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Abstract
Developments in the field of learning analytics have heralded the promise of new
insights into the learning and teaching for some years now (Mazza and Milani,
2004; Romero, Ventura, & Garcıa, 2008). Responding to a range of drivers in the
field, the sector took up the challenge of applying emerging data science
techniques. Early work focussed on the issue of student retention but has moved
to a broader focus on student success opening up a myriad of opportunities to
improve the learning and teaching experience. Yet, despite the field making
substantial progress in relation to analytics techniques, the translation of this into
practice has been somewhat limited.
A key challenge to translation into practice has been the take up of learning
analytics across institutions by those most connected to the teaching–academics.
While many people in institutions have a role to play in supporting students and
moving learning analytics forward, academics are pivotal as they are central to
the curriculum, the teaching and in relationship to students.
This review provides a background to developments in the field focussing on the
connections between learning analytics and academics highlighting the key
challenge that we face as we work to increase the take up and application of
learning analytics. In order to move forward connections need to be made
between academic work and learning analytics. This is presented in a framework
for driving learning analytics take up including the connections to the purpose of
various reports and learning and teaching lifecycles.
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1. Introduction
While the use of data in higher education is not new, the field of learning
analytics is a relatively recent development which holds much promise.
However, despite considerable work taking place (see Joksimović,
Kovanović, & Dawson, 2019 for an overview), the impact—that is, the
translation of research into practice—still appears to be somewhat limited.
This is largely related to the take-up of the tools by key stakeholders,
particularly academics.
The review explores the broader field of learning analytics focussing on
engagement with academics. It begins with a brief background to the key
drivers and work in this field drawing attention to the connection between
both education technology and political drivers and developments in the
field. Drawing on a range of literature, the key challenge of engaging
academics in the use of learning analytics is explored. The final section
presents a framework for connecting key elements and academic
requirements within the educational context to drive the use of learning
analytics.

