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ABSTRACT

Learners have personal data, such as grades, feedback and statistics
on how they fair or compare with the class. But, data focusing on
their personal learning is lacking, as it does not get updated reg-
ularly (being updated at the end of a taught session) and the dis-
played information is generally a single grade. Consequently, it is
difficult for students to use this information to adapt their behavior,
and help them on their learning journey. Yet, there is a rich set of
data that could be captured and help students learn better. What
is required is dynamically, regularly updated personal data, that is
displayed to students in a timely way. Such ‘personal data’ can be
presented to the student through ‘personal visualizations’ that en-
gender ‘personal learning’. In this paper we discuss our journey
into developing learning systems and our resulting experience with
learners. We present a vision, to integrate new technologies and
visualization solutions, in order to encourage and develop personal
learning that employs the visualization of personal learning data.

Keywords: Learning Analytics, Personal Learning, Personal Data,
Information Visualization, Teaching Analytics, Learning Support

Index Terms: K.6.1 [Management of Computing and Information
Systems]: Project and People Management—Life Cycle; K.7.m
[The Computing Profession]: Miscellaneous—Ethics

1 INTRODUCTION

In the Higher Education sector (especially) the concept of Personal
Learning (PL) is gaining momentum. Within this agenda, aca-
demics are moving from content-based learning to student-centric
learning, where an individual assumes responsibility for setting
their own goals. While there is much rhetoric around these ideas
and there are many practical ways to achieve this shift in focus, the
overarching ideology is a good one: to empower the students with
resources that enable them to learn better, based on their own data.
Ken Robinson encourages students to find ‘their element’ [20], to
find their own path and develop an innate love and genuine interest
for their subject. This learner empowerment matches deep learn-
ing with research integration and futures thinking [22]. This is a
two-way journey of a learner understanding themself personally,
their emotions, moods and sensations, and externally of the mate-
rial world, events and circumstances.

So, how can we encourage and empower learners to become
more conscious of their learning? How can we deepen learner’s
understanding of what they have learnt? How can they adapt learn-
ing strategies to their own skill-set and style or see how well they
are doing in comparison to others? How can they plan, manage and
qualify their learning? How do we capture data – and what data – to
help learners realize how they are progressing? How can we assist
students using visualizations that effectively depict their progress,
learning context and results?
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Our position is that personal visualization and especially per-
sonal visual analytics can help tackle these questions. Our focus
and thoughts are born from our experiences within Higher Educa-
tion, but we believe that the principles and ideas can be applied to a
broader range of educational activities.

We organise the paper in four parts: (1) provide background that
gives context to the personal data for learning; (2) highlight core
related work; (3) focus on our experience and explain some key
projects that we have been involved with, and (4) develop a vision
for personal learning visualization. The aim is to motivate and ex-
cite the community to develop further the concept of personal data
visualization for learning (Fig. 1).

Figure 1: From personal data, personal visualization to personal
learning.

2 BACKGROUND & CONTEXT

There are many kinds of student data that a University currently
stores. These include: address, qualifications, degree major, mod-
ules or units of work to be achieved and grades. Students can view
(and edit) some of this information via a ‘student portal’ and access
learning resources through systems such as Moodle or Blackboard.
These Learning Management Systems (LMS) provide students with
access to individual grades, lecture materials, assessments and other
resources the learner might require. Usually, the instructor has ac-
cess to a more detailed overview of all students’ performance. It is
likely, however, that grade information is stored in many places and
students have to use several ‘portals’ (e.g., term-time assessment
results may be stored on a separate portal to overall grades).

These systems provide a personal view, where an individual stu-
dent only sees his/her grades. It is also true that these portals are be-
coming more feature rich and are starting to depict students grades
visually. In fact, Universities are endeavoring to make the learning
experience more personal, for instance:

• Strategies such as Personal Learning Plans (PLPs) are gaining
popularity where students set their own goals, monitor their
own progress and identify their own aims.

• Personal Learning Records (PLRs) are being introduced,
where the students not only get a transcript of their grades
but also receive a fully detailed document of all their subjects,
learning outcomes, and extracurricular activities.

• Students are gaining more authority over their own data, and
can record their own personal notes, which their tutor would
receive.



