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There is a huge and growing amount of data that is already captured in the many, diverse digital tools that
support learning. Additionally, learning data is often inaccessible to teachers or served in a manner that fails to
support or inform their teaching and design practice. We need systematic, learner-centred ways for teachers to
design learning data that supports them. Drawing on decades of Artificial Intelligence in Education (AIED)
research, we show how to make use of important AIED concepts: (1) learner models; (2) Open Learner Models
(OLMs); (3) scrutability and (4) Ontologies. We show how these concepts can be used in the design of OLMs,
interfaces that enable a learner to see and interact with an externalised representation of their learning progress.
We extend this important work by demonstrating how OLMs can also drive a learner-centred design process of
learning data. We draw on the work of Biggs on constructive alignment (Biggs, 1996, 1999, 2011), which has
been so influential in education. Like Biggs, we propose a way for teachers to design the learning data in their
subjects and we illustrate the approach with case studies. We show how teachers can use this approach today,
essentially integrating the design of learning data along with the learning design for their subjects. We outline a
research agenda for designing the collection of richer learning data. There are three core contributions of this
paper. First, we present the terms OLM, learner model, scrutability and ontologies, as thinking tools for sys-
tematic design of learning data. Second, we show how to integrate this into the design and refinement of a
subject. Finally, we present a research agenda for making this process both easier and more powerful.

1. Introduction

Open Learner Models (OLMs) are a core idea that has emerged from
AIED research (Bull, 2020; Bull & Kay, 2016). From a student’s
perspective, an OLM provides a useful view of their learning progress as
they master key learning objectives. From the perspective of the
designer of AIED systems, the OLM is an interface that presents a view of
the learner model. The learner model is often described as the AIED
system’s “beliefs” about the learner’s knowledge, misconceptions,
preferences, goals and attributes. In a classic AIED system, the main
purpose of the learner model is to drive personalisation of the learning
interface. In this paper, we take these ideas from AIED, and we show
how teachers of a typical university subject can use them in a systematic
design of the learning data that can enable students to track their
learning progress.

Our approach provides a path towards making the design of learning
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data a standard part of the learning design process for a subject. This is a
major shift from current thinking about learning data, as reflected in the
literature, which is to begin with the data that is readily available and
then analyse it to gain insights that can enhance learning. Current
educational technology certainly can generate large volumes of learning
data about each student. Indeed, recognition of the potential value of
such data has spurred the fast growth of the learning analytics research
community. While that community has been able to extract valuable
insights from learning data, there has been relatively little work on
learner facing dashboards (Bodily et al., 2018). It is now timely to create
ways for every teacher to integrate the design of the learning data for
their subject in a form that can help students appreciate the learning
objectives set for the subject and to track their learning progress in terms
of these.

Essentially, we present a new approach for teachers to use when they
design their university subject. This starts with the teacher designing the
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OLM they want their students to see. Then they design the data needed
for the OLM design, integrating this with the established and widely
used approach of constructive alignment (Biggs, 1996, 1999). Over
decades, constructive alignment has been used by teachers to align the
learning objectives of a subject with its teaching and learning (T&L)
activities and assessments. Thus constructive alignment has two roles.
First, it ensures that the learning design of a subject provides students
with adequate opportunities to develop the intended knowledge, skills
and attitudes. Secondly, it drives the design of the assessments so that
they provide both formative and summative feedback about each of
them. With the growing role of learning data in education, this paper
shows how to integrate the design of learning data with this overall
learning design process.

We aim to make three key contributions. First, introduce a new way
to make use of the AIED terms, OLM, learner model and scrutability, as a
part of designing a subject and its learning data. Second, we illustrate
how this approach can be used with current technology to harness data
from widely used learning technology, such as Learning Management
Systems (LMSs), videos, self-test resources and automated grading
software. This has a theoretically grounded discussion of the ways that
teachers can ensure that an OLM created by our approach is integrated
into, and benefits, the learner. The third contribution is a research
agenda that describes the tools that would make it quick and easy for
teachers make rich uses of our approach.

The next section introduces background research that informed our
work. Then we provide a high level overview of our approach, followed
by case studies of the use of the approach in two stages: a data design
process that is learner-centred, adheres to constructive alignment prin-
ciples, and supports self-regulated learning; an example of one way to
implement the detailed data collection and management as well as the
presentation of the OLM. We then discuss the approach and research
directions in terms of three key stakeholders: students, teachers and
researchers, with educational theories, contexts and uses and our final
section presents a summary and conclusions.

2. Background

This section presents the previous research that underpins this work.
The first three parts are what we argue should be the educational
foundations of OLMs. These begin with research on learning design that
is learner centred and the importance of self-regulated learning in ter-
tiary education. Then, we introduce Biggs’ constructive alignment
(Biggs, 1996, 1999) and the way it fits into that body of work. The next
part introduces key ideas from AIED research on Learner Models and
Open Learner Models (OLMs) and the notion of scrutability.

2.1. Learner-centred learning design

Learning design is defined by Bakharia et al. (2016) as a field that:
“allows educators and educational researchers to articulate how
educational contexts, learning tasks, assessment tasks and educational
resources are designed to promote effective interactions between
teachers and students, and students and students, to support learning ...”
Being learner-centred refers to qualities of the design as an outcome as
well as to designing as a process. For the latter, being learner-centred
means to include students in the design process, such as when univer-
sity students co-design a subject with the teacher (Deeley & Bovill,
2015). It can also involve adaptation during the teaching (Reigeluth,
Myers, & Lee, 2016). For example, a formative assessment in Week 3 can
inform a student’s choice between two learning activities in Week 4. A
design is learner-centred if it enables educators to regularly answer the
question: “Is an adjustment needed, and if so, what should that adjust-
ment be?” (Popham, 2008). For Tertiary Education, at least, we may
want to add a third element to our definition of learner-centredness:
That this information also is made available to the students so that
they can make informed adjustment decisions themselves (Kitto,
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Lupton, Davis, & Waters, 2017).

A student needs a criterion to answer the first part of the question, i.
e. to assess whether an adjustment is needed. There is general agreement
that the key criterion is attainment: what has been learned so far (Rei-
geluth et al., 2016). Many have argued — amongst them prominently
Ference Marton (e.g., Marton, Hounsell, and Entwistle (1997)) and John
Biggs (e.g., Biggs (1999)) — that attainment criteria should not only refer
to content, but also to the ways students engage with the content, such as
is captured in Bloom’s Taxonomy (Anderson, Bloom and others, 2001)
and the SOLO taxonomy (Biggs & Collis, 2014).

If a teacher or student determines that an adjustment is needed, the
second part of the question requires that the learning design takes ac-
count of adaptations of instructional parameters along a number of di-
mensions. A very important dimension is learning time; in learner-
centred instruction, learning time is individualised and made depen-
dent on attainment, and level of mastery (Bloom, 1974). Other impor-
tant dimensions are sequence of topics and learning/teaching method;
to the extent possible, they too should be made contingent on attainment
and learner preferences (Corno, 2008; Park & Lee, 2004). But why the
interest in learner-centred design? One of the underlying motivations for
this work is that it could help to encourage self regulated learning.

2.2. Self-regulated learning in tertiary education

Theoretical models of self-regulated learning (SRL) emerged in the
1990s seeking to bring together an explanation of learning regulation
that included cognitive processes alongside those of motivation and
emotion. We take the definition here that SRL is “an active, constructive
process whereby learners set goals for their learning and then attempt to
monitor, regulate, and control their cognition, motivation, and behav-
iour, guided and constrained by their goals and the contextual features
in the environment” (Pintrich (2000):453). This gels well with the ethos
of learner-centredness outlined in the previous section. Further, this
definition of SRL relates to the self-regulatory aspect of human agency
outlined in social cognitive theory (Bandura, 2005), in which a person’s
learning (and other) behaviour is the result of interactions between
personal factors and the learning environment. The learning environ-
ment here includes the subject as designed by the teacher, and also the
OLM used to provide feedback to students on their learning.

Panadero (2017) provides an overview of important SRL models.
They differ in their relative emphasis on metacognitive versus motiva-
tional processes, and in the degree to which they articulate the inter-
action between the two. The most influential model is Zimmerman’s
(Zimmerman & Moylan, 2009). It depicts SRL as a goal-driven process
comprising three cyclical and separate phases, each phase with clearly
articulated sub-components. Its description is more at the macro-than
micro-process level of description; and this helps when thinking about
teaching and data design at the whole-of-subject level, which is the focus
of this paper. See also (Azevedo, 2020) for an overview of current issues
in the field.

The three phases in Zimmerman’s model are forethought, perfor-
mance, and self-reflection. In the forethought phase, students are
engaged in task analysis activities of goal setting and strategic planning,
and these are influenced by motivation beliefs of self-efficacy, outcome
expectations, interest, value, and goal orientation. In the performance
phase, students exert self-control in a range of ways including particular
task strategies, self-instruction, imagery, time management, environ-
mental structuring, help-seeking, interest incentives, and self-
consequences. Also in the performance phase, students undertake self-
observation via meta-cognitive monitoring and self-recording. In the
self-reflection phase, one experiences a range of self-reactions including
emotions, degree of self-satisfaction, and may take an adaptive or
defensive stance as a result of learning experiences and outcomes. Also
in the self-reflection phase, self-judgment includes self-evaluation and
causal attribution for outcomes.