2. The development and drivers of learning analytics
While higher education has used data to inform its practices and understand
various student cohorts for many years, learning analytics remains at an
early stage of development. The application of analytics, seen as the
overarching concept of data driven decision making (Watson, 2010), took
hold in business and other fields to drive recommendation engines, identify
patterns of behaviours and develop targeted campaigns. (Brown, Costello &
Giolla-Mhichil, 2016; Manyika et al., 2011; Wilson, Watshon, Thompson,
Drew & Doyle, 2017;). Underpinning analytics development is the
connection to the rise of the digital environment generating ‘big data’ and
our ability to capture, store and analyse such data (Manyika et al., 2011, p.1)
across society. The education sector also began the digitization of data such
as library records, student information records and learning transactions
allowing for techniques and approaches to be applied to a range of purposes.
As a result, universities and academics began to consider how the
affordances offered by this field might be applied to education.
In part, this led to an early focus on definitional debates which tried to
articulate differences between business analytics, academic analytics,
educational data mining, predictive analytics, action analytics (amongst
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others) and learning analytics (for example see Chatti, Dyckhoff, Schroeder,
& Thüs, 2012; Ferguson, 2012; van Barneveld, Arnold & Campbell, 2012).
Fuelling this debate was the differences which arose from some definitions
focusing on particular applications and others being related to data analysis
techniques. Considerable effort was therefore expended on nuancing
definitions and positioning despite the fact that there is considerable overlap
depending on the perspective taken. Buckingham Shum & Ferguson (2012, p.
3) observed that the core proposition is that as unprecedented amounts of
digital data about learners’ activities and interests become available there is
significant potential to make better use of this data to improve learning
outcomes. Generally, however, the definition put forward by Long and
Siemens (2011, p. 34) has been widely accepted with learning analytics being
defined as “…the measurement, collection, analysis and reporting of data
about learners and their contexts, for purposes of understanding and
optimising learning and the environments in which it occurs”.
Several key drivers related to the use of technology in education and the
broader political context led to the increasing focus on learning analytics,
the techniques used and the focus of the application. The widespread
introduction of virtual learning environments (Mazza & Milani, 2004;
Romero, Ventura, & Garcıa, 2008) and their ability to capture transactional
data provided a potential window into the application of analytics to learning
and teaching. A key question in the first instance became, how can we
extract value from the big data sets of learning-related data?
Yet, as the use of technology provided opportunities for different
approaches to education and a re-thinking of distance education, it also
presented a new set of challenges in online learning (Dringus and Ellis, 2005).
Early work in this area found that online courses have higher attrition rates
than more traditional face to face classrooms (Diaz, 2000). Investigations
into the differences between ‘click’ and ‘brick’ establishments suggest several
causal factors. Conflicting results among the studies led to further debate as
to which factors were the more important (Diaz, 2000; Dekker,
Pechenizkiy, & Vleeshouwers, 2009; Rivera & Rice. 2002). For example, one
possibility includes differences in the student demographic as there tends to
be more students from lower socio-economic backgrounds with less formal
educational qualifications enrolled in online courses. There can also be
difficulties with effectively using the technologies needed for online study
(Mazza and Dimitrova, 2004), increased time constraints and less academic
‘preparedness’ for study and students feeling less supported due to a lack of
face-to-face contact (Frankola, 2002). The second driver was an educational
challenge—namely, how can we optimise and improve opportunities for
online learning?
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The growing use of online platforms was also connected to widening
participation agendas in higher education. For example, the Review of
Australian Higher Education, better known as the ‘Bradley Review’ set some
key targets: “the target proposed for higher education is that 40 per cent of
25- to 34-year-olds will have attained at least a bachelor-level qualification
by 2020” (Bradley, Noonan, Nugent, & Scales, 2008, p. xvi). Such targets
were seen to be connected to the inclusion of more students from lower
socioeconomic groups, non-English speaking background, students with a
disability, women in non-traditional areas, regional and remote students, and
Indigenous students. Similar, participation agendas were also being
promoted internationally (O’Shea, Onsman & McKay, 2011). This raised
considerable concerns related to retention rates which were traditionally
lower amongst equity groups (DIICCSRTE, 2012). As such, the third driver
in relation to the adoption of learning analytics was related to both political
and economic concerns; how could widening participation and student
success be enhanced in this changing environment?
With these drivers in place—and an institutional imperative to do so—
the use of learning analytics techniques to address student retention was a
clear focus. One of the earliest examples was the Purdue Signals Project
(Arnold and Pistilli, 2012; Campbell, DeBlois & Oblinger, 2007) which
generated much interest in the sector and prompted many to begin
