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Introduction

The growing prominence of digital technologies in higher education creates a futile ground for
collection, analysis, and use of digital data. Higher education institutions are increasingly
developing strategies for digital learning which rely on the extensive use of digital technology to
transform or “flip” pedagogical practices towards more active and flexible learning. Digital
technologies in education have receive much attention on different policy levels, change
experience for learners, and present a rapidly growing market segment, more so than ever since
the global COVID-19 crisis forced educational providers to move teaching online rapidly at
scale. The evolution of education in recent years has prompted us to ask, what role does learning
analytics have to play as a field that aims to harness unprecedented amounts of digital data?
According to the definition adopted by the Society for Learning Analytics Research (Long et al.,
2011), learning analytics is 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.” The ability to collect, analyse, and use diverse datasets in a
large volume and high speed makes learning analytics an attractive solution for higher education
institutions that seek to improve their understanding of learning and identify opportunities for
educational interventions.

Over the past decade, the field of learning analytics has demonstrated promising results in
several areas, including identifying students at risk (Herodotou, Naydenova, et al., 2020),
personalising feedback at scale (Pardo et al., 2019), enhancing student success (Lim et al., 2021),
and improving learning design (Schmitz et al., 2018a; Schmitz et al., 2018b; Lodge, 2020).
Although many higher education institutions have made much early investment in learning
analytics, there are remaining challenges that need to be resolved to demonstrate the impact of
learning analytics in higher education (Guzméan-Valenzuela et al., 2021). There has been
particularly limited research on perspectives and involvement of all stakeholder groups in
institutional planning and implementation of learning analytics. Although some pioneering work
has been done on the development of learning analytics policy (Sclater, 2016; Tsai et al., 2018;
Scheffel et al., 2019), there remain insufficient reports on the ways how institutions develop and
enact strategies for the adoption of learning analytics. Finally, while several studies have
demonstrated promising results of learning analytics, as mentioned earlier, there has been
insufficient research on ways to scale the success to institution-wide adoption and impact. In



response to these open challenges in learning analytics, this special issue aims to address
stakeholder perspectives and involvement, strategy development and enactment, and scalable
implementations.

Trends and Challenges

Over the past decade, learning analytics as a field continues to see a steady growth (Guzman-
Valenzuela et al., 2021). A recent study identified that top research topics in the field are related
to predictive and descriptive analytics in addition to engagement patterns and resource use (Chen
et al., 2020). Moreover, compared to the field of educational data mining, learning analytics as a
field pays more attention to effects on teaching and learning practices (ibid.) These observed
trends have been consistent with the three focus areas identified in the early days of the field
(Brown, 2012): 1) predictors and indicators, 2) visualisations, and 3) interventions.

The first focus area is related to the analysis of data from a learning scenario, which may
subsequently be used to establish a predictive model for the purpose of predicting student
performance and implementing early/ timely intervention. Common sources of data used for
prediction models include class performance, learning activities, and prior academic data, while
popular machine learning methods are Naive bayes, neural networks, decision trees, and
clustering (Al-Tameemi et al., 2020). They are applied to different aspects of data about learning,
such as classifying learners for formative feedback and predicting summative learning outcomes.
An emerging research topic within the first focus area is to what extent inferences based on
empirical data from standardized assessments (psychometrics) can be compared with learning
analytics outcomes driven by data gathered in digital learning environments (Drachsler &
Goldhammer, 2020).

The second focus area is related to the visualisation and presentation of data analysis results for
the purpose of interpretations and decision-making by key stakeholders such as administration
personnel, educators, or students. This area of research and practice is representable by learning
analytics dashboards (LADs). Matcha et al. (2019) identified 8 themes that LADs commonly
track including competency, emotions, game-based learning, learning progress, learning design,
learning difficulty detection, study plan, and teamwork progress. However, despite the fact that
designs of LADs mostly serve to enhance self-regulated learning skills (Jivet et al., 2017),
reviews have found a significant gap in grounding LAD design and the evaluation of LAD
effectiveness in learning theories (Jivet et al., 2018; Matcha et al., 2019). A pressing research
topic within the second focus area is therefore how learners’ goals, decision and self-regulated
learning skills are related to their action on visual feedback and presentations (Jivet et al., 2020;
Saint et al., 2021).

