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PREFACE
For this 13th iteration of the International Conference on Educational Data Mining (EDM 2020), the
conference was held completely online. EDM is organized under the auspices of the International
Educational Data Mining Society in Montreal, Canada. The conference, held July 10th through
13th , 2020, follows twelve previous editions (Montreal 2019, Bu�alo 2018, Wuhan 2017, Raleigh
2016, Madrid 2015, London 2014, Memphis 2013, Chania 2012, Eindhoven 2011, Pittsburgh 2010,
Cordoba 2009, and Montreal 2008).

The o�cial theme of this year's conference is Improving Learning Outcomes for All Learners. The
theme comprises two parts: (1) Identifying actionable learning or teaching strategies that can
be used toimprove learning outcomes, not just predict them. (2) Using EDM to promote more
equitable learning across diverse groups of learners, and to bene�t underserved communities in
particular. This year's conference features three invited talks: Alina von Davier, Chief O�cer
at ACTNext; Abelardo Pardo, Professor and Dean of Programs (Engineering), at UniSA STEM,
University of South Australia; and Kobi Gal, Associate Professor at the Department of Software
and Information Systems Engineering at Ben-Gurion University of the Negev, and Reader at the
School of Informatics at the University of Edinburgh.

Building on the policy started in 2019, EDM 2020 used a double-blind review process. The confer-
ence's Program Committee was also signi�cantly expanded compared to 2019 in an e�ort to reduce
the average load per reviewer and thereby increase the quality of reviews. This year we received a
total of 98 full-paper submissions and 64 short-paper submissions. From the full-paper submissions,
30.6% were accepted as full papers, 16.3% were accepted as short papers, and 15.3% were accepted
as posters. From the short-paper submissions, 21.9% were accepted as short papers and 23.4% were
accepted as posters.

Review & Decision Processes : For transparency and possible bene�t of future EDM conferences,
we are providing a detailed description of the paper review and decision processes for the Full and
Short paper tracks at EDM 2020:

1. After all papers were submitted, the Program Committee (PC) and Senior Program Committee
(SPC) members bid on which papers they would like to review.

2. If committee members did not bid on papers after several reminders, bids were entered for
them. This was done automatically via the EasyChair conference management system if the
committee members had entered topics. Otherwise, one of the Program Chairs entered topics
for the committee members based on examining publications in their Google Scholar pro�le;
these topics were then used to automatically create bids.

3. Given the PC and SPC bids, the Program Chairs assigned papers to reviewers using Easy-
Chair's automatic assignment option. This assignment maximizes the total score of the as-
signment, with high weight on matches where the bid was a \yes", medium weight on matches
where the bid was a \maybe", and low weight on matches where the bid was a \no". Each
paper was assigned to one SPC member and two PC members. Each PC member received at
most 5 papers, and each SPC member received at most 4 papers. The automated reviewing
assignment was manually checked to ensure fairness to reviewers in being primarily assigned
papers for which they had entered positive bids, fairness to papers in being primarily assigned
reviewers who had bid positively on that paper, and that automatic con
ict detection had ac-
curately detected con
icts. One set of changes involving three papers was made based on this
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manual check due to assigning a paper to a reviewer that she had bid \no" on and that did not
match her stated topics of expertise. In a separate change, another swap was made to prevent
a reviewer from being assigned their own paper, as the authorship and reviewer information
on EasyChair did not exactly match.

4. In an e�ort to increase the mean and decrease the variance in review quality, the Program
Chairs de�ned reviewing guidelines, both for the PC and the SPC. These guidelines were
posted to the EDM 2020 website and also linked in emails sent to reviewers.

5. At the end of the review period, the Program Chairs identi�ed papers that received fewer
than 3 reviews, as well as papers whose reviews were clearly lacking (e.g., just 1-2 sentences).
Emergency reviewers (including the Program Chairs) were identi�ed, and papers were assigned
to them.

6. The Program Chairs examined the meta-reviews and acceptance/rejection recommendations
for all papers. For any papers lacking a meta-review, the Program Chairs read the reviews and
the paper, wrote a meta-review, and arrived at a recommendation for acceptance/rejection.

7. Papers were ranked by their unweighted average review scores. The Program Chairs then
manually identi�ed and examined papers in \critical regions" of the ranking in which there
was large variance in the meta-reviewers' decision recommendations (Accept as Full, Accept
as Short, Accept as Poster, Reject). The goal here was to ensure that, in the opinions of
both Program Chairs, all papers accepted as either Full or Short exhibited su�cient rigor for
publication as such. When in doubt, the more conservative outcome (i.e., Accept as Short
rather than Full, or Accept as Poster rather than Short) was chosen. In particular:

(a) For the Full paper track, the following range was calculated: Letmf be the lowest score
of any paper recommended by its meta-reviewer for \Accept as full", and letns be the
highest score of any paper recommended by its meta-reviewer for \Accept as short". For
any paper recommended for \Accept as full" whose score was in [mf ; ns], the Program
Chairs discussed the paper and decided jointly whether to Accept as Full or Short. This
deliberation focused on the question: \Do the reviewers point out important methodological
or other fundamental problems that could signi�cantly threaten validity?"

(b) The analogous process (both for papers submitted as Full, and for papers submitted as
Short) was applied to papers whose unweighted average review scores were in the range
[ms; np], wherems is the lowest score of any paper recommended for Accept as Short and
np is the highest score of any paper recommended for Accept as Poster.

(c) All other papers { i.e., those whose unweighted average review scores were outside of the
ranges described above { were accepted/rejected according to the recommendation of their
assigned meta-reviewer.

During all aspects of both the Review and Decision processes, no Program Chair examined or han-
dled any paper on which he/she was a co-author; any such paper was seen and handled exclusively
by the other Chair to avoid a con
ict of interest. (No papers were co-authored by both Program
Chairs.)

Note that papers submitted to the Industry, Doctoral Consortium, Poster/Demo, and Workshop
components of EDM 2020 had their own reviewing processes that were de�ned by the corresponding
chairs in consultation with the Program Chairs. Papers published in the Poster/Demo track are
the union of those submitted & accepted as Posters/Demos, and those submitted to either the Full
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or Short tracks that were accepted as Posters.

Posters/Demos : In addition to the Full or Short paper submissions that were accepted as posters
mentioned above, there was a dedicated Poster/Demo track to which papers could be submitted
directly. This track accepted 14 contributions out of 17 submissions.

JEDM : Together with the Journal of Educational Data Mining (JEDM), the EDM 2020 confer-
ence held a JEDM Track that provides researchers a venue to deliver more substantial mature work
than is possible in a conference proceeding and to present their work to a live audience. The papers
submitted to this track followed the JEDM peer review process. Two JEDM papers are featured
in the conference's program.

Industry : The main conference invited contributions to an Industry Track in addition to the main
track. The EDM 2020 Industry Track received 6 submissions of which 5 were accepted.

Doctoral Consortium : The EDM conference continues its tradition of providing opportunities
for young researchers to present their work and receive feedback from their peers and senior re-
searchers. The doctoral consortium this year features 19 such presentations.

Paper Topics : In terms of topics of all submitted papers, the table below lists the most popular
keywords associated with papers as selected by the authors themselves from a keyword list created
by the Program Chairs:

Topic # Paper Submissions
Log �les/transaction logs 105
Modeling student learning 72
Other supervised machine learning 63
Post-secondary/College 55
Assessment 53
Intelligent tutoring systems 49
Natural language 48
Neural networks & deep learning 42
Unsupervised learning and clustering methods 41
Supporting teachers 33
MOOCs 30
K-12 classrooms 30
Building frameworks for EDM 30
Predicting attrition/drop-out 24
Data visualization methods 19
Informal learning environments 17
Collaborative learning 17
Images/video 17
Adult learning 17
Game-based learning 16
Multimodal analytics 15
Topic modeling 14
Closing the loop between research and practice 14
Advancing theories of learning 14
Building domain knowledge models 13
Bayesian models 12
Equity and fairness in EDM 10
Lab-based experiments 10
Socio-emotional learning and a�ect 8
Physiological sensors 8
Crowdsourcing 7
Social network analysis 6
Lifelong learning 6
Reinforcement learning 5
Treatment e�ect estimation 3
Causal inference techniques 2
Issues of Accessibility in Learning 1
Audio 1
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Test of Time Award : Following in the footsteps of last year's conference, EDM 2020 also includes
an invited talk by the authors of the 2019 winner of the EDM Test of Time Award. This year's
talk is delivered by Ryan Baker and Kalina Yacef.

Workshops & Tutorials : In addition to the main program, there are workshops and tutorials
on: Causal Inference in Educational Data Mining; Educational Data for Mining in Computer Sci-
ence Education (CSDM); FATED: Fairness, Accountability, and Transparency in Educational Data
(Mining); Reproducibility and Replication of Analytic Methods with LearnSphere; The Learner
Data Institute: Big Data, Research Challenges, & Science Convergence in Educational Data Sci-
ence; and An Introduction to Neural Networks.

Coronavirus : This year's conference was originally arranged to take place in Ifrane, Morocco. Due
to the SARS-CoV-2 (coronavirus) epidemic, EDM 2020, as well as most other academic conferences
in 2020, had to be changed to a purely online format. This presented some di�culties, especially of
how to engage and encourage interaction among participants using just Zoom and other online tools
rather than face-to-face meetings. However, it also signi�cantly reduced the costs of conducting
and attending the conference since physical meeting spaces, air travel, and on-site lodging were no
longer necessary { and this arguably increased our conference's accessibility. To facilitate e�cient
transmission of presentations, especially given that not everyone's Internet connection could be
guaranteed to be stable, we required all paper presenters to pre-record their presentation as a video
and then to host it on YouTube. Moreover, we asked that all presenters enable closed-captioning
(CC), for the bene�t of deaf people and those hard of hearing, as well as non-native English speakers
who prefer to read than to listen to audio.

Thanks : We thank ACTNext as a sponsor of EDM 2020 for its generous support, especially during
this �nancially di�cult time of the coronavirus. We are also grateful to the individual conference
chairs, the senior program committee, regular program committee members, sub-reviewers, emer-
gency reviewers, and IEDMS board members, without whose expert input and hard work this
conference would not be possible. Finally, we thank the entire organizing team and all authors who
submitted their work to EDM 2020.

Anna N. Ra�erty Carleton College, USA Program Chair
Jacob Whitehill Worcester Polytechnic Institute, USA Program Chair
Cristobal Romero University of Cordoba, Spain, General Chair
Violetta Cavalli-Sforza Al Akhawayn University in Ifrane, Morocco General Chair

June 23rd, 2020
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Best Paper Selection

Nominees for Best Paper Award were all full papers with an average review score greater than
2, where the average review score was weighted by the reviewer's self-reported con�dence. These
papers were sent to and evaluated by all the board members of the International Educational Data
Mining Society (IEDMS) who were not co-authors of one of the nominated papers. These board
members selected the recipient of the Best Paper and Best Student Paper awards.

Best Paper Nominees : The nominated papers were:

1. Mike Wu, Richard Davis, Benjamin Domingue, Chris Piech and Noah Goodman. \Variational
Item Response Theory: Fast, Accurate, and Expressive."

2. Nigel Bosch, Wes Crues, Najmuddin Shaik and Luc Paquette. \`Hello, [REDACTED]': Pro-
tecting Student Privacy in Analyses of Online Discussion Forums."