OLMs have the potential to support SRL, depending not only on the
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information shown, but also in how the OLM is used by students and
teachers as an intermediary tool for communicating about goals, ex-
pectations, progress, achievement, etc. One of the defining properties of
OLMs is that they give students external information that can used as
feedback on satisfactory completion of tasks and/or performance. For
example, in the earliest skill-meters Corbett and Anderson (1994)
showed students their changing score on a small set of skills within a
sophisticated intelligent tutoring system. They can act as an aide to
meta-cognitive monitoring, but also as a prompt to enact particular
self-control strategies such as help-seeking or (re)structuring one’s
environment. Beyond this, there have been systems that enable the
student to contribute their own ratings regarding their mastery of a
particular concept or objective (Cook & Kay, 1994). Other work enables
the student to challenge a system rating and then the system provides
them with the opportunity to complete tasks that demonstrate mastery
(Bull, Brna, & Pain, 1995). There has also work where students set the
standard for their learner model mastery (Upton & Kay, 2009). But how
might we feed this work on learner centred and self-regulated learning
into the rich history of OLMs? Here, we will argue that the bridge be-
tween the two fields can be provided by constructive alignment.

2.3. Constructive alignment

Biggs’ notion of constructive alignment (Biggs, 1996, 1999, 2011)
has been influential in curriculum design for tertiary education. This is a
simple, elegant idea that is a powerful conceptual tool for teachers.
Broadly similar approaches have been proposed by others. Notably
Anderson (2002) reviews work on the similar notion called curricular
alignment and instructional alignment is the term used in Cohen (1987)
which reported large learning gains when it is well done. These bodies of
work have different underlying educational theories. Our work partic-
ularly draws on Biggs’ description of the ways that teachers can tackle
curriculum design.

Fig. 1 gives a high level view of a subject that is constructively
aligned. Essentially, constructive alignment calls for teachers to begin
the design of a subject by defining the learning objectives, shown in the
middle of the figure. The left of the figure shows the teaching and
learning (T&L) activities. In constructive alignment, the teacher designs
each T&L activity so that it can enable students to achieve one or more of
the learning objectives. It is becoming common practice in universities
for teachers to capture this reasoning in curriculum planning tools like
Akari, CourseLoop or U-Planner,’ as these enable a teacher to explicitly
state the mapping between activities and learning objectives. For
example, a teacher will typically describe each lecture and link it to one
of more of the learning objectives. There is a huge diversity of possible
activities designed by the teacher, such as the widely used lectures, tu-
torials and labs of tertiary education.

T & L activities increasingly use a wide variety of digital tools. The
figure shows examples of common ones. But there are many others.
Some were explicitly designed for teaching and learning (e.g. electronic
textbooks). But many general purpose tools are also used in teaching —
the figure shows the examples of videos and web pages. Each of these
has the potential to provide learning data, and we will return to this
point in Section 3.

In constructive alignment, the teacher must align the learning ob-
jectives with their design of the assessments (at the right of Fig. 1) and
feedback. In the case of formative assessments, such as low stakes
quizzes and class activities, this ensures that the students have feedback
on their learning progress. With suitable learning design, students and
teachers can be alerted to the need for remedial action. At the other end
of the performance spectrum, students who are progressing well should
gain reassurance that their current approaches to study are on track.

! https://www.akarisoftware.com/https://uplanner.com/en/or http
s://courseloop.com/.
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Summative assessments, such as final exams, should serve both to pro-
vide grades and to enable the teacher to determine the success of their
teaching strategy for each of the main learning objectives.

To this point, we have mainly taken a teacher-centred view, with a
focus on the learning design. We now turn to a learner-centred
perspective. The figure shows the learner at the top of the figure. The
lines indicate that the learner should be able to see the learning objec-
tives. Importantly, they should be able to see how the T&L activities and
the assessments align with them. Modern curriculum design systems
gives students this information. In this paper, we introduce OLMs as a
different, personalised and dynamic visualisation of a student’s progress
against the teacher’s learning objectives, potentially alongside infor-
mation on progress towards their own additional learning goals.

2.4. Learner models and Open Learner Models (OLMs)

Open learner models have grown out of decades of AIED research.
Initially, this was inspired by a vision of achieving the 2-sigma learning
gains of expert 1:1 human tutors compared with classroom teaching
(Bloom, 1984). Central to that vision was the learner model, which has
been defined as a machine’s set of “beliefs” about the learner (Wahlster &
Kobsa, 1989). It is the learner model that drives the personalisation of an
intelligent tutoring system.

2.4.1. A brief introduction to OLMs

Within even the early AIED work, it became common to provide the
learner with an interface showing their progress, as a skill-meter (Cor-
bett & Anderson, 1994). The broad idea of making the learner model
available to the learner was proposed by John Self (Self, 1990) who later
described 15 forms of openness (Self, 1999) in AIED systems. Such
“opening” of the learner model became a strong theme in AIED research
(Bull & Kay, 2016). Initially, most learner models and OLMs were part of
personalised teaching systems. But independent learner models (Cook,
Kay, & Kummerfeld, 2015; Kay, 1995) were also created, both for reuse
of the learner model across personalised teaching systems and to support
learners in self-monitoring, reflection and planning (Bull & Kay, 2013).
We build on that work in this paper, taking the core ideas of a learner
model and OLM as drivers for the systematic design of learning data in
conventional university subjects that make use of typical teaching and
assessment methods.

We now introduce OLMs by way of an example. Fig. 2 shows an OLM
similar to that in (Brusilovsky, Somyiirek, Guerra, Hosseini, & Zador-
ozhny, 2015). It has been used by many student cohorts in voluntary
practice activities in a programming subject. The green cells across the
top show the learner’s progress in the topics listed above them. The
darker the green, the higher the mastery level. So, for example, in the
figure the Variables cell is dark green, indicating the student has
mastered it.

This OLM uses social comparison — the blue cells show the learning
progress of a “Group”. (This introduces all the risks that comparison
entails (Hanus & Fox, 2015; Khan & Pardo, 2016).) The middle row of
the OLM makes it easier to compare this learner’s performance against
the group. Overall, the student has made similar progress to the group
(indicated by the white cell for OVERALL). But on Variables, the green
indicates they are doing better. The rest of the learning topics have a mix
of cases where the student is ahead (green cells), similar (grey cells) or
behind the “Group” (blue cells).

The “Group” could be the whole class, enabling the student to see
themself compared with the class, or the “group” could be just a part of
the class. For example, if a student is aiming for a high grade, they may
want to see the group of high achieving students. The same visualisation
could present a different standard for comparison. For example, the
teacher could define the standard that is expected at this time in the
semester, as in work where the teacher defined a “plausibly ideal stu-
dent” (Cook et al., 2015; Kay & Lum, 2005). There are many other ways
to help students make sense of their performance. For example, in a


https://www.akarisoftware.com/
https://uplanner.com/en/
https://courseloop.com/
https://courseloop.com/

J. Kay et al.

learner .

Computers and Education: Artificial Intelligence 3 (2022) 100069

teacher

T&L activities

Learning
Objectives

Assessments

videos, web PARS,
discussion boards, ..

quizzes, participation,
ass'\ﬁnmen‘rs, exams, .

Fig. 1. Overview of constructive alignment. The boxes are the main parts that a teacher creates. All of these are visible to the student.
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Fig. 2. Example of an Open Learner Model for a Java programming subject. The learner can scrutinise this OLM by clicking any cell. In this figure, the learner clicks

Loops For to scrutinise the details in Fig. 3.

Quizzes

Examples

Animated Examples

Fig. 3. Scrutinising the Open Learner Model. This presents details of the
learning data that was used to determine the value and corresponding colour
gradient in the top level OLM cell. (For interpretation of the references to colour
in this figure legend, the reader is referred to the Web version of this article.)

mastery-based approach, the teacher may define the level students
should achieve by the end of the semester. In that case, the group bar
could be replaced with a measure of the standard required at semester
end.

There are many other possibilities, such as the student’s own inten-
ded standard. This has the merit of giving the student more agency. This
approach has been supported in systems such as Narcissus (Upton & Kay,
2009). In the discussion section, we will return to this aspect of OLMs
and consider alternative approaches.

2.4.2. Benefits of OLMs

The AIED literature has now established a substantial body of work
that has demonstrated learning benefits from OLMs — for a recent re-
view, see Bull (2020). We now consider the benefits of an OLM, like that
in Fig. 2, in the particular ways that it could be valuable in a university
subject.

One important benefit is that OLMs support communication between
the teacher and students, similar to an advance organiser (Ausubel,
Novak, Hanesian and others, 1968; Stone, 1983). This is because the
OLM presents a brief description of the key aspects the teacher wants
their students to learn. The descriptions match the terms used in the T&L
activities and assessments. So, at the very start of and indeed at any
point in the semester, a student will see these terms as a map of the path
ahead.

A second key benefit of the OLM is that it provides the student with a
way to monitor their learning progress. So, for example, after a series of
examples and quizzes, a student could consult their OLM to see whether
relevant cells have become green, or greener. If not, they may decide to
review the material and redo a quiz. Similarly, a long term OLM could be
part of a student’s regular reflection on their learning progress and then
to plan longer term strategies. This form of OLM enables the learner to
see their growing competence. This can build their confidence that they
are progressing in line with their goals. Such opportunities to realise
one’s competence has been shown to enhance motivation (Patall, Syl-
vester, & Han, 2014), which is one of the pillars of learning success. This
also aligns with the literature on self-efficacy (Bandura, Freeman, &
Lightsey, 1999), which highlights the importance of enabling a learner
to evaluate their progress towards their goals.

An OLM like Fig. 2 has a third benefit, in making it easier for learners
to see how a complex of learning activities and assessments link to the
subject’s learning goals. So, for example, a skill like “Loops While” in
Fig. 2 may be needed for several, perhaps 7 — 12, activities, starting in,
say Weeks 2 — 4 and later as other loops are introduced and yet again
when “Arrays” are introduced. Even if the student is aware of the aspect
of “loops” in each of these, it could be quite difficult to see the big picture
of their developing skill on this aspect. Students often struggle to step
out of the day-to-day activities to see the big picture. OLMs may help
students make this perspective shift.

