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Preface

The 9th International Conference on Educational Data Mining (EDM 2016) is held under the auspices of the In-
ternational Educational Data Mining Society at the Sheraton Raleigh Hotel, in downtown Raleigh, North Carolina,
in the USA. The conference, held June 29 - July 2, 2016, follows the eight previous editions (Madrid 2015, London
2014, Memphis 2013, Chania 2012, Eindhoven 2011, Pittsburgh 2010, Cordoba 2009 and Montreal 2008).

The EDM conference is the leading international forum for high-quality research that leverages educational data,
learning analytics, and machine learning to answer research questions that shed light on the learning processes.
Educational data may come from traces that students leave when they interact with learning management systems,
interactive learning environments, intelligent tutoring systems, educational games or when they participate in other
data-rich learning contexts. The types of data range from raw log files to data captured by eye-tracking devices or
other kind of sensors. The methods used by EDM researchers include analytics, data science, data mining, machine
learning, as well as social network analysis, graph mining, recommender systems, and model building.

This years conference features three invited talks by: Rakesh Agrawal, President and Founder of Data Insights
Laboratories; Marcia C. Linn, Professor of the University of California at Berkeley; and Judy Kay, Professor of the
University of Sydney. Judy Kay’s invited paper entitled “Enabling people to harness and control EDM for lifelong,
life-wide learning” is also presented in the proceedings. Together with the Journal of Educational Data Mining
(JEDM), the EDM 2016 conference supports a JEDM Track that provides researchers a venue to deliver more
substantial mature work than is possible in a conference proceedings and to present their work to a live audience.
The papers submitted to this track followed the JEDM peer review process; three papers have been accepted to the
track and will be presented at the conference. The abstracts of the invited talks and accepted JEDM Track papers
can be found in the proceedings. The main conference invited contributions to the Research Track and Industry
Track. We received 161 submissions (109 full, 45 short, and 7 industry). We accepted 16 exemplary full papers (15%
acceptance rate), 14 full papers (27.5% acceptance rate) and 51 short papers for oral presentation (52% acceptance
rate ) and an additional 40 for poster presentation. Of the industry papers, 3 were selected for oral presentations
and 2 for posters.

This year’s best paper and best student paper awards were generously sponsored by the Prof. Ram Kumar
Memorial Foundation. The best paper was awarded to the paper entitled “How Deep is Knowledge Tracing?” while
the best student paper was awarded to the paper entitled “Calibrated Self-Assessment.”

The EDM conference traditionally provides opportunities for young researchers, and particularly for PhD students,
to present their research ideas and receive feedback from the peers and more senior researchers. This year, the
Doctoral Consortium features 6 such presentations. In addition to the main program, the conference also includes 3
workshops: WS1: Computer-Supported Peer Review in Education (CSPRED-2016), WS2: Writing Analytics, Data
Mining, and Writing Studies; WS3: Educational Data Analysis using LearnSphere, and 2 tutorials: T1: SAS Tools
for Educational Data Mining, and T2: Massively Scalable EDM with Spark. This year we expand our electronic
presence with Whova a social app for conference attendees that provided services for personal scheduling, social
linking and personalized recommendations of papers.

We thank the sponsors of EDM 2016 for their generous support: Civitas Learning, Blackboard, MARi, SAS,
Cengage Learning and the Prof. Ram Kumar Memorial Foundation. We thank North Carolina State University for
their in-kind support, and the Sheraton Downtown Raleigh for their excellent conference services. We also thank the
program committee members and reviewers, who with their enthusiastic contributions gave us invaluable support in
putting this conference together. Last but not least we thank the organizing team: David Lindrum – Sponsorship
Chair; Paul Inventado – Proceedings Chair & Webmaster; Collin Lynch – Posters Chair; Ed Gehringer – Student
Volunteer Chair; Sidney D’Mello – DC Chair; Erica Snow and Jonathan Rowe – Workshop & Tutorials Chairs; and
Piotr Mitros – Industry Track Chair.

Min Chi Mingyu Feng Tiffany Barnes
North Carolina State University SRI North Carolina State University

Program Co-chair Program Co-chair General Chair
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Awards

EDM 2016 thanks the Prof. Ram Kumar Memorial Foundation for generously sponsoring the
2016 best paper and best student paper awards.