3. Adam Sales and John Pane. \The e�ect of teachers reassigning students to new Cognitive
Tutor sections."

4. Nathan Henderson, Vikram Kumara, Wookhee Min, Bradford Mott, Ziwei Wu, Danielle Boulden,
Trudi Lord, Frieda Reichsman, Chad Dorsey, Eric Wiebe and James Lester. \Enhancing Stu-
dent Competency Models for Game-Based Learning with a Hybrid Stealth Assessment Frame-
work."

Note that papers #1 and #4 above were also nominated for theBest Student Paper Award .
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Renzhe Yu, Vie Jill-Jênn, Andrew Lan, Collin Lynch, Beverly Park Woolf, Mykola
Pechenizkiy and Steven Ritter

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



Online Collaborative Student Group Learning

Keynote

Kobi Gal
Ben-Gurion University of the Negev, and University of Edinburgh

Abstract
Collaborative student learning has been shown to lead to signi�cant academic bene�ts among students, and to improved social
skills that are critical for the workforce, such as communication and teamwork. However, these bene�ts were limited to small
face-to-face groups and required the support of human experts who actively monitored and guided the group’s learning.

Technological advances now enable globally dispersed teams to collaborate online, from Q&A forums to virtual laboratories.
Augmenting these settings with AI technology can scale up the bene�ts of collaborative group learning to online groups.

I will describe challenges to EDM research for supporting this new type of online teamwork, as well as opportunities for
combining AI and learning analytics towards supporting students’ learning and teachers’ understanding of how students
learn.

Biography
Kobi Gal is an Associate Professor at the Department of Software and Information Systems Engineering at Ben-Gurion
University of the Negev, and Reader at the School of Informatics at the University of Edinburgh. Gal’s work combines
arti�cial intelligence algorithms with educational technology towards supporting students in their learning and teachers in
their understanding how students learn. He has published widely in highly refereed venues on topics ranging from arti�cial
intelligence to the learning and cognitive sciences.

Gal is the recipient of the Wolf foundation’s 2013 Krill prize for young Israeli scientists, a Marie Curie International fellow-
ship, and a three-time recipient of Harvard University’s outstanding teacher award. He has received best paper awards at
ACM Conference on User Modeling Adaptation and Personalization 2019 (UMAP-19), ACM conference on Economics and
Computation 2016 (EC-16), Educational Data Mining 2014 (EDM-14). Gal is the acting president of the Israeli Association
for Arti�cial Intelligence.
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Contextualising Data Mining within Educational
Experiences

Keynote

Abelardo Pardo
University of South Australia

Abstract
The use of technology to mediate learning experiences provides an unprecedented amount of information that can be used
to increase our understanding and improve the overall quality of those experiences. However, learning in general is strongly
mediated by a very rich set of contextual factors. The two crucial steps to translate data into knowledge, sensemaking and
deriving actions, are especially sensitive to these factors, and as such, need to be carefully considered to maximise positive
outcomes. Areas such as personalisation are highly sensitive to the context in which each learner is engaged in an experience.
Data-intensive techniques need to factor in these elements and assure learners are not adversely a�ected by situations ignored
or inadequately handled by algorithms. This talk aims to explore how data mining applications can be properly situated to
have a positive impact in speci�c aspects such as learning outcomes or connecting insights derived from data analysis with
actions.

Biography
Abelardo Pardo is Professor and Dean of Programs (Engineering), at UniSA STEM, University of South Australia. His
research interests include the design and deployment of technology to increase the understanding and improve digital learning
experiences. More speci�cally, his work examines the areas of learning analytics, personalized active learning, and technology
for student support.

He is the author of over 150 research papers in scholarly journals and international conferences in the area of educational
technology and engineering education. He is currently member of the executive board and president of the Society for Learning
Analytics Research (SoLAR).
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An AI-enabled Ecosystem for Learning & Assessment

Keynote

Alina von Davier
ACTNext

Abstract
AI-based tools, integrative technology and standards for various purposes in education have undergone signi�cant development
in the past few years. The vision is to build towards processes and/or parts thereof that are automatic and seamlessly
integrated. In this presentation I will illustrate the architecture of a 
uid infrastructure to e�ectively support learning and
assessment systems. Each component is designed within a computational framework (AI blended with psychometrics) and
each connection relies on construct taxonomy, database alignment, data exchange standards, and APIs.

I will describe a key AI-based content generator, Sphinx, developed at ACTNext. I’ll use the ACTNext Educational Companion
App as an example of how the pieces come together. Last but not least, I’ll show how voice-based interface can be integrated
within the versatile systems. The work has been conducted with an interdisciplinary team at ACTNEXT.

Biography
Alina von Davier, PhD., is the Chief O�cer at ACTNext, a multidisciplinary innovation unit that is part of ACT and was
founded in 2016. Her team is comprised of experts in �elds ranging from psychometrics and learning sciences to software
development, and arti�cial intelligence (AI) & machine learning (ML). Von Davier and her team operate at the forefront
of Computational Psychometrics, an emerging interdisciplinary �eld concerned with the application of theoretical and data-
driven computational methods and statistical modeling of multimodal, large scale/high dimensional learning and assessment
data. Prior to leading ACTNext, von Davier was a senior research director at Educational Testing Service (ETS) where she
led the Computational Psychometrics Research Center. Previously, she led the Center for Psychometrics for International
Tests, where she was responsible for both the psychometrics in support of international tests, TOEFL R
 and TOEIC R
 , and
the scores reported to millions of test takers annually.

Von Davier is currently an adjunct professor at Fordham University and the president of the International Association of
Computerized Adaptive Testing (IACAT). She currently serves on the board of directors for the Association of Test Publishers
(ATP), and she is also a member of the board of directors for Smart Sparrow and of the advisory board for Duolingo.
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When is Deep Learning the Best Approach to Knowledge
Tracing?

Theophile Gervet, Ken Koedinger, Jeff Schneider and Tom Mitchell
Carnegie Mellon University

Abstract
Intelligent tutoring systems (ITSs) teach skills using learning-by-doing principles and provide learners with individualized
feedback and materials adapted to their level of understanding. Given a learner’s history of past interactions with an ITS,
a learner performance model estimates the current state of a learner’s knowledge and predicts her future performance. The
advent of increasingly large scale datasets has turned deep learning models for learner performance prediction into competitive
alternatives to classical Markov process and logistic regression models. In an extensive empirical comparison on nine real-
world datasets, we ask which approach makes the most accurate predictions, in what conditions. Logistic regression { with
the right set of features { leads on datasets of moderate size or containing or containing a very large number of interactions
per student, whereas Deep Knowledge Tracing leads on datasets of large size or where precise temporal information matters
most. Markov process methods, like Bayesian Knowledge Tracing, lag behind other approaches. We follow this analysis with
ablation studies to determine what components of leading algorithms explain their performance and a discussion of model
calibration (reliability), which is crucial for downstream applications of learner performance prediction models.

Citation
Theophile Gervet, Ken Koedinger, Je� Schneider and Tom Mitchell (2020). When is Deep Learning the Best Approach to
Knowledge Tracing?. JEDM, Journal of Educational Data Mining, 12(3), (to be published).
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Abstract
The growing use of machine learning for the data-driven study of social issues and the implementation of data-driven decision
processes has required researchers to re-examine the often implicit assumption that data-driven models are neutral and free of
biases. The careful examination of machine-learned models has identi�ed examples of how existing biases can inadvertently be
perpetuated in �eld such as criminal justice { where failing to account for racial prejudices in the prediction of recidivism can
perpetuate or exasperate them { and natural language processing { where algorithms trained on human languages corpora have
been shown to reproduce strong biases in gendered descriptions. These examples highlight the importance of thinking about
how biases might impact the study of educational data and how data-driven models used in educational context may perpetuate
inequalities. To understand this question, we ask whether and how demographic information, including age, educational-level,
gender, race/ethnicity, socio-economic status (SES) and geographical location, is used in Educational Data Mining (EDM)
research. Speci�cally, we conduct a systematic survey of the last �ve years of EDM publications that investigates whether
and how demographic information about the students is reported in EDM research and how this information is used to 1)
investigate issues related to demographics, 2) use the information as input features for data-driven analyses or 3) to test and
validate models. This survey shows that, although a majority of publication reported at least one category of demographic
information, the frequency of reporting for di�erent categories of demographic information is very uneven (ranging from 5%
to 59%) and only 15% of publications used demographic information in their analyses.
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ABSTRACT
Educational software data promises unique insights into stu-
dents’ study behaviors and drivers of success. While much
work has been dedicated to performance prediction in mas-
sive open online courses, it is unclear if the same methods
can be applied to blended courses and a deeper understand-
ing of student strategies is often missing. We use pattern
mining and models borrowed from Natural Language Pro-
cessing (NLP) to understand student interactions and ex-
tract frequent strategies from a blended college course. Fine-
grained clickstream data is collected through Diderot, a non-
commercial educational support system that spans a wide
range of functionalities. We �nd that interaction patterns
di�er considerably based on the assessment type students
are preparing for, and many of the extracted features can be
used for reliable performance prediction. Our results suggest
that the proposed hybrid NLP methods can provide valuable
insights even in the low-data setting of blended courses given
enough data granularity.

Keywords
Student Strategies, Blended Courses, hybrid NLP methods

1. INTRODUCTION
Data collected through educational software systems can
provide promising starting points to address hard questions
rooted in the learning sciences. Modern education relies in-
creasingly on these systems to assist teaching and grading,
manage learning content, provide discussion boards, facili-
tate group work, or replace the traditional class room setting
altogether. While blended courses revolve around the tradi-
tional class room setting accompanied by task-speci�c soft-
ware support, Massive Open Online Courses (MOOCs) are
usually entirely virtual and often involve video lectures and
hundreds to thousands of students in a single course. Al-
most by design, these systems come with unprecedented op-
portunities for large scale data collection on students’ study
habits, content exposure and learning trajectories.

Much of the previous research e�ort has been directed to-
wards performance prediction with the overall rationale that
reliable estimation of students’ grades and dropout proba-
bility at early course stages can be used to devise Early
Warning Systems (EWSs) [e.g. 31, 19, 30, 7]. Despite con-
siderable success in this area, many performance prediction
models su�er from a list of shortcomings. Prior work on per-
formance prediction from student online activity data has
predominantly focused on MOOCs [e.g. 8, 28, 25], and it
is unclear if the same methods can be applied to blended
courses [3]. In most blended courses, some of the learning
activity takes place o�ine and cannot be tracked which leads
to relatively shallow data on only fragments of courses. In
addition, many of the features that can be derived are sim-
ple and coarse summary statistics of students’ online activity
data, e.g. counts of clicks or logins, that only have a limited
capacity to re
ect the often complex strategies students take
when interacting with course material.

A detailed understanding of how students interact with ed-
ucational systems and the strategies they take is crucial for
reliable performance prediction. We thus seek to under-
stand how students approach learning in blended courses
based on the second half of a sophomore level college course
in computer science. Our data is drawn from Diderot, a
non-commercial educational software system developed at
Carnegie Mellon University which spans functions for virtu-
ally all course components outside of face-to-face class and
recitation times, and thereby allows us to overcome many of
the challenges that are generally faced when mining blended
courses. Despite evident similarities, there are several im-
portant characteristics which di�erentiate our blended learn-
ing setting from the study of MOOCs. Most importantly,
our data spans relatively few students and student actions
which constitutes a challenge for many of the previously pro-
posed methods. In addition, we have access to data that is
unique to in-person classes such as individual attendance,
and the nature of our activity data facilitates contextual-
ization of student behavior which promises to increase the
interpretability of downstream prediction models.