This type of OLM could also serve as a communication object in
several learning contexts. One is where a student meets their tutor for
help with a current assignment. With the OLM, the student and tutor
together may identify aspects the student needs to develop for the
assignment. This could facilitate a discussion about planning how to
overcome this before tackling the assignment. Similarly, a student could
share their OLM with peers and discuss their progress and how to help
each other (Bull & Mabbott, 2006).

There are many potential benefits of OLMs. For example, Bull (2020)
lists 16 types of benefits including improved learning, slower knowledge
loss, improved self-assessment, increased confidence and greater
engagement with the teaching software. There is a growing body of
empirical evidence for a complex picture of the benefits of OLMs. They
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are frequently designed and evaluated for their potential benefits in
supporting self-regulated learning and meta-cognitive processes. An
early and notable example assessed the OLM in an SQL tutor (Mitrovic &
Martin, 2002). The evaluation was in a university subject, where stu-
dents could volunteer for a between-subjects evaluation study. This
found that lower-achieving students in the OLM-group had higher
learning gains between the pre-to the post-test than the control group.
For higher achieving students, there was no such learning difference but
the higher-achiever OLM-group abandoned fewer problems and
changed their planning processes more than the control group. A study
of meta-cognitive aspects Long and Aleven (2013) compared two OLM
conditions in a maths tutoring system: (1) support for self-assessment
before seeing the OLM and (2) choices in selecting the level of the
next problem. Their 2 x 2 between-subjects study measured learning
outcomes (with procedural and conceptual pre- and posts-test tasks) as
well as self-assessment accuracy. The OLM conditions improved both,
with additional benefits from the version where students self-assessed
before seeing their OLM update but problem selection did not give a
similar benefit. We present one more example to illustrate the diversity
of evaluations. This compared the OLM in Fig. 2 with a version that
presented only the individual OLM in the top row. The results of a
between-subjects study of in-class use in a Master’s Database Manage-
ment subject showed statistically significant and large benefits in
engagement measures, efficiency and learning gain. These examples
were chosen for their diverse measures of OLM benefits beyond just the
more widely assessed usability and student preferences.

Such uses of an OLM would represent an important shift from the
current norm where students may just track their grades on each
assessed task. Once an assessment has been completed, this means the
student has to accept the grade as immutable. In principle, a low
assessment grade, with the grading feedback, should direct the student
towards ways to improve their later work in the semester. With suitable
design of the assessments, for example, allowing a student to redo a quiz
for no credit, the data from such reattempts could be reflected in the
OLM. But to truly understand the benefits that might be provided by
OLMs we need to dig into the history of learner models (LMs) per se.

2.4.3. A brief introduction to learner models

A core claim of this paper is teachers can use a conceptualisation of
learner models to help them design learning data for their subjects. So
we need to explain what a learner model is and how a teacher could
design one. Although we draw on previous work from AIED, we
emphasise that this paper focuses on the design of a learner model that is
intended to provide an OLM for students to use in the ways we have
described above.

The meaning of the term, learner model, varies across the literature
in AIED and Human-computer interaction. Notably, Kay and Kummer-
feld (2019) maps out four quite distinct meanings of learner model: the
model of the learner in the mind of the teacher; an implicit model in the
code of a teaching system; a model of a set of learners; and a model of an
individual learner. This last meaning is the one that we now explain.

One recent definition of learner models (Zapata-Rivera & Arslan,
2021) is as: “representations of the learner’s knowledge, skills and other
attributes ... [that] may include cognitive, meta-cognitive, affective,
personality, social and perceptual aspects of the learner”. Like much
AIED work, this definition is for learner models that drive person-
alisation of a teaching system. AIED has explored many ways to design
and build individual learner models. Some are cognitively based, one
notable class of these being the ACT-R “cognitive models” based on John
Anderson’s influential model of learning (Anderson & Lebiere, 2014).
Another important class of cognitive learner models is Stellan Ohlsson
constraint-based models, based on the theoretical foundations that de-
scribes declarative knowledge as constraints and interprets a student’s
solution to a task in terms of these constraints (Ohlsson, 1994, 2016).
These cognitive models have been used in several personalised teaching
systems (Mitrovic, 2003) that have been widely deployed and
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evaluations have shown substantial learning benefits. However, their
design is driven by the needs of a teaching system.

Another widely used, but simple, AIED approach to learner model-
ling is the overlay model (Carr & Goldstein, 1977). This is based on a very
simple, but very effective, notion: identifying the aspects of learning that
are important to model, such as the topics, skills, attitudes etc the
teacher wants their students to learn. It may also be useful to model
misconceptions — this is useful where the teacher is aware of important
and common misconceptions that students bring to their subject.

2.4.4. How are learner models built?
We now briefly describe the key steps AIED system builders take to
design learner models, which involves defining:

1. the learner model ontology: the components of the learner model and
the semantic relationships between them;

2. component representation: the way that learning data will be stored
and interpreted;

3. data collection: how learning data will be accrued to provide evi-
dence for reasoning about each component.

The learner model ontology is typically a hierarchical collection of
components. In Fig. 2, there is just a single list of topics modelled.
Another teacher might have combined all three loop components as a
single component. Other work, such as Kay (1995); Cook et al. (2015)
had a hierarchical knowledge structure, with the OLM initially showing
top level components, allowing learners to expand this for more detail
and Kay and Kummerfeld (2013) enabled learners to select a component
and then display those semantically close to it.

In much of that work, the relationships between components are
refinements, meaning that the top level components are related to a set
of more detailed refinements of that component. There are also other
valuable relationships between components, such as the Piagetian pro-
gression of genetic graphs (Goldstein, 1979) which includes other re-
lationships, such as the prerequisite which can be particularly valuable
to model. Such rich ontologies have been and continue to be fertile
ground for research. But, at present, there are no widely available
authoring tools that can make it easy for any teacher to make use of such
sophistication.

The design of the representation for each component involves
defining the type and value. The most common type is knowledge, as in
all the components in Fig. 2. Other types that may be useful include the
learner’s preferences, attitudes, emotions, goals and attributes such as
age. This, too, is an aspect where AIED research makes use of many of
these to modelling aspects such meta-cognition and affect (Arroyo et al.,
2014) or confusion, frustration and “gaming” a system (Arroyo et al.,
2014; Richey et al., 2021).

Fig. 2 represents value as a small integer that determines the shade of
green to display. However, many other interfaces have been created for
OLMs. For example, in an intelligent tutoring system based on sophis-
ticated constraint-based personalised teaching (Bull & Kay, 2016;
Mitrovic & Martin, 2002), each component visible in the OLM is a
triplet, with measures for:

@ correct understanding demonstrated;
@ incorrect understanding as indicated by tasks completed;
@ the proportion of material not yet covered by the student.

There are many forms an OLM may take. We have limited this
treatment to a single, simple example that provides background for our
work. The recent and comprehensive review OLMs (Bull, 2020; Bull &
Kay, 2016) describes many others. However, despite all of the benefits of
having a well-grounded learner model represented as an OLM, one more
feature must be considered: if the model cannot be scrutinised and
challenged then it will do little to support SRL.
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2.4.5. Scrutable OLMs and their learning benefits

An OLM is scrutable” if its interface, and the underlying learner
model, have been designed so that the learner can use it to answer key
questions about the way that the OLM calculates the learner’s knowl-
edge level. Essentially, the OLM is an interface element in the student’s
learning environment. Many AIED systems have the very simple OLMs
needed for students to monitor their progress. So, the student can, at a
glance, answer questions like: “Am I making progress at the level I want
to?”. But the underlying learner model could enable students to answer
additional questions that as part of reflection, planning and gaining trust
in the OLM. For this, the OLM needs to be designed so that the student
can scrutinise,” the OLM.

Broadly, scrutable OLMs should be designed to follow the visual-
isation principle of first providing an overview of complex information
spaces and then, details on demand (Schneiderman, 1996). In terms of
the constructive alignment elements, scrutable OLMs should enable a
learner to answer questions such as:

@ Why does this system rate my knowledge of X at this level?
@ Which T&L activities or assessments determine that rating?
@ Can I trust this rating?

@ What can I do to improve this rating?

We now explain this in terms of the example in Figs. 2 and 3. In
Fig. 2, the learner has clicked the green cell representing For Loops,
indicated by the triangle in that cell and the large font. This presents the
Fig. 3 detail on learning activities used to determine the value of the For
Loops cell. This means that the learner can judge whether they trust the
OLM summary of their learning progress. For example, if they had a lot
of help with the quizzes, they might realise that their personal learner
model is over-estimating their actual knowledge. Similarly, if there is
very little evidence for a component, the student may realise it is not
reliable. They could click a quiz cell to go to the quiz and do it so that
would provide evidence. Another key aspect of scrutability is the algo-
rithm used to determine the score and so, the shade of green for each
component. Higher support for scrutability would enable the learner to
discover this.

2.4.6. Summary

We have presented the foundational elements of our approach.
Specifically, we have summarised constructive alignment as a way that
many tertiary educators currently use, particularly in engineering edu-
cation. We have also introduced the core concepts that underpin our
approach, learner models and OLMs, with support both for learners to see
a depiction of their learning progress and to scrutinise the reasoning
underlying the OLM.

3. OLMs as drivers for design of learning data, algorithms and Al
processes

This section introduces our learner-centred approach to systematic
design of learning data by a teacher. We first provide a conceptual
overview. Then we work through case studies to illustrate it. We model
this description on Biggs’ (Biggs, 1999) with a broad conceptualisation
followed by illustrative case studies of how to operationalise it. We
present our approach as any teacher could apply today, by taking the
established AIED concepts of OLMs, learner models and scrutability to
provide a systematic way to decide what purpose they want the OLM to
serve and then to use that to drive design of data collection and use.