However, there are several challenges with current systems.
They do not capture detailed information about the student (espe-
cially information that may help them realize their own mistakes).
The data granularity is poor, and only updates at major events (e.g.,
assessment milestones and examination results). Metadata such as
notes by the student, academic and tutor, cannot be stored alongside
the results. Existing systems are often not integrated and students
and administrators have to utilize many different – often incompat-
ible – tools. In order to reach a point where we can realize personal
learning visualization we need to address many of these challenges.

There are obviously many different kinds of personal data that
could be captured and stored. As we discuss below, at our insti-
tutions we capture attendance data, student satisfaction, and per-
module evaluation data. But, it is unclear what other personal data
may be useful in helping learners. In fact, some data that may seem
ideal to capture, may be subject to privacy and legality restrictions.

For inspiration, let’s consider the field of exercise. Users have
activity trackers like Fitbit or smartwatches (such as the Apple
Watch), that capture personal data and display them through special
services as daily or weekly reports of their progress. These services
gamify the whole progress, by gauging how well users are doing
in comparison with others. They indicate notable achievements or
goals and offer digital ‘rewards’ (tags, badges etc.), that people can
display on social networks, as encouragement and support. What is
required for the learning domain is a similar approach: systems that
automatically monitor progress, provide regular reports, and enable
and encourage the student to do better.

3 RELATED WORK

In the context of this paper, and with an outlook to visualization, we
look into related work in two dimensions: i) personal data capture
and ii) personal learning visualization.

3.1 Capturing personal data

Nowadays, Educational Data Mining (EDM) [21] and Learning
Analytics (LA) [5] are converging. There is a shift from EDM
merely informing educational practice to directly influencing it. LA
is becoming a timely research topic and several researchers (in-
cluding ourselves) make calls to the analytics communities to step
up [4, 17]. Along with the enthusiasm of LA is the appetite for vi-
sualization (especially visual analytics). E.g., in 2015 the ‘Learning
Analytics and Knowledge’ conference convenes its fifth event and
holds its first workshop on Visual Approaches to Learning Analyt-
ics (visla15.org).

We already mentioned a growing interest in Personalized Learn-
ing Environments (PLEs), where a learner self-adapts their learn-
ing environment to suit their own particular learning needs [2]. We
are also beginning to see data-driven systems personalized for the
learner, such as recommender systems [8, 26] that help identify
items such as learning resources and knowledge routes [9]. Powell
and Yuan [29] argue that personal data can provide higher-level in-
sights into how students learn. Nonetheless, while these data-driven
insights are proving to be of benefit to educators, learners are often
have limited access, constricting their possible reflections.

Looking at other domains, the tracking of personal data is be-
coming increasingly ubiquitous, helping individuals identify their
habits and understand patterns in their behavior [24]. In recent
years, with the advent of mobile and wearable [16] technology, and
the Internet of Things [19], self tracking has become a disruptive in-
novation in an number of domains [25], including fitness [13] and
sleep activity [7]. As these technologies become more and more
pervasive, there are opportunities to employ them in educational
context, in complementary fashion to traditional methods, and en-
rich the quality of captured data.

Figure 2: The IVY learning environemnt for language interpreters,
showing a learning scene.

Figure 3: Picture from Technocamps, building Lego Mindstorm
robots.

Figure 4: Attendance monitoring record of a typical student.

3.2 Personalizing Learning Visualizations

The continuous increase in learning data (produced and captured)
presents several visualization opportunities, in order to allow a stu-
dent to reflect on their progress [6], compare themselves with their
peers [23], provide greater context to acquired skills [11] or to build
and depict predictive models [12]. However, there has been little re-
search into how these visualizations can be personalized, to support
a students learning style and individual needs.

Systems such as CourseVis [10], Moodle (moodle.org), Black-
board (blackboard.com) etc. all display the information in dash-
boards resembling the style of Google Analytics. About half of the
tools discussed by Verbet et al. [27] display time spent, social inter-
action and tool use. In some cases students can customize data rep-
resentations through these dashboard systems [3] enabling a level of
self-reflection and greater understanding of personal performance.