In this paper, we place a dual focus on methodology and ed-
ucational insights. On the one hand, we propose new model-
ing pipelines based on ideas from natural language process-
ing that work well in the low-data setting of blended courses.
On the other hand, we apply both new and existing meth-
ods to Diderot data and gain valuable insights into student
behavior while addressing the following research questions:
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RQ1 How do students interact with course material, and
what are frequent strategies they take?

RQ2 How do students use these strategies for homework
solving as compared to exam preparation?

RQ3 Are student strategies indicative of grade outcomes?

The remainder of this paper is outlined as follows. We dis-
cuss related work in Section 2, and proceed to give some con-
text for the data in Section 3. Section 4 describes our meth-
ods including the preprocessing of clickstream data, and we
discuss our results in Section 5. Finally, conclusions are
drawn in Section 6.

2. RELATED WORK
2.1 Analysis Of Online Student Behavior
Raw data from educational software systems often comes
in the form of time-stamped student actions with an ar-
ray of suitable identi�ers. Evidence for correlations between
activity log-based features and performance outcomes are
plentiful. Many of the commonly discussed features revolve
around simple summary statistics such as counts of cer-
tain types of actions, and have been shown to be indica-
tive of students’ success particularly in MOOCs. Recent
lines of research �nd links between general course comple-
tion in MOOCs and the number of watched videos [39, 9],
the number of question answer attempts [9], and the time
spent on assignments [4]. Similar results have been observed
for blended courses but are much scarcer [40, 16]. In [16], the
authors analyze sequences of transitions between di�erent
online platforms in two undergraduate level college courses.
Their study �nds that, although students are generally more
likely to stay on the same platform in a study session, high
achieving students transition more often and are more likely
to use the discussion board. In many cases, the limited
amount of data in blended courses is problematic and can
lead to complications such as zero-in
ated count variables.

A major shortcoming of count-based methods is their failure
to leverage the sequential structure of students’ interactions
with educational software systems. Both the order and the
time di�erence between actions promise to carry valuable in-
formation that can be taken into consideration when relying
on sequence based methods instead. In this work, we pro-
pose a pipeline for analyzing student online behavior based
on session study sequences. While the order of actions is
taken into account explicitly, time di�erences help us to de-
rive reliable study sessions.

2.2 Study Sessions
Sequence-based approaches to processing online student ac-
tivity data group student actions into smaller sessions. In
the case of click actions, these sequences are generally re-
ferred to as clickstreams. The goal when breaking a 
ow of
actions into session clickstreams is to maintain some notion
of interpretability, i.e. to devise meaningful study sessions.
While this appears to be easy in some cases, it is generally
non-trivial to �nd automated cut-o�s rules that �nd sensible
representations of study sessions for a large and diverse set
of clickstreams at once.

Previous research suggests several di�erent strategies to split
clickstreams. The authors of [8] choose �xed duration time
frames to group student actions from a several months long
MOOC. The researchers decide for durations between one
day and one month and show some success in the down-
stream prediction of student achievements with their choices.
Similar �xed durations are used in [2]. Another popular
splitting strategy is based on time-out thresholds where a
new sub-session is started when no action was performed in
a prede�ned time window [32, 5, 36, 12, 13]. The authors
of other studies go one step further and combine the ap-
proaches by �rst, splitting at a �xed duration cut-o� and
second, at data-driven timeout thresholds of 15 minutes
for ‘study sessions’ and 40 minutes for ‘browser sessions’
[16]. Similar data-driven approaches are pursued in [45, 40].
Other common heuristics include splitting at navigational
criteria such as reloading of the course page [26].

On a high level, the problem of devising meaningful sub-
sessions is closely related to the problem of time-at-task es-
timation in web-usage mining. Ideally, study sessions re
ect
time periods in which students interact with the material
without any major breaks or distractions. There is a rich
body of literature on time at task estimation that suggests
that there is no one-�ts-all solution to �nding suitable time
windows to split activity streams at [e.g. 26, 6, 11]. Previ-
ous research suggests that the exact splitting heuristic can
have a signi�cant e�ect on overall model �t, model signi�-
cance, and even interpretation of �ndings in the downstream
modeling tasks [26]. In [26], the authors explore the e�ect
of 15 di�erent time-at-task estimation procedures on �ve
di�erent models of student performance. Overall, the au-
thors conclude that there is no universally best method and
recommend a mixture of existing methods including data-
driven components. Following this suggestion, we employ a
multi-step splitting procedure including navigational crite-
ria, data-driven time-out thresholds, and separation of as-
sessment weeks inspired by the procedure in [16].

2.3 Sequence Analysis
Di�erent methods have been proposed to process sequence-
type student action data dependent on the amount of data,
the length of sequences, and the goal at hand. Several lines
of research rely on Markov chains and hidden Markov mod-
els which lend themselves well to visualization of sequences,
but can make quanti�cation of group di�erences in outcomes
challenging [15, 14, 20]. Another commonly used class of
methods is clustering of activity sequences [13, 23, 17]. Us-
ing data from three large MOOCs, the authors of [23] draw
on simple k-means clustering of sequences of interactions
with video lectures and assessments and observe four high-
level student trajectories: completing assessments, auditing
the course, disengaging after a while, and sampling content.
In order to cluster the sequences, the authors rely on a nu-
merical translation of student actions. The authors of [13]
cluster and visualize students’ interactions with a college
math environment, and instead rely on Levenshtein distance
to measure the distance between sequences. Some works
combine Markov models and clustering to account for the
randomness introduced by the Markov models and report
more robust results [41, 27, 24].

Although the described methods allow for a relatively easy
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grouping of sequences, interpretation of clusters can be non-
obvious. One way to address this problem is to deliber-
ately focus on �nding relevant sub-parts of action sequences.
Methods based on this goal can be summarized under the
term pattern mining, and are both wide-spread and diverse.
A relatively recent approach is given by di�erential pattern
mining which focuses on automatically extracting patterns
that are both above a certain threshold in frequency, and suf-
�ciently di�erent among groups of interest (e.g. high and low
achieving students) [22, 21]. Other lines of research rely on
more traditional data mining techniques [18, 35], or extrac-
tion of n-grams, i.e. sub-sequences ofn consecutive actions
[8, 33, 44, 37]. The authors of [33] use a multi-step proce-
dure to extract frequent n-grams that are subsequently used
to identify di�erent strategies in a collaborative interactive
tabletop game. Part of our analysis is based on a similar
approach to extract frequent behavioral patterns, and com-
bines ideas ofn-gram extraction and clustering to get more
robust results.

A di�erent class of promising methods is rooted in Natu-
ral Language Processing (NLP). Hybrid language models
lend themselves well to the sequential structure of education
data, and their use for student activity sequences has lead to
some success in retrieving patterns and creating new visual-
izations. The underlying idea is that, given su�ciently �ne-
grained data, students’ sequential actions resemble words
building sentences and can be attributed some ‘semantic
meaning’. The NLP toolbox has not yet been explored fully,
but some attempts to using language models for educational
data are noteworthy and relevant for the context of our work.
The authors of [44] use topical n-gram models to automat-
ically extract ‘topics’ in the form of frequent patterns from
clickstreams. In [37], the authors train a skip-gram neural
network to receive a structure preserving vector embedding
of the types of clicks student can make. After standard di-
mensionality reduction, the researchers are able to provide
a new kind of visualization of students’ trajectories through
the course. Since modern NLP models generally require
large amounts of granular training data, work relying on
these models has exclusively focused on MOOCs so far. In
this study, we draw on Latent Dirichlet Allocation (LDA) in
order to automatically extract frequent patterns and com-
pare derived student strategies against the results of a more
traditional n-gram pipeline. In some sense, LDA is similar
to the ideas proposed by [44] but requires less training data
which renders it particularly useful for blended courses. In
addition, we use an adapted form of the skip-gram model
proposed by [37] in order to explore the context of student
actions in our data. To the best of our knowledge, this is
one of the �rst works to employ NLP methods for analysis
of blended courses.

3. DATA
3.1 Data Context: Diderot
The data this study builds on was collected through the ed-
ucational software system Diderot. Diderot is a cloud-based
course support system commonly used to assist undergrad-
uate and graduate level college courses. The system spans
a wide range of functionalities including sharing of lecture
notes, a discussion board (called post o�ce), in-class at-
tendance polls, homework submission, and automatic code
grading. This bandwidth usually renders the use of addi-

Figure 1: Histogram of the number of clicks per student. We
observe 138,960 clicks spread between 164 students (top).
Number of clicks over observation period with assessment
deadlines highlighted (middle). Kernel density estimates for
log-distribution of waiting times between clicks dependent on
type of last click after splitting at assessment weeks andLoad
course actions. Final cut-o�s at 5 and 60 minutes are indi-
cated by vertical lines (bottom).

tional outside technological course support unnecessary. In
turn, the student usage data collected from Diderot can give
an almost comprehensive view on students’ course partici-
pation outside of face-to-face class times.

When it comes to sharing of lecture notes, Diderot takes
a more granular and interactive approach as compared to
traditional learning management systems. Content is split
into small sub-entities (called atoms) which are displayed in
a linear fashion following the outline of a chapter. Atoms are
highly interactive and come with a variety of clickable icons
that allow students to take notes, bookmark, follow, or like
atoms, and, in particular, to ask questions concerning their
content. Discussions about course material that are sparked
in this way are visually attached to the respective atom,
allowing other students to submit comments. This setup
results in much richer data on interactions with lecture notes
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than we can expect from PDF formatted lecture material.

Most student usage data from Diderot is presented by in-
dividual, time-stamped click actions that come with vari-
ous identi�ers coding the exact type, user, and location of
the interaction. In turn, the activity data can be broadly
separated into navigation (e.g. Load course, Click link ,
Search), discussion (e.g. Go to post office , Create post ),
and behaviors (e.g. Like atom , Follow post ).

3.2 Data Description And Exploration
Our data is drawn from the second half of a large sophomore-
level computer science course taught at Carnegie Mellon
University in spring 2019. Since data is not available for the
�rst part of the course due to initial technical di�culties,
we exclude all students who dropped the course throughout
the semester. One additional student was excluded based
on in
ated click patterns which suggested an attempt at
automatically scraping content. Along with the click data,
we rely on performance information measured by homework
and exam grades, as well as student-level lecture and recita-
tion attendance logs. All data is collected through Diderot
and matched based on anonymous student identi�ers. A
summary of the click data over the seven week observation
period is displayed in Figure 1.

Types of clicks. At �nest granularity, Diderot allows for sev-
eral tens of thousands distinct click actions within a single
course since every individual click is associated to a fully
speci�ed object and activity. However for the sake of analy-
sis, we group clicks into di�erent types where the appropri-
ate level of granularity is non-obvious. We aggregate clicks
based on the type of object they refer to as well as the ac-
tivity performed. In order to maintain interpretability, this
aggregation is performed separately in each sub-part of the
course given by lecture notes, homework material, recitation
notes, a library documentation (which is comprised of cod-
ing references), and practice exams. This leaves us with 37
di�erent click types, the most common of which are summa-
rized in Table 1.

Grades and types of assessment weeks.Performance out-
comes are measured by percentage grades in �ve homeworks
and two exams (a midterm and �nal exam) that fall into
the observation period. This naturally divides the data
into seven assessment weeks with a deadline for a homework
problem set or exam at the end of each period. Deadlines are
approximately evenly spaced with only one extended home-
work period of 11 days after the midterm exam (which also
spans over a four day spring holiday), followed by a shorter
homework period of only 5 days. We take interest in relating
students’ study behavior to two distinct outcome variables:
(1) The type of the assessment week, i.e. homework dead-
line or exam, and (2) the percentage grade students received
in the respective assessment. As depicted in Figure 1, there
are visible spikes of increased activity before the assessment
week deadlines especially before the two exams. In addition,
we note that the distribution of grades appears notably dif-
ferent between homeworks and exams which is con�rmed by
a two-sample Kolmogorov-Smirnov test ( p < 0:001). While
the distribution of exam grades is approximately bell-shaped
with heavy tails and a slight left-skew, i.e. more particularly
high scores than particularly low scores, the homework grade

Table 1: Summary of the most frequent click types.