Best papers and exemplary paper selection

A total of 16 exemplary papers were selected by the program chairs as those that represent the best work submitted
to EDM 2016. Candidates for exemplary papers were selected among those accepted as full papers using the following
criteria: 1) the average ratings of all reviewers and 2) at least one reviewer indicated the paper should be considered
for best paper. Program Chairs and the General Chair then performed meta-reviews for all of these papers to make
the final exemplary paper selections.

Finally, the Best Paper Committee was formed to review the top papers in the conference to select best paper
nominations. We used random selection to divide both the 16 exemplary papers and the 10 committee members into
two groups. All members in the same Best Paper Sub-committee received the same 8 exemplary papers together with
their reviews. Sub-committee members were asked to rank the three best papers from the 8 papers, and to provide a
1-2 sentence justification for each of the top 3 they chose. Based on these rankings, four Best Paper nominees were
selected.

Best Paper Committee:

Koedinger, Kenneth Pavlik Jr., Philip I. Aleven, Vincent Baker, Ryan Galyardt, April
Goldin, Ilya Heffernan, Neil Ritter, Steven Olney, Andrew Pechenizkiy, Mykola

Award winners

Best paper How Deep is Knowledge Tracing?
Mohammad Khajah, Robert Lindsey and Michael Mozer

Best student paper Calibrated Self-Assessment
Igor Labutov and Christoph Studer

Best paper nominees LIVELINET: A Multimodal Deep Recurrent Neural Network to Predict
Liveliness in Educational Videos
Arjun Sharma, Arijit Biswas, Ankit Gandhi, Sonal Patil and Om Deshmukh

How to Model Implicit Knowledge? Similarity Learning Methods to
Assess Perceptions of Visual Representations
Martina Rau, Blake Mason and Robert Nowak

Measuring Gameplay Affordances of User-Generated Content in an
Educational Game
Andrew Hicks, Zhongxiu Liu and Tiffany Barnes
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Data-Driven Education: Some opportunities and
Challenges

Rakesh Agrawal
Data Insights Laboratories

ragrawal@acm.org

ABSTRACT
A program of study can be viewed as a knowledge graph
consisting of learning units and relationships between them.
Such a knowledge graph provides the core data structure for
organizing and navigating learning experiences. We address
two issues in this talk. First, given a knowledge graph, how
can we use data mining to identify and correct deficiencies
in a knowledge graph. Second, how can we use data mining
to form study groups with the goal of maximizing overall
learning. We conclude by pointing out some open research
problems.

Proceedings of the 9th International Conference on Educational Data Mining 2



WISE Ways to Strengthen Inquiry Science Learning

Marcia C. Linn
University of California, Berkeley, Berkeley, CA, USA

mclinn@berkeley.edu

ABSTRACT
The Web-based Inquiry Science Environment (WISE) logs
student and teacher interactions during classroom science
inquiry instruction. Over the past 10 years we have used
these logs for many purposes including: to analyze patterns
of student interactions with dynamic, interactive scientific
models and improve instruction; to determine when students
revisit prior activities and assess whether the visit was fruit-
ful; and to analyze the coherence of student essays and offer
personalized guidance. I will illustrate our findings with
some successes and failures as we attempt to: validate what
a sequence of logged actions means; measure a key learn-
ing construct with logged interactions; and determine how
to use scores derived from logged variables to guide student
inquiry learning.
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Enabling people to harness and control EDM for lifelong,
life-wide learning

Judy Kay
Faculty of Engineering and Information Technologies, The University of Sydney, Australia

judy.kay@sydney.edu.au

ABSTRACT
There has been an explosion of digital learning sensors. Some
are in bespoke learning applications. But many more are in
the digital tools people use in every aspect of their lives.
This paper introduces a user-centred view of EDM for life-
long, life-wide learning. That includes formal education, but
goes beyond it to the complex, multi-faceted and ill-defined
learning in our broader lives. This is the learning that takes
decades and is critical for aspects as diverse as health and
wellness, responsible citizenship or working effectively with
other people.

