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ABSTRACT

ARTICLE HISTORY

How can we better mediate processes of learning at large
institutions? Learning analytics are used primarily in online and
blended learning environments to expose patterns in learning
behaviour or interaction. They make use of digital traces from
virtual learning environments and combine this with other
learner data. The goal is to assist both educators and learners in
improving their practice. In this work, we apply the concepts of
‘psychological tools’ and more ‘knowledgeable others’ from Lev
Vygotsky, and Reuven Feuerstein’s model of Mediated Learning
Experiences to deﬁne prerequisites that learning analytics at scale
must reach, in order to be a meaningful tool for mediating
learning. We present ﬁndings from an in-depth qualitative study
with educators and learners at a large, online institution of higher
education. We then map insights gained from this study to our
model of mediated learning. The resulting analysis and
recommendations indicate that we need more inclusive and
dedicated practices in learning analytics development, as well as
institutional will to create more complex and meaningful tools.
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1. Introduction
Educational philosophers Vygotsky, Dewey and Piaget, argued that learning is an active
process in which we build knowledge through engaging with our environment and
manipulating it Vygotsky (1986), Dewey (1938) and Piaget (1964). New knowledge is
formed when preconceptions and new observations clash or are thrown oﬀ balance,
an event most likely to occur in a social context with many diﬀerent agents acting according to their own set of beliefs and motivations (Brooks 1990, 68). Lev Vygotsky proposed
that engagement with knowledgeable others and with technology/tools for learning can
lead toward ‘higher mental processes’ (such as metacognition), which facilitate an individual’s transition from one set of ideas to another (mediated learning) (Kozulin and
Presseisen 1995; Kozulin 1998). Reuven Feuerstein built on this work, proposing a
range of criteria as essential for producing an impactful Mediated Learning Experience
(MLE) (Presseisen and Kozulin 1992; Feuerstein, Feuerstein, and Falik 2015).
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In online or blended learning environments, individuals may not have as much
contact with others, or be able to witness their learning strategies (Zilka, Cohen, and
Rahimi 2018). However, one beneﬁt of online and blended learning is that the students’
activities are somewhat more visible to the institution through trace data and other interactions with the technology used for educational delivery. Institutions can analyse this
data and use it to promote students’ and educators’ understanding of their learning strategies and approaches (Winne 2017). This process and it outcomes are what we refer to as
‘Learning Analytics’.
In this work, we have applied the educational construct of ‘Mediated Learning’ to
understand the potential of learning analytics research to shape learning or teaching
processes.
We identiﬁed the following questions as being necessary to consider. The ﬁrst two
questions map back to the concept of ‘psychological tools’ from Vygotsky, the second
two questions refer back to the Universal Criteria of Mediated Learning from Feuerstein:
.
.
.
.

How do learners and educators understand learning? How do they currently try to
inﬂuence it?
Which factors appear to impact their perceptions and behaviours around learning
analytics as a tool to understand learning?
What patterns can be observed in how educators and learners want to interact with
learning analytics?
To which extent can we map these patterns to the framework of Mediated Learning to
formulate a general set of guidelines for implementing learning analytics at scale?

To answer these questions, we conducted a series of in-depth qualitative interviews
and focus groups about learning analytics with 18 educators and 22 learners at a large
online university from 2016-2018. Our studies probed the challenges and barriers that
educators and learners perceive around their practice, and the aﬀordances they could
most easily perceive in using educational data associated with learning analytics to
inform how they teach or learn. In this paper, we present the analysis of these studies
and our proposal for evaluating the potential of learning analytics platforms and technologies using the lens of mediated learning.
In the following sections, we ﬁrst review brieﬂy some challenges related to using learning analytics at scale, from their conception to deployment and evaluation. We provide
the theoretical background for proposing Mediated Learning as a model for exposing and
mitigating those challenges. We then describe our methodology and participants, and
present key ﬁndings from our study. Finally, we close with some recommendations for
institutions seeking to increase the impact of their learning analytics initiatives for mediating learning.