Click type Count Share
View chapter in lecture notes 24,420 17.57 %
View general post 21,555 15.51 %
Load course 19,677 14.16 %
View post o�ce 16,231 11.68 %
View atom post 15,468 11.13 %
View homework atom 7,888 5.68 %

distribution is left-skewed with additional modes at 0 and
100. This di�erence in distributions is unsurprising as ex-
ams are generally graded on a curve and cannot be skipped
by students, while homeworks allow for more variability.

Class attendance. Attendance in lecture and recitation ses-
sions was taken with Diderot polls. If a student participated
in the poll, which was generally only open for a few minutes,
it was assumed that they attended the session. We treat
attendance in lectures and recitations separately and aggre-
gate the binary information on an assessment week basis by
taking the mean. In turn, student’s attendance scores lie
between 0 and 1 with the exception of the �nal exam week
which is not associated to any contact class time.

4. METHODS
4.1 Session Clickstreams
In raw form, each student is associated with a single click-
stream which consists of ordered click actions over the whole
observed time period. We employ a multi-step procedure to
split this data into more meaningful study sessions. First,
we divide the clickstreams based on assessment weeks. Sec-
ond, we split the resulting sub-clickstreams each time a
Load course action is recorded, and last, we choose a data-
driven timeout threshold to further break up the resulting
sequences.

In order to �nd a suitable timeout threshold, we employ a
technique similar to [16] and examine the distribution of
time di�erences in the sub-sequences. We �nd that the
distribution of waiting times supports a wide range but is
rapidly decaying. While 75 % of clicks are made within 2.81
minutes or less, a small subset of clicks has time di�erences
of up to 7 days. Figure 1 shows kernel density estimates of
log-transformed minutes until the next click within the sub-
clickstreams obtained after the second step of our procedure.
Di�erent estimates are obtained for distinct categories of ac-
tions. While the logarithmic distribution of post-related and
miscellaneous clicks is unimodal with the majority of follow-
up clicks made within one minute, the distribution for clicks
related to homework and lecture notes has an additional
mode at about 5-10 minutes. This disparity is unsurpris-
ing given that most actions can be expected to be short,
while reading through lecture notes or homeworks can be
a more lengthy process. In order to preserve both types of
sessions, we separate clickstreams at a 60 minutes threshold
if the last action was loading of lecture notes or homework
related content, and at 5 minutes otherwise. As a result, we
obtain a total of total of 35,703 session clickstreams where
each clickstream has between one and 115 clicks with mean
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Figure 2: Skip-gram neural network. The hidden layer lin-
early transforms one-hot encoded inputs while the softmax
output layer approximates the probability that each given
click type appears in the same context as the input click. Af-
ter training, the weights of the hidden layer provide a struc-
ture preserving embedding of click types.

of 3.98 clicks and standard deviation of 6.23; 75% of session
clickstreams have at most 4 clicks.

4.2 Context Of Click Types
We explore the contexts in which di�erent types of clicks are
made in order to gain some understanding of how students
generally use the course support system. This is crucial
since Diderot is a fully integrated interactive platform that
allows the same type of click in contexts that can have di�er-
ent interpretations. Inspired by [37], we tackle this problem
by devising a structure-preserving embedding of the click
types into a real-valued vector space, i.e. each click type is
mapped onto a vector such that click types that appear in
the same contexts or are interchangeable are close to each
other. This type of embedding can be obtained from a skip-
gram model which is a common supervised two layer neural
network model often used for language type data (see Fig-
ure 2).

Training data for the model is build by extracting pairs of
neighboring click types from the session clickstreams. More
concretely, each input click is paired with each click appear-
ing within some index in the same clickstream. Both the
window size and the number of hidden units are important
hyperparameters. Since most of our clicks are short and we
seek an embedding of only 37 clicktypes, we explore small
values for both parameters, i.e. window sizes in f 1; 2g and
embedding sizes in f 3; 4g. After this small grid search, we
only retain the model with the lowest average training loss
in the last 2000 training steps. In order to speed up train-
ing, we rely on mean noise-contrastive estimation (NCE)
loss where 8 negative classes are sampled for every batch
instead of computing the entire softmax output. All models
are trained over a maximum of 300,000 training steps with
SGD with learning rate 1 and a batch size of 512. Training
is terminated early when the average loss over 2000 training
steps does not change considerably for 5 consecutive non-
overlapping 2000-step periods. Because training the model
is only the surrogate task in order to obtain the embedding,
we train on all available data which comprises 206,514 or
363,260 pairs dependent on the window size.

4.3 Frequent Pattern Extraction
4.3.1 Clusteredn-grams

We refer to �nite sub-sequences of clickstreams as frequent
patterns if they appear various times across di�erent stu-
dents, study sessions, and assessment weeks. Our goal is
to automatically extract frequent patterns which represent
some kind of strategy or high level task students are ful-
�lling. As an example, the sequence [Login - View post
office - View general post] could be interpreted as an
attempt to catch up on the course news.

Pattern mining in educational data mining can lead to rel-
atively unstable results. In order to increase robustness, we
examine and compare the results of two distinct procedures
for frequent pattern extraction. The �rst method resembles
the procedure proposed by [33], and consists of a multi-step
procedure which �rst extracts a large set of candidate pat-
terns, and then narrows the selection down by similarity
grouping. Formally, we proceed according to the following
steps:

(1) All n-grams. We extract n-grams, i.e. consecutive sub-
sequences ofn clicks, from the session clickstreams.
Since we expect very short patterns to be uninter-
pretable, and particularly long patterns are rare in our
dataset, we choosen = 3 ; 4; 5.

(2) Candidate patterns. Only the most frequent patterns
are kept as candidates for further analysis. Follow-
ing some experimentation, we choose to keep the most
frequent 1 % of patterns of each length.

(3) Hierachical clustering. The set of candidate patterns
can be expected to be repetitive in the sense that pat-
terns might be similar but vary in length or di�er in
a single click action but yield the same interpretation.
To address this issue, we automatically group candi-
date patterns by agglomerative clustering with average
linkage. The number of clusters, and thus of �nal fre-
quent pattern categories, is chosen by visual inspection
of the model’s dendrogram.

The �nal step of this procedure requires us to specify a no-
tion of similarity between patterns. In some sense, it is
natural to draw on a string distance measure as sequences
of clicks resemble many of the characteristics we would ex-
pect from natural language. While the authors of [33] draw
on the traditional Levenshtein distance, we choose the Jaro-
Winkler distance between two patterns p1 ; p2 measured by
1 � jw (p1 ; p2), where jw (�; �) denotes the Jaro-Winkler simi-
larity. Jaro-Winkler distance is an adaptation of more tradi-
tional edit distances which takes the sequence length as well
as common starting sub-sequences into account. This allows
more sensible measuring of similarities between repetitive
patterns of di�erent lengths such as the 3-gram [View gen-
eral post - View general post - View general post] and
the 5-gram [View general post - View general post - View
general post - View general post - View general post] .
Intuitively, the two patterns should have a low distance and
in fact, their Jaro-Winkler distance is approximately 0.093
while their normalized Levenshtein distance is 0.4. For our
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purpose, we treat each click as a character that can be ex-
changed or transposed for a penalty on the distance. Then,
the Jaro similarity is de�ned as

j (p1 ; p2) :=

(
0 if m = 0 ;
1
3

�
m

j p1 j + m
j p2 j + m � t

m

�
else,

where m is the number of matching clicks within an index
window of b(max fj p1 j; jp2 jg=2)c� 1, and t is half the number
of required transpositions for matching clicks. Further, the
Jaro-Winkler similarity is de�ned as

jw (p1 ; p2) := j (p1 ; p2) +
l

10
(1 � j (p1 ; p2)) ;

where l is the length of a common starting sequence between
p1 and p2 (at most 4). The additional scaling ensures that
distances are normalized to lie in [0; 1].

4.3.2 Topic Model
The clustered n-grams procedure of extracting frequent pat-
terns is easy to implement and model-free. However, it re-
quires us to choose several hyperparameters such as the size
of n-grams, the share of candidate patterns, or the num-
ber of clusters. It is also likely that the exact choice of the
edit distance in the clustering step has a non-negligible ef-
fect on the observed results. In order to test our results
for robustness, we employ a second method for pattern ex-
traction and compare the resulting student strategies. This
method draws on the idea that session clickstreams resem-
ble sentences, individual clicks resemble words, and there is
some notion of semantic to a sequence of clicks. Based on
these similarities, we use Latent Dirichlet Allocation (LDA),
a common NLP model that allows automatic extraction of
topics from written documents.

LDA is a Bayesian model which, in our case, is build on
the assumption that each session clickstream is a mixture of
patterns and each pattern is a mixture of clicktypes. We use
the words pattern and topic interchangeably here. While the
clickstreams (and hence clicktypes) are given to the model,
the topics are latent and can be inferred from the �tted
model. The prior on the session clickstream generation as-
sumes that M clickstreams of lengths N1 ; : : : ; N M are drawn
according to the following steps. (1) Draw a topic distribu-
tion � i � Dir k (� ) for each i = 1 ; : : : ; M , where k is the
number of topics. (2) Draw a click type distribution for
topics � i � Dir V (� ) for each i = 1 ; : : : ; V , where V is the
number of di�erent click types. (3) For each click position
i; j with i 2 f 1; : : : ; M g and j 2 f 1; : : : ; N i g, �rst, choose a
topic according to zij � Multinomial (� i ), and second, draw
a click type from wij � Multinomial (� z ij ). LDA comes
with three hyperparameters: the prior Dirichlet parameters
� and � which express some prior belief on how the mixtures
of topics and click types are composed, and the number of
latent topics k. While we set the prior Dirichlet parameters
to suggested default values, i.e. normalized asymmetric pri-
ors, the number of latent topics requires some more thought.
Recent research suggests the use of topic coherence measures
for comparison of models with di�erent choices of k [34, 43].
On a high level, topic coherence attempts to measure se-
mantic similarity between high scoring words (or here click
types) in each topic which gives some indication of how in-
terpretable the topics in question are. We experiment with

several numbers of topics ranging around the number of fre-
quent patterns extracted by the clustered n-gram technique.
Since no signi�cant di�erences in coherence can be observed,
we resort to using the same number of topics as for the clus-
tered n-gram method for the sake of comparison.

4.4 Prediction Models
Frequent patterns counts as features. In order to explore
what role the extracted strategies play in homework solving
versus exam preparation and whether they drive success,
we build two prediction models based on patterns counts
from the clustered n-gram method. For this, a represen-
tative pattern of 3 clicks is chosen for each of the devised
strategy clusters, and its occurrences in each of the session
clickstreams is counted by comparing against each 3-gram
derived from the clickstream. Since we cannot expect the
chosen pattern to accurately represent the whole cluster, we
allow a Jaro-Winkler distance up to 0.2 when comparing the
sub-sequences. This procedure allows matching of click se-
quences with only one replacement (1� jw (abc; abd) � 0:18),
one transposition (1 � jw (abc; acb) � 0:10), or one replace-
ment and one trasposition (1 � jw (abc; adb) � 0:20). In
order to build student and assessment week based predic-
tion models, we aggregate pattern counts along assessment
weeks and individual students by simple addition. Similar
methods have been employed by [8, 29, 42, 10].