Fig. 4 is the conceptual overview of our approach that starts with the
design of an Open Learner Model and then uses this to drive both the
learning design and the design of the learning data. The grey boxes are

2 “to examine something very carefully in order to discover information™ htt

ps://dictionary.cambridge.org/dictionary/english/scrutinize.
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identical to those in Fig. 1 described above. But this figure also shows
two classes of learning data, one for the T & L activities and one for the
assessments. Our approach calls for the design of this data in parallel
with the design (or updating) the actual activities and assessments. We
refer to this process as the design of learning data. We now explain all
the new elements.

We begin with the design of the OLM. The teacher designs this as the
view of learning progress that they want to make available to learners.
The teacher needs to design this along with the learning objectives of
Biggs’ approach. This means that the teacher systematically considers
the student view of their learning progress at the same time as they
create (or review and update) the usual learning objectives. In addition,
the teacher needs to be aware that they will need to define the learner
model that will store the data displayed in the OLM.

We now consider the case of the design of the T&L activities and the
data to be captured from those. We extend Biggs’ constructive align-
ment, where teachers ensure that these match the intended learning
outcomes — now the teacher also designs the learning data that they
want to collect from each activity in order to build the learner model so
that it can be then shared with the student via the OLM. Now the teacher
also specifies the learning data that they require from each activity in
order to construct the learner model.

A similar approach applies to the assessments. Of course, it is already
common-place to collect assessment data and make that available to
students, in the form of marks. It is also common to provide additional
feedback to students based on a grading rubric. This may well report
grades in terms of a taxonomy such as SOLO or Bloom as described
above. The rubric elements may also map to learning objectives.

But a full set of assessments needs to cover multiple learning objec-
tives. Some assessments may be tightly targeted e.g., a short formative
quiz on a particular topic. Larger assignments typically involve multiple
learning objectives; in this common case, grade data show the student
their progress in terms of each learning objective. This is where our
approach to the design of learning data aims to systematically align that
data to the learning objectives. So, for example, rather than simply track
that there is a mark for a particular assessment, the teacher now designs
the task and its associated data to align with the learner model they want
the students to see. This may mean that, rather than a single mark for
this homework, the teacher designs the assessment and grading scheme
in such a way that fine grained data works to provide evidence to each
relevant part of the learner model.

We now consider the lower bottom box, showing meta-cognitive ac-
tivities. The need for it becomes evident when we consider the nature of
the available learning data in relation to learning objectives the teacher
considers important. Often the teacher knows that it is either impossible
or impractical to collect learning data from either the T&L activities or
from assessments. In that case, our approach invites the learner to
become a partner in the learner modelling process by answering ques-
tions about themselves in a particular class of learning activity created
by the teacher. Examples of the types of meta-cognitive activities that
could be undertaken by the student include:

@ self-rating knowledge of a learning objective (also called Feeling Of
Knowing), potentially also self-rating their confidence in the rating
(Kleitman & Stankov, 2007);

@ rating of their interest in a learning objective or other aspect related
to it, such as the case studies available to study a topic;

@ indicating their attitudes, where these are among the learning ob-
jectives and it is very difficult to model these from with T&L or
assessment activities;

@ stating their performance goal, for example, in terms of a grade or
most valued objectives;

@ self-rating the importance they of various T&L activities for judging
their learning progress — for example about lecture attendance,
taking notes while attending lectures, doing self-test activities.
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Fig. 4. Overview of OLM-driven approach to both learning design and an aligned design of the learning data.

We separate these from the other grey boxes in the Biggs’
constructive alignment for three reasons. First, these activities could be
seen as fitting either as T&L activities or as a form of assessment (self-
assessment). The second and more important reason is that a focus of our
whole approach is for the teacher design the OLM to include what they
consider is important. Drawing on the student in this way enables a
teacher to still include an important aspect even if other learning data is
limited, incomplete, or likely to be noisy and uncertain. The third, even
more important reason, is that our learner-centred approach aims to be
deeply grounded in giving the learner agency and responsibility.

How can a teacher translate the above conceptualisation into the
design of an OLM and its learning data? There are no existing technical
tools to do this. This was the case in the mid-1990s when Biggs’
constructive alignment papers appeared Biggs (1996). As in Biggs paper,
we map out the process and illustrate it with case studies. The high level
steps in OLM-driven learning design and aligned design of the learning
data are:

1. WHY: Determine the purpose of the OLM (that is, the benefits for
students’ learning);

2. WHAT: Design the OLM the teacher would like students to use;

3. HOW: Design the learner model ontology;

4. HOW: Design the learning data to provide evidence for the learner
model;

5. HOW: Design how the OLM will be used in the learning process’;

6. Reflect and refine.

As in most complex design processes, this is an iterative and looping
process. It should start with the purposes and move through each of the
stages. But in any later stage the teacher may realise that need to
backtrack. The next section presents two case studies by two authors of
this paper.

4. Case studies to illustrate OLM-driven design of learning data
and instructional design

We now illustrate our low-tech approach with two case studies. Fig. 5
gives an overview of the subjects. Key differences are that INFO1112is a
first-year subject, larger, builds on just one technical subject and most
importantly, it is very technical compared with DATA3406. Both are
very similar in having a complex mix of T&L activities and large and
small assessments, very like many science and engineering subjects.

4.1. First case study - large, technical first year subject

We present this case study to elaborate on the first five stages along
with specifics of the way we used the approach on INFO1112. For the
final reflection stage, we draw on both case at the end of this section.

Step 1 — WHY: Determine the purpose of the OLM

This teacher identified three purposes expressed as questions stu-
dents should be able to answer from the OLM:

1. How am I doing on mastering each main learning objective?

2. Am I keeping up on engaging in all the activities and assessments?

3. Are there activities and assessments that I missed but can still catch
up on?

The first question is about students going beyond just the marks for
each assessment. This teacher wants to enable students to track their
learning in terms of the learning objects. The teacher wanted the second
is because their experience made them confident student’s learning
would benefit from these forms of engagement. The third relates to the
subject design, with non-assessed activities such as videos and self-test,
no-credit quizzes. The lecturer wanted to encourage students to use
these more effectively.
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INFO1112 - Operating Systems and

Subject Network Platforms
Class level First year

Class size 430
Assumed One programming subject
knowledge prog g subj

Nature of this

subject Technical

T&L activities . .
quizzes; live lectures, labs

Three large assignments, weekly
Assessments homework, lab activities and quizzes.

No exam.

Online videos, each with self-test
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DATA3406 - Human in the loop Data
Analytics

Third year
160

Two second year subjects (with two first
year subjects) - all technical programming
and statistics

Multi-disciplinary: ethics, human factors,
software engineering team methods,
information visualisation,
human-computer interaction

Lectures, each with formative assessed
quizzes and surveys. Tutorials

Two group assignments, weekly lab
preparation and participation

Fig. 5. Overview of the two subjects in the case studies.

Step 2 — WHAT: Design the OLM the teacher would like students to
use

The teacher considered many ways an OLM could achieve the above
purposes. After some exploration of the potential design space, the
teacher used a spreadsheet to mock up the design in Fig. 6. This is for a
hypothetical student in Week 8 of the semester. At the left are short
descriptions of the key OLM components. The first is “Engagement” (in
line with the second purpose above). The next is the assumed knowledge
from the earlier subject “INFO1110”. The teacher particularly wanted to
highlight this so that students would appreciate the importance of the
foundations assumed, and it needed for the first purpose. The rest are
shorthand descriptions of high level learning objectives that match the
formal, published curriculum.

For each week up to Week 8, the OLM shows the student’s progress at
one of four levels as described in the legend. An “ideal student” would

Week2 Week4 Week6

have scores of 4 for every cell — meaning that at Week 8, the student’s
data indicated they were on track for all the OLM components. This
student has an “Engagement” level of 3 for each week up to and
including Week 8. For the activities in Week 8 alone, their "Python
programming skills” are at Level 2. They could improve to level 3 or 4 if
they now complete missed activities (Purpose 3). The teacher’s is
intended for students to see fortnightly changes. If this student now
completed all available tasks, the OLM would be update at Week 10.
White cells mean there were no relevant activities for that learning
objective in that week.

Fig. 7 shows the teacher’s design for a student scrutinising the
“Engagement” component at the end of Week 8. At the left, this lists the
T&L activities and assessment types. The first four, (“Assignment” ..
“Homework™) are linked to certain weeks of the semester as shown in
coloured cells in the OLM. Grey cells indicate an activity due in the
future. The rest occur each week of semester.

Week 8 (Week 10 Week 12 Week 13

Engagement 3 3
Assumed from INFO1110 1 1
Python programming skills 1 1
Unix skills 2 3
Data Representation

Computer Architecture 3

Networks and Security
Cloud and Containers

3

3 3
2 2
2 2
3 3

3
3

Legend for level achieved Explanation
1 - lowest
2

B

You have made some progress

4 - highest You have done everything really well

Not Applicable

future

Fig. 6. Top level design of the OLM for a hypothetical student in Week 8. The descriptions at the left are the top level of the learner model ontology. The columns are
for fortnightly progress. This student has a mix of levels of progress. The student can scrutinise the detail as illustrated in Fig. 7 and 8.
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Week1 Week2 Week3 Week4 Week5 Week 6 Week 7 | Week 8 | Week 9 Week 10 Week 11 Week 12 Week 13 After S
Assignment
Mid-sem Quiz
End-sem Quiz
Engagement|,;;ework
at end of
week 8 Labwork A
Videos
Quiz
Lecture
Legend
attended/viewed
missed but can still catch up
missed graded work - cannot do now
Not Applicable
still to come

Fig. 7. Example of OLM detail for “Engagement”, so that a student can scrutinise the evidence used to determine the value for that component in the top level OLM

in Fig. 6.