exploring how learning analytics could be used for this purpose while also
focussing on institutional capacity building (for examples see: Lawson, Beer,
Rossi, Moore, & Fleming, 2016; Liu, Rogers, & Pardo, 2015; Marbouti,
Diefes-Dux, & Madhavan, 2016; Norris & Baer, 2013; Sclater & Mullan,
2017). Initiatives such as commissioning two strategic projects on the use of
learning analytics for retention and capacity building by the now defunct
Office of Learning and Teaching (OLT) in Australia demonstrate government
interest in this field (Colvin et al., 2016; West, Huijser, Heath, Lizzio, et al.,
2016). In the UK, JISC also began several long-term projects to investigate
how learning analytics may be positioned, developed and utilised to improve
outcomes in education (JISC, 2018a; 2018b; 2018c). However, both within
and beyond the learning analytics field, the concept of retention was being
broadened to take a greater focus on student success.
Student success
In 2009 Vincent Tinto suggested universities need to take a holistic approach
to student retention in recognition of the critical role played by the broader
educational environment. Tinto, (2009) identified four key conditions of
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student success including expectations; support; feedback and involvement
(or engagement). Building on Tinto and with a focus on the first-year
experience and progression through a course, Kift, Nelson and Clarke
(2012) (see also Kift, 2009; Kift, 2015; Nelson, Kift & Clarke, 2012)
developed a ‘transition pedagogy’ putting forward a framework for such a
holistic approach. Further work by Nelson, Clarke, Stoodley, & Creagh,
(2014) developed a Student Engagement Success and Retention Model
(SESR-MM) which included the categories of learning; supporting; belonging,
integrating and resourcing and allowed institutions to determine their
capacity and readiness in relation to student support (Nelson & Clarke,
2014).
This work on student success and retention highlights several key
elements which are connected to development in learning analytics as they:
> situate retention as part of a broader student success model
> highlight that student success is an institutional issue and responsibility
and that all areas of the university have a role to play
> draw attention to various elements which are potentially measurable
with learning analytics
> call attention to the process of progression through a lifecycle of
experience and study
Together with increasing calls to ensure that learning analytics retains its
focus on learning, a broader focus emerged.
Colvin et al.’s study (2016) found universities either focussed primarily
on using learning analytics to support student retention or as a way of
gaining greater insight into teaching and learning practices. Numerous other
papers discuss links between student engagement and success, suggesting
engagement tracking through the use of learning analytics can aid in
supporting student success (Fritz & Whitmer, 2017; Li & Tsai, 2017;
O'Riordan, Millard, & Schulz, 2016). While a number of others discuss
identifying students who are at-risk of either failing or leaving the institution
(Lawson, Beer, Rossi, Moore & Fleming, 2016; Liu, Rogers, & Pardo, 2015;
Marbouti, Diefes-Dux, & Madhavan, 2016; Sclater & Mullan, 2017).
In a parallel Office of Learning and Teaching (OLT) project, West,
Huijser, Heath, Lizzio, et al. (2016) explored institutional practices linking
learning analytics with student retention and success. They identified the
importance of using and exploring data appropriately within institutional
contexts as well as ensuring relevant parties are included in developing and
implementing policy and practice. The focus on appropriate use of data
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encompassed the investigation of concerns related to ethical use of data
(Colvin et al., 2016; Ifenthaler & Tracey, 2016; Lawson, Beer, Rossi, Moore,
& Fleming, 2016; Pardo & Siemens, 2014; West, Huijser, & Heath 2016;
West, Huijser, Heath, Lizzio, et al., 2016) which was particularly prominent
in early discussions of learning analytics. While much of the work related to
ethics was focussed on issues of data privacy and protection, connections
were also made to the ethical imperative to apply our increasingly
sophisticated techniques for the benefit of students in a way which improved
learning and supported student success (Prinsloo & Slade, 2016). As such
retention continued to be a key focus but was subsumed under the broader
heading of student success.
With this broadened view, the field began to explore the application of
increasingly sophisticated techniques and thinking to learning and student
support. Work to date internationally (Sclater, Peasgood & Mullan, 2016)
provides evidence to support the validity of predictive models via learning
analytics and anticipate that they can be used in several ways:
> as a tool for quality assurance and quality improvement
> as a tool for improving retention
> as a tool for identifying and responding to varying outcomes for
different and varied student cohorts
Additionally, the 2016 Horizon strategic briefing (Hall, Giesinger, Adams
Becker, Davis, & Shedd, 2016) and the 2017 Horizon report (Adams Becker,
Cummins, Davis, Freeman, Hall et al., 2017) closely link learning analytics to
adaptive learning. Adaptive learning refers to the capacity to modify course
content in response to student learning and development of skills, claiming,
enabled by machine learning, these technologies can adapt
to a student in real time, providing both instructors and
students with actionable data (Adams Becker, Cummins,
Davis et al., 2017, p. 38).
However, the impact of such developments will only occur when such
techniques are applied and actioned at scale.