2. Challenges of learning analytics at scale
Learning analytics should a) provide information that is relevant to various stakeholders
(including students) and b) create behavioural change in practice (Ferguson 2012). In
this section, we discuss two main challenges to meeting those goals.
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The ﬁrst challenge is to identify information that is relevant. Ideally, one could
demonstrate a clear link between the outputs of learning analytics, what a person did
in response and the outcome of that decision on learning or teaching (Clow 2012).
Within higher education institutions (HEIs) and with large numbers of students,
however, impact can be diﬃcult to establish at this level of granularity (Gašević,
Dawson, and Siemens 2015; Tsai et al. 2019).
Educators and learners have diﬀerent ways of understanding and measuring learning.
So one approach is to use learning theories that are more holistic, interoperable with
multiple learning strategies and learning analytics. For example, in Self-Regulated Learning (SRL) (Zimmerman and Schunk 2001; Matcha, Gasevic, and Pardo 2019), the learner
learns to be responsible for setting and monitoring progress toward goals. However, the
focus on learner autonomy can leave some learners behind, as many learners lack the
skills necessary for recognising, understanding and regulating their learning strategies
(Steiner, Nussbaumer, and Albert 2009). Hadwin and Oshige (2011) have argued that
learning analytics can also support socially-shared regulated learning to help mitigate
some of this risk, but these approaches do not appear to be applied at large scale institutions. In addition, SRL theory does not adequately consider the extent to which learning analytics are perceived as adequate ‘evidence’ of learning or learning behaviour.
There are reasonable concerns that they track what can be measured, rather than what
needs to be known, which is problematic when establishing what successful learning
looks like Biesta (2007). This same concern can be mapped to the concept of Open
Learner Modelling, in which learners gather individual insights from a wide variety of
data about their learning behaviour and achievement (Bodily 2018).
Another solution that institutions may choose, is to use more general proxies (such as
retention or engagement with a virtual learning environment) as a substitute for speciﬁc
learning models. The purpose is then to identify patterns and make predictions about
learner behaviour (Liñán and Pérez 2015). Students whose patterns indicate that they
might be more likely to leave their studies or to receive a low grade, typically receive
an intervention. This may include getting in touch with the student or directing them
to other support services (Kuzilek et al. 2015).
However, this approach makes identifying speciﬁc impacts of learning analytics
diﬃcult. Impacts will be more related to macro eﬀects on learning design or identifying
at-risk learners (Sclater, Peasgood, and Mullan 2016; Ferguson and Clow 2017; Ifenthaler
and Yau 2020). Research indicates that evaluations can also focus focus too much on
usability (Verbert et al. 2013; Park and Jo 2015; Bodily and Verbert 2017), which risks
conﬂating attitudes about a concept (in this case learning analytics) with attitudes
about how that concept has been operationalised (for example, speciﬁc tools and their
functionality) (Greenberg and Buxton 2008).
The second challenge relates to how we should design learning analytics, when there
are many potential stakeholders. Gathering ‘requirements’ may involve asking future
users what data they would like to have, or distilling their needs from other data
Dyckhoﬀ et al. (2012). However, research indicates that learners are consulted less
often than educators (Verbert et al. 2013; Park and Jo 2015) and consultations with learners have been generally guided. In addition, the diversity of responses can be vast,
motivating the belief that personalisation of learning analytics is the way forward for
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impacting learning (Dyckhoﬀ et al. 2012; Schoonenboom 2014; Schumacher and Ifenthaler 2018).
There are cases in which personalisation may be both unnecessary and undesired.
Khan (2017) noted that learners (and educators) may still lack foundational knowledge
about learning analytics and their signiﬁcance to be able to propose meaningful suggestions. In addition, fully customisable dashboards may be overwhelming for those without
experience. Dyckhoﬀ et al. (2012) suggest that diﬀerent ‘sets of indicators’ might be useful
in helping to semi-automate some processes that would be useful for novice versus expert
users. In the section below, we discuss the ways in which Mediated Learning Theory can
help bridge some of these challenges and improve our knowledge of how learning analytics could potentially impact learning.

3. Mediated learning
In this work, we propose the educational construct of ‘Mediated Learning’ as a learning
theory that provides criteria to assess the potential of learning analytics research to shape
learning or teaching processes. Essentially, it answers the question: What properties
should learning analytics have to mediate learning? Institutions can then conduct an
assessment of their practices and repair those challenges ﬁrst, before engaging in more
in-depth analyses of learning analytics’ impact. In this section, we outline the main
tenets of this construct and how it relates to the challenges described in the previous
section.
As we outlined in the introduction to this article, Vygotsky’s contributions to
mediated learning involved how we gain access to new ways of looking at the world
and interacting with it Kozulin and Presseisen (1995) and Kozulin (1998). Vygotsky’s
theories went on to form the basis for Activity Theory (Engeström 1999), which explored
factors such as background, motivations and relationships that are inﬂuential on our
learning and behaviour. However, Activity Theory does not appear to suggest a clear
pathway forward, to mobilise the theory into a practice that can be implemented.
Reuven Feuerstein ﬁlled this gap with a more socio-cultural perspective on mediated
learning, which includes a range of criteria he proposes as essential for producing an
impactful Mediated Learning Experience (MLE) (Presseisen and Kozulin 1992; Feuerstein, Feuerstein, and Falik 2015). We used these criteria in our analysis to assess what
learning analytics can oﬀer learners, both in terms of the technology that is currently
used and how it could be developed further in the future.
Feuerstein proposed three universal criteria that all Mediated Learning Experiences
(MLEs) will share. The ﬁrst criterion is ‘Mediation of Intentionality and Reciprocity’.
What is important for this criteria is that the learner understands that learning is a
mutual process and that the way they learn is as important as what they learn (Ukrainetz
et al. 2000). This might involve activities such as integrating a learner’s perspective
directly into the organisation of the classroom routines or negotiating rules of
communication.
The second criterion is ‘Mediation of Transcendence’, which refers to information
that is made available to the learner with broader context (Presseisen and Kozulin
1992). Transcendence is mediated when the learner is guided in the process of categorising information and incorporating it into known models. For example, the language
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teacher might oﬀer a student a way to classify a verb on the basis of its ending or remind
the student if it is a regular or irregular verb. This is an important factor in ensuring that
learners can transfer what they have learned onto diﬀerent contexts, which is an important skill that many learners ﬁnd diﬃcult to master (Ge and Land 2003).
The ﬁnal criterion is ‘Mediation of Meaning’. In any given learning experience, the
mediation of meaning involves ensuring that the learner is capable of grasping why
something should be learned and for what it may be useful (Presseisen and Kozulin
1992). One way to do this, is to begin with what a learner ﬁnds meaningful already. A
Montessori approach, for example, leverages the learner’s own attention toward learning
what is interesting for them, so that whatever the student learns makes a more lasting
‘impression’ (Feez 2007, 79).
Other areas of mediation that impact ‘propensity to learn’, according to Feuerstein,
are: a feeling of competence (a sense of self-eﬃcacy), regulation and control of behaviour,
sharing behaviour (between and among peers), individualism and psychological diﬀerentiation, all goal-related activity (including goal-seeking, planning, achieving, etc.), a
desire for challenge, an appreciation for novelty and complexity, optimistic alternatives,
a feeling of belonging and a sense of the human being as a ‘changing entity’ (Presseisen
and Kozulin 1992). This list, which is not exhaustive, is reminiscent of some of the learning theories that are associated with learning analytics, such as self-regulated and
socially-shared regulated learning. Mediated Learning provides a ‘stage-setting’ frame
for those activities to take place. This means that if we evaluate learning analytics in
terms of their potential to mediate learning, we will also evaluate their potential to contribute to self-regulated learning.
We determined that Mediated Learning Theory could help us to organise certain patterns that emerged in the data and identify important relationships, in particular how to
understand the space between learners’ goals and their achievements. The aim is to test
learning analytics against the universal criteria to analyse its potential as a mediatory
agent in learning, delivering transition and change toward achievable goals.