The paper begins by asking who the users for EDM are, what
their different needs are, and why the answers matter. It
then reviews a series of case studies for learning group-work
skills. These illustrate the analysis that follows. This starts
with the issues for personal data sensing for learning over
the long term, in many contexts and aspects of life. Then
it considers middleware, a topic rarely discussed in EDM
research. Finally, it considers the all important user inter-
faces for: user control; human-in-the-loop EDM; and learn-
ing, particularly, self-monitoring, reflection, planning and
broader metacognitive activity. This paper takes a highly
critical assessment of over 20 years of my research, from the
perspective of user-centred EDM. Building upon that cri-
tique, it summarises major mistakes made and lessons learnt
and then presents a research agenda and vision.
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Toward Data-Driven Design of Educational Courses: A
Feasibility Study

Rakesh Agrawal
Data Insights Laboratories

ragrawal@acm.org

Behzad Golshan
Boston University

behzad@cs.bu.edu

Evangelos Papalexakis
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ABSTRACT
A study plan is the choice of concepts and the organization and se-
quencing of the concepts to be covered in an educational course.
While a good study plan is essential for the success of any course
offering, the design of study plans currently remains largely a man-
ual task. We present a novel data-driven method, which given a
list of concepts can automatically propose candidate plans to cover
all the concepts. Our method uses Wikipedia as an external source
of knowledge to both identify which concepts should be studied
together and how students should move from one group of con-
cepts to another. For our experimental validation, we synthesize
study plan for a course defined by a list of concept names from
high school physics. Our user study with domain experts finds that
our method is able to produce a study plan of high quality.
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ABSTRACT
An enduring issue in higher education is student retention to
successful graduation. National statistics indicate that most
higher education institutions have four-year degree comple-
tion rates around 50%, or just half of their student pop-
ulations. While there are prediction models which illumi-
nate what factors assist with college student success, inter-
ventions that support course selections on a semester-to-
semester basis have yet to be deeply understood. To further
this goal, we develop a system to predict students’ grades
in the courses they will enroll in during the next enroll-
ment term by learning patterns from historical transcript
data coupled with additional information about students,
courses and the instructors teaching them.

We explore a variety of classic and state-of-the-art tech-
niques which have proven effective for recommendation tasks
in the e-commerce domain. In our experiments, Factoriza-
tion Machines (FM), Random Forests (RF), and the Person-
alized Linear Multiple Regression model achieve the lowest
prediction error. Application of a novel feature selection
technique is key to the predictive success and interpretabil-
ity of the FM. By comparing feature importance across pop-
ulations and across models, we uncover strong connections
between instructor characteristics and student performance.
We also discover key differences between transfer and non-
transfer students. Ultimately we find that a hybrid FM-RF
method can be used to accurately predict grades for both

∗(Does NOT produce the permission block, copyright
information nor page numbering). For use with
ACM PROC ARTICLE-SP.CLS. Supported by ACM.
†Corresponding Author.

new and returning students taking both new and existing
courses. Application of these techniques holds promise for
student degree planning, instructor interventions, and per-
sonalized advising, all of which could improve retention and
academic performance.
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ABSTRACT
Although thousands of students enroll in Massive Open
Online Courses (MOOCs) for learning and
self-improvement, many get confused, harming learning
and increasing dropout rates. In this paper, we quantify
these effects in two large MOOCs. We first describe how
we automatically estimate students’ confusion by looking
at their behavior clicking on course content and
participating in the course discussion forums. We then
apply survival analysis to quantify the impact of confusion
on students’ dropout. The results demonstrate that the
more confusion students express themselves and the more
they are exposed to other students’ confusion, the sooner
they drop out of the course. We also explore the effects of
confusion expressed in different contexts and related to
different aspects of courses. We conclude with implications
for the design of interventions to improve student retention
in MOOCs.
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Enabling people to harness and control EDM for lifelong,
life-wide learning

Judy Kay
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The University of Sydney
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ABSTRACT
There has been an explosion of digital sensors of learning.
Some are in bespoke learning applications. But many more
are in every aspect of our lives. This paper takes a human-
centred view of EDM for lifelong, life-wide learning, where
EDM enables people to harness that data. This view in-
cludes formal education. But it goes beyond that, to the
complex, multi-faceted, ill-defined and long-term learning
needed to work towards the most important goals in our
broader lives. Some of the most important of these goals
are lifelong and are critical for aspects as diverse as health
and wellness, responsible citizenship or working effectively
with other people.