While the potential of learning analytics in the sector has been well
documented over the last few years, its development and application in
teaching (classroom) contexts remains at an early stage (Colvin, et al., 2016;
Sclater, Peasgood & Mullan, 2016; West, Huijser, Heath, Lizzio, et al., 2016).
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3. The challenge: increasing the take up and application
of learning analytics
Despite having the same potential to transform higher education, the field of
analytics has yet to yield equivalent operational benefits to those seen in
other fields such as banking, health and retail. Clearly, in order to reap any
benefits such techniques need to be applied, utilised and actioned
systematically (Sclater & Mullan, 2017; West, Huijser, Heath, Lizzio, et al.,
2016). Herein lies our challenge—how can we move forward on the take up
and application of analytics?
An argument is often made that the education sector is different than
other fields. Where it is similar to other fields is that each sector has had to
work on how such methodologies are best applied to their particular
context in order to apply techniques appropriately and gain the relevant
benefit. Work in the field of learning analytics has moved us forward in the
contextualisation as outlined above. However, application and take-up
remain limited. A recent content analysis of learning analytics literature
published from 2012 to early 2018 (West, Luzeckyj, Toohey, & Searle, 2017)
found that most of the reported work remained locally/discipline based and
in pilot stages with limited testing of efficacy. The fact that there are major
initiatives such as the SHEILA Project (2018) and the work of JISC continuing
to focus on developing institution-wide capacity in learning analytics suggests
that there is some way to go before we can consider the application to be
widespread. There are several key separate but connected issues related to
take up and application including, engagement of staff and students;
differences in pedagogy, program design and delivery; and the cognitive
nature of learning (including how to make this more transparent).
As noted in both the student success and the learning analytics literature,
staff from across the institution have a role to play in relation to both. It
therefore follows that gaining traction with learning analytics and applying
this to student success would require staff in a diverse range of roles and
areas of expertise coming together, engaging in the process and utilising the
techniques and tools available. However, several related but separate
challenges present themselves in relation to this. The first is the
development of appropriate reports, algorithms and approaches and the
second is the actual application and use of reports.
The issue of skilled staff was evidenced as early as 2013 when Siemens,
Dawson, & Lynch identified issues emphasising a “capabilities and skills
shortage and access to knowledgeable people who are able to link pedagogy
and analytics” (p. 22). The call for connection to pedagogy has continued to
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be made by a range of authors (Lodge & Corrin, 2017; West, Huijser, Heath,
Lizzio, et al., 2016; West, Luzeckyj, Searle, Toohey, & Price, 2018) for both
developmental work and also to ensure take up. Recognising context,
including pedagogy, as a key element and driver for development and use of
learning analytics is critical, as it is teachers who can most appropriately
identify where “student patterns of behaviour match with the pedagogical
reasons for why that activity should lead to student learning” (Lodge &
Corrin, 2017, p. 2). While increasing, this aspect remains somewhat elusive
as demonstrated by the unpublished content analysis undertaken by West et
al. (2017) where only 58% of learning analytics publications between 2012
and February 2018 made at least some connection to educational theory.
The data science aspect of learning analytics is largely confined to
pockets of work in key institutions in Australia, and through informal
research groups and formal networks both within Australia and
internationally (e.g. SOLAR; JISC; LAK). While much of this work is
sophisticated and cutting edge, it is generally quite intense and requires
considerable disciplinary academic input, which can be difficult to gain. As
such it is often being undertaken by those connected to data science as their
disciplinary area (for example see Kim, Park, Yoon, & Jo, 2016; Li & Tsai,
2017). Additionally, the work is predominately translating into small projects
using small—rather than big—data that are not scalable nor sustainable at an
institutional level. Again, this was borne out in content analysis of literature
which showed a limited number (35%) of reported studies beyond one class
of students.
Vigentini et al. (2017) and Froissard, Liu, Richards, & Atif (2017) provide
insight into small data, scalable projects supporting cross-disciplinary and
institution-wide collaboration. They argue—similar to other authors (Colvin,
et. al., 2016; Siemens, Dawson & Lynch, 2013; West, Luzeckyj, Searle,
Toohey, & Price, 2016a)—that teaching staff, academic development staff
and information technology and/or data scientists need to work together to
develop or adapt applications to suit their own, specific teaching situations.
Lodge & Corrin (2017) also suggest both psychology and neuroscience
academics may also provide value to the teams who are developing learning
analytics approaches as these disciplines bring specific insight into how
learning occurs.
Yet, even if such approaches are taken, the actual use of learning
analytics reports by academics is limited. One concerning evaluation
discussed an institution-wide learning analytics program which attracted very
little take up of learning analytics by academic staff who could not see the