Week1 Week2 Week3 Week4 Week5 Week 6 Week 7 | Week 8 | Week 9 Week 10 Week 11 Week 12 Week 13 After Semester
Assignment
Mid-sem Quiz 85%
Network End-sem Quiz
I
CIWOTKS |\ o mework 35%
& Security
at end of |Labwork
week 8 Videos
Quiz
Lecture
Legend
attended/viewed
missed but can still catch up
missed graded work - cannot do now
Not Applicable
still to come

Fig. 8. Example OLM detail, similar to Fig. 7, but now for a knowledge component, to support scrutiny of the “Networks and Security” component in Fig. 6.

The last three rows enable a student to see their progress on the
ungraded aspects the student can catch up any week (Purpose 3). The
student could attend the live lecture or view the recording later. In the
OLM, attendance (either live or viewing the video) is shown as a white
tick on a green background. When the student does neither, they get “O”
on a yellow background. If they then watch the recording by, say, Week
9, this can become a white tick on green in Week 10. Some cells have
multiple ticks or “O”s to indicate multiple videos. Other activities, such
as the “Labwork”, cannot be done after the session has passed. That is
indicated by a red X.

Fig. 8 shows a second example, now for the knowledge component,
“Networks and Security”. The layout is the same as in the last example. A
key difference is that the top four activities are graded. “Labwork” is for
attendance. Like Fig. 7, the remaining rows are activities where the
student can catch up.

As a brief forward reference to Step 5 (Learning Design), this form of
scrutable OLM can be created with minimal technology. The teacher can
share the spreadsheets and each student can fill it in, by checking
through each task. Various class activities could support students in
reflecting on their progress, self-assessing it and planning. This could
include peer discussions or the tutor discussing these with each student.

Step 3 — HOW: Design the low-tech learner model ontology

In this stage, the teacher designed the detailed ontology using a
spreadsheet as a low-tech ontology. The spreadsheet makes it easy to

document a two-level hierarchy. Fig. 9 shows how each column lists the
name of a Learner Model Component, with bold font for the top level
components. In the figure, the spreadsheet is expanded to show the four
sub-components of “Unix Skills” (Column G). The details of the other top
level components are currently hidden. For example, “Data represen-
tation” has eight sub-components (in Columns Q .. X, hidden). There are
68 in all. The spreadsheet makes it easy to click on the + to expand out
the next level in the ontology or the — to hide that level of detail. This
makes it is easy to decide on the level of detail to focus on.

Step 4 — HOW: Design the learning data to provide evidence for the
learner model

The teacher then mapped out the potential learning data for each
component in the learner model. The rows of the Fig. 9 spreadsheet have
the 91 possible evidence sources that were identified from all the T&L
activities and the assessments. This part of the spreadsheet also has the
top level descriptions of these in bold: three assignments, mid-semester
and end-of-semester quizzes, fortnightly homework assignments. This
screenshot has hidden the rows with the details of the 13 labs, 28 videos
and quizzes and the live lectures. Learning data for each student is ob-
tained from several different systems: Zoom for live lecture attendance,
Echo360 for pre-recorded video views, SRES for lab work, Edstem for
assignment and homework marks.

Having identified all potential sources of learning data available, the
teacher needs to decide just which to use. There will be many factors
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=
A B c G K L M N o P Y] AP BL
1
Engagement:
2 Completed/ Assumed Python Basic Unix shell Networks
Attended / from programming shell shell for shell while  environment Data Computer and Cloud and
Viewed INFO1110 skills Unix skills commands loop loop variables Pl i Security C i
3 Asst1 (Ed) v v v v v
4 Asst2(Ed) v v v v
5 Asst3 (Ed) v
6 Mid Sem Quiz (Gradescope) v v v v v v v v v v
7 End Sem Quiz (Gradescope)
8 Hwk Week 2 (Ed) v v v v v v v
9 | Hwk Week 4 (Ed) v v 4 v v
10 Hwk Week 6 (Ed) v v v v v
11 Hwk Week 8 (Ed)
12 Hwk Week 10 (Ed)
13 Hwk Week 12 (Ed)
14 Lab work (13 Wks) 7 - 2 7 % v %
28 Video segments (28) (Echo360) 19 - 5 's s s 4 5
57  Self-test quizzes (26) (Canvas) 19 5 v v v 4 5
84 Lecture 13 weeks (Zoomivideo) 7 - 4 4 v v v 2 2

99 91 activities

Fig. 9. Spreadsheet the teacher gave to students, filled in for an ideal student at the end of Week 7. Learner Model Components are columns. Rows are sources of
learning data from assessments and viewing/attending sessions that can contribute to the OLM. The Unix Skills in Column K has been expanded. Other bold columns,

such as Data Representation can also be expanded to show finer detail.

that determine the choices at this step. Some data is very hard to collect
or to analyse within pragmatic constraints of real teaching environ-
ments. It would be good practice to document this process and the de-
cisions (Wise, Sarmiento and Boothe Jr, 2021).

Fig. 9 shows the OLM spreadsheet filled in for an ideal student at the
end of Week 7. The entries in column B indicate the activities completed,
attended or viewed. Cells with a tick or number indicate a source of
evidence from the row activities for a column component. For example,
in row 28 column P the 4 indicates the student viewed four videos with
material on Data Representation. Column K, Unix skills, has been
expanded to show its sub-components. The ticks in row 28, columns L, M
and O indicate the Unix skills covered in those videos.

Step 5 — HOW: Learning Design - classroom use of the OLM

The teacher introduced the OLM to their students during a Week 5
lecture. The lecture started with an overview, introducing the core ideas
of the OLM, as explained using the materials above, with the purposes
and the design of the OLM. The teacher then explained why the OLM
could provide an valuable tool to support students in seeing how the
many parts of the subject fit together. After this introduction, an empty
version of the Fig. 9 spreadsheet was made available for the students to
download their own copy. The teacher then guided the class through the
elements of spreadsheet, giving them time to fill it in up to that point of
the semester. In later lectures, the lecturer took class time to revisit the
spreadsheet.

4.2. Second case study - 160-student, multi-disciplinary, optional, third-
year subject

We used the earlier case study to illustrate our broad approach. For
this case study, we just present the summary of the final design. This
teacher defined the purposes of the OLM:

1. Encourage and enable students to track their learning progress on the
learning objectives (not just marks on assessments);

2. Help students appreciate the importance of engagement, especially
in the COVID enforced online mode, and enable them to self-monitor
various aspects of this; and

3. Help students realise the links between topics and why they matter.

The first two are similar to the earlier case study. The third relates to
a particular challenge in this subject — most of the topics are linked to
each other and in previous years, students had difficulty understanding

10

this.

Fig. 10 shows the spreadsheet form that was introduced in the Week
1 lecture. The first column has the learning components - the high level
is in rows 163-169. The detailed learner model ontology is in the first
160 rows. Fig. 11 shows two of these components expanded.

In both figures, Column C is for the knowledge level. The teacher
explained this in the first lecture (as part of the pragmatics topic in rows
2 — 11). This was linked to SOLO and Bloom taxonomies and the 3-level
classification used in the subject. Column D has a 3-level rating for
importance - key for the first purpose. Both these are explained in the
README tab. The spreadsheet had data validation in these columns to
select the levels. Column B values in Figs. 10 and 11 are defined in the
Comp-type-ev tab, visible at the bottom of Fig. 10.

Fig. 12 shows the sheet on that tab. Types of evidence are in Column
A, with descriptions in Column B. The columns list sources of evidence
and green cells indicate where evidence is available for that type of
component. The teacher used this in Step 4 to consider what evidence
was already available. At the same time, it scaffolded the teacher in
considering potential new ways to collect useful evidence. In particular,
pink Column D is for evidence that could be collected in the in-lecture
surveys each week. This process drove the design of survey questions
about aspects where no other data was available from the previous
version of the subject.

The OLM was integrated into many elements of the teaching. The
first lecture introduced the spreadsheet and explained how the OLM
would be used throughout the semester, in many of the weekly lab
preparation mini-assignments and in the exam. Each lecture started with
a slide listing the detailed components to be introduced - the slides were
available for students to download. The lecturer discussed this OLM
ontology, noting links to the current and up-coming practical work. In
some weeks, the lecturer screen-shared the spreadsheet to highlight
links between the topics previously covered and to the high-level topics
that pervade the subject - 0. Learning in this subject and 1. People - high
level. In-class surveys at the start of the lectures often asked for students
to self-report their knowledge, experiences and attitudes. The design of
many of these was driven by the OLM — so that these could provide
students and the teacher with evidence about the OLM components
relevant for starting that class and complementing data from T&L ac-
tivities and assessments.