The paper begins by considering the stakeholders for EDM.
It then presents three longitudinal case studies from my re-
search on supporting learning of complex skills. Drawing on
these, the analysis that follows presents lessons learnt and
a wish list and vision for future EDM directions towards
human-centred EDM.

Keywords
Lifelong learning, life-wide learning, educational data min-
ing, user control, student modelling, learner modelling, per-
sonal data, privacy, provenance, user control, business ana-
lytics, learning analytics, personal informatics.

1. INTRODUCTION
Technology that can support learning is now pervasive. This
has created an explosion of opportunities for life-wide and
lifelong learning. One important part of that is formal learn-
ing and that has dominated decades of AIED and ITS re-
search. Even this happens in diverse contexts, from physi-
cal classrooms to nearly every other place. But it goes well
beyond formal learning. The pervasiveness of technology
means that we have a rich digital ecosystems. This includes
devices that we wear and carry as well as those located and
embedded in our environments. From an EDM perspective,

this provides many streams of digital footprints that might
be harvested to support learning. The potential these offer
has created the EDM community [9] as well as many others,
such as learning analytics [53] business analytics [37] and
personal informatics [38].

Figure 1 illustrates one way to think about EDM as the
transformer of sensor data into the learner models that can
support learning. The top of the figure shows a person called
Mykola1 who uses many digital tools and devices. For exam-
ple, Mykola may interact with a collection of maths tutoring
applications, perhaps over many months or even years, using
various desktops, tablets and smart phones. Viewing each of
these applications as sensors that collect data about Mykola,
the figure distinguishes two classes of EDM transformations.
At the left are the transformations that feed into the learner
model for this individual learner. At the right are those that
aggregate the data from collections of learners. The thinner
grey lines, numbered 1 to 4, are classic EDM, interpreting
raw sensor data to add it to a learner model of the individual
learner (1) and then reasoning on it (2) and the correspond-
ing actions for aggregate models for a collection of learners
(3 and 4). Of course the whole point of EDM is to create
learner models that are to be used. So the lines 1 and 3 are
bidirectional. This reflects the times that the learner model
serves information to an application. Creating individual
and aggregate learner models may draw on diverse methods
and infer aspects that include the learner’s knowledge, as
well as other critical factors, such as motivation [36].

Over the many years of Mykola’s maths education, current
EDM approaches produce many learner models. This is
what we have seen in over 25 years of AIED research. The
learner model has typically been just one part of just one
application. It has often been short-lived, perhaps just the
single session of a research study. That is changing in two
important ways. Learner models are becoming first class
citizens and they are becoming long-term.

One driver for learner models to transition to first class
citizen-ship follows from our understanding of their direct
value for learners when there is a user interface onto them.
This has long been called an Open Learner Model [12] and,
more recently, similar interfaces are called learning analytics
and dashboards [53]. At a quite different level, learner mod-

1Thanks to Mykola Pechenizkiy, President of International
Educational Data Mining Society for agreeing to be every-
man in this image.
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Figure 1: EDM as transformer: from sensor data to
learner models as first class citizens

els should have independent standing so that an application-
program interface, API enables multiple applications to re-
use the same learner model. This is a quite different form of
openness that is potentially valuable for long term learning.
Both these aspects of openness should be designed from a
human-centred foundation.

Consider Mykola’s broader learning, in areas such as health
and wellness. He might use various tracking devices and
coaching applications over the long term. The trackers can
capture data about aspects like his food intake, physical ac-
tivity, weight, rest pulse and stress. All of these could serve
as sensors for a steadily growing and rich learner model.
His interactions with various coaching systems could pro-
vide data to model aspects like his metacognitive skills, as
he uses each coach to set goals, self-reflect and self-monitor.
For life-long goals for good health, Mykola’s learner model
needs to be kept over the long term, accumulating and min-
ing data from many sensors. Equally, a long-term model
representing stable traits, such personality, could be re-used
by multiple personalised learning applications [15].

Mykola’s sensor data and associated learner model is his
personal data. People typically want to be able to control
such data and its use, as reflected in privacy legislation [34].
User concerns and needs around privacy are important and
complex. EDM’s learner models may represent aspects that
are quite sensitive. These include stable attributes like per-
sonality as well ephemeral, sensed attributes such as atten-
tion [17]. The aggregated learner model at the right side of
Figure 1 has been at the core of EDM research. It is well
understood that Mykola’s data in these models needs to be
treated with care. This is typically achieved with forms of
de-identification so that the data actually kept is divorced
from the user.