Predicting assessment type. A random forest classi�er is
trained to predict the assessment type, i.e. homework or
exam, from frequent pattern counts, the number of clicks,
and the number of session clickstreams a student has within
a given week. In practice, it is unlikely that we would need to
predict the assessment type as it is usually known. However
when paired with careful analysis of feature importance and
partial dependence, such model can yield valuable insights
into the most important di�erences in student behavior be-
tween homework and exam weeks. We use 80 % of the 1,148
student-week combinations for training and hold back 20 %
as test set. Hyperparameters including the maximum tree
depth, the maximum number of features to consider at splits,
the minimum number of samples per leaf, and the number
of trees are chosen by a grid search over a range of values,
where models are trained with 5-fold cross validation on the
training set. Our model draws on Gini impurity to measure
the quality of splits, and we evaluate feature importance
based on the mean decrease in impurity (MDI) associated
with splitting at a given feature when predicting Y . For a
set of �tted trees T = f T1 ; : : : ; TN g, the MDI of a feature
X m is de�ned as

MDI (X m ) =
1
N

X

T 2T

X

t 2 T :v ( s t )= X m

p(t)� i (st ; t ); (1)

where p(t) is the proportion of samples that reaches node
t , v(st ) is the variable used to split st , and � i (st ; t ) is the
decrease of impurity generated by the split.

Predicting grade outcomes. Similar to the assessment type
prediction model, we train a random forest regressor to pre-
dict students’ grade outcomes based on strategy counts, the
number of clicks, the number of session clickstreams, and at-
tendance information. The additional consideration of lec-
ture and recitation attendance requires us to remove all ob-
servations from �nals week, since no face-to-face class time
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Figure 3: Euclidean distances of click type embeddings based
on skip-gram neural network. Darker color suggests that em-
bedding are close. Proximity in the embedding space suggests
clicks generally appear in similar contexts. Rows and columns
are clustered for visualization.

has taken place in the last week of the course. Since this con-
stitutes half of all exam observations in the data and grade
distributions of homeworks and exams are signi�cantly dif-
ferent (p < 0:001), we limit our prediction model to home-
work grade prediction entirely. Of the 820 homework sam-
ples, 80 % are used for training and 20 % for testing. A grid
search of hyperparamters with 5-fold cross-validation on the
training set is performed, and feature importance is mea-
sured analogous to Equation 1 with the MSE as impurity
measure.

5. RESULTS
5.1 RQ1 How do students interact with course

material, and what are frequent strategies
they take?

5.1.1 Context Of Click Types
In order to gain some initial understanding of online student
behavior, we explore the contexts in which di�erent types of
actions are performed by deriving a skip-gram neural net-
work based embedding of actions. After exploring a small
grid of hyperparameter values, our skip-gram is trained on
data pairs with window size 1 to learn a 4-dimensional em-
bedding. Figure 3 depicts the Euclidean distances between
the embedding vectors of di�erent click types based on the
model. Proximity of embeddings suggests that click types
either appear in a similar context, i.e. within a few clicks
of each other, or are interchangeable actions, i.e. have the
same context. In other words, by exploring which actions lie
close to a given click type in the embedding space, we can
gain some insight into the set of clicks students typically

make right before and after. It is noteworthy that some
types of actions appear together by design of the Diderot
system, e.g. in order to comment on a post, the post has
to be loaded. Figure 3 re
ects many of these expected re-
lations which gives some validation to our methodological
approach.

Our results suggest several broad clusters of student actions.
The block in the upper left corner of Figure 3 appears to fo-
cus on active discussion participation including click types
such as Like post or Create comment. The next block is
somewhat close to many of the active discussion actions and
concentrates on scrolling through the discussion board repre-
sented by View post office type actions. Although more
rigorous statistical analysis is needed, the results suggest
some interesting interpretations:

(1) Students ask more questions about homeworks than
about any other course materials. This interpretation is
based on the proximity of Create post to View home-
work atom which appears to be much closer than any
other View atom type action. This suggests that stu-
dent questions, comments and clari�cations are more
common for homework material than for lectures notes,
recitation material, practice exams, or the library doc-
umentation.

(2) Students are more likely to interact with course-wide
posts than material speci�c discussions. The action
View general post is close to interactive behavior such
as Create comment, Like post or Follow post while
View atom post appears to be performed mostly in a
di�erent context. This suggests that discussion-speci�c
reactions and interactions concentrate mostly on gen-
eral posts such as course announcements or social posts
and are less common for questions and comments con-
cerning particular parts of the course materials.

Overall, context analysis for click types based on skip-gram
neural networks provides us with some valuable understand-
ing of students’ use of Diderot. The same method might be
useful to other practitioners, in particular, for initial explo-
ration of data collected through educational software sys-
tems. It appears that interpretable low-dimensional embed-
dings of a medium number of action types can be obtained
with only a few weeks worth of data from a a single col-
lege course which renders this method particularly useful
for blended courses.

5.1.2 Frequent Pattern Extraction
Patterns are extracted with two distinct methods, and sub-
sequently interpreted in terms of underlying student strate-
gies. A summary of the results and comparison between the
methods is given in Table 2. The left side of the table shows
the results of the clustered n-gram pipeline for pattern ex-
traction. The most frequent 1% n-grams for eachn = 3 ; 4; 5
are extracted from the session clickstreams. This yields a
candidate set of 223 sequential patterns which are clustered
into 9 groups based on agglomerative clustering with aver-
age linkage and Jaro-Winkler distance as distance function.
The number of clusters is informed by visual inspection of
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Table 2: Comparison of student strategies extracted by clusteredn-gram method and LDA. Patterns in the �rst block (B1)
consist of exactly the same click types, while other patterns show di�erences but allow for similar interpretations (B2). Lastly,
the LDA method �nds a mixture of practice exam related patterns and a new load course pattern (B3).

Clustered n-gram method LDA method
Student strategy Associated click types Student strategy High weight click types

B1 Look at lecture notes View lecture notes chapter (75.88 %) Look at lecture notes View lecture notes chapter (1)
Look at homeworks View homework chapter (100 %) Look at homeworks View homework chapter (0.826)
Look at recitation
material

View recitation chapter (100 %) Look at recitation
material

View recitation chapter (0.712)

B2 Catch up on news View general post (52.04 %), View
main post o�ce (24.3 %), View atom
post (16.13 %)

Catch up on news View general post (0.543), View
main post o�ce (0.410)

Active homework
engagement

View atom post (50 %), View
homework atom (31.02 %), View
general post (10.65 %)

Active homework
engagement

View atom post (0.653), View
homework atom (0.344)

In-depth review of
lecture notes

View lecture notes atom (50 %),
View atom post (28.57 %), View
lecture notes chapter (21.43 %)

In-depth review of
lecture notes

View lecture notes atom (0.483),
View atom post (0.31), Click link
lecture notes (0.195)

Look at library
documentation

View library documentation chapter
(85.29 %)

Look at library
documentation

View library documentation chapter
(0.674), Search atom (0.321)

B3 Go through a
practice exam

View practice exam atom (100 %) Practice exams View practice exams chapter (0.658),
View practice exams atom (0.341)

Look at practice
exams

View practice exams chapter (100 %) Load course Load course (0.998)

the respective dendrogram. It is noteworthy that the clus-
ters appear to have imbalanced sizes with the largest cluster
including 106 candidate patterns, and the smallest clusters
containing only 2 or 3 of the candidate patterns. Yet, in-
spection of the associated click types and their in-cluster
frequencies allows for intuitive interpretations as student
strategies. Multiple of the devised strategies revolve around
passive review of materials such as lecture notes, homeworks,
recitation material, library documentation (which includes
code snippets for reference), or practice exams. More in-
volved strategies are given by active homework engagement,
in-depth review of lecture notes, catching up on course news,
and going through practice exams. For example, the catch-
ing up on course news strategy is associated with sequential
patterns involving reading of general posts, atom posts, and
loading the main post o�ce page.

The right side of Table 2 summarizes the results of pat-
tern extraction based on Latent Dirichlet Allocation (LDA).
For the sake of comparison, we keep the number of ex-
tracted patterns �xed and derive 9 student strategies. By
assumption of the model, each pattern is a mixture of all
click types. In turn, extraction of weights is straightfor-
ward and we report the click types with highest weights
for each pattern. We �nd that multiple of the extracted
patterns match exactly the patterns retrieved with the clus-
tered n-gram method in the sense that they are based on
exactly the same click types (B1). Another set of patterns
shows small changes in included click types, but essentially
provides the same interpretation as the patterns found with
the �rst method (B2). Lastly, the LDA method �nds a prac-
tice exam strategy which broadly presents a mixture of the
two practice exam related strategies from the �rst model,
and a load course strategy which almost entirely consists
of the Load course action (B3). The load course pattern
likely arises from the session clickstreams with a single click

which present 30.30% of the session clickstreams. A total
of 56.66% of these one-click sequences areLoad course ac-
tions. Reasons for these singleLoad course clicks can be
manifold. In some cases, students might get distracted im-
mediately after loading the course, or they have to reload the
course multiple times. However, we hypothesize that in most
cases, the course overview page which is loaded when loading
the course provided all information the student was looking
for since it includes recent updates, posts and announce-
ments. Contrary to the clustered n-gram method which only
takes into consideration session clickstreams of at least three
clicks, LDA can leverage even these short clickstreams. Yet,
the additional insights gained through the load course pat-
tern are marginal since it very short and hard to interpret
as a strategy.

All in all, both methods roughly extract the same strategies
which speaks in favor of the validity of both approaches. One
could argue that the clustered n-gram method yields slightly
more tangible insights since the patterns present actually
frequently occurring sub-sequences. However for larger data
sets, the method can become computational expensive ren-
dering LDA a better choice.

5.2 RQ2 How do students use these strategies
for homework solving as compared to exam
preparation?

We extract strategy features for assessment week level pre-
diction models by matching session clickstreams against the
extracted frequent patterns. The results are summed up for
each student-week combination and thus roughly represent
how often a given student has used a strategy in a given as-
sessment week. After this aggregation, 91.03 % show at least
one occurence of one of the patterns. We generally expect
not all student click behavior to follow the extracted strate-
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Figure 4: Relative feature importance for assessment week
random forest prediction (1 = homework, 0 = exam) along
with 95 % con�dence intervals (bottom) and partial depen-
dence plots for the most important features (top). Features
include strategy counts from the clustered n-gram method,
the number of clicks and the number of session clickstreams.

gies or stringent strategies at all. Thus, it is unsurprising
that some of the student week combinations do not involve
any of the patterns.

We train a random forest classi�er to predict the assessment
type on pattern counts, the number of clicks and the number
of sessions within a given week. A total of 80 % of the data is
used for hyperparameter tuning and training, while 20 % is
withheld for testing. The model reaches a classi�cation ac-
curacy of 93.68 % on the training data which constitutes an
evident improvement over the naive majority class predic-
tion (71.90 % of the training data have the label homework).
Based on a permutation test, we �nd that the model per-
forms better than random on the training set ( p < 0:01). A
total of 100 permutations of labels were used for this eval-
uation. Accuracy on the test set is 93.91 % which suggests
su�cient generalization ability of the prediction model.