72

HERDSA Review of Higher Education
value of investing their limited time into initiating or using the reports
provided by the systems the institution had developed (Corrin et al., 2016).
Other studies also highlight low levels of take up (Beer, Tickner, & Jones,
2014; Corrin, et al., 2016; Vigentini, et al., 2017; West, Tasir, et al., 2018),
which is confirmed by common experiences in the sector. Given the
financial and human (time) costs invested in developing learning analytics
approaches it is imperative that there is a return on investment for all
parties involved in researching, developing and using resources.
It needs to be recognised that learning analytics can operate at a number
of levels and each level has been assigned different ‘value’ within the sector.
For example, Morgan & Duncan (2016) provide an overview of the four
primary categories of analytics, the functions they perform and the
associated value they can yield (Table 1). Underpinning this, is the idea that
descriptive and diagnostic analytics are of lower value than predictive and
prescriptive analytics—a view which has pervaded the field.
Table 1. Four primary categories of learning analytics
Category
Function
Descriptive analytics
What happened
Diagnostic analytics
Why did it happen
Predictive analytics
What will happen
Prescriptive analytics
How can we make it
happen

Value
hindsight
insight
Foresight
Foresight

While it may be true that predictive analytics are more valued by
learning analytics researchers, this disregards a number of other factors
important in the take up of analytics, including the needs of academics; their
engagement; the application of learning analytics; and ethical issues which
arise in the education sector.
Adams Becker, et al., (2017) suggest in the 2017 Horizon Report that
staff and student digital literacy impact on the capacity to adopt and
appropriately use learning analytics and adaptive learning. In their paper
indicating the missing link for learning analytics, Gunn, McDonald, Donald,
Blumenstein, & Milne (2016) suggest that training in the adoption and use of
analytics is rarely discussed and even more sparingly provided to academics.
This finding supports the need to improve digital literacy of staff and
students, and their understanding of learning analytics. However, the
literature would suggest that digital literacy is only one barrier to take up
(Lodge & Corrin, 2017; West, Huijser, Heath, Lizzio et al., 2016; West, Tasir
et al., 2018).
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Several studies have investigated the needs of academics in relation to
learning analytics. When exploring what academics were interested in West,
Huijser, Heath, Lizzio, et al., (2016) found that academics highlighted several
key applications (from now on described as use cases) including improving
curriculum/course design and teaching, and improving retention and student
performance, while others identified types of data including student
behaviours, academic actions and behaviours, and student demographics.
The final, identified category, ‘student success’, was a broader combination
of both a use case and data source. Subsequent workshops across a range of
institutions and at various conferences has reinforced the same
requirements (West, 2018)
A subsequent international project undertaken by the Innovative Research
Universities and Malaysian Research Universities Network (West, Tasir, et al.,
2018) also explored the learning analytics requirements of teaching
academics. Findings indicated that they were interested in several key data
sources being applied to both teaching practice and student success which
included:
> Access metrics (student access in relation to educational materials)
> Time measurements (time spent on various learning tasks and teaching
resources)
> Engagement metrics (relationships between engagement and student
success)
> Academic and grade performance (to assess efficacy of assessment)
They also emphasised questions concerning student preparedness for
higher education study, (e.g. background, how prepared are they for this
subject, what kind of experience do they have in relation to this discipline)
and particularly the level of English and Maths proficiency.
It should be noted that the nature of questions teaching staff asked has a
relationship to the understanding and context of learning analytics at each
institution and a dependency on pedagogy and teaching mode (e.g. blended
or fully online). This, conversely, explains the degree of complexity in the
questions teaching staff want answered. Higher order thinking in terms of
the complexity of questions is a development that can be expected as
understanding of learning analytics matures. Irrespective of the reasons why,