Let us now turn to the lower part of the figure. This de-
picts several people, in several roles, interacting with suit-
able interfaces onto these learner models. Some important
stakeholders include:

1. builders of ITS/AIED systems;

2. the individual learner;

3. the classroom teacher, parent, mentor, peer learner or
other supporter for the learner;

4. administrators, governments and learning“accountants”.

5. learning scientists;

In the box above the people, the figure shows four classes of
user interfaces onto learner models. The first, already men-
tioned, is the Open Learner Model or learning dashboard.
Appropriate forms of these are useful for each stakeholder
group. The system builders need them to help understand
and debug their systems. Appropriately designed interfaces
onto individual and aggregate learner models can be used as
part of the learning process by the next three groups. The
individual learner and their support team are particularly
concerned with the individual learner model, although ag-
gregate models can put this in context and help these stake-
holders interpret it. The Learning Analytics community has
introduced such interfaces for stakeholders at the institu-
tional level with dashboards for administrators. These have
much in common with dashboards used in many fields [56,
21]. Learning scientists have a quite different perspective.
With their psychology focus, they can use interfaces onto
aggregate models to display how people learn, with the ex-
emplar being an increasingly refined understanding of for-
getting curves [6].

The figure also highlights other roles. There is an under-
explored EDM role for human-in-the-loop systems. Cer-
tainly system builders do some of this when debugging. OLMs
and dashboards have provided simple interaction to support
this role for the learning process stakeholders. The third
class of interface shown in the figure is the metacognitive
scaffolding that is needed for individual learners because self-
reflection, self-monitoring and planning are hard for many
people. Finally, the figure show a class of interfaces that
enable people to control their own data and provenance. I
return to these after the case studies in the next section.

2. CASE STUDIES
This section overviews three strands of my research. The
first aimed to help students learn group work skills. These
are complex and they require many skills. For example, ef-
fective group work relies on communication, including lis-
tening skills. Long term group work demands consider-
able self-regulation so that the individual and the group can
plan, monitor and reflect on progress. It involves learning
leadership skills, which is important for effective teams [51]
The second case study is in computer supported collabora-
tive learning, a common feature of classrooms. The third
concerns design and management of the curriculum for long
term learning of generic skills across a university degree. All
three cases take a human-centred approach to tackling some
of the many parts of the complex puzzle of EDM to support
lifelong and life-wide learning.
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Long term asynchronous group work
Team work skills are important in many contexts. They
are so common in the creation of software that computing
degrees have a capstone software engineering project. Typi-
cally, students work in small teams over a semester to create
a substantial software artefact that meets a clients’ needs.
It is common practice for such teams to use a platform that
supports the management of the code and other files as well
as the team processes. (Just a few of the many platforms
include GitHub2, trac3 and BitBucket4). These platforms
provide rich sensor data about the group behaviour. This
case study involved use of trac. We explored how to harness
the data about each team member’s use of its core tools, a
wiki, the ticket system (called issue tracker in other systems)
and the version control system (svn in our case). In terms of
Figure 1, these three media were the sensors and we wanted
to build a model of each individual in the team and make it
available to them and their teachers. We wanted to trans-
form the huge amount of data from the sensors (thousands
of actions over the three months of the semester) into an
OLM.

Figures 2, 3 and 4 illustrate three key stages in our work to
create effective OLM interfaces. We began by creating sev-
eral presentations that were in the spirit of the interaction
diagram shown in Figure 2. These were inspired by social
translucence visualisations [19]. Each circle represents one
team member (the figure has anonymised the display, remov-
ing the names that were near each dot). So, for example one
user is represented by the pink dot at 2 o’clock. The lines
between the dots indicate how much that pair of people in-
teracted on the wiki. This is based on a measure of each
person’s contributions to the same page. For example, stu-
dents were advised to create a page for their weekly meeting
minutes, with each team member reviewing this and adding
a comment, to indicate agreement or identifying problems.
If the whole team did this, we would see connections between
every pair. In Figures 2, it is striking that the green dot at 7
o’clock is not connected to any others. Worse yet, the green
dot represents the person who was supposed to be the team
manager. This diagram highlights a potential problem! In
practice, these diagrams proved valuable because problems
like this became apparent. So long as they were available
early enough, and used appropriately in the teaching (not
for assessment), they facilitated valuable discussions within
the team and with their teachers.