The prediction model results suggest that students use the
educational support system di�erently and employ the dif-
ferent strategies at di�erent rates when preparing for exams
as compared to doing homeworks. We examine feature im-
portance in the model in order to gain more insights into
these di�erences. Figure 4 depicts the mean decrease in im-
purity (MDI) for splits at the di�erent covariates, as well
as partial dependence of the predictions on the most impor-

tant features. We see that predictions are mainly driven by
pattern counts of the strategies look at lecture notes (MDI
= 0.395), in-depth review of lecture notes (MDI = 0.259),
look at practice exams (MDI = 0.140), and active home-
work engagement (MDI = 0.094). Partial dependence plots
show that while increased counts in the strategies related
to lecture notes and practice exam engagement increase the
probability that the model predicts an exam week, higher
counts in the active homework engagement strategy increase
the models likelihood of predicting an upcoming homework
deadline. These results suggest that students approach to
learning is driven by the kind of performance assessment
they are given. It appears that the increased activity in
exam weeks (see Figure 1) is largely based on increased en-
gagement with lecture notes and practice exams, while in-
teractions with the homework related content is generally
less pronounced.

5.3 RQ3 Are student strategies indicative of
grade outcomes?

We train a random forest regression model to predict home-
work grades on a individual week and student level. Fea-
tures include students’ strategy counts, the number of clicks,
the number of sessions, and the mean attendance in both
lectures and recitations. Training is conducted on 80 % of
available data while 20 % are withheld for testing. After
hyperparameter tuning with 5-fold cross validation, the pre-
diction model realizes a MSE of 0.046 on the training data
set. A permutation test based on 100 permutations of labels
shows a signi�cant improvement over random performance
with this model ( p < 0:01). On the test set, the model
attains a prediction MSE of 0.054 which suggests su�cient
generalization ability.

Figure 5 explores the importance of the di�erent features
for predictions and displays partial dependence relations for
the most important covariates. Since we use MSE as im-
purity measure, the mean decrease in impurity (MDI) for a
given feature e�ectively corresponds to the mean decrease
in variance we receive by splitting at the feature. We see
that, in fact, the most relevant features appear to be the
number of clickstream sessions (MDI = 0.311), the num-
ber of clicks (MDI = 0.221), lecture attendance (MDI =
0.123), and recitation attendance (MDI = 0.112). Partial
dependence plots reveal that increases in any of the above
features increase the predicted homework score percentage
by a relatively large margin of up to 20 percentage points.
Conversely, strategy counts appear to be less relevant for
grade predictions with some exceptions. Most notably, the
predicted grade rises with the number of times students ac-
tively engaged in homeworks (MDI = 0.077).

Overall, our results show some success in prediction of home-
work grade outcomes. The extracted features, including
some of the pattern counts, add valuable information to the
prediction model. In particular, students who come back
to Diderot more often and thus use an increased number of
study sessions to solve their homeworks, and students who
generally interact with the system at high rates are predicted
to have better grade outcomes. In addition to time at task,
the mere attendance in lectures and recitations increases stu-
dents’ grade outcome predictions. In fact, students in the
our data set who attended at least one lecture in a given
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Figure 5: Relative feature importance for homework grade
random forest prediction along with 95 % con�dence intervals
(bottom) and partial dependence plots for the most impor-
tant features (top). Features include strategy counts from
the clustered n-gram method, the number of clicks and ses-
sion clickstreams, and attendance information.

assessment week on average received a homework percent-
age grade of 76.58 %, while students who skipped lectures
on average scored 55.86 %. For recitation attendance this
corresponds to 74.34 % and 49.20 % respectively.

Both of the discussed prediction models provide valuable
insights for instructors and educational system design. The
tree-based ensemble methods are particularly suitable for
initial modeling and processing of features on di�erent scales.
Their main advantage over many other models is the rel-
atively straightforward explainability of predictions given
partial dependence plots and measures of feature importance
which renders them a useful approach to high stakes at-risk
prediction.

6. CONCLUSIONS
Data from educational software systems provides insights
into students’ study behaviors. While performance predic-

tion in MOOCs has been explored extensively, similar stud-
ies for blended courses are scarce and often lack a deeper
understanding of the underlying student strategies. Based
on �ne-grained contextualizable click data collected through
the non-commercial course support system Diderot, we ex-
plore how students interact with educational software sys-
tems, which strategies they employ to engage with course
materials and in which ways strategies depend on the as-
sessment type and drive performance. Our contributions are
two-fold: (1) We gain relevant understanding of students’
learning behavior that both con�rms and adds to the exist-
ing literature. (2) We propose new NLP-inspired approaches
to analyzing student strategies’ based on clickstream data in
blended learning scenarios which typically come with mod-
erately sized data sets.

On the educational side, our results provide valuable insights
into how students interact with course systems. In line with
previous research [38, 1], we observe increased activity be-
fore deadlines, and, in particular, in the days leading up
to an exam. Exam preparation appears to come with in-
creased review of lecture notes as compared to homework
solving. In general, students seem to ask more questions
related to homeworks as compared to other class materials
such as lecture notes, recitation materials or practice exams.
At the same time, interactions with already existing posts
such as liking or commenting seems to concentrate mostly
on course-wide announcements, social posts and course feed-
back discussions and appears to be less common for direct
questions on course materials. Many of the derived fea-
tures have some predictive power for performance outcomes.
In particular, the number of study sessions, the number of
clicks, attendance in lecture and recitation, and engaging
with homework related course content are strong predictors
for homework grades in our model. The described observa-
tions are entirely based on data from a seven week period
of a large sophomore level college course since technical dif-
�culties prohibited collection of data for the remainder of
the semester. In the future, more complete data (e.g. from
an entire course, or even multiple courses such as the same
course o�ering over several years) could provide an enhanced
understanding of student behavior and allow the tackling of
more complex problems such as the simultaneous prediction
of homework and exam grades which, such as in our data,
can have very di�erent distributions.

The methods proposed in this work promise to be useful to a
broad range of researchers and practitioners who �nd them-
selves analyzing activity log-data from blended courses, or
are at the initial stages of developing early warning systems.
The key insight of this work is that hybrid NLP methods
can be used to thoroughly analyze contexts of actions as
well as frequent strategies in the relatively low-data setting
of blended courses. To the best of our knowledge, similar
models have previously only been employed in the setting of
MOOCs [e.g. 44, 37]. In fact, our analysis shows that topic
models such as latent Dirichlet allocation can recover almost
the same student strategies as more traditional data mining
based pipelines of pattern extraction, and small versions of
skip-gram neural networks can provide valuable insights into
the context of student actions even with moderately sized
data sets.

15 Proceedings of The 13th International Conference on Educational Data Mining (EDM 2020)



References
[1] L. Agnihotri, A. Aghababyan, and S. Mojarad. Mining

Login Data For Actionable Student Insight. In Proceed-
ings of the 8th International Conference on Educational
Data Mining , pages 472{475, 2015.

[2] B. Amnueypornsakul, S. Bhat, and P. Chinprutthi-
wong. Predicting Attrition Along the Way: The UIUC
Model. In Proceedings of the EMNLP 2014 Work-
shop on Analysis of Large Scale Social Interaction in
MOOCs, pages 55{59, 2014.

[3] T.-S. An, C. Krauss, and A. Merceron. Can Typical
Behaviors Identi�ed in MOOCs be Discovered in Other
Courses? InProceedings of the 10th International Con-
ference on Educational Data Mining , pages 220{227,
2017.

[4] J. M. L. Andres, R. S. Baker, D. Ga�sevi�c, G. Siemens,
S. A. Crossley, and S. Joksimovi�c. Studying MOOC
completion at scale using the MOOC replication frame-
work. In Proceedings of the 8th International Confer-
ence on Learning Analytics and Knowledge, pages 71{
78, 2018.

[5] H. Ba-Omar, I. Petrounias, and F. Anwar. A framework
for using web usage mining to personalise e-learning.
In Proceedings of the 7th IEEE International Confer-
ence on Advanced Learning Technologies, pages 937{
938, 2007.

[6] R. S. J. D. Baker. Modeling and Understanding Stu-
dents’ O�-Task Behavior in Intelligent Tutoring Sys-
tems. In Proceedings of ACM SIGCHI: Computer-
Human Interaction , 2007.

[7] B. Bakhshinategh, O. R. Zaiane, S. ElAtia, and D. Ip-
perciel. Educational data mining applications and
tasks: A survey of the last 10 years. Education and
Information Technologies , 23(1):537{553, Jan. 2018.

[8] C. Brooks, C. Thompson, and S. Teasley. A time se-
ries interaction analysis method for building predictive
models of learners using log data. In Proceedings of the
Fifth International Conference on Learning Analytics
And Knowledge, pages 126{135, 2015.

[9] Y. Chen and M. Zhang. MOOC student dropout: pat-
tern and prevention. In Proceedings of the ACM Turing
50th Celebration Conference - China, pages 1{6, 2017.

[10] C. A. Coleman, D. T. Seaton, and I. Chuang. Prob-
abilistic Use Cases: Discovering Behavioral Patterns
for Predicting Certi�cation. In Proceedings of the Sec-
ond (2015) ACM Conference on Learning at Scale, page
141{148, 2015.

[11] R. Cooley, B. Mobasher, and J. Srivastava. Data Prepa-
ration for Mining World Wide Web Browsing Patterns.
Knowledge and Information Systems, 1(1):5{32, Feb.
1999.

[12] R. del Valle and T. M. Du�y. Online learning: Learner
characteristics and their approaches to managing learn-
ing. Instructional Science , 37(2):129{149, 2009.

[13] M. C. Desmarais and F. Lemieux. Clustering and Visu-
alizing Study State Sequences. InProceedings of the 6th
International Conference on Educational Data Mining ,
pages 224{227, 2013.

[14] L. Faucon, L. Kidzinski, and P. Dillenbourg. Semi-
Markov model for simulating MOOC students. In Pro-
ceedings of the 9th conference on Educational Data Min-
ing, pages 358{363, 2016.

[15] C. Geigle and C. X. Zhai. Modeling MOOC student
behavior with two-layer hidden markov models. In Pro-
ceedings of the 4th ACM Conference on Learning at
Scale, pages 205{208, 2017.

[16] N. Gitinabard, S. Heckman, T. Barnes, and C. F.
Lynch. What will you do next? A sequence analysis
on the student transitions between online platforms in
blended courses.arXiv: 1905.00928, 2019.

[17] J. Guerra, S. Sahebi, P. Brusilovsky, and Y.-r. Lin. The
Problem Solving Genome: Analyzing Sequential Pat-
terns of Student Work with Parameterized Exercises.
In Proceedings of the 7th International Conference on
Educational Data Mining , pages 153{160, 2014.

[18] J. Herold, A. Zundel, and T. F. Stahovich. Min-
ing Meaningful Patterns from Students’ Handwritten
Coursework. In Proceedings of the 6th International
Conference on Educational Data Mining , pages 67{73,
2013.

[19] Y.-H. Hu, C.-L. Lo, and S.-P. Shih. Developing early
warning systems to predict students’ online learning
performance. Computers in Human Behavior , 36:469{
478, July 2014.

[20] H. Jeong and G. Biswas. Mining Student Behavior
Models in Learning-byTeaching Environments. In Pro-
ceedings of the 1st International Conference on Educa-
tional Data Mining , pages 127{136, 2008.

[21] J. S. Kinnebrew and G. Biswas. Identifying Learn-
ing Behaviors by Contextualizing Di�erential Sequence
Mining with Action Features and Performance Evolu-
tion. In Proceedings of the 5th International Conference
on Educational Data Mining , pages 57{64, 2012.

[22] J. S. Kinnebrew, K. M. Loretz, and G. Biswas. A Con-
textualized, Di�erential Sequence Mining Method to
Derive Students’ Learning Behavior Patterns. Journal
of Educational Data Mining , 5(1):190{219, May 2013.