Yet, for users to explore any information, they need to load a
separate dashboards, often isolated from the learning materials and
specific results and metrics (e.g., exam vs. term-time assessments).
There is an opportunity to do more than merely displaying dash-
boards of grades, by integrating personal data, students’ learning
goals, pathways and objectives.

4 CASE STUDIES

To develop the direction of personal learning data, we look to our
own experiences for guidance, and briefly discuss four projects.

The IVY project [15] (Fig. 2) was funded by the European
Union, and was a collaboration between six EU partners. The aim
was to create a collaborative environment (The IVY-Virtual Envi-
ronment) to train language interpreters. Several scenarios were de-
veloped, where students could learn interpreter-mediated commu-
nication skills, through being immersed in a 3D virtual world. Data
of scenario usage, timings, repetition of loading materials etc. is
captured. In the follow-up project (EVIVA) data stored included
videos, recorded by the users as they used IVY-VE.



Technocamps (Fig. 3) was a four year outreach project designed
to inspire the young people of Wales to select more Science Tech-
nology Engineering and Maths (STEM) subjects at school, and
to encourage more school leavers to take STEM-based degrees or
other employment. Hundreds of workshops were organized, most
focused on constructionist approaches (learning by doing), using
tools such as Lego Mindstorms, Mindcraft, and computer program-
ming in Scratch, Greenfoot, etc.

Five Desing Sheets (FdS) (fds.design) methodology, for lo-
fidelity sketching and planning of visualization interfaces, has been
developed and applied by the authors [18]. FdS has been used in
summer schools, computer science third-year projects, and taught
modules.

Student monitoring is a major challenge in Universities. In the
UK there is a requirement by Border Agencies to monitor atten-
dance of non-UK students. Using the OPN 2001 handheld barcode
data collector we scan students’ identity cards as they exit the lec-
ture or class. This attendance data is then uploaded to a database
and visualized in several ways. For instance, the information is
displayed on each students’ dashboard as a line plot (Fig. 4), and
a visual summary of all students’ attendance can be viewed in an
administrator portal, for cohort monitoring.

Personal Learning Plan

Personal data

Data Capture

Personal Visualization

Predictive data

Figure 5: A tiered model, focusing on data capture, prediction, visu-
alization. To allow students to develop Personal Learning Plans.

5 VISION FOR PERSONAL LEARNING VISUALIZATION

Our vision is to i) place visualization at the heart of the learning
environment (rather than an afterthought), ii) put the user in control
of their own learning experience, and iii) use a wide range of data
as input. We propose a tiered approach where most data is captured,
some is predicted, then visualized and used by students to develop
their personal learning plan (see Fig. 5).

Let’s consider Steve, an imaginary second year student on a com-
puter science major. He has a set of modules that he has completed
in his first year. This gives him a credit score and also a grade
point average. He looks at a visualization of how well he did in
the previous year, and via an interface explores his activity in spe-
cific modules. He sees his notes and realizes that he put less time
into certain modules. He then makes a comparison of his results to
other students, (using a map-like visualization, Fig. 6). In the vi-
sualization, he can click on better students (depicted anonymously)
and explore their grades and progression paths. He then turns his
attention to next year.

Looking at a visualization of predicted results, he can see how
his module grades could turn out. Through this information the sys-
tem helps him create a Personal Learning Plan. The plan includes
visualizations of his current grades, along with courses to help him
improve on certain skills. Steve does not understand some statistical
analysis that was used, and refers to expanded tool-tips providing
additional information, including explanatory animations. The vi-
sualizations nudge Steve to register for several additional courses,
which focus on key skills that he identified he is lacking.

But Steve would not use the system unless the data can be easily
captured. Data gathering must be seamless and transparent with
no extra effort. We have had first hand experience of this with

Figure 6: A sketch of a proposed students’ journey. Red shows the
current time, possible routes are depicted in cyan, and key moments
are shown with circles.

our attendance monitoring. Originally paper-based monitoring was
used. But academics saw it as a burden, and mistakes happened
frequently. Nonetheless, with the scanner we are able to auto-
mate much of this process. The visualizations and the underpinning
database help tutors and students see their record (and can make re-
quests for correction should they be legitimately miss the class). It
is important, therefore, that data capture is transparent and seam-
less, very much as dictated by ubiquitous computing [28].

