories . ] Social learner groups
8 . Clusters found with X-Means (k = 7) in at least | ., . . group
found in one run of Portus or Understanding Language in the heuristic by
most runs 3 guag Chua et al. (2017)
Asocial .
1-asocial learners N/A
learners
. , 2-loners
Loners - Loners
2a-more active loners
3-initiators without replying Initiators without
(Active) 3a-more active initiators without replying replying
social 4-initiators who respond Initiators who respond
5-replier Repliers
learners . .
. 6-reluctant ASL Reluctant active social learners
without

turn-taking

7-ASL without turn-taking

7a-more active SL without turn-taking

7aa-even more active SL without turn-taking

Active social learners
without turn-taking

8-active social learners

Active 8a-more active social learners
social 8aa-even more active social learners Active social learners
learners 8b-ASL who do not give additional replies

8bb-more active SL who do not give additional
replies
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The categories more commonly found across most runs of both MOOCs are:

A cluster of asocial learners, who did not make any comments, or had exhibited
so little activity that it was deemed by the algorithm to be more similar to learners
in this class than to any other.

e A cluster of loners’, who despite having posted comments, these tended not to
spark any comments from peers.

o A cluster of (active) social learners without turn-taking, including those who tended
to initiate conversations (some, if not all, their posts were commented upon), and
also replied to others. I place the word “active” in parenthesis, to denote that the
key term is not the level of activity but rather that they tended to miss out on the
turn-taking nature of conversations with peers.

o A cluster of active social learners, comprising those who, in addition to engaging
in the behaviours by the other groups, would also reply under their own initiating
posts and do additional replies.

In addition to the above, other clusters of nuanced behaviours were observed in
each of the runs, roughly falling in the above categories but with sufficiently distinct
data characteristics to be picked up by the X-Means algorithm as separate clusters.

The analysis of the results of such experiments provide answers to the research ques-
tion RQ2 of this thesis: What does a data-driven approach to learner interactions reveal
about learning engagement within FutureLearn MOOCs? In summary, it reveals that:

e unsupervised learning algorithms such as clustering in general, and X-Means in
particular, are useful to discriminate different classes of learner interaction be-
haviours naturally occurring in FutureLearn MOOCs;

e learning design changes impact posting behaviour of learners, with simple nudges
such as email notifications being possibly responsible for the disappearance (or
significant reduction) of behaviour classes such as ‘initiators without replying’ and
the emergence of higher-activity classes such as ‘more active social learners who
do not give additional replies’, amongst others;

e learners’ posting behaviour in MOOCs follow the 90-9-1 rule, were the large ma-
jority of learners ‘lurk’ and do not produce any posts (hence called ‘asocial’ here),
with few learners being very active participants, producing hundreds of posts
each; and,
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e dialogic heuristics such as that by Chua et al. (2017) are helpful in defining a
nomenclature in the analysis of clusters of learner engagement in conversation
though are not sufficient to capture nuanced behaviours defined by the intensity
of interactions in a given course which emerges from data-driven approaches.



Chapter

Peer-learning in face-to-face
instruction mediated by PeerWise

“The relationship between the teaching and research
is the same as between the confession and sin:
If you have not sinned, then you have nothing to confess!”

Anonymous, quoted in “HOW TO SOLVE IT: MODERN HEURISTICS”, by Z. Michalewicz
and D. B. Fogel, Springer.

Though the epigraph above suggests that the ability to teach a topic is gained through
having researched it, certainly much research can also be born out of teaching. Indeed,
much of the literature discussed in Section 2.3, if not all, was on research emerging
from the use of PeerWise in teaching practice. This is also the case for the research I
present in this chapter, which was motivated by observations made whilst lecturing in a
second-year module in Human-Computer Interaction at the University of Southampton,
where I was responsible for the assessment design and learning activities of two cohorts
in consecutive years.

In particular, the lens I use in this chapter to analyse the engagement of students in
these two cohorts is research question RQ3: What does a data-driven approach to learner
interactions reveal about learning engagement within the PeerWise digital environment
for face-to-face instruction? To answer this question, I applied the model presented in
Chapter 4 to data collected through a quasi-experiment! on two consecutive offerings
of the same module, the motivation and context of which is detailed in Section 6.1.