4. Aﬀordances
Though we identiﬁed Mediated Learning as the lens through which to analyse our data,
we needed an additional model for how to collect our data. This model had to be consistent with Mediated Learning Theory, meaning that we would need to connect it to
the psychological tools that learners already have. For this reason, we identiﬁed ‘aﬀordances’ as a useful approach. We felt this would best represent the opportunities that
educators and learners can already see and would be more likely to adopt.
‘Aﬀordances’ are properties of an object that are perceived by a user, presenting action
potential for what can be done with that object (Norman 1999). Using a hammer as an
example, one can perceive the qualities of a hammer: that it is hard, that it is heavy, that it
can be held in one hand. What can be done with that hammer is limited by its properties,
but also by the creative observation and consideration of the user.
To capture both participants’ understanding of how learning analytics can be used, as
well as how they would speciﬁcally use it themselves (metacognition), we did not consider
only one type of learning analytics tool. Instead, we shared with participants an array of
possible tools and their functionalities, and collected aﬀordances relating to all of them.
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Aﬀordance Theory has become a popular lens through which to interpret human
understanding of information systems (Pozzi, Pigni, and Vitari 2014). However, Oliver
(2016) has cautioned technologists and developers from making too great of an assumption about intentions to adopt technology based on aﬀordances. For this reason, our
methodology includes extra attention to those aﬀordances which prompt metacognitive
reﬂection in learners (any statement that reﬂects ‘cognition about cognition’ Flavell
1979), a clearer connection of an aﬀordance with an intention to use an object for a
speciﬁc, already acknowledged purpose.

5. Methods
Given that we wished to identify what is important to educators and learners, in as much
detail as possible, our research was based on a qualitative approach (Creswell and Poth
2017; Lincoln and Denzin 2000). We chose to conduct a case study, because it was necessary to make observations within a ‘real life’ environment (Yin 2003), where learning analytics are deployed and could be expanded. We focussed on a single case, so that the
variable we want to explore, what learning analytics need to provide to mediate learning,
is not dependent on certain institutional features and factors that we did not have the
resources to explore.
The case study environment is a long-time provider of distance and online education
with considerable access to learner data and a strong institutional identity of technologyenhanced, inclusive learning. Learning analytics has garnered serious interest in the institution, due to the potential to identify learners at-risk, evaluate learning design and
assessment, to categorise learners and to understand more about the social aspects of
learning.
We used a combination of qualitative interviewing (Creswell and Clark 2007) and
focus groups (Gibbs 1997) to examine perceptions of learning analytics ﬁrst more generally, and then with more attention to the meso-level, organisational and departmental
factors involved. All interviews and focus groups were transcribed, coded and analysed
through a combination constant comparison (Charmaz 2011, 2014), participant checking
(Charmaz 2014) and exchanges with experts in the ﬁeld about emerging categories of
importance (Barbour 2001).
5.1. Participants and procedure
The study involved educators (n = 18) and learners (n = 22) currently in practice at the
case study site. Most students were undergraduate (n = 20), having completed their
ﬁrst year. 4 Educators were in senior roles with 5+ years of experience. The rest were
in junior roles with less than 3 years of experience. We identiﬁed participants using a
convenience sampling strategy (Charmaz and Belgrave 2012) through email, message
board and personal contact. This was followed by purposive sampling as categories of
interest began to emerge from the data (Charmaz 2014; Bryant and Charmaz 2007).
When ‘constant comparison’ among the transcripts and the emergent theoretical categories no longer produced new insights, saturation was determined to have been
achieved (Charmaz 2011). Focus groups took place in both homogeneous and heterogeneous groups in terms of domain, background and level of experience, to test the
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strength of emerging categories (Charmaz and Belgrave 2012). Focus groups were not
mixed between learners and educators, in order to avoid certain power dynamics or discourage open communication about learning and teaching practices.
Before each interview or focus group, participants signed a consent form and were
made aware of data protection measures. Interviews and focus groups were conducted
both by Skype, Web-Ex and face-to-face at the convenience of the participant. Each interview was expected to take approximately 60 minutes with educators and 25 minutes with
students (due to the fact that learners do not tend to have much exposure to learning analytics (Dawson et al. 2014)). Each focus group lasted approximately 1.5–2 hours.
The question schedule was the following:
.
.
.
.