About half the weekly assignments asked students to write a
multiple-choice question that covered one or two specified OLM topics
or linked them to practical work. In the corresponding tutorial class,
students worked in small groups to share these and then each group
shared a co-created one with the class, followed by class discussion. The
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Learning Component Type

3 0.1 Pragmatics, scope and learning design
| 12 0.2 "Engagement"
| .4 1.1 Key conceptual models and metaphors

(People)

28 1.2 Attitudes for data analysts (People)

39 2.1 Accuracy and uncertainty (Mindsets)

51 2.2 Ethics (People)

62 2.3 The nature of our minds (People)

2.4 The Data Analyst Team (People)

81 3.1 Data engineering methods

3.2 Software Engineering for data analysts
4.1 Information presentation for data analysts
4.2 Information presentation for other stakeholders
5.1 Advanced topics

Doooooooea
<
3

156

Key

Top level learner model contexts

0. Learning in this subject

1. People - high level

2. People - in data analytics

3. Data engineering methods

4. Information presentation for data analysts
5. Advanced topics

Sources of evidence about this component
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knowledge ~ My notes for revision
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Context "covered" in class

Graded but no or small marks

Major graded assessment. |

+ = LM aligner ~ Comp type-ev ~ BOK ~

README ~

Fig. 10. Top level ontology for the DATA Learner Model. The key, expanded, shows the colour coding of the top level topics. The sources of evidence are described in
the grey scales. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

exam had similar multiple choice questions. Students were encouraged
to use the OLM spreadsheet in their revision, to map topics across the
subjects T&L activities and assessments. They could, optionally upload
their sheet with their exam. Fifteen percent of the class did this and
about half of these submissions had enough content to be a useful
reference for students. About a quarter were quite rich, showing links
across the subject and comments about student perspectives. These
provided valuable insights for the lecturer. In discussions with the
consultative class group (students from each class who volunteered to
meet the lecturer most weeks to share their views and experiences), the
use of the OLM was refined and student comments indicated how it
helped them see the cross links in the subject.

Key features of this case study are that the OLM perspective trans-
formed the teaching in several ways. It drove the learning design to use
the OLM as a means to improve communication of the purpose of each
lecture and the links across all aspects of the subject. It started
communication about aspects like engagement. It led the lecturer to
create many of the questions for in-lecture surveys and quizzes to pro-
vide new evidence. The detailed components served as a form of glos-
sary or definition of the actual meanings of the learning objectives. It
provided a vocabulary for students to refer to variable aspects of the
subject such as in lectures, discussion boards and the consultative group.
Future refinements will include ways for students to co-create the OLM.
For example, tutorial preparation could include defining detailed links
to students’ other subjects or current news and these could be shared in
the tutorials. This would build on comments from the consultative group
about links to their other subjects such as law, philosophy and psy-
chology, all with valuable and often complementary perspectives.

Step 6 — Reflect and refine
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Both case studies enabled the teachers create new ways to commu-
nicate with students. Our low-tech approach enabled the teachers to use
the OLM to drive the design of learning data and learning activities and
consider how these intersect. The spreadsheets for incorporating the
OLM into the learning design. The approach made for extreme flexibility
in the choice of data sources. This was a form of Wizard-of-Oz approach
to creating the learner model, with the students as the wizards updating
the OLM spreadsheets. Reflecting on the timescales for computer sup-
ported constructive alignment, our case studies match the approaches
Biggs used in the mid-1990s; even now, tools like CUSP, U-Planner,
Akari and CourseLoop are becoming more widely deployed. We now
turn to ways technology can support the six steps of our approach.

5. How to build an OLM using an existing learning analytics
platform

One of the objectives of this paper is to demonstrate that this is
achievable for instructors using existing learning technologies. Fig. 13
demonstrates how the OLM envisaged in Fig. 8 can be implemented
using the Student Relationship Engagement System (SRES), a learning
analytics platform that allows a significant level of instructor-driven
customisation (Arthars & Liu, 2020). Through SRES, a teacher could
design a live OLM that directly represents progress (Fig. 13-A) and also
instructor-curated suggestions that are personalised (Fig. 13-C) ac-
cording to student progress and goals. Metacognitive activities can be
integrated into the OLM, where learners set goals, reflect, and plan in
response to simple prompts (Fig. 13 B and D). To allow this, SRES gives
instructors the ability to curate, manipulate, and analyse data from a
range of sources. Data can be synchronised from the LMS, or can be
entered directly into SRES by teaching assistants and students them-
selves through instructor-defined forms, or can be ingested through an
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Type

Engagement (emotional)
Engagement (emotional)
Engagement (emotional)
Engagement (behavioural)
Engagement (behavioural)
Engagement (behavioural)
Engagement (behavioural)
Engagement (emotional)

4

4

Engagement (emotional)
Engagement (cognitive)
Engagement (cognitive)

Knowledge (new)
Knowledge (new)

Knowledge (new)

3 0.1 Pragmatics, scope and learning design
= 12 0.2 "Engagement”
13 Lecturer academic interests
14 Tutor academic interests
15 | Shared own academic interests
16 Consistently do homework on time
17 | Consistently attend lectures
18 Consistently attend tutes
19 | Consistently monitor ed
20 | Team engagement - with asst group
o, | Class engagement - with tute group and whole
class in class activities, breakouts
22 | Answer other student questions on Ed
23 |Post comments in lectures (Ed/Zoom)
- 54 1.1 Key conceptual models and metaphors
(People)
.5  Conceptual model: Humans and the loops of data
analytics
26 Conceptual model: human cognitive, affective and
social aspects -- two elephant metaphors
27 Conceptual model: disciplines of Ethics, Software
Engineering, HCI, visualisation
28 1.2 Attitudes for data analysts (People)
39 2.1 Accuracy and uncertainty (Mindsets)
51 2.2 Ethics (People)

Fig. 11. Expansion the learner model ontology to show details of two high level components. This shows the different forms of engagement. Rows 24-27 has the

expanded details of a knowledge component.

APIL Once data are curated in one place within SRES, instructors can
design adaptive web pages and messages that will be automatically
personalised to the needs of individual learners based on the data
available in its database.

An instructor would first determine what is made available to
learners through the OLM (Fig. 14, label A at the left). For example,
activity-level representations of progress are shown (Fig. 14 Al),
allowing learners to see progress towards goals and what activities are
yet to be completed, as well as personalised suggestions (Fig. 14 A3). In
keeping with our parallel focus on SRL, meta-cognitive prompts to
learners are also displayed and responses stored (Fig. 14 A2 and A4).
Teaching, learning, and assessment activities (B) are then designed,
many of which can provide evidence for the learner model: knowledge
evidence derives from regular assessments, homework, lab work, and
tests; engagement evidence derives from participation in live lectures,
lab work (reported by teaching assistants using the SRES web app,
Fig. 14 B2), homework, self-test quizzes, and self-monitoring of confi-
dence in understanding material in the recorded videos (reported by
learners through the SRES LTI, Fig. 14 B1).

These data points, or evidence for the learner model, are curated by
an instructor into SRES. Each subject has a separate instructor-
customised database within SRES (Fig. 14 C), where columns hold
data about individual learners (in rows), similar to a spreadsheet. In a
similar way, instructors can define internal calculations to manipulate
data within SRES and calculate the value of each component of the OLM.
For example, video viewing data and Feeling of Knowing self-reports can
be aggregated into a visual representation. At the next level of
abstraction an engagement score, for example, can be calculated from
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the submission status of assessments, video views and self-monitoring,
as well as quiz and homework completions - these are marked with ‘1°
in Fig. 14.

This real-world application of an OLM provides learners and in-
structors with a communication object for discussions of progress, pro-
vides learners with a form of advance organiser and personalised
feedback to plan and monitor progress, and can help promote meta-
cognition through SRL prompts. For the instructor, all data, visual-
isations, and the OLM design itself are built through a single platform,
SRES.

6. Discussion and research agenda

This section discusses key ways that our OLM-driven data design can
be used now as well as the research needed to make it easier for teachers
to use. We have organised this section in terms of three key stakeholders
in this process. First, we focus on student perspectives, then for teachers,
we consider issues ranging from learning design that makes use of OLMs
to the pragmatics. We then move from what the broader issues for re-
searchers in education, AIED and learning analytics.

6.1. Student perspectives

OLMs as a communication object. Pivotal to the concept of an OLM is
that they can facilitate the communication between teacher(s) and
learner and also can be compared and discussed between learners (Bull
& Mabbott, 2006). From the perspective of communication, the OLM
can play two roles: it can be the communication channel and it can be
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Types
Knowledge (new)

Description

3

4 | Knowledge (assumed)
, 5 Misconception

6

7

8

Attitude Attitudes this subject aims to develop
Preference Student preferences relevant to this subject
Attribute Student attributes

9 "Attends" learning activities , e.g., accesses

! Engagement (behavioural)

Engagement (cognitive) skills

| Interest, enthusiasm, absence of anger,

Engagement (emotional) anxiety, and boredom

What students learn in this subject
What should know before this subject
Misconceptions often seen in this subject

to Canvas pages, Ed discussion board
Make effort to understand ideas and master
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Sources of evidence

Lecture
survey

! 12 Engagement (agentic) Strives to personalise learning for own goals
13 Goal Student aspirations

|14
15 Legend
16

17 Student self-assessed
1R

Fig. 12. Evidence types: The names in Column 1 determine the values in the LM-Aligner tab. Columns C — F show the evidence available. This is part of step 4 on

determining the evidence available.

the object of the communication. In this paper, we treated the OLM
mainly as the channel for teacher-learner communication, as a tool for
the teacher to provide orientation and express expectations and for the
learner to communicate information over and above what is displayed in
the standard learning environment via regular teaching tools such as the
LMS. Seen from the perspective of Activity Theory (Engestrom, 2014).
This means that two activity systems — one made up by the students and
their goals, the other by the teacher and their goals — use the same tool,
the OLM. Tensions, if not contradictions, can arise when the goals are
different and also because of differences in capacity to use the OLM: it
may be a routine tool to the teacher but not to the student. There is a
small body of research on OLMs as communication objects, such as
reviewed in (Bull, 2020). One question is how communication around a
student’s OLM is similar to and different from discussions around other
forms of Learning Analytics dashboards and different from discussions
around other learning materials, such as e-portfolios.