!This is a quasi-experiment as defined in Section 2.1.2, as it is an ex post facto study on an oppor-
tunistic sample of two non-random groups of students exposed to one variation in the learning design.

141
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The datasets related to each offering of the module are described in Section 6.2.
Section 6.3 gives details on the application of the model on this platform to engineer
suitable features as described in the methodology in Chapter 3. The feature extraction
process on these datasets is given in Section 6.4, followed by the application of the
clustering algorithm on the data using the engineered features, in Section 6.5.

The results of the clustering allows for a direct comparison against the findings on
MOOC engagement as shown in the previous chapter. Such a comparison would provide
an answer to research question RQ4 Is learner engagement different in different kinds of
peer-supported digital environments, be it a complement to face-to-face instruction, or a
fully online course? This is presented in Section 6.6. A summary and conclusion for this
chapter is given in Section 6.7.

6.1 Motivation and context

Recent years have seen an increase in research interest in learner engagement within
peer-supported digital environments. Yet, within said spaces, the effect of lecturers’
participation incentives on the quality of learner interactions has been little explored.
This chapter presents one such study of learner engagement over two consecutive years
of using the web-based peer-learning software PeerWise.

This study lies at the intersection of two separate but related trends in higher edu-
cation: Firstly, multiple-choice questions (MCQs) becoming more pervasive in student
assessment, due to a combination of larger student numbers, reduced teaching resources
and the greater efficiency afforded by computerised MCQ marking (Nicol, 2007). This
trend towards more MCQ-weighted assessment has however been outlined as problem-
atic, particularly so in discursive subjects, such as those from the arts and humanities,
given that previous findings about MCQs being associated with promoting memoriza-
tion and recall to the neglect of higher order cognitive processes (Scouller, 1998; Nicol,
2007). The second trend is the increased interest in the study of learner data from
peer-supported environments such as Course Management Systems (CMSs) and Vir-
tual Learning Environments (VLEs), as mentioned in Section 2.4. The rising interest in
learning analytics applied to data from these environments is typically focused around
issues of predicting attainment (much like learning analytics in MOOCs much too often
focuses on predicting dropout). In many of these environments however, there are con-
versational capabilities that can be studied with learning analytics for a more complete
picture about engagement, which has not been done amongst the reviewed literature
thus far, other than those following Social Network Analysis approaches (as cited in
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Romero and Ventura (2010)).

Having outlined the wider context of this part of my research, I now move on to
describe the specific context within which it is situated, including some details about
my previous research? in this space, much like I did in Section 5.1 in MOOCs.

The context of application was the 12-week long module Interaction Design (code
COMP 2213), a second year module at the University of Southampton on topics of
human-computer interaction. This is a compulsory module for Computer Science stu-
dents at the University of Southampton, and optional in several other courses, including
Psychology and Web Science. As described in Wilde and Snow (2018a), faced with in-
creasing student numbers (from less than 80 to over 160 in two years®), I worked on
redesigning the assessment with the main intention of providing, with other lecturers®,
timely feedback to challenging, engaging coursework. Particularly challenging for this
module is the fact that much of the content of the module is discursive in nature, as it in-
troduces knowledge and skills from social sciences and arts (including design thinking,
design theory and qualitative methods) with an emphasis on the human elements of
computing (including cognitive psychology). This is inherently different from students’
previous experiences in computer science modules.

Introducing PeerWise to the module was amongst the changes to the learning design
described in Wilde and Snow (2018a). With some colleagues in my teaching team, I ob-
served that the first cohort had used PeerWise as a revision aid beyond the requirements
of the module, as described in Snow et al. (2018). There, details on the experiences of
students’ and lecturers using PeerWise for first time for Interaction Design are given.
With my co-authors analysed learner engagement in this module and presented results
of a mixed-methods analysis of learner engagement with the software (Snow et al.,
2018). In particular, we used qualitative methods to explore the themes that students
reflected upon, around issues of use of software as a revision aid, appropriateness of
use for the learning matter, and affordances of collaboration amongst several others.
In terms of quantitative methods, we used descriptive statistics to identify exam marks
distributions amongst those st<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>