The interaction diagrams and activity diagrams, one for each
of the media (wiki, tickets and svn) were our starting point.
These were useful for a single point in time. Our next step
was to create an OLM showing the long term model. We
particularly wanted to be able to see changes. For example,
we needed to see what happened after we had identified and
tried to remediate a team problem like that of the manager
in Figure 2. Our next step was the Wattle Tree visualisation
[31], like the example shown in Figure 35. Each green ver-
tical line is one team member. (There are 6 in the figure.)
Each day’s wiki activity appears as a yellow circle to the left

2https://github.com/
3https://trac.edgewall.org/
4https://bitbucket.org/
5The Australian Wattle Tree has small round balls for flow-
ers and they appear in clusters as in the figure.

Figure 2: Simple EDM, showing interaction between
team members

of the person’s line. Each svn action is an orange circle to
the right of their line. The size of the circle is a logarithmic
function of the count of actions or code lines committed.
The green lines are ticket actions. Defining a new task is
a dark green line on the left. Completing an allocated task
gives the light green ones at the right. This figure shows
a high functioning team, with very active leadership by the
person on the second line. The rightmost user is clearly
less active. The almost barren area towards the top was
the semester break. This group was doing well enough that
they took a break at that time. This OLM proved useful in
the hands of a skillful teacher and team leader. But it was
fragile in that weak teams did not use it very well without
considerable mentoring. It was also flawed as an interface;
the idea of the wattle tree was cute, but it was somewhat
forced, difficult to extend and the metaphor does not match
the learning goals well.

Our next step was the Narcissus interface [54], shown in
Figure 4. Now each user is a block (5 of them in them in the
figure). As the legend at the upper right indicates, these
show the three media as squares, coloured purple (wiki),
blue (svn) and green (tickets). The brighter each square, the
more that user did that day on that medium. The bottom
of each block shows a cumulative picture for that individual,
compared to the team average (grey). Narcissus used quite
simple EDM measures, pure counts of actions. But it added
scrutability, with the user able to configure how the simple
sensor counts map to the colour intensity.

Even more valuable, each cell is interactive. In the figure,
the user has clicked a blue (svn) cell and the details are
available at the right. This lists details of, and links to, all
the changesets to the code checked in by that user on that
day. So we now transform the OLM into a navigation tool.
This was invaluable for tracking down the details as needed.

A parallel stream of this work explored more sophisticated
EDM methods [32, 50] for a cohort of 43 students in 7
groups. The sensor data was 1.6 megabytes in mySQL for-
mat, with over 15000 events. With a combination of ex-
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Figure 3: Simple EDM, in a Wattle Tree, showing
daily actions by each user on each medium

Figure 4: Simple EDM, with Narcissus, a much bet-
ter and interactive interface onto daily actions by
each user on each medium

ploratory and theory-driven approaches, we discovered use-
ful measures of aspects of group and individual behaviour.
For example, we identified patterns that are associated with
effective leadership. Whether a group’s nominated leader
exhibited these was predictive of the effectiveness of the lead-
ership. For example, one nominated leader failed to exhibit
those patterns, but rather had the pattern of a pure devel-
oper, with others having some of the leadership patterns. In
fact, the leader was trying to do much of the programming
alone, neglecting group management. Other team members
tried to fill the leadership void. Promisingly, the group-role
patterns were established early in the semester. This is im-
portant for remediation. These results also gave the teach-
ers guidance on aspects to teach students and indications
of how to better guide them. However, we never translated
this more complex approach into an OLM, like Narcissus.