academics placed value on all levels of learning analytics from descriptive
through to predictive. If we are to engage academics in the use of learning
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analytics we need to work with them by addressing all of their needs and
beginning at their level of understanding.
Additionally, many of the questions/use cases that were identified in
West, Tasir et al., (2018) and West, Huijser, Heath, Lizzio et al, (2016)
related to the academics’ role (e.g. teacher, subject/unit coordinator,
course/program coordinator) and aligned with different key tasks—
addressing issues of student engagement in the teaching semester, finding
ways to support students during semester; reviewing and improving
curriculum largely as a reflective task. In addition, such tasks can be seen to
sit in several different lifecycles; a course/program lifecycle from
development through to continual improvement and review and a
subject/unit teaching lifecycle from preparation, to teaching and review (see
Figures 1-3 below).
However, returning to the idea that student success involves
stakeholders across the institution it is important to consider the needs of
students and professional staff members who are often overlooked in
current work. There is a growing body of researchers who are interested in
developing resources and student dashboards which allow students to
monitor and take control of their own learning (Daniel, 2017; Kitto, Lupton,
Davis, & Waters, 2016; Schumacher & Ifenthaler, 2018; Tan, Koh, Jonathan,
& Yang, 2017; West, Luzeckyj, Toohey, Vanderlelie, & Searle, in press).
Illustrative of the idea of working with stakeholders, it was proposed by
Dollinger and Lodge (2018, p. 97) at LAK 2018 that the current commonly
used definition of learning analytics be amended to be “…the measurement,
collection, analysis and reporting of data with learners and their contexts,
for purposes of understanding and optimising learning and the environments
in which it occur” rather than just about learners. While the current review
does not focus on students, it is an important point to note, because it again
draws attention to the broader range of stakeholders that goes beyond
academics.
Professional staff members are also overlooked in the current learning
analytics dialogue, but they are often involved in supporting academic staff
and students. For example, they play key roles related to student retention,
student success and education quality where many of the learning analytics
tools, dashboards and reports can be useful. Additionally, they often support
academics in the provision of data for improvement of curriculum and
teaching. In many ways however, professional staff are easier to engage in
the use of the tools and reports as their roles are generally more defined
and focussed. Tools that assist them in their role are generally welcomed
and can be embedded in procedures and processes. For example, student
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support or success officers are focussed specifically on that and reports that
identify where to focus their efforts are seen as very useful. Yet, this is often
not the case for academics as given the complexity of academic roles and
time pressures it can unfortunately be challenging for them to identify how
reports can help them focus their efforts.
It is clear from the literature that despite the work that is being
undertaken and the potential benefit of learning analytics, our key challenge
is related to engaging more academics in the use of the tools and learning
analytic reports. Without such engagement, the field is likely to have limited
impact (and remain the focus for academics whose research areas align with
it) particularly as academics are the people who are closest to the students,
have responsibility for the curriculum and have the most influence on the
student experience. While some will engage keenly due to personal interest
and enthusiasm, this will not be the majority. It is well known in relation to
technology that there are basically three groups: the early adopters, the
majority who will come to it but need to be supported and encouraged, and
those that will not engage for various reasons (Corrin, Kennedy, de Barba et
al., 2016; Newland, Martin & Ringan, 2015; Sclater, Peasgood & Mullan,
2015). The early adopters are those that are doing fantastic work in the
sector, are publishing their work, and—as noted above—are generally in the
data science/information technology fields. Yet, to have any real impact we
need to have the broader base of academics engaged. The key question
therefore becomes—how can we engage the majority of academics in the
use of learning analytics to support student success?