What challenges do you face currently in your practice?
What would you like to achieve?
How do you plan to get there?
How could learning analytics assist?

For the last question, participants were given a basic description of some of the data
that is captured in learning analytics research. Any aﬀordances they perceived in using
that information were documented.

6. Findings
The ﬁndings below are divided by (a) the challenges that participants perceived in their
practice, (b) the ways they recognise learning, (c) their current strategies, and (d) their
ideas about how learning analytics could assist them in meeting their objectives.
6.1. Educator challenges
Educators reported 26 distinct types of challenges, which could be classiﬁed into 9 larger
themes: communication with learners (lack of visual referencing, lack of feedback),
developing interaction among students (diﬃculties creating a sense of community or
generating discussion), institutional challenges (pressure, confusion of roles), a lack of
information about learner background (with regard to demographic information,
learner diversity, previous knowledge and experience), progress (interpreting progress,
ﬂawed assessment procedures), dynamic agency (transience of learners’ goals, peaks
and troughs in learner engagement), ethics (around both data protection and retention),
and realities (such as societal changes in the structure of education or the use of technology, which cannot be avoided).
We conducted a frequency analysis of themes across the participants. We observed
that the 8 main challenges (excluding ‘realities’) clustered around three larger educational
goals mentioned by educators: to ‘satisfy learners’, to ‘develop strong minds’ or to
‘prepare learners for practice’ (Figure 1).
Educators working in the Science, Technology, Engineering and Maths (STEM)
faculty, for example, as well as those in Finance and Accounting, tended to report
more frequently about preparing learners for practice and challenges around understanding learner backgrounds and current progress.
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Figure 1. Challenges by educational goal.
You just don’t know anything about them and it’s very frustrating. I suppose you have to
hope that they’ve managed to gain some ability to manage their own learning. – Harry

Educators from the Arts and Humanities, as well as the Social Sciences, tended to
focus in their statements on developing strong minds, and challenges often related
back to assessment procedures and perceived demands of the domain.
In a real classroom, you would see people looking at you or even raising their hands, but in
the virtual classroom, there is this awkward silence all the time. Even though you have the
option of raising your hand in [name of software], nobody ever does that. – Uwe

The goal of Learner Satisfaction (making learners happy) was most related to challenges of using Massive Open Online Courses (MOOCs) or having class sizes of 150+
students.
6.2. Learner challenges
For learners, we identiﬁed three major motivations for learning, which were to ‘achieve
one’s own personal best’, to ‘obtain qualiﬁcations’ for a particular type of employment
and for the ‘pure joy of learning’. These motivations often contextualised the types of
challenges they perceived.
First time STEM students at the case study site appear to share the same goals as educators working in STEM, to focus on the development of qualiﬁcations toward a speciﬁc
professional context.
I really thought it would make me better at my job, give me an advantage over other people.
– Jonah

For those students, challenges can be around dissatisfaction with institutional links to
industry and clarity of study materials (as many students with this motivation reported
self-study as their preferred mode).
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First time students in the Arts and Humanities tended to express more abstract goals
of obtaining as much theoretical and practical knowledge as possible, to develop a strong
mind, rather than having their eye on a speciﬁc professional context.
So, for me, I think the main thing is, I just want to see what I can do. It’s seeing how far I can
push myself in a sense of my ability. – Harriett

For students in this category, challenges around recognising learning progress and the
ability to compare with others are more common.
Learners who are motivated by the joy of learning reported some of the same challenges as the other two groups, depending on what they enjoy most about the learning
process.
However, at the case study site, many students have had another career or educational
experience before starting their studies. One participant described how his return to education late in life has impacted his goals:
Obviously, if this was going to be used some way in your career, for your future, you always
want to do your best, right? And so I think a normal student, a younger student, who is
wanting to make use of his degree, would be more concerned than I was. – Ralf

In addition, many of the students we spoke to were entering a completely new discipline after many years in an entirely unrelated discipline. In these cases, learners’ goals
and strategies tended to map more closely to their ﬁrst discipline, rather than the one
represented by their studies at the case study site. One participant, returning to the
Humanities after a career in ﬁnance said:
I can only say that I am a product of 50 years of being results orientated. – Chris

Understanding the role of previous education and professional experience in shaping
how learning is practised and recognised was determined to be critical for understanding
learner journeys. We discuss this in more detail in the section on Learner Strategies.
6.3. How educators recognised learning
Tables 1–4 show the major and sub-categories (open codes) that relate to how educators
understand learning. While there were many commonalities shared across educators
(such as sensing reciprocity from learners and feeling positive about the learning experience from their own perspective), some sets of indicators tended to cluster together.
Table 1 includes indicators that were shared among all educators. Table 2 includes indicators most often referred to by educators that were focussed on practice. Table 3 shows
the indicators for recognising learning through learner satisfaction and ﬁnally, Table 4
describes the indicators used in recognising learning through development. Some of
the indicators that educators name are objective, for example, in the demonstration of
a skill or retention.
Lucy: In terms of content, I like to think about it in terms of whether or not it can stand up to
scrutiny from the outside.
Ivan: Yes, the student should be able to pursue a PhD degree in Manchester and not look like
[an idiot] when they show up for the interview because whatever they’ve been taught is not
what is accepted within the community.
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Table 1. Recognising learning through reciprocity.
Major categories
Willingness
Positive Personal
Response