The third focus area is linked to interventions based on the analysis of data about learners and
their learning progress and is meant to close feedback loops with actions taken by educators
(e.g., nudging or checking on students, recommending learning resources, or adjusting the
teaching delivery), students (e.g., developing or adjusting learning strategies and seeking
support), or administration personnel (e.g., adjusting institutional strategic focuses, managing
student enrolment, and orchestrating resources). For example, OnTask is a tool that can facilitate
interventions based on learning analytics by assisting educators to personalise feedback at scale
(Pardo et al., 2019). MyLA is a student-facing dashboard that is intended to help students



monitor their own learning progress and make assignment planning (Kia et al., 2020). LADA is a
learning analytics dashboard that utilises comparative and predictive analysis to support
academic advisers in study-related counselling (Gutiérrez et al., 2020). In general, learning
analytics interventions aim to affect learning in three broad areas: learning environment
(including the awareness and productivity of teachers in addition to learning materials), learning
progress (including the awareness and productivity of learners, self-regulated learning
engagement, and online activity and behaviour), and learning outcomes (including academic
grades, learning gain, retention, and dropout) (Knobbout & van der Stappen, 2020). Despite
success reported in a number of studies (e.g., Jovanovi¢ et al., 2019; van Leeuwen et al., 2014;
Lim et al., 2021), reviews of the overall development of the field demand for the third focus area
to improve the rigour of impact evaluations and evidence of positive influence on learning
(Ferguson & Clow, 2017; Knobbout & van der Stappen, 2020; Viberg et al., 2018; Wong & Li,
2020).

Despite the growth of research in the three focus areas, the impact of learning analytics in the
real world is yet limited partly due to the continuing predominance of small-scale adoption
(Dawson et al., 2019; Tsai et al., 2020; Viberg et al., 2018). This phenomenon has been
attributed to issues related to the complex nature of educational systems (Dawson et al., 2018;
Macfadyen et al., 2014), emphasis on analytics over learning (Guzman-Valenzuela et al., 2021;
Williamson et al., 2020), high demand on technological infrastructure and resources (Klein et al.,
2019), stakeholder engagement (e.g., resistance, skills, and trust) (Alfy et al., 2019; Jones et al.,
2020), and ethics and privacy (Hakimi et al., 2021; Prinsloo & Slade, 2016). These issues have
inspired a number of frameworks that aim to promote responsible, equitable, and effective use
of student data in higher education.

Framework of learning analytics in higher education

Early work in learning analytics provides some proposals for models of learning analytics that
identify dimensions of learning analytics and process phases (Table 1Fable-1). A reference
model of learning analytics is suggested by Chatti et al. (2012) that identifies four key
dimensions of learning analytics each one dedicated to the following four questions: what — data,
environment, and context; why — objectives; how — methods; and who — stakeholders. Similarly,
these four dimensions, with somewhat different names and scope, are also recognized in a
generic framework for learning analytics proposed by Greller and Drachsler (2012). The Greller
& Drachsler framework also includes internal limitations (i.e., competencies and acceptance) and
external constraints (i.e., norms and conventions). An interactive process model of learning
analytics is suggested by Steiner et al. (2014) through a synthesis of several other process models
and consist of the following phases: data selection, data capturing, data aggregation, data
reporting, prediction, acting upon results, and refinement. Finally, Siemens et al. (2013) propose
a model of learning analytics sophistication by distinguishing between five-levels of
sophistication in higher education.

With the maturity of the field over the years, recently proposed frameworks for learning
analytics adoption have shifted the focus from ‘how to get started with learning analytics’ to
‘how to implement learning analytics successfully’ (Gasevic et al., 2019; Tsai et al., 2018) as
shown in Table 1Fable-1. As a response to the challenges outlined earlier, there is growing
awareness to refocus on outcomes and impacts. For example, building on a Rapid Outcome



Mapping Approach, the SHEILA framework emphasises the identification of desired changes
and establishing monitoring processes as part of the six key dimensions that need to be
considered in learning analytics policy and strategy development (Tsai et al., 2018). Taking an
information system perspective, Clark et al. (2020) identified five critical success factors that
need to be integrated into adoption objectives, including strategy and policy at organisational
level, information technological readiness, performance and impact evaluation, people’s skills
and expertise and data quality. Focusing on learning gains, the LALGD model draws
connections between meaningful data capture and learning design approaches that enable socio-
communicative, cognitive, metacognitive, and affective learning gains (Blumenstein, 2020).
Finally, focusing on the creation of strategic value through the use of learning analytics, Sheikh
et al. (2021) proposed a conceptual framework for value creation that involves building
capability, moderating factors that can influence the translation of efforts into value, and
establishing a value realisation process including exploring value creation mechanisms,
identifying value targets, and evaluating impact.