4. Making the connections between academic work and
learning analytics
In tackling the challenge of engaging academics in using learning analytics, the
work outlined above provides us with some key insights which need to be
drawn together and applied within a framework. These can be summarised
as follows:
Academics are busy

Academics will be more attracted to tools that assist in undertaking the
core elements of their role rather than adding to their workload. They need
to be convinced of the value in investing time in learning about analytics and
the value of actually using it to improve student learning.
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Learning analytics reports need to be easy to use and non-technical

Many academics are not technical people and need tools that are easy to use
in the context of their work. Combined with time limitations, academics are
unlikely to go to another information technology system to find such
information. Additionally, manipulating data is interesting for some
academics, and even when it is of interest most academics are unlikely to
invest significant amounts of time in doing so in relation to their teaching.
Most with this inclination to manipulate data are more likely to do so in the
context of their research. As such, the learning analytics reports need to be
easy to read and relevant to their day-to-day teaching. It should not require
training in learning analytics to use the learning analytics reports.
Academics have varying roles

Some academics are unit/subject coordinators or teach into a unit/subject.
Some academics are course/program coordinators. Different information is
required for these different roles, but all information is important to
students in a transition pedagogy. Additionally, learning analytics reports
have different purposes. For example, some are linked with curriculum
improvement while others are focussed on student retention. Academics
will not necessarily see the connection without some guidance that explicitly
links learning analytics reports to the use case or purpose.
Context and pedagogy are important

While some reports will be useful to all academics teaching a unit/subject;
others are more appropriate to particular pedagogies. However, this is often
only able to be identified through the lens of the discipline and through the
application to the teaching.
Usefulness is not related to sophistication of techniques

The sophistication of the data science techniques is not of concern to those
who might use the reports. Academics are looking for learning analytics
reports that help them to answer some key questions and this might sit at
any level of sophistication from a data science perspective. In the earlier
stages of development, this is often at the descriptive or insight level.

77

Deborah West

Learning analytics reports and approaches have different purposes

It is useful to make more explicit the actual purpose of the learning analytics
report and how it aligns with use cases. Student success relies on students
transitioning through the various years and stages of curriculum and this is
connected to a student lifecycle. However, it is also connected to lifecycles
related to teaching and curriculum improvement. As such learning analytics
reports and use cases can be attached to 3 key lifecycles: course/program
lifecycle (figure 1); unit/subject lifecycle (figure 2) and student success
lifecycle (figure 3). This will provide a reference point to identify at which
point in time learning analytics reports will be most useful based on the
task/issue at hand. With these lifecycles as a guide, automated notifications
can be sent to highlight what might be useful to an academic at a key point in
time.
Perception that institutions do not value teaching

Although teaching may not be directly and explicitly seen to be valued in
some institutions, the outcome of good teaching (i.e. greater student
retention and success) is perceived to be very important by all institutions.
Supporting academic staff to understand and use learning analytics reports as
they develop and improve curriculum content will aid in improving teaching
quality and make achieving good teaching outcomes easier for academics.

5. A framework for driving learning analytics take up
To connect the key insights in academic work and learning analytics
together suggests a need for a framework which embeds learning analytics
reports into the various lifecycles in a coherent, relevant and easy to
interpret way. In implementing such a framework, it would be anticipated
that there would be a variety of learning analytics reports or use cases
attached to different points in the course/program lifecycle (Figure 1). The
framework can then assist in embedding relevant reports within the context
of teaching practice as well as policy, procedure and processes which
support teaching and student success.
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Figure 1. Course/program life cycle

The identification of roles and responsibilities is critical in terms of
implementation. Data in and of itself will not impact on student retention,
student success, curriculum or teaching improvement. Procedures and
processes with clearly articulated responsibilities in terms of who is doing
what and for what purpose are required (whether that be the unit/subject
coordinator, course coordinator or professional support staff). For example,
in Figure 2 a retention policy may identify that monitoring of student
progress in a unit/subject needs to take place. The institution may assign this
to the unit/subject coordinator or a student retention officer or at the
course level to a course/program coordinator or student retention officer.
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Figure 2. Subject/unit life cycle

The next step in implementing a framework for learning analytics take up
would be to embed the learning analytics reports into the relevant systems.
For example, some reports would be connected and accessible via the
learning management system while others might be in the relevant
curriculum management system (Figure 3). As such the learning analytics
report lives in whichever system the academic or professional staff members
spends their time undertaking their primary role. For a teaching academic,
the link to key learning analytics reports would be most beneficial within the
learning management system where they are most likely to utilise it.
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Figure 3 Student success life cycle

