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Studies on the use of virtual learning environments (VLEs) fall into three distinct cate-
gories, those which capture user behaviours as a prediction of performance, those who take
user behaviours to generate early warning systems for potential failure, and those which seek
to uncover the effectiveness of particular features. We are motivated in this study by the way
these learning behaviours are gathered, adopting a topological perspective to understanding
the data bringing persistent homology of point clouds to the learning analytics literature for
the first time. Ours is also a study which integrates online data with physical attendance in
lectures and seminars to gain a fuller picture of student engagement, something only possible
for the small subset of works on traditional ‘bricks and mortar’ universities in which this
study sits.

Evidence on the link between learning analytics data and student outcomes is mixed,
Iglesias-Pradas et al. (2015), Strang (2016) and Hernández-Garćıa et al. (2018) amongst
the many to find a lack of statistical significance. Hernández-Garćıa et al. (2018) focuses
particularly on success in group assignments, demonstrating how even specific measures
related to a defined learning activity may not produce significance. Alves et al. (2017)
identify access to VLEs as improving performance in a large study of over 6500 students.
Gašević et al. (2016) find differences in association across disciplines, but do identify many
engagement behaviours that produce significant uplift for performance. Our study does not
demand association per se, but it is through the potential linkage with performance that
the rationale for understanding more of VLE behaviour is found. Hernández-Garćıa et al.
(2018) raises an important qualification on extant results; the confounding effects of related
variables generating multicollinearity far beyond the levels credited in most studies.

Clustering learning behaviours can be highly informative, helping educators to identify
behaviours and to gain a fuller picture within the early warning context Gašević et al. (2016).
Cerezo et al. (2016) identifies those who are task-orientated and those who may require
different learning approaches to engage; a role for personalised VLEs is posited. Common
amongst all of these papers is the use of k-means clustering, an approach data topography
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can significantly improve upon. Clustering has the advantage of producing measures that can
then be put into second stage regressions combining the data and removing the confounding
concerns of Hernández-Garćıa et al. (2018); trading a loss of detail with statistical validity we
argue persistent homology can maintain more information whilst still delivering a meaningful
measure for future association with performance.

Boulton et al. (2018) study of engagement and learning outcomes at the University of
Exeter provides an excellent exposition of the challenges facing analysis of data from a ‘bricks-
and-mortar’ institution. Developing the discussion from Agudo-Peregrina et al. (2014) and
Gašević et al. (2016) it is argued that controls for departmental cultures, physical learn-
ing design, assessments and interaction with the pedagogy must be included in any study.
Boulton et al. (2018) extracts these differences from modules across academic disciplines
with different cohort sizes and learning designs. Identified significance of such cautions on
the generalisation of results from small studies like ours; our proposition is that greater un-
derstanding of the data and combination with physical attendance data is an approach for
wider adoption which can then be expanded to gain the generalisability achieved with less
fine-grained approaches.

Data logging can inform of which content students open, how long they spend looking
at it and when this activity takes place; such logs are highly detailed but also very noisy
as clicking behaviour and attention are very different things; Lorigo et al. (2008) study of
eye movement in webpage viewing demonstrates such. Viewing time aides identification of
procrastination as a behaviour class in Cerezo et al. (2016). Strang (2016) takes a more
pragmatic approach to attendance, recording presence for a student who logs into the VLE
more than once during a given week; this abstracts from the viewing time challenge and
informs the approach we take with our analysis. Breakdowns of access, time online and
engagement with various activities allows us to produce a multidimensional rich data cloud
which is evolving for each student over each week of the module.

Persistent homology, as adopted here offers a more noise robust clustering tool based on
the data cloud. Our first demonstration is to show the additional clarity it delivers versus
commonly adopted segmentation approaches such as k-means. An excellent exposition of
the methodology is provided by Carlsson (2009), whilst opportunities in text mining applied
widely in learning analytics can be found in Wagner et al. (2012). Our paper adapts these
for the context of module engagement data. Persistent homology views data points as reali-
sations from a larger surface of possibilities, removing any need for distribution assumptions
of the type so heavily criticised in learning analytics studies. It is a stable representation
robust to small peturbations within the data cloud (Chazal et al., 2013; Chacón et al., 2015).

We demonstrate two processes through which homology can identify student behaviours.
Firstly we can use positions within the overall point cloud to construct distance based clus-
ters, this has closest similarity to the k-means and geometric approaches of Cerezo et al.
(2016); Gašević et al. (2016) and others. Point locations are described as being in dimension
0, robustness to noise is the primary benefit of persistent homology from this perspective.
From observing the homology of individual behaviours through the course we create a per-
sistence landscape for each student measuring it via the landscape norm. We focus on the
zero and first dimension homologies; the latter capturing the stability of features within the
data as well as the locations of points. A wealth of statistics enable delving deeper into many
more dimensions but as we demonstrate basic dimension 0 analysis is sufficient for learning
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analytics. Rieck and Leitte (2016), Otter et al. (2017) and Assaf et al. (2018) discuss how
persistent homology as a clustering technique is addressing complex problems from science
and image recognition; we translate these gains and innovations to module engagement data.

Our data is taken from a final year undergraduate economics course which jointly covers
theoretical understanding of contemporary issues in microeconomics and macroeconomics;
the authors are responsible for one half of the module each. In the studied operation of the
module a new approach to the microeconomic component is adopted with a greater use of
blended learning techniques, increased online preliminary material, and a new assessment
which asks students to create digital media content. For the macroeconomic component op-
eration mirrors the previous year building on positive student feedback and engagement with
the physical classes. Within this backdrop the opportunity to observe multiple behaviours
is great, and hence we tease out patterns which would be masked in a single delivery style
module. Deliveries include online quizzes as studied in Juhaňák et al. (2017) and group-work
most recently evaluated in Hernández-Garćıa et al. (2018)

The module itself has 130 students, with all having a strong background in the application
of economic concepts from their time studying with Swansea University. For many mathe-
matics remains a weakness and the delivery seeks to accommodate these students through
the additional support of online materials and a tailored class delivery style. Within the ten
week course there are ten two-hour lectures in which the students are both given detailed
coverage of topics and interactive opportunities, including competitive quizzes, problems
with feedback and the opportunity to contribute to the class discussion. Whilst the num-
ber of students is nominally large, sector-wide issues of low attendance percentages and the
conditioning of the cohort mean that engagement in lectures is above that which might be
expected of an Economics group of this size. These lectures are supported by a series of 6
small group seminars and 4 larger “masterclass” sessions where the students are guided to
the literature frontier in one hour exercise based lectures. Seminars are operated ahead of
the lectures regularly asking students to reflect on their understanding of material and their
weaknesses for the coming lecture1

Contributing to the literature on learning analytics we make three key advancements.
Firstly we combine VLE data with physical attendance to obtain a stronger measure of en-
gagement that recognises the ’bricks-and-mortar’ setting and the complementarity between
attendance and use of many of the learning resources on the VLE. Secondly we show how
persistent homology increases noise robustness and identifies behaviours within the data
with the potential to fine tune success prediction and clustering. Finally through apply-
ing persistent homology across the whole dataset, and measuring differences between the
topology of individual behaviours, we demonstrate the potential of persistent homology to
help leverage the early warning system, success prediction or simply to understand the ways
students combine VLE engagement with class attendance in a ‘bricks-and-mortar’ university
environment. Our lessons then spark a research agenda for enhancing understanding across
the sector.

1Our rationale for this approach follows the learning cycle introduced and promoted in Willey and Freeman
(2006); Lawson et al. (2015) and others.
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