Table 1. Three focuses of learning analytics adoption frameworks

Getting started

Maximising impacts

Involving stakeholders

Four dimensions: what, why, how,
and who (Chatti et al., 2012)

Six critial dimensions: objectives,
data, instruments, stakeholders,
internal limitations, and external
constraints (Greller and Drachsler,
2012)

Seven phases: data selection,
capturing, aggregation, reporting,
prediction, acting upon results, and
refinement (Steiner et al., 2014)

Five levels of maturity: aware,
experimentation, adoption,
organisational transformation,
sector transformation (Siemens et
al., 2013)

Six dimensions of policy and
strategy development: context,
stakeholders, changes, strategy,
capacity, and monitoring (Tsai et
al., 2018)

Five critical success factors:
strategy and policy, information
readiness, performance evaluation,
skills and expertise, and data
quality (Clark et al., 2020)

Three dimensions of learning gains:

socio-communicative, cognitive,
metacognitive, and affective
(Blumenstein, 2020)

Value creation roadmap: building
capability, moderating barriers, and
establishing a value realisation
process (Sheikh et al., 2021)

Let’s Talk Learning Analytics
framework: prompts for dialogue
with key stakeholders (West et al.,
2016)

SHEILA framework: prompts for
policy development considering
key stakeholders (Tsai et al., 2018)

OrLA framework: a template for
communication among teachers,
developers and researchers (Prieto
etal., 2019)

A CPD framework: three levels of
awareness and capability raising
among students, academic staff and
professional services staff (Gray et
al., 2021)

A common element in these frameworks is the central role played by stakeholders. Stakeholder
engagement is crucial to the delivery of IT products and services, and the range of stakeholders
involved in a learning analytics process has brought the stakeholder element to the fore of any
learning analytics related strategy. The differences among different stakeholders’ needs,

responsibilities, autonomy, knowledge, and skills related to learning analytics inevitably result in
different expectations of and experience with learning analytics. Various models have thus been
proposed by researchers to ease the process of multi-stakeholder involvement (Table 1Fable-1).
For example, the Let’s Talk Learning Analytics framework (West et al., 2016) provides prompts
for dialogue among key stakeholders especially in the context of adopting learning analytics for
retention related goals. The SHEILA framework (Tsai et al., 2018) similarly provides prompts to
guide the development of policies for learning analytics considering key stakeholders. The OrLA

Formatte
Formatte



framework (Prieto et al., 2019) is a communication tool that aims to foster a common
understanding among teachers, developers and researchers, thus ensuring that decisions made
about learning analytics design and implementation serve the needs. Finally, a CPD framework
developed by Gray et al. (2021) serves to raise the awareness and capability among students,
academic staff, and professional services staff at three levels: knowing what learning analytics
means to them, understanding how to use learning analytics, and identifying actions to take and
implications of the actions.

Papers and key themes in this special issue

This special issue is a response to the emerging trends in the field with a particular focus on
stakeholders, strategy, and scale. Although small-scale adoption of learning analytics based on
educators’ own initiatives tend to speak directly to the stakeholder’s needs and can have
profound network effects (through peer sharing), not only can the impact be limited due to the
possible constraint of data available for greater insights (e.g., making predictions), but
innovations can also lose momentum due to a lack of sustainable support in obtaining necessary
resources and in addressing prominent challenges mentioned earlier. However, scaling learning
analytics in higher education requires a defined strategy that engages relevant stakeholders to
work together towards the desired goals. Co-design has emerged as a commonly adopted or
recommended approach to achieve this goal across the articles included in this special issue.
Overall, the included articles present recent initiatives and discussion around themes including
measuring stakeholder expectation and needs, evaluations of impact, and scaling adoption of
learning analytics (Table 2).

Starting with measuring stakeholder expectations and needs for purposes such as identifying
learning analytics strategy or deciding design requirements, Kollom et al. (2021) compared
academic staff’s expectations across four higher education institutions and identified a common
interest in using learning analytics to enable early interventions among other areas. They also
observed consistently low desires to act on learning analytics results obligatorily. The study
based on a distance-learning university by Whitelock-Wainwright et al. (2021), on the other
hand, provides a nice contrast from student perspectives. They found a consistent desire for the
university to safeguard students against ethics and privacy related issues. However, when it
comes to service aspects, expectations vary though mature students generally had stronger
desires for learning analytics than the others. The study by Hilliger et al. (2020) based in four
Latin American universities brought together perspectives from teaching staff, students, and
senior managers. The teaching staff expressed a particular interest in using learning analytics to
evaluate the effectiveness of their teaching practices; the students desired to get quality feedback
and timely support, whereas the managers hoped to get quality information to evaluate the
effectiveness of interventions.