OLMs to help students understand and manage their learning. One key
message in our work is that the terms OLM, learner model, ontology and
scrutability, can be a valuable part of the vocabulary of teachers but they
could also be valuable for students. This is because they can serve as way
to think about learning and learning progress, based on evidence from
learning data. This can be part of shifting students’ conversations and
thinking from marks to a richer view of the whole learning picture in
terms of their developing knowledge, skills and attitudes. In this paper
we have focused on OLMs that concentrate on the provision of infor-
mation regarding topic mastery. However, it is easy to imagine using the
OLM-design framework proffered here to provide information regarding
key components of self-regulated learning such as effort regulation
(known to be strongly related to achievement, (Richardson, Abraham, &
Bond, 2012), perhaps in conjunction with tools to assist in assignment
planning (e.g. (Kia, Teasley, Hatala, Karabenick, & Kay, 2020)).

OLMS as dashboard for fast-use and slow and purposeful use. From a
student perspective, OLMs, with support for scrutiny of the underlying
learner model, are a particular class of dashboard that has roles for both
fast-use monitoring of the high level OLM and slow-use during scrutiny
(Kay, Rus, Zapata-Rivera, & Durlach, 2020). Much work on dashboards
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has emphasised the notion that they provide information “at a glance”
(Schwendimann et al., 2016). The OLM literature has many examples of
on-screen skill meters that fit this use for fast self-monitoring. Our top
level OLM in Fig. 6 could serve this role if it were automatically updated
after each action by a learner. The OLMs we can easily build now, as
described in our case study, are for slow and deliberate thinking. In a
flexible system, like SRES showcased here, an OLM can encourage
meta-cognitive reflection, and be accompanied by personalised mes-
sages regarding possible next steps for students, in line with their goals
or interests. Framed in this way, OLMs provide “actionable informa-
tion”, an emphasis within the Learning Analytics community.

Assess the actual benefits of this approach for learners. The core goal of
our work is to improve learners’ experiences and outcomes. It is chal-
lenging to assess this. It also involves both learners and teachers. One
approach is for teachers to draw on data about subject-level student
perceptions and evaluations of learning, as has been reported in evalu-
ation studies for the benefits of constructive alignment (for example,
(Larkin & Richardson, 2013)). Of course, these are limited; the two
subjects in our case studies had large increases in student ratings and
final grades of the subjects but it is impossible to attribute these to the
OLM use since the teachers also changed many other aspects from the
previous year, in line with normal refinement of teaching based on
teacher reflection. Early work on instructional alignment at the task level
showed large learning benefits (Cohen, 1987) - our work operates at the
semester level. So, we need to establish systematic ways to collect
meaningful measures of learners’ engagement, their perceptions and
learning outcomes, based on carefully designed assessments of aspects
that the OLM was intended to support. These should also draw on
qualitative evidence from teaching teams. All these need to be linked to
the ways that the teacher used our approach.

6.2. Teacher perspectives - thinking about curriculum and data design

Maintaining a learner-centred and learning-centred focus on the data
design process. The starting point for our OLM-driven data design is the
teacher’s definition of the goals for the OLM. Part of the teacher’s
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It is week 8

Week 6 Week 7 Week 8 Week 9 Week 10 Week 11
Assignments

Mid-semester

quiz

Homework

Labwork
Videos
Quiz

Lecture

Goals and suggestions for Networks & Security

My goal for the Networks & Security topic

High distinction

o —

B save

Based on your goals and progress, here are some suggestions for what you could do in the

What two areas do you feel you need most development in?

coming weeks:

* Complete quiz 2
o Revise cryptography from lecture 7
® Talk with your tutor about your homework

Your reflections

Confidentiality, Cryptography =

What will you do in the next four weeks to develop your understanding of these topics?

Read up crypto and practice the lab exercises. Catch up on lecture

B save

Fig. 13. An OLM implemented within an existing learning analytics platform.
Student progress is presented (A) alongside instructor-customised feedback (C)
that is based on learner-set goals (B) and connected with reflective prompts (D).

reflective practice calls for assessing whether those goals have been met.
A very simple and valuable way to do this is in a simple survey. It could
start with a general question, such as “How useful did you find the
OLM?”. Additional questions should ask more specific ones about the
driving goals for the design. For example, in our case study, the lecturer
wanted to communicate the importance of engagement; a survey could
ask questions about these aspects as well as open questions for quali-
tative evidence. In a platform like SRES, the teacher could integrate this
into the OLM interface. It is also easy and useful to instrument the OLM
to gather data about its use.

Making use of the OLMs in teaching. One key reason to create OLMs
and integrate them into the teaching has been described in (Bjork,
Dunlosky, & Kornell, 2013): “people often have a faulty mental model of
how they learn and remember, making them prone to both misassessing
and mismanaging their own learning.” To really tackle this, it is critical
that teachers incorporate the use of the OLMs into T&L activities. This
can be part of building students’ assessment literacy (O’ Donovan, 2017;
Price, Rust, O’Donovan, Handley, & Bryant, 2012). The learning design
should help students to understand the meaning and purpose of the OLM
in their subject. It also calls for class time for use of the OLMs, helping
students learn how and when to scrutinise and how to make best use of
the details.
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OLMs that go beyond knowledge components. OLMs that link tightly
with formal learning objectives may mainly show knowledge compo-
nents. This is in line with much AIED literature on OLMs. Our case study
also had engagement, albeit only behavioural engagement, similarly to
much learning analytics work such as (Papanikolaou, 2014). Other as-
pects may also be valuable, including of cognitive and affective
engagement (Fredricks, Blumenfeld, & Paris, 2004) as well as agentic
engagement (D’Mello, 2021). If the teacher values student engagement,
the OLM provides an opportunity to communicate that to the students.
Our OLM-driven approach can then be a driver for designing the T & L
activities shown in Fig. 4. There are also other important learning goals
that could be modelled, such as attitudes and skills like group
collaboration.

Care in the use of peer comparators. Our introduction to OLMs showed
a student’s progress compared to a peer group. In most AIED OLMs, this
is not done; rather the individual’s own progress is displayed. This owes
much to the powerful influence of the Cognitive Tutors which were
deeply committed to mastery learning (Corbett & Anderson, 1994). But
it is important to discuss the risk of OLMs that do present a comparison
of a student’s performance with that of a peer group. Care is needed to
avoid potential negative effects of visualisations on students, and the
differential impact they may have on subgroups of students depending
on their motivation beliefs. Within a class there will be a range of
motivation profiles, for example the mix of perceived competence, goal
orientations, and task values found by (Linnenbrink-Garcia et al., 2018).
Goal orientation theory typically defines three orientations: mastery,
performance-approach, and performance-avoidance; and it is included
as a component of SRL. Higher levels of achievement are associated with
students with high levels of mastery-approach, or high levels of both
mastery and performance-approach goals; whereas, there is a negative
association with performance-avoidance goals (Niemivirta, Pulkka,
Tapola, & Tuominen, 2019). Performance-avoidance goals are also
related to maladaptive outcomes such as help-avoidance and
self-handicapping (Senko & Tropiano, 2016). There is also emerging
evidence that although students with high levels of both mastery and
performance-approach goals achieve well, well-being indicators may be
negative (e.g. (Tuominen, Juntunen, & Niemivirta, 2020)). This makes
the question of whether it is beneficial to present comparative infor-
mation via an OLM or Learning Analytics dashboard to students a very
real issue, especially given the relative technical ease with which it can
be provided. A recent study of students’ use of a collection of three LA
dashboards found that high SRL students viewed the comparison dash-
board the least, and low SRL students the most (Kia et al., 2020). This is
an unhelpful outcome for this subgroup of students. A challenge for the
future research agenda may be to think how we can design visualisations
that promote a mastery orientation.

Differences between institutional constructive alignment and OLM-driven
data and learning design. OLM-driven data design needs to fit within the
institutional context. Section 4 showed the differences between insti-
tutional or degree-level constructive alignment and our approach.
Clearly these need to be consistent but such constructive alignment
needs to have modest numbers of high level learning objectives. Tools
like CUSP, U-Planner and Akari have a key role in supporting degree-
level approval of these. They are then published and frozen for the se-
mester. By contrast, OLM-driven data design is fine-grained (i.e. more
low level) and can allow the teacher flexibility to make changes during
the semester. Much learning technology is also supported at an institu-
tional level. In the future, institutions may require that those tools make
it far easier for teachers to make flexible use of learning data as needed
for OLM-driven data design.

Pragmatics of how to do OLM-driven data design today. The core goal of
this paper is to create a way for teachers to think about the design of
learning data. As in our case study, the design process may include some
consideration of rich OLMs. There is so much that a teacher may like
students to be aware of. But pragmatics may mean that it is currently
only practical to create quite modest, low-tech learner models and
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Fig. 14. A learner model and SRL-enriched OLM built using the Student Relationship Engagement System (SRES). Learners access an OLM (A) that represents their
learning progress, which derives data from teaching, learning, and assessment activities (B) that are curated in the SRES database (C) by instructors.

OLMs. Our case studies emphasised aspects that can be done now. But
we now turn to our research agenda that should make it easier to do
more and to gain insights about how to do this effectively.

6.3. Researcher perspectives and research agenda

In this final section, we take a step back, working to sketch out a
position that would help the research agenda involving the design and
use of scrutable OLMs to move forward. This is a rich field, with decades
of research behind it, but it covers a number of different avenues, which
can make it difficult to draw all of the relevant threads together. We
hope that this discussion will help those who would like to contribute to
this exciting field as the tools that we need to support it start to achieve
maturity.