There are certainly similarities between the gamification of the
fitness world and our vision. Users can see their own exercise
records, set goals and have competitions with their peers. This
is a useful comparison because both domains have goals (get fit-
ter, learn better) and both set targets (lose weight, improve marks).
However, there are also major differences and potential pitfalls with
this comparison. For instance, a significant factor is the time frame
under which we observe change. Fitness has metrics that update
on a minute or second scale and fairly short term goals, whereas
education has (typically) longer term goals with longer term met-
rics. In addition, tracking mechanisms (e.g., wearables) for fitness
may have matured, however similar educational monitors are less
mature, and maybe (if they are intrusive) more controversial.

Another important consideration is the relative value of the in-
formation to the user and how it will impact on their lives. In 2013,
Rackspace [14] published a model with six classifications of the
way in which the user would regard wearable data. Over 80% of
the 4000 respondents claimed that the wearable technology boosts
their personal abilities. If a similar impact can be achieved within
education there is an opportunity to make the collection and visu-
alization of personal learning data have a profound influence in the
domain.

Moreover, there is need to capture and visualize a wide range
of data, e.g., student’s or tutor’s notes, observations, institution-
related metrics such as attendance and National Student Survey
(NSS) records, and grades of different types of assessment. In ad-
dition, HCI techniques [4] can be employed to track how students
access educational content, how much time they spend studying it
etc. Multimodal techniques (e.g., eye and gesture tracking, biosen-
sors, etc.) could be used to devise more naturalistic assessments,
giving insight to “overt and tacit” aspects that indicate a student’s
expertise on a subject [1].

Finally, the visualizations themselves need to have a profound
impact. They should nudge or change student behavior in a posi-
tive way. They could act as suggestions or demonstrations of spe-



cific milestones within the learning journey. In fact, we imagine that
the aforementioned visualization, using a map-metaphor, would act
as an important reference. It would allow users to see their learn-
ing journey, how well they have done (compared to others), give
suggestions over possible outcomes, and allow them to drill down
into specific marks (see Fig. 6). This concept is inspired from the
sketchbooks appearing in the Adjustment Bureau (2011) film. In
our sketch, individual lines represent the progress of a student. Stu-
dents’ grades are shown as black lines, with time running on the
x-axis. The y-axis represent an aggregated score of metrics (such
as grades, time spent, notes taken etc.) Thus the flow of these lines
can go up (generally doing better) and down (doing worse). The
red line and circle show ‘today’, with the yellow bar for the next
Semester and the cyan routes for grade predictions.

6 CONCLUSIONS

There is much research to be done to achieve our vision. Not only
do we need easy ways to capture personal data, but data must be
captured sensitively. There are three enabling factors that need to
mature, to make personal learning a pervasive idea. Researchers
need to:

• investigate good ways to capture and deliver personal data.
• develop personal visualizations, that are suitable for an indi-

vidual and their needs, as well as the learning context.
• integrate personal planning and development strategies. Stu-

dents need ways to plan and manage their learning, moni-
tor their development, and take charge of their own learning
progress.

In our particular case, students also have to see a clear benefit
of these personal visualizations, such to persuade them to put extra
effort into storing and manipulating personal data. There are also
other potential challenges, where some students may feel that this is
too much of an intrusion into their own personal life and activities.
Consequently, data security and anonymization must be a priority.

New visualization techniques are required to display this infor-
mation. The created designs must be understandable by users who
may have little knowledge of specific visualization techniques. We
also believe that the visualizations created need to be first-class-
citizens, i.e., when these tools are created, developers should first
think how the information is going to be displayed, and how a user
is going to manipulate it. Too often the display of such data is an
afterthought.

Personal visualization is a growing sub-area of visualization.
While there are certainly many challenges ahead, there are also
many benefits and opportunities. Personal learning is gaining mo-
mentum, and therefore we encourage researchers and academics to
think how personal visualization can aid to achieve and enhance
personal learning at whatever level of education, whether School,
College or University.

REFERENCES

[1] P. Blikstein. Multimodal learning analytics. In Proc. Learning Ana-
lytics and Knowledge, LAK ’13, pages 102–106. ACM, 2013.

[2] M. A. Chatti, A. L. Dyckhoff, U. Schroeder, and H. Thüs. A reference
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