[23] R. F. Kizilcec, C. Piech, and E. Schneider. Deconstruct-
ing disengagement: analyzing learner subpopulations
in massive open online courses. InProceedings of the
Third International Conference on Learning Analytics
and Knowledge, pages 170{179, 2013.

[24] S. Klingler, T. K �aser, and B. Solenthaler. Temporally
Coherent Clustering of Student Data. In Proceedings of
the 9th International Conference on Educational Data
Mining , pages 102{109, 2016.

[25] M. Kloft, F. Stiehler, Z. Zheng, and N. Pinkwart. Pre-
dicting MOOC Dropout over Weeks Using Machine
Learning Methods. In Proceedings of the 2014 Confer-
ence on Empirical Methods in Natural Language Pro-
cessing, 2014.

Proceedings of The 13th International Conference on Educational Data Mining (EDM 2020) 16



[26] V. Kovanovi�c, D. Ga�sevi�c, S. Dawson, S. Joksimovi�c,
R. S. Baker, and M. Hatala. Penetrating the black
box of time-on-task estimation. In Proceedings of the
Fifth International Conference on Learning Analytics
And Knowledge, pages 184{193, 2015.

[27] M. K �ock and A. Paramythis. Activity sequence
modelling and dynamic clustering for personalized e-
learning. User Modeling and User-Adapted Interaction ,
21(1-2):51{97, Apr. 2011.

[28] X. Li, T. Wang, and H. Wang. Exploring N-gram Fea-
tures in Clickstream Data for MOOC Learning Achieve-
ment Prediction. In Database Systems for Advanced
Applications , 2017.

[29] X. Li, L. Xie, and H. Wang. Grade prediction in
MOOCs. In 2016 IEEE Intl Conference on Com-
putational Science and Engineering (CSE) and IEEE
Intl Conference on Embedded and Ubiquitous Comput-
ing (EUC) and 15th Intl Symposium on Distributed
Computing and Applications for Business Engineering
(DCABES) , pages 386{392, 2016.

[30] M. Liz-Dominguez, M. Caeiro-Rodriguez, M. Llamas-
Nistal, and F. Mikic-Fonte. Predictors and Early Warn-
ing Systems in Higher Education - A Systematic Liter-
ature Review. In LASI-SPAIN , 2019.

[31] L. P. Macfadyen and S. Dawson. Mining LMS data
to develop an \early warning system" for educators: A
proof of concept. Computers & Education , 54(2):588{
599, Feb. 2010.

[32] C. G. Marquardt, K. Becker, and D. D. A. Ruiz. A pre-
processing tool for Web usage mining in the distance
education domain. Proceedings. International Database
Engineering and Applications Symposium, pages 78{87,
2004.

[33] R. Martinez, K. Yacef, and J. Kay. Analysing fre-
quent sequential patterns of collaborative learning ac-
tivity around an interactive tabletop. In Proceedings of
the 4th International Conference on Educational Data
Mining , pages 111{120, 2011.

[34] D. Mimno, H. Wallach, E. Talley, M. Leenders, and
A. McCallum. Optimizing Semantic Coherence in Topic
Models. In Proceedings of the 2011 Conference on Em-
pirical Methods in Natural Language Processing, pages
262{272, 2011.

[35] P. Mukala, J. J. Buijs, and V. d. Aalst. Exploring stu-
dents’ learning behaviour in MOOCs using process min-
ing techniques. In BPM reports; Vol. 1510 , 2015.

[36] M. Munk and M. Drl��k. Impact of Di�erent Pre-
Processing Tasks on E�ective Identi�cation of Users’
Behavioral Patterns in Web-based Educational System.
Procedia Computer Science, 4:1640{1649, Jan. 2011.

[37] Z. A. Pardos and L. Horodyskyj. Analysis of Student
Behaviour in Habitable Worlds Using Continuous Rep-
resentation Visualization. Journal of Learning Analyt-
ics, 6(1):1{15, 2019.

[38] J. Park, K. Denaro, F. Rodriguez, P. Smyth, and
M. Warschauer. Detecting changes in student behav-
ior from clickstream data. In Proceedings of the Sev-
enth International Learning Analytics and Knowledge
Conference, pages 21{30, 2017.

[39] B. K. Pursel, L. Zhang, K. W. Jablokow, G. W.
Choi, and D. Velegol. Understanding MOOC stu-
dents: motivations and behaviours indicative of MOOC
completion. Journal of Computer Assisted Learning ,
32(3):202{217, 2016.

[40] A. Sheshadri, N. Gitinabard, C. F. Lynch, T. Barnes,
and S. Heckman. Predicting Student Performance
Based on Online Study Habits: A Study of Blended
Courses. In Proceedings of the 11th International Con-
ference on Educational Data Mining , pages 401{410,
2018.

[41] B. Shih, K. Koedinger, and R. Scheines. Unsupervised
Discovery of Student Strategies. In Proceedings of the
3rd International Conference on Educational Data Min-
ing, pages 201{210, 2010.

[42] T. Sinha, P. Jermann, and P. Dillenbourg. Your click
decides your fate: Inferring Information Processing
and Attrition Behavior from MOOC Video Clickstream
Interactions. In Proceedings of the 2014 Conference
on Empirical Methods in Natural Language Processing ,
pages 3{14, 2014.

[43] K. Stevens, P. Kegelmeyer, D. Andrzejewski, and
D. Buttler. Exploring Topic Coherence over Many
Models and Many Topics. In Proceedings of the 2012
Joint Conference on Empirical Methods in Natural Lan-
guage Processing and Computational Natural Language
Learning , pages 952{961, July 2012.

[44] M. Wen and C. P. Rose. Identifying Latent Study
Habits by Mining Learner Behavior Patterns in Mas-
sive Open Online Courses. In Proceedings of the 23rd
ACM International Conference on Conference on Infor-
mation and Knowledge Management, pages 1983{1986,
2014.

[45] A. F. Wise, J. Speer, F. Marbouti, and Y.-T. Hsiao.
Broadening the Notion of Participation in Online Dis-
cussions: Examining Patterns in Learners’ Online Lis-
tening Behaviors. Instructional Science: An Interna-
tional Journal of the Learning Sciences, 41(2):323{343,
Mar. 2013.

17 Proceedings of The 13th International Conference on Educational Data Mining (EDM 2020)



Unsupervised Approach for Modeling Content Structures
of MOOCs

Fareedah ALSaad
�

University of Illinois at Urbana-Champaign
alsaad2@illinois.edu

Abdussalam Alawini
University of Illinois at Urbana-Champaign

alawini@illinois.edu

ABSTRACT
With the increased number of MOOC o�erings, it is unclear how
these courses are related. Previous work has focused on capturing the
prerequisite relationships between courses, lectures, and concepts.
However, it is also essential to model the content structure of MOOC
courses. Constructing a precedence graph that models the similarities
and variations of learning paths followed by similar MOOCs would
help both students and instructors. Students can personalize their
learning by choosing the desired learning path and lectures across
several courses guided by the precedence graph. Similarly, by exam-
ining the precedence graph, instructors can 1) identify knowledge
gaps in their MOOC o�erings, and 2) �nd alternative course plans.
In this paper, we propose an unsupervised approach to build the
precedence graph of similar MOOCs, where nodes are clusters of
lectures with similar content, and edges depict alternative precedence
relationships. Our approach to cluster similar lectures based on PCK-
Means clustering algorithm that incorporates pairwise constraints:
Must-Link and Cannot-Link with the standard K-Means algorithm.
To build the precedence graph, we link the clusters according to the
precedence relations mined from current MOOCs. Experiments over
real-world MOOC data show that PCK-Means with our proposed
pairwise constraints outperform the K-Means algorithm in both
Adjusted Mutual Information (AMI) and Fowlkes-Mallows scores
(FMI).

Keywords
Precedence Graph, Clustering, Pairwise Constraints, Precedence
Relations, Alternative Learning Paths, Common Learning Path.

1. INTRODUCTION
According to Class Central [19], by the end of 2019, over 13 thou-
sand MOOCs have been announced or launched by more than 900
universities worldwide. With such an increase in online courses,
it becomes increasingly hard for learners to understand similari-
ties and di�erences among courses that cover similar topics. For
instance, Coursera1, one of the leading MOOC platforms, o�ers
� King AbdulAziz University, Jeddah, Saudi Arabia.
1https://www.coursera.org

several�Machine Learning� courses, such as�Machine Learning�
form Stanford University,�Machine Learning with Python�o�ered
by IBM, �Machine Learning for All� from University of London, etc.
Understanding the content structure across such similar courses can
be very challenging. Consequently, MOOCs users may waste time
choosing a course among a broad set of similar MOOC o�erings.

Previous work studied ways for capturing prerequisite relationships
between courses [23, 11],between lectures within (or among) courses
[5, 6], or between concepts discussed within (or across) courses
[2, 10, 15, 23, 11]. While modeling prerequisite relationships is
crucial for understanding the content and knowledge structure of a
speci�c domain, prerequisites do not reveal content overlap in similar
courses. Further, modeling MOOC content in terms of prerequisite
relations cannot detect the variations in the learning path between
similar MOOCs.

In this paper, we propose to model the content structure of similar
MOOC o�erings as a precedence graph. This graph can be useful
for both learners and instructors. Learners can use the graph to build
a customized learning plan as well as to explore how various courses
explain the same topic. As for instructors, the graph can be used
to identify any missing knowledge in their MOOCs o�ering, hence
help them improve their courses. Section 3.2 elaborates on other
possible applications of our proposed MOOCs precedence graph.

More precisely, we introduce an unsupervised approach to model the
content structures of MOOCs. Figure 1 demonstrates the proposed
idea. Given a set of courses that have some overlap in their content,
we �rst cluster lectures based on their content similarity into clusters;
each cluster represents a node in the precedence graph (see Figure 1
(b)). Then, the clusters are linked according to their lectures prece-
dence relations mined from current MOOCs as depicted in Figure
1 (c). Linking clusters of similar content based on the precedence
relations can reveal the various possible paths followed by similar
courses and also capture which path is considered more common in
these courses.

To cluster lectures based on their content similarity, we utilize a
constraint-based clustering algorithm called Pairwise Constrained
K-Means (PCK-Means). PCK-Means guides the clustering process
by using two constraints: Must-Link and Cannot-Link. The idea is
to guide the clustering process, by using the constraints, to focus on
clustering lectures across courses instead of within courses to capture
the similarity between courses. To measure the content similarity
between lectures, we exploit both lecture titles and transcripts as they
both encode enough information about the content of lectures. By
using cosine similarity, we measure the similarity between lectures

Fareedah Alsaad and Abdussalam Alawini "Unsupervised
Approach for Modeling Content Structures of MOOCs" In:
Proceedings of The 13th International Conference on
Educational Data Mining (EDM 2020), Anna N. Rafferty, Jacob
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Figure 1: The basic idea of modeling the content of
MOOCs to construct the precedence graph. Given similar
Courses with some overlaps in content represented as
sequences of lectures, the precedence graph is constructed
by clustering lectures based on content similarity and
link the clusters using the precedence relations between
lectures.

and construct the constraint examples to guide the clustering process.
Our experiment on real MOOC dataset shows that PCK-Means with
our proposed constraints outperforms standard K-Means algorithm
in both Adjusted Mutual Information (AMI) and Fowlkes-Mallows
scores (FMI).

Afterclustering similar lectures,we construct the precedence graph by
linking clusters based on the precedence relations and label clusters
using salient and key terms in each cluster. The generated precedence
graph reveals the popular learning path and some alternative paths
in our MOOCs dataset.