The figures of lifecycles above provide an example of how these might be
mapped in different points in time academic or professional staff members
use to complete their everyday work. It should be noted however, that the
same learning analytics report may serve several purposes and be identified
in various lifecycles.
Table 2 provides an example of how these various elements might
connect. This table is not intended to be comprehensive but to show how
we might link the elements to key questions about the student experience.
High level templates may also be useful in this context where different
templates may be aligned with different pedagogical approaches and relevant
learning analytics reports.
Engaging academics in the use of learning analytics therefore needs to be
related to the primary purpose of their role as an academic. As such, the
focus must be on the use cases (identified by the academics): supporting
student success, improving retention, improving teaching practice and
curriculum design. Any training that takes place should be within this
context. For example, this should be included in any academic orientation to
the university or within the context of professional development related to
curriculum improvement or development. It should also be included as a
part of a broader policy, procedural and process framework with learning
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Curriculum
design/teaching

Is the
unit/subject
curriculum
design
effective?

Which, and
how many,
students are
likely to
struggle with
the content of
this unit?

Which students
are most at
risk?

Key Question

Student progression in the unit/subject
Student progression through
course/program (are they prepared for
next unit/subject?)
Grades in unit/subject (student success)
Student Satisfaction (e.g. Student
Evaluation of Teaching)
Are students engaging with the
materials/discussions

Any

Any

Course/program
lifecycle

Unit/subject lifecycle

Learning and Teaching
lifecycle
Curriculum lifecycle
Student lifecycle
(Learning and teaching
layer)

Weeks 1-3

Any

Background preparation in terms of:
Pre-entry for earlier year students
Success in related unit/subjects for
subsequent years
Literacy/numeracy levels

Weeks 1-3

Any

What is the date of first access and last
access to the LMS?
Early assessment score

Weeks 4-8
Post
Teaching
Review

Weeks 1-6
Pre and
Post
teaching
Post
Teaching
Review

Weeks 1-3

Any

Weeks 1-3

Point on
lifecycle

What are the access patterns and trends?

Teaching lifecycle

Which lifecycle

Any

Pedagogical
Approach

Who has/has not submitted work?

Possible metrics/data points/indicators

Unit/subject
coordinator
Course/program
coordinator

Unit/subject
coordinator
Course/program
Coordinator

Unit/subject
coordinator
Unit/subject
coordinator
Unit/subject
coordinator

Unit/surject
coordinator

Role &
Responsibility

Deborah West

HERDSA Review of Higher Education
analytics being seen as a tool to support further improvement in the given
area. It should not require separate training on how to technically use the
tools (this should be intuitive and simple) but rather to focus on how we can
understand and apply the data within the context of the teaching. As one
academic succinctly stated, ‘Tell me what data is available, give me access to
it, give me the time to use it and give me guidance in using it’. (West,
Huijser, Heath, Lizzio, et al., 2016)

6. Conclusion
The application of analytics approaches to higher education has made some
significant strides in recent years from a technical and data science
perspective. However, the key challenge that remains is to increase the
academic take-up of the tools available. Small pockets of use will not
substantially improve the experience or success of students which is in fact
the main goal.
Academics are not concerned with the sophistication of the techniques
but rather want learning analytics reports that will fit particular use cases to
make their work easier and/or more effective. They will not necessarily see
the relevance of learning analytics reports to their work at key points in
time unless the reports are integrated within academic work by being easy
to access and specific to their teaching context. Connecting the use cases to
key policy, procedures and processes, and embedding them in the context
of the academic work so their value and relevance is clear, is most likely to
promote greater take up at a broader level. Learning analytics enthusiasts
will continue to make great strides in the data science that drives learning
analytics development, but this is not the focal point of the average
academic. It is necessary to work at both ends of the spectrum—starting
where the user is and with the user needs in order to gain traction with
academic and professional staff and ultimately provide benefits for our
students.
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