Description

Sub-categories

The sense that a learners has the desire to
engage
An own sense that the class or individual
students are learning

Reciprocity in the classroom, learner
response to feedback
Intuition, joy

Table 2. Recognising learning through practice.
Major categories
Retention
Demonstration of a
skill
Cohesion

Description

Sub-categories

The learner is retained in the course of
study or the module
The learner is able to prove a new skill

Retention in modules, retention in study
programmes
High marks, successful practicals

The learner’s work ‘makes sense’

The learner can engage on the topic, the learner’s
work is well-rounded

Table 3. Recognising Learning through Learner Satisfaction.
Major categories

Description

Sub-categories

Positive Learner
Feedback

The learner communicates that they
have learned something

Positive written evaluations, positive emails and
informal conversations with learners, gifts from
learners
Institutional attitudes that are learner-centred,
support for learners with diﬀerent abilities

Positive Institutional
Environment

The presence of tools and systems that
should support student learning

Table 4. Recognising learning through development.
Major categories

Description

Sub-categories

Social Presence

the learner brings their whole self into the
classroom
Learners are interactive such that the speed and
quality of contributions increases and is dynamic
The learners’ interactions result in meaningful
discourse

Learners supporting other learners, active
participation
Long message threads, quick response times,
increased participation from previous levels
New ideas, transfer of ideas to other contexts

Excitement and
Energy
Emergence of
Discourse

Other indicators require some subjective and reﬂexive judgements along the way. For
example, cohesion is described as an over-all sense-making activity, looking at the learners work and deciding if it is well-rounded and appropriate.
It’s in those little details. Does the person know how to transition from one idea to the next?
Is there a ﬂow? Does it ‘hang together’? You get a sense for that. A student who is not just
repeating back what you say, but knows how to, I suppose, navigate around the topic. – Nora

Educators understand excitement and energy through recognising an improvement in
the speed and quality of learner contributions to the class where the threshold for an
‘improvement’ is deﬁned by the educator through their experience of the cohort.
Educators are also able to operationalise these indicators and in some cases translate
them to machine readable proxies. Table 5 provides a list of the proxies educators
reported during our study. This list is not exhaustive, but it does demonstrate that educators are drawing from some of the same sources of information as many learning

TEACHING IN HIGHER EDUCATION

11

Table 5. Educator proxies for learning.
Indicators

Description of proxies

Willingness

learner behavioural change after feedback, learner reaction time to feedback, learner
sentiment toward feedback
Module completion rates, study programme completion rates
Performance is steadily increasing or remaining above average, number of key concepts
a learner includes in assignments in comparison with course materials, number of
contributions on the forum, number of responses to contributions
Rate of response time between communications, number of contacts with other
students, number of contributions on the forum, rate of activity per student
Percentage of improvement in marks, percentage of improvement in practical
performance
Learner sentiments in course evaluations, number of contacts between learner and
educator, number of contacts between learner and institution
Institutional sentiment in publications toward learners, ratio of support programmes to
learners who needs them, participation rates of learners in support programmes, learner
sentiment toward support programmes
Educator sentiment toward the cohort
Length of message threads, number of participants in each thread, rate of response
times (individually and aggregate)
Number of new links brought into the discussion by learners (individual and aggregate),
number of new concepts brought in by the learners (individually and aggregate), and all
other indicators described under ‘Excitement and Energy’

Retention
Cohesion
Social Presence
Demonstration of a skill
Positive Learner Feedback
Positive Institutional
Environment
Positive Personal Response
Excitement and Energy
Emergence of Discourse

analytics tools and technologies, such as participation in learning forums and improvement over time.
6.4. How learners recognised learning
Learners reported recognising learning typically through comparisons, even with
themselves:
I go back to those ﬁrst tutorials and think, oh my God, seriously, look how far I’ve come. I
know I’ve learned a vast amount this year, a serious amount. I think it’s from looking back
and realising that actually, that was really diﬃcult at the time and now that’s okay. – Vicky

Table 6 outlines the diﬀerent types of comparisons and other indicators that learners
reporting using to understand how they are doing in their studies.
However, they interpret it in diﬀerent ways. If a learner is hoping to pass with a 65/100
and then receives a 75/100, for example, the learner will view this as a sign of learning.
However, if that learner had planned to get a top mark, and then received a 75/100, something has most likely gone wrong.
I got low 70 s for my ﬁrst TMAs this year, which surprised me, because I was a 80 s kind of
student the previous year. It got me thinking about whether or not I was taking it in. –
Mascha

Unfortunately, it can be easy to miss these sorts of subtle problems, because they rely
on having access to the individual learner’s goals, which are often obfuscated for the educator (and they are not always linear or comparable with previous results). And as one
participant noted, these goals may change for each learning experience.
I wouldn’t really be able to say, simply based on my marks if I was doing well or not. I mean,
compared to what? Each assignment is so diﬀerent, each module, each tutor. I can get 1sts
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Table 6. How learners recognise learning.
Major categories