So what did we learn from creating and using the OLMs?
They relied on very simple mining of the raw sensor data,
just counting actions. And that worked well. In the case
of the wiki, actions on the same page were interpreted to
model interaction and we used even simpler counts of all
ticket actions and lines of code committed. With Narcissus,
we transformed this simple data mining into an interactive
OLM that supported navigation of the complex information
space and this was heavily used in meetings between the
tutor and each team and in helping groups with problems.
We contributed the Narcissus code to the open source trac
project’s Track Hacks and used it for several years (until we
stopped using trac). We know anecdotally that our students
asked for Narcissus to be installed for use in other classes
using trac. But there ends it deployment. We are not aware
of any team programming environment that provides com-
parable facilities to model group health. We fell short of
any deployment of the complex data mining approaches. It
would be excellent to see them integrated into a future ver-
sion of Narcissus-like tools. That will require design of suit-
able interfaces. It will be challenging to do this and maintain
the Narcissus philosophy of user control. In summary, this
sequence of work explored how to harness the digital foot-
prints of teams using trac-like tools and demonstrated the
power of simple measures in OLMs and the promise of more
sophisticated mining.

Collocated collaborative learning
This case study continues the exploration of how to harness
data about groups to inform learning. But we now move to a
collocated context (rather than the above asynchronous long
term collaboration). This work was inspired by the poten-
tial of interactive tabletops to provide a new way to support
small group work. This is because small groups commonly
work at a table, and tabletops offer a shared interactive can-
vas. From an EDM perspective, tabletops offer new sensors
of collocated collaboration.

Figure 5 shows users in one of our lab studies. This group of
three students is doing a collaborative learning task. Each of
them had previously worked individually to create a concept
map summarising their understanding of provided learning
material. Then they came together to create a joint map.
We had considerable sensor data: the tabletop touches, so
we could determine which learner did each action; the speech
captured by the microphone that is visible at the front mid-

Proceedings of the 9th International Conference on Educational Data Mining 13



Figure 5: Lab study of small group creating a con-
cept map collaboratively

Figure 6: Group health sophisticated dashboard

dle of the table; the initial individual maps, the final group
map and all the intermediate states.

To harness all that data, we used data mining to build a
model of the quality of the collaboration [45, 44]. Figure 6
shows a set of visualisations for these. The dial at the left
summarises how well the group is collaborating [41]. This is
left of centre, indicating somewhat poor collaboration. The
transformation of sensor data to produce this single measure
are complex. They use a model learnt from measures derived
from video analysis and the automatically collected sensor
data. The other two figures are versions of the interaction
and activity diagrams from our earlier work. The middle one
shows interactions, such as one user working with interface
elements created by another user. The right one shows the
level of activity for each user in terms of tabletop touches
and speech with both of these highest for the yellow user
near 12 o’clock. The left collaboration dial is inscrutable; we
never attempted to create an explanation or justification of
it for use by a teacher. However, the two simpler diagrams
do help as they show elements that use some of the same
sensors as that measure.

The tabletop lab work seemed promising. So we then ex-
plored how to move it to an authentic classroom, such as
shown in Figure 7 [43, 42]. Under the real time and cur-
riculum pressures of a classroom, the teacher wanted to har-
ness the tabletops and an OLM to track each class group’s
progress on the content learning objectives for the class,
rather than our inscrutable models of collaboration. This
led to the design of the dashboard shown in Figure 8 [41].
The tabletop activity data was used to create models of each
group. The OLM for these can be seen at the right of the
dashboard. This has a set of bar chars, each group in a dif-
ferent colour, with one bar for each student. This shows a
count of the number of propositions that student has cre-

Figure 7: Classroom of interactive tabletops

Figure 8: Simple dashboard

ated. The darker part of the bar shows propositions match-
ing ones the teacher had defined. Other propositions that
students created are indicated in the light parts of each bar.
Under the pressure of classroom teaching, even such simple
OLMs were more effective when there were alerts to help
the teacher see which group seemed to most need attention
[42].

So what did we learn? We showed that sophisticated EDM
resulted in a model of how collaborative a group was. This
black box result has the potential to be valuable information
for a classroom teacher. When they need to spend time with
one group, they cannot be closely following all of others. So
this measure might be helpful when they finish working with
one group and need to decide which group most needs their
attention. In practice, when we moved to a real classroom,
the teachers saw a greater need for simpler measures about
the learning activity. The EDM could both provide these
in an OLM and drive the alerts to help them quickly decide
how to split their time between the groups.

Modelling generic skills over 3-5 years
This case study was driven by two key demands. The first
was to improve the design of a university curriculum, with
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