Fig. 15 is an overview of the ‘how’ steps, both for the low-tech
approach described in the case studies and a future with richer sup-
port from technology. The figure shows the potential for richer OLM
ontologies and glossary tools, such as Apted, Kay, and Lum (2004);
Zablith and Azad (2021). Our spreadsheet approach supported a
two-level hierarchy. A more complex spreadsheet could easily support a
deeper hierarchy but the use would be more complex. Our case studies
showed how the spreadsheet such as in Fig. 12 supports systematic
consideration of the potential evidence sources already available and
new ones to be created. For automated data harvesting, an interface
should enable a teacher to specify the place that learning data can be
accessed so that it can then be automatically linked to a tool like SRES.
The third part of the figure is for interfaces for the individual student to
use. These may be similar to the many current learner model interfaces
Bull (2020). This is a rich area for future research and development,
particularly with scaffolding for learners to systematically work through
meta-cognitive processes such as reflection and planning. We now
discuss the state of the art and barriers for creating these tools.

The first point to note is that, even with the advances in technology
represented by new systems such as SRES, it is still very difficult for a
teacher to develop an OLM that is automatically updated, based on the
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Lo-Tech Future
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ontology columns with oy 9
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Teacher Mabbing interface t
Define evidence spreadsheet apping interface to
sources rows with generate data paths

hierarchy (eg SRES)
Map individual Individual OLM interfaces with
studentdatato — | student metacognitive
components spreadsheet scaffolding

Fig. 15. Left: Overview of the three stages of our approach. Middle: maps this
to the low-tech approach used in our case studies. Right: The future directions
with improved tools for the teacher and the learner.

evidence available about each component in the OLM. One of the biggest
problems concerns the complexity of the learning system in which they
participate. As we have seen in Section 4, even individual subjects in
large tertiary institutions make use of a wide array of tools in delivering
arich learning experience, which creates a number of problems for those
who would build learner models over diverse forms of data. For example
when attempting to build a Learner Model across multiple sources, two
events that are highly similar might be represented in a markedly
different manner; the LMS might store separate marks for each quiz
response, while a multiple choice test inside a video delivered by a LTI
integration may have been designed to store only the total mark across
all questions asked in the video. Similarly, one source might use JSON as
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its data format and the other XML. And the data might be sent to very
different locations. Even with an advanced ETL process, it often becomes
necessary to somehow map between these divergent sources before the
data can be used. Some solutions to this problem have emerged over the
years. For example, Bull, Johnson, Alotaibi, Byrne, and Cierniak (2013)
manually created an OLM from multiple data sources, including use of a
simple competency-based OLM, Facebook and chat discussions,
demonstrating that this is, in principle, possible. Similarly, Kitto et al.
(2017) provides an overview of the Connected Learning Analytics (CLA)
toolkit, which aggregated data from various social media (e.g. Facebook,
Slack, GitHub and Twitter) to produce student facing dashboards that
were used to provoke student reflection in their participation in class
based learning activities. However, we are yet to see solutions emerge
that make it easy for a non-technical instructor to merge all relevant data
streams into an OLM — or even to include some of these streams.

While proponents of the semantic web suggested that this problem of
educational data interoperability should be addressed almost from the
beginning of the movement (Aroyo & Dicheva, 2004; Kump, Seifert,
Beham, Lindstaedt, & Ley, 2012), no general solution emerged. The
most recent iteration of this ongoing program of work has led to the
creation of new activity data standards such as xAPI and IMS Caliper,
which were proposed as a way to unify data from a wide range of tools
and environments. Unfortunately the dream has yet to be realised in a
systematic manner, and indeed, the fact that two standards exist for the
same problem could be seen as contributing substantially to its ongoing
nature (Kitto, Whitmer, Silvers, & Webb, 2020). Ongoing research and
development will be required to achieve a seamless integration between
the rich variety of tools used to deliver online learning, and there is a risk
that every institution will “reinvent the wheel” while no general solution
is provided by vendors. Collaborations between institutions and across
sectors will help to avoid this duplication.

Better data pipelines, able to integrate data from both endorsed
university systems and from other tools that students nominate (e.g.
social media and other software that students choose to use to monitor
progress, set goals, determine deadlines, etc) would enable the con-
struction of richer learner models with a more complete representation
of student’s knowledge, skills and attributes. However, data in this
format is far more difficult to process. It requires a move beyond a simple
counting of events, and towards methods that analyse social interactions
(Shum & Ferguson, 2012), perform quantitative ethnography (Shaffer,
2017) and use Natural Language Processing (NLP) (McNamara, Allen,
Crossley, Dascalu, & Perret, 2017). The interfaces built over complex
data with rich learner models would help to promote student reflection
in class based activities, with an associated potential increase in the
capability of students to reflect generally. The OLM could work to pro-
vide a boundary object, which supports discussions between teaching
staff and students. However, such tools require guidance and support to
ensure their wider take up (Van Merriénboer & Kirschner, 2012; Zapa-
ta-Rivera & Greer, 2002). It is important to realise that it is sometimes
possible to provide this guidance in an indirect manner, for example by
embedding an OLM in a learning design that supports students in
making sense of the model (Knight, Gibson, & Shibani, 2020). More
work in required in this area to understand the potential affordances of
using OLMs in a class based setting.

Nonetheless, analysing the cognitive constructs behind the clicks of
learning analytics (Wise, Knight, & Buckingham Shum, ) is currently an
extremely challenging problem. The approach proposed here would
require that a teacher, who may not be expert in the fields used to
generate the results, be able to extract learning data, and then use it to
generate learner models and then present them to students in an inter-
pretable manner. This is an extremely challenging problem at present.
Research is required to bridge this important gap.

Of course, along with richer learner data comes a wide range of
ethical issues around Fairness, Accountability and Trust (FAT). While
the concept of privacy has been widely covered by the field of LA
(Pargman & McGrath, 2021), FAT has been relatively absent until quite
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recently, but is starting to gain a substantial profile in the field (Tsai,
Perrotta, & Gasevi¢, 2020; Wise, Sarmiento, & Boothe, 2021), along
with recent calls to encourage LA practitioners to develop a keener
ethical lens when building their tools (Johanes & Thille, 2019; Kitto &
Knight, 2019). With the OLM as a driver for designing learning data, the
teacher can keep the student’s perspective in mind so helping to
encourage the field in this direction. The notion of scrutability can help
the teacher ensure that they provide the student with information to just
the fairness of the data interpretation encapsulated in the OLM.

This now brings us to an important point that is often missed across
the literature: over the decades a wide range of different fields
completed work in the learning sciences, represented by the AIED, as
well as Educational Data Mining (EDM), Computer Supported Collabo-
rative Learning (CSCL), Learning at Scale (L@S), and Learning Analytics
(LAK) communities. This means that we frequently see research per-
formed by one sub-community missed by another. For example, the
early work on OLMs was missed in the Bodily et al. (2018) review of
learner facing dashboards, despite the clear overlap between the two
fields. A challenge of terminology presents, where concepts such as
learner model, student model and user model are variously adopted
across different fields, with an associated siloing of the results from each.
A substantive research effort is required to draw the core ideas from
these different fields together and to harmonise the different approaches
that they use for evaluating the rigour of the different approaches and
methodologies springing from each of them.

Tying many of the above themes together, with richer learner
models, that make use of interoperable learner data from a wide range of
systems there is potential to construct OLMs over rich lifelong learner
models, that help people to monitor and plan their learning over a
lifetime of change and disruption (Kay & Kummerfeld, 2019). Achieving
such a goal would help to support an ongoing partnership between
humans and Al assistants, drawing on the particular power of each
(Baker, 2016). Even without achieving this grand aim, we have shown
how a typical teacher of a university subject could incorporate these
ideas into the learning and data design. This is a form of AIED evolution
(Roll & Wylie, 2016) that would see the field move towards a more
human centred perspective that empowers people in an age that
increasingly reliant upon AL

7. Conclusions

The work on constructive alignment (Biggs, 1996, 1999) has been
valuable at several levels. We now focus on two of them that inspired our
work. First, it provides the term that teachers can use to talk with each
other about their learning design. Beyond that, the availability of a term
for an important idea is an aid for the teacher to think about that idea, in
line with the Sapir-Whorf Hypothesis (Pinker, 2003; Sapir, 1929; Whorf
and others, 1940). One of our goals is to present the AIED terms OLM,
learner model and scrutability as tools to help teachers think about and
discuss their learning design processes.

Biggs’ papers on constructive alignment also made an important
contribution because they taught by example how a teacher could
readily take this idea and use it to design their own subjects. Similarly,
one of our goals has been to show that teachers can, today, take these
ideas and follow a learning design process that enables them to create
OLMs and to use the goal of creating them as a driver for the many
decisions involved in designing the learning data for their own subject.

One very important difference between the context of Biggs and
current education is the huge growth in use of technology for learning. It
had such a small role at that time. Today, it is pervasive, with a typical
university subject making use of multiple tools, notably LMSs and either
within or outside them, tools for automated grading, group discussions
and chat, self-tests and many specialised software tools relevant to a
particular subject. This makes it timely to extend the simple but
powerful ideas of constructive alignment, adding intellectual tools for
teachers to use in designing the learning data for their subjects.
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A second, even more important difference is that Biggs’ work was
teacher centred, where ours is deeply student centred. It is based on
making the OLM a boundary object that the teacher creates as a form of
communication with students. To make it serve that role, the teacher
crafts the description of the learning goals, aiming to make this mean-
ingful for students in the context of their subject. And where construc-
tive alignment should help the teacher be systematic in designing
assessments, our approach can be seen to operationalise that in the
design of the learning data for the OLM.

In this paper, we have outlined ways to take these core notions of
OLM, learner model and scrutability from AIED and apply them to
learning design that incorporates data design. We have also outlined the
ways teachers can do this today. We have also outlines the potential
ways that could provide richer, automated ways to create OLMs that
draw on diverse forms of learning data that come from multiple learning
tools and offer scaffolding to assist each learner in building skills in self-
regulated learning that is based on both self-perceptions and other
learning data as evidence of learning progress.
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