Description

Sub-categories

Comparison with
the Self

Comparisons between any previous state, set
of behaviours or outcomes around a single
individual
Any comparison involving a group of students
in a single module, a course of study, a
department, a faculty or the institution
Any comparisons around proving competence
by comparing the learners’ outcomes with
those expected by the target discipline
Having a sense for the domain and the ability
to navigate it
Fixed ideas of good and bad marks, not directly
related to comparisons with other students or
past performance
The ability to remember and recall information

Previous Marks, previous performance of a skill,
previous emotional state, previous social state,
previous well-being
Cohort comparisons, individual vs. cohort,
individual vs. a selection, retention

Comparison with
Others
Comparison with
the Discipline
Coherence
Marks
Recall
Feedback

Any information about learning that is
gathered from human sources

comparison with experts, comparisons with
expectations of learner ability
Appreciation of the domain, sense-making
arguments, access to discourse
Assignment marks, test marks, overall marks, ”
Remembering key concepts, parsing and
retaining written information
Feedback from the tutor, direct feedback from
other students, indirect feedback from other
students

for 4 modules and 3rds for the rest. My performance has very little to say about what I’ve
actually learnt. – Moritz

In addition, it can be diﬃcult to spot some needs for learning, because a learner’s
capacity is hard to determine. As one educator noted:
You have to think about the high performers too, and actually, the mid-range students.
Where are they? How can they be supported? I would really love to understand that
middle-of-the-road type of student. Where is the support for that student? – Nora

However, some types of comparisons were relatively common for learners to report.
For example, in terms of comparing performance or activity against that of other students, it was quite common for learners to be aiming at passing, doing average, doing
better than average, and scoring within the top 10%. Those that were interested in
being able to compare with the discipline often related this to being able to compare
one’s own work with an acceptable example. This was particularly true for writing assignments or other types of non-algorithmic activities.
6.5. Learner strategies
The ways in learners in our study recognised learning were also reﬂected in the types of
strategies they reported. Learner strategies appeared to follow primarily one of three
diﬀerent approaches. In the ﬁrst approach, which we called a ‘Open Strategy’, learners
reported that they (a) were currently open to questioning their current strategies and
(b) actively seeking inspiration from outside of themselves. These learners tended to
have more general than speciﬁc strategies. They also tended to struggle with the isolation
of online learning. Learners with open strategies reported that they found it diﬃcult to
cope when their social needs in learning are not met.
I do like to discuss what I’m thinking and the opportunity really isn’t there. I think, maybe, if
I was discussing it more in a group, I might hear things, bounce ideas around and then come
away and maybe just do one draft and then change it a little bit…. – Harriett
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Learners with ‘Pragmatic Strategies’ (a) already had speciﬁc strategies for optimising
performance, (b) were typically seeking the easiest path to achieve the aim, and (c) generally looked only for speciﬁc advice from other people around them. Pragmatic learners
tended to express more conﬁdence around their learning and were, surprisingly, most
eager to share their strategies with others. In gaining strategies from others, pragmatic
learners described their behaviour more like information gathering, seeking out
speciﬁc answers to speciﬁc questions from classmates and tutors.
I’ve found I learn well when I have very concrete examples of things, of how to play out key
concepts. I’ve also realised that I am not terribly good at focussing on key concepts and I love
going my own way, exploring my own literature and my own roots. – Jaisha

In contrast, Learners with ‘Applied Strategies’ appear to organise their learning
around personal mastery. Such learners (a) already had strategies for maximising performance, (b) were typically seeking the best path to achieve the aim, and (c) looked
for both general and speciﬁc advice from other people around them.
Learners with a background in STEM sciences, medicine and ﬁnance exhibited more
pragmatic and applied strategies. Some learners even described very clearly how this
background aﬀects their current learning experience. Learners with a background in
the Arts and Humanities were the only learner participants to report having open strategies. Participants with open strategies saw interaction with others as a large part of their
own learning.

6.6. Intentions and aﬀordances
Aﬀordance statements that the participant related directly to the their own, speciﬁc practice were coded as ‘Metacognitive Activity’. These were important, as we have previously
stated, to capture the psychological tools that participants have currently accessible.
During the course of the focus groups, we captured 179 metacognitive events.
Through removal of repetitions by single participants, this was reduced to 46 metacognitive events.
The 46 metacognitive events were then grouped into categories based on the most
important general intention of that activity, as reported by the participant. This
process produced 9 categories that we titled: ‘Focused Intentions’. Table 7 describes
each of those intentions in more detail. Figure 2 presents the number of metacognitive
events that were identiﬁed for each of the focussed intentions. We observed that focussed
intentions also clustered according to the learning strategies and teaching goals of
participants.
Findings indicate that most metacognitive activity was located around aﬀordances for
reﬂection and reciprocity, such as recognising patterns in the data and testing pedagogical assumptions, activities that required participants consider what it is that they are
trying to accomplish and how it can be measured:
One idea that I’ve had…some sort of study planning tool…and you can plot your study of
each topic based on the recommended hours and extra activity and it sends a notiﬁcation to
your phone and emails you to remind you of your study plans each day” -Jonah (Learner)

The ability to ‘play with models’ also featured strongly here:
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Table 7. Intentions behind aﬀordances.
Intention
Orientation
Intervention
Retention