Table 2. Themes and contributions of the papers included in the special issue

Theme Paper Contribution

Analysed expectations of academic staff towards learning
analytics at four universities in Europe

Kollom et al. (2021)

Stakehol-der Wh.'tem?k' Identified differences in student expectations of learning analytics
expectations and Wainwright et al. full I versity in the Netherland
needs (2021) at a fully online university in the Netherlands

Contrasted perspectives from teaching staff, students, and senior
managers at four universities in Latin America

Vigentini et al. Reports on success and lessons learnt from two cases of learning
(2020) analytics adoption in Australian universities
Evaluated educators’ experience in integrating a student-facing

Hilliger et al. (2020)

Evaluations of Antonette et al. . : - . : .
. learning analytics tool into learning design at an Australian
impact (2020) LY
university
Herodotou et al. Analysed usage and experience of educators of a predictive
(2020) learning analytics system at an open university in the UK
Munguia et al. Discusses lessons learnt from scaling learning analytics at an
(2020) Australian university

Analysed factors that are associated with adoption of learning
analytics in 27 European universities

Proposed a model of learning analytics directed toward
implementation and impact

Highlights the importance of understanding political elements and
inherent tensions that may surround adoption of learning analytics

Tsai et al. (2021)
Scaling adoption
Knight et al. (2020)

Selwyn (2020)

When it comes to evaluations of impact, we noted more involvement of teaching staff,
administrative personnel, and researchers than other stakeholders. This is somewhat in line with
the previous research by Buckingham Shum et al. (2019) and Tsai et al. (2020) published
elsewhere indicating that educators appear to be the main end-users of learning analytics rather
than students. The autoethnographic study by Vigentini et al. (2020) presents success and learnt
lessons from two adoption cases, using the SHEILA framework (Tsai et al., 2018) as a reflection
tool. In particular, they highlight the need for a continuous reflection on the purpose and aims of
learning analytics and the need to translate values of learning analytics to different stakeholders.
The study by Antonette et al. (2020) evaluated educators’ experience in integrating a student-
facing tool, AcaWriter, into their learning design. It became clear that the introduction of a new
technology could be disruptive to teaching, and enhancing the agency of educators through a co-
design process could significantly improve the design of learning analytics and support authentic
learning. Finally, Herodotou et al. (2020) investigated the usage and educators’ perspectives of a
predictive learning analytics system (OUA), which was implemented on a large scale at the Open
University in the UK. Although OUA was perceived as useful in supporting new students and
those struggling with learning in addition to saving themselves time from checking distributed
sources of information about students, the authors highlight a need for a university-wide policy
to guide communications between teachers and students.

Scaling adoption of learning analytics to an enterprise-level usually takes multiple phases and
continuous learning from the evaluations of each phase. The article by Munguia et al. (2020)
present valuable lessons learnt in a journey of scaling learning analytics at a large Australian



university. A “fail-fast strategy” was adopted to seek feedback early on a minimum viable
product and to keep a “live” pilot, which served to improve the product constantly over the time
based on the feedback and learnt lessons. In a similar vein, Tsai et al. (2021) highlight the
importance of setting up short-term goals and regular evaluations to ensure the alignment of
strategy and desired changes. Their analysis of learning analytics implementation in 27 higher
education institutions shows prominent factors that influence adoption at different stages. While
context factors are the most influential in the early phase of strategy development, institutions
need to pay more attention people related issues as they move learning analytics into the
operation phase.

As mentioned earlier, recent models proposed for learning analytics adoption reflect a growing
interest in impact-focused strategies as a response to previous calls for evidence of learning
enhancement in the field (Ferguson & Clow, 2017; Knobbout & van der Stappen, 2020; Viberg
etal., 2018; Wong & Li, 2020). A model of learning analytics directed toward implementation
and impact proposed by Knight et al. (2020) exemplifies this trend. In particular, they argue that
integrations of learning analytics with pedagogical practices should inform the definition of
impact. Evaluations of impact should not simply focus on scale but on individual student
learning and how interventions may be transferrable to different learning contexts. Despite the
increasing focus on outcomes and impacts, Selwyn (2020) reminds us in this special issue that
the means to the end matter. What one learner perceives as support may be control or
surveillance experienced by another learner. The political elements of learning analytics are
inherent to tensions that occur in negotiations over power among stakeholders, or between
human and machine, and the fundamental clashes in ontological assumptions about learning and
learners. Scaling learning analytics and impact may very much depend on how well we navigate
these political tensions.

Overall, the ten articles included in this special issue speak about the social complexities and the
importance of anchoring learning analytics to pedagogical practices. It is clear that institutional
capacity for learning analytics rely on “social infrastructure and technical infrastructure in
tandem”, as Knight et al. (2020, p. 12) put it. This special issue invites researchers and
practitioners to explore the interconnected links among stakeholders, strategy, and scale as we
continue to seek opportunities to address challenges in higher education through innovations
with learning analytics.
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