Description

Sub-categories

Preparing the individual for entering the
educational environment
Identifying opportunities for change

Identifying prerequisites, setting
expectations, orientation to the faculty
Timing interventions, evaluating
interventions
Improving retention overall/across modules,
identifying pinch points
Self-discovery, Experimentation with
analytics
Identifying strategies, understanding
diﬀerent learner pathways
Deﬁning goals, cataloguing research
behaviours, good study habits
Delivering targeted content, creating
diﬀerent streams of content
Distributing resources, structuring/
representing student discourse
Determining the quality, volume and
trajectory of discourse

Keeping students enrolled

Agency

Empowering educators and testing assumptions

Reciprocity

Encouraging learners to share learning strategies

Reﬂection

Encouraging learners to think about their own
learning
Uncovering and accommodating learners’ needs

Accommodation
Exposure
Cohesion

Bringing learners into contact with new ideas,
experts and more knowledgeable peers
Supporting sense-making and assessment of sensemaking

If I had the choice, I would not have some top down, ‘this is the best’…I would make it sort
of automatic so people can access it and play with it and do creative things with it. – Jeremy
(Educator)

When connecting aﬀordances with real practice, educators and learners were looking
to resolve real challenges, such as exploring their own assumptions, seeking patterns in
their own data, ﬁnding novel ways of identifying learner emotion and of gaining access to
diﬀerent strategies and choices.

Figure 2. Metacognitive activity and intentions.

TEACHING IN HIGHER EDUCATION

15

The ways in which educators and learners recognised learning were reﬂected in which
types of aﬀordances they perceived in using learning analytics to support their practice. If
comparison with the discipline was important to the learner, for example, the learner
would typically see aﬀordances in text-based analysis of essays, for example, to extract
key concepts and determine the quality and trajectory of dialogue. They also saw more
aﬀordances for using learning analytics to support social processes, like the formation
of peer learning groups:
I suppose to be able to highlight those students and put, you know, like-minded students
together, because there are students that don’t want to get involved. And I appreciate
that there’s people who just kind of want to get their head down, do their own work. But
I’m not like that. – Vicky (Learner)

Figure 3 illustrates these groupings as well as the contextual features reported by participants as inﬂuencing those intentions. Individuals in our study with more pragmatic
approaches to education and experience with computing, for example, tended to focus
on aﬀordances around retention and interventions based on predictions. Individuals
with more open approaches to education tended to seek out the more complex composite
proxies for examining cohesion, accommodating diﬀerent learner needs, and exposing
learners to new ideas. Applied strategies were most associated with developing reciprocity in learning, working with the agency of learners and focussing on reﬂexive activities.
Individuals with a pragmatic strategy, in particular when they have an understanding of
advanced numeracy and computing, tended to perceive more aﬀordances for helping
learners to understand what is expected of them, to understand when they are struggling
as quickly as possible, and to do whatever possible to retain the student. Individuals with

Figure 3. Aﬀordances and intentions.
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a very open strategy, in particular if they highly valued interaction in learning, were more
likely to perceive aﬀordances that could help to identify and accommodate special needs.
In addition, they were more likely to promote aﬀordances that bring people together in
the process of creating meaning.
Individuals who were transitioning between domains, and those who reported welldeveloped applied strategies, circumscribe a middle-space between those two territories
of open, social learning and optimised, eﬀective strategies. In this space, the intentions
appear to be focussed on creating buy-in to improve value by involving diﬀerent stakeholders more in the process of data collection and interpretation. In addition, aﬀordances
tend to invite learners to consider the process of learning as important as the outcomes of
learning. When discussing the potential of using learning analytics to track learner’s histories while they study, for example, one student said:
If there are things people are looking at that I’m not looking at, I’d ﬁnd that really interesting
to see, in case there is something I ﬁnd useful. It’s a bit like peering into someone else’s mind.
– Moritz (Learner)

Finally, there is a sense that learning analytics can aid in the process of reﬂection on a
much deeper level, still using all of the same tools and technologies. For example, participants who occupied this middle space tended to describe using learning analytics to really
understand more about how to optimise the teacher-student relationship, and to recognise diﬀerent types of patterns in behaviour, also at the strategy level, to make those
inner-workings of individual study more transparent for learners.
One interesting item of note – For nearly all learners, tracking educator activity was
important, whereas none of the educators mentioned this as a possibility. Some of the
same measurements that educators would use to measure the interest and willingness
of the learner are also proposed by learners to assess the commitment of the tutor,
their responsiveness and their own interest in what they are teaching. Likewise, tracking
student activity was an aﬀordance that was only interesting to some students, whilst it
was mentioned as an aﬀordance by most educators participating in the study.

7. Discussion
With regard to RQ1, how do learners and educators understanding their learning, our
ﬁndings indicate that, while there is considerable diversity, we can also observe clusters
in which the construct of learning is similarly understood. The factors that appeared to
impact their perceptions and behaviours around learning analytics (RQ2), appeared to be
most related to their previous experience with computing, their domain background
(past and present), and their attitudes about assessment within their domain (for
example, whether they believed it was possible to adequately assess skills in their area
using the means currently provided). We observed patterns in the types of challenges
shared by educators and learners with similar goals, as well as the ways that they currently
attempted to recognise their learning and aﬀordances of learning analytics to assist them
in this task (RQ3).
With regard to how we can map such patterns to the framework of Mediated Learning
(RQ4), we consider the following:
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7.1. Psychological tools
Asking participants to reﬂect more generally on the properties of analytic data and its
uses allowed them to vocalise their speciﬁc or individual interests in certain practices,
rather than prompting them into a usability evaluation. From here, we could more
easily assess which psychological tools learners have available, and where they see possibility to transition to new tools. It makes sense that we observe discipline clusters both in
educators and students, as the discipline sometimes sets the psychological tools which are
preferred or most useful in that domain.
We also found that learning analytics could operate as a ‘more knowledgeable other’
(Presseisen and Kozulin 1992; Kozulin 1998), if they give students access to other ways of
thinking about or practising learning. In a typical classroom, learners can peer over each
other’s shoulders or read the faces in the room to understand where they stand, who is
succeeding and to whom they might go for help. Learners in online or blended environments do not ﬁnd it as easy to compare themselves with others. Learning analytics could
help ﬁll this gap, with appropriate input and guidance from educators and learners.
7.2. Mediation of intentionality and reciprocity
Most learning analytics initiatives at scale are not student-facing. Thus, they do not
comply with Feuerstein’s ﬁrst universal criteria of a ‘Mediated Learning Experience’
(Presseisen and Kozulin 1992, 13). In order for this criterion to be met, learners would
have to be much more deliberately integrated in how learning analytics are used and evaluated. The educators and learners in our study have provided many new and interesting
proposals for learning analytics that indicate their need for more relational and interactive data. While these may not be features that are easy to implement, they can potentially
say more about learning than current approaches. This can be considered the ‘high
hanging fruit’ of learning analytics development.
7.3. Mediation of transcendence
Building on previous work on the limitations of self-regulated learning, we can conclude
that mediation of transcendence would require much more facilitation on the process of
monitoring one’s own learning and using technology to assist with this process. We did
not ﬁnd any evidence that learners were receiving these two types of training, embedded
in their learning journey, other than the cases in which the educator was speciﬁcally
interested in supporting this activity as part of their pedagogical process. This has implications for equality and inclusion moving forward, if those with certain skills and interests are more easily or suﬃciently served by learning analytics than others.
7.4. Mediation of meaning
In our study, we observed that learners have their own ways of recognising their learning.
Likewise, educators have their own home-grown analytics for understanding the learning
of their students. Learning analytics researchers and technologists have already accepted
that focussing on relevant data is an integral part to the success of learning analytics
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initiatives. However, this need not be entirely personalised. We found that clusters of
indicators were often found among individuals that shared the same types of psychological tools. We can leverage this knowledge to create a smaller selection of diﬀerent learning analytics pathways and reduce some of the cost of fully personalised approaches.
7.5. Recommendations
On the basis of above, we can make several recommendations for creating the potential of
learning analytics to mediate learning (RQ3):
.
.
.
.
.

Consult with diﬀerent departments in learning analytics pilots and evaluations. Ensure
a sample that adequately represents faculty diversity.
Consider incorporating other types of data sources and machine learning techniques
to ensure that a diversity of indicators can be covered.
Get user feedback on learning analytics outputs such as predictions or
recommendations.
In the best case, provide an interactive dashboard for both learners and educators.
Ensure adequate training and experimentation phases for novices.

This set of guidelines is unique in that it outlines the pre-conditions necessary for
learning analytics to have impact on mediating learning: First, learning analytics
should be inclusive and co-created. Second, that learning analytics should be linked
with meaningful assessment. Third, learning analytics should be reciprocal and interactive, in which users can provide feedback. Finally, and perhaps most importantly, learning analytics should be embedded within the professional practice and training of staﬀ.
7.6. Limitations and future work
These ﬁndings could be further explored and validated using a survey instrument with a
wider sample of educators and learners. Do these clusters stand up to scale? Can some of
what learners and educators described, in terms of their activities, also be ‘seen’ in their
traces in the VLE and online? How do systems work for non-normative students or
those with less representation at the institution? These are important questions for
immediate future research.

8. Conclusion and contribution
Learning analytics should provide learners with ‘actionable insights’ to support their
learning journey (Ferguson 2012). We argue that we have operationalised this goal as
‘mediating learning’ and used the models of mediated learning from Vygotsky and Feuerstein to deﬁne that goal more precisely. We gathered evidence from learners and educators around the psychological tools they currently use to understand their learning, their
understanding of learning analytics in general (Mediation of Intention of Reciprocity),
their proposals for how anyone could use learning analytics to mediate learning
(Mediation of Transcendence) and how they would speciﬁcally use learning analytics
technology to support their own practice (Mediation of Meaning). Our guidelines for
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mediating learning provide a minimum viable context in which we argue that learning
analytics could be most successful at helping learners use analytics to understand
more about their learning. In addition, we presented an alternative perspective to personalisation that is less costly, highlighting how common aims lead to certain shared,
observable behaviours. Finally, our guidelines echo the need for more diverse voices in
learning analytics development and implementation. If learning analytics are based on
data derived from what are perceived to be inadequate procedures, encouraging adoption
will be diﬃcult. With this knowledge, institutions looking to implement learning analytics initiatives to support learners at scale can consider whether they have enough
time and resources to ensure the diversity of data, enough training and exposure to learning analytics, and reciprocal mechanisms to get meaningful feedback from users within
all stakeholder groups.
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