The rest of the paper is organized as follows. Section 2 presents
related work. In section 3, we demonstrate the idea of modeling
the content structure of MOOCs by an illustrative example and
also present some applications of the precedence graph before we
formally de�ne our problem in Section 4. Section 5 describes how we
represent the content of MOOCs using word count and embedding
representations. In section 6, we explain PCK-Means algorithm and
present our method of generating the lists of pairwise constraints.
In section 7, we demonstrate the process of linking and labeling
clusters to construct the precedence graph. Section 8 elaborates on
our approach for the evaluation and presents some learning path
examples extracted from the generated precedence graph. Finally,
we conclude our work in section 9.

2. RELATED WORK
There has been recently a growing body of work that addresses the
problem of modeling the content of MOOCs. Most of this work has
focused on capturing the prerequisite relationships between courses
[23, 11], between lectures or segments of lectures [5, 6], or between
concepts discussed within or across courses [2, 10, 15, 23, 11]. These
studies have developed supervised and unsupervised approaches to
model only the prerequisite relations in MOOCs. In this paper, we
go further and develop an unsupervised approach to capture the
similarities and variations of learning paths between MOOCs in the
same domain. Our work models the precedence relations (i.e., the
implicit prerequisite relationships) between concepts by clustering
similar lectures among di�erent courses. Therefore, our model can
revel popular learning paths shared by several courses along with
alternative possible paths to learn the topic covered by these similar
courses.

To model the prerequisite relationships, some studies have used exter-
nal knowledge such as Wikipedia to support identifying educational
concepts [10] or to represent concepts using Wikipedia articles or
categories [15, 23, 11]. Using Wikipedia to identify concepts has
some weaknesses: (1) some concepts are not included in Wikipedia
[15] and thus can a�ect the performance of the model, (2) the map-
ping between course concepts to Wikipedia is not always accurate,
which can a�ect the quality of the extracted concepts [10], and (3)
using Wikipedia categories a�ects concept granularity by preferring
more general concepts [2]. Instead of using Wikipedia, the work by
ALSaad et al. [2] has exploited pre-trained part-of-speech-guided
phrasal segmentation to extract phrases from course content and then
manually group synonym phrases to represent concepts. In our work,
instead of relying on external knowledge or manually improve the
concepts, we represent the precedence graph nodes by salient terms
using simple TF-IDF and bag-of-words representations. Our method
represent each cluster with key terms by accumulating lecture repre-
sentation vectors of each cluster and exploiting the top ranked words
to represent clusters. Accumulating the vector representations of
similar lectures helps in extracting representative terms that express
the content of each cluster clearly.

Another related line of work is the use of prerequisite relations
between concepts to organize learning units and predict the prece-
dence relationships between them [1, 13]. The studies [1, 13] have
proposed supervised approaches that rely on features extracted from
external knowledge such as Wikipedia [1] and DBpedia [13] to infer
the prerequisite relations between concepts. While the work [1]
assumed that concepts are given, the study [13] manually extracted
concepts by annotators. Our work is di�erent as instead of inferring
the prerequisite relations between concepts and then organizing them
according to the precedence relations, we leverage the precedence re-
lations between lectures in existing MOOCs to detect the precedence
relations between the nodes in the precedence graph. Each node in
the precedence graph is labeled automatically with key concepts that
clearly express the content of each node without the use of external
knowledge.

The work by Shah et al. [20] is the most relevant work to ours.
The study has proposed a method for linking similar courses to
construct a map of lectures connected by two types of relations:
similar and prerequisite. The goal of the map is to help students �nd
the desired learning path that �ts their interests and backgrounds.
Our work is very similar as we construct the precedence graph that
depicts the di�erent possible learning paths. However, instead of
linking lectures by similar and prerequisite relations, we cluster
lectures based on content similarity and connect clusters according
to the precedence relations. Our approach reveals the similarities and
variations of learning paths between di�erent courses by capturing
popular learning paths shared by many courses in the domain, hence
emphasizes the importance of the common, comprehensive and
alternative learning paths.

3. MODELING MOOCS CONTENT
In this section, we explain the idea of modeling the content of
MOOCs as a precedence graph by using an illustrative example. We
also discuss possible applications of the mined precedence graph.
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1. Introduction to clustering.
2. Partition-based clustering methods
3. K-Means clustering.
4. K-Medoids clustering.
5. K-Medians & K-Modes clustering.
6. Hierarchical clustering methods.
7. Agglomerative clustering.
8. Divisive clustering.

Course 4

1. Introduction to unsupervised learning.
2. K-Means algorithm.
3. Agglomerative clustering.
4. DBSCAN clustering.
5. Dimensionality reduction.
6. Principal component analysis.

Course 3

1. Introduction to clustering.
2. K-Means algorithm.
3. Agglomerative clustering.
4. DBSCAN clustering.

Course 1

1. Unsupervised learning introduction.
2. K-Means algorithm.
3. Data compression.
4. Principal component analysis.

Course 2

(a) The Sequence of Lectures in Different Courses.
Figure 2: The sequence of lectures in four di�erent courses
that explain the topic Unsupervised Learning.

3.1 An Illustrative Example
For illustration purposes, let us assume that a MOOC platform o�ers
four courses aboutUnsupervised Learningtopic in machine learning
as shown in Figure 2. Each course explains the topic using a sequence
of lectures. As can be seen in Figure 2, there are some overlaps
between these four courses as they all teach the same topic, but there
are also some variations. The variation in each course is based on
instructors’ perspectives and background about the topic, instructors’
teaching styles, and also the learning objective of each course. Some
courses are abstract as they focus on the theory behind the topic while
other courses are more concrete as they demonstrate the topic by
illustrating real-world examples. Courses also vary in the coverage of
topics as some courses are concise while other courses cover topics
in more details. For example,Course 1andCourse 2in Figure 2
are examples of concise courses that focus only on teaching the
main concepts in the topic. In contrast,Course 3andCourse 4are
examples of courses that elaborate more in the topic by providing
more detailed concepts.

Given the similarities and variations between these courses that
explain the same subject, we investigate the following questions.how
these courses are related? What are the common concepts taught
by the majority of these courses? Is there a common learning path
shared by most of these courses? what are the alternative paths to
study the topic?Modeling the content structure of these courses as
a precedence graph is a crucial step to help learners and educators
with answering these questions.

The �rst step in building the precedence graph is to cluster lectures
based on their content similarity and then construct a node in the
graph for each cluster. Figure 3 shows the cluster assignment of
each course lecture of Figure 2. As illustrated in Figure 3, all the
introductory lectures, the �rst lecture of each course, are grouped
into one cluster (clusterS1) as all these lectures introduce the topic of
Unsupervised Learning. Similarly, all the lectures about the concepts
� K-Means Algorithm�, � Agglomerative Clustering�, and �DBSCAN�
are clustered into three di�erent clusters:S6 , S3 , andS7 respectively.
Furthermore, lectures about �Data Compression� are clustered into
clusterS11 while lectures taught �Principal Component Analysis�
concept are clustered into clusterS10 .

After clustering similar lectures and �nding the nodes of the prece-
dence graph, the next step in building the graph is to link these

L4,2

: Partition MethodsS5

L2,1

L3,1

L4,1

L1,1

: IntroductionS1

L2,2

L3,2

L4,3

L1,2

: K-MeansS6

L4,5

: K-Medians & K-ModesS8

L3,3

L4,7

L1,3

: AgglomerativeS3

L3,4 L1,4

: DBSCANS7

L4,8

: DivisiveS4

L4,6

: HierachicalS2

L3,5

: Data CompressionS11

L2,3

L3,6

: PCAS10

L2,4L4,4

: K-MedoidsS9

(b) The Mined Knowledge Graph.Figure 3: The mined precedence Graph from courses in
Figure 2. Lectures are grouped into clusters to construct
the nodes of the graph. Edges depict the precedence
relationships between clusters where thick edges represent
the edges with high weights and thus indicate how common
are the relations between the nodes.

scattered clusters to reveal the precedence relations between clus-
ters. To that end, we use the precedence relations between adjacent
lectures of the same course to construct the edges between nodes
(clusters) in the precedence graph. For instance, we add a directed
edge from clusterS5 to clusterS6 to determine the precedence rela-
tion between these two nodes according to the sequence of lectures2
and3 in course4. To re�ect the strength of each precedence relations
between two nodes (i.e., how common are the relations between the
nodes), we attach each edge in the precedence graph with di�erent
weights. Edge weights are calculated by accumulating the frequency
of lecture sequences in various courses. For example, as shown in
Figure 3, the strength weight of edgeS1 �! S6 should be higher
than the strength weight of edgeS1 �! S5 as three out of the four
courses (1,2, and3) have the sequenceS1 �! S6 while only one
course (4) shows the sequenceS1 �! S5 .

As mentioned earlier, the mined precedence graph can help us in
revealing some hidden structures in similar MOOCs. For instance,
it is clear from Figure 3 that the pathf S1 �! S6 �! S3 �! S7g is
more common than other paths. The reason is that three courses (1,2,
and3) explain the concepts �K-Means Algorithm� after introducing
the topic and two of them (courses1 and3) present the concepts
� Agglomerative Clustering� and � DBSCAN� after that. In addition
to indicating the common path, the mined precedence graph can
also reveal other possible paths to learn the topic such as the path
f S1 �! S5 �! S6 �! S3 �! S4g, or the pathf S1 �! S5 �! S6 �!
S11 �! S10 g. All these paths are valid and, o� course, choosing a
path depends on students’ learning objectives.

In general, the mined precedence graph helps in capturing the
similarities and variations of the learning paths of similar courses in
our illustrative examples. In section 8.3, we present some learning
path examples from the precedence graph generated by our approach.

3.2 Precedence Graph Applications
Our mined precedence graph can be used to support several appli-
cations for improving the learning and teaching process. However,
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before discussing these applications, we �rst want to clarify that (in
this paper), we de�ne a student as a person who uses MOOCs as
modularized resources to learn topics of their choice (as opposed
to taking a full course as part of a certi�cate program.) According
to Zheng et al. [24], one of the motivations for a student to register
for a MOOC is to learn some desired concepts on-demand. Once
they achieve their learning goals, this type of student usually stops
participating in the course.

Our precedence graph can support the following applications.

Personalized (customized) course plans.Our precedence graph
can help students develop custom learning plans. Students can
examine the graph to identify possible alternative paths for learning
a topic and then choose the path that best �ts their needs. For
instance, a student might choose to follow one of the following
two paths:f S6 �! S9 �! S8g or f S6 �! S11 �! S10 g shown in
Figure 3. The former path helps the student explore and learn about
various clustering algorithms:�K-Means Algorithm�, � K-Medoids
Algorithm�, and �K-Medians and K-Modes Algorithms�, while the
latter path helps the student learn about the concepts of �Data
Compression�, and �PCA� with � K-Means� clustering algorithm.

An overview/summary of a topic.There are two ways in which
the precedence graph can be used to help students obtain a quick
overview of a particular topic of interest. First, students can use the
graph to follow the most common path that is shared among several
courses (i.e., the path with the highest edge weights.) For instance,
students can follow the path:f S1 �! S6 �! S3 �! S7g as this is the
path with the highest edge weights in the graph shown in Figure 3.
This path introduces the topic ofUnsupervised Learning�rst before
presenting three important and well-known clustering algorithms:
�K-Means Algorithm�, �Agglomerative Clustering Algorithm�, and
�DBSCAN Algorithm�. Second, using summarization algorithms,
we can generate a summary of the lectures in each node (cluster)
of the most common path in the precedence graph. Such a succinct
representation of clusters would provide students with a concise
summary of the topic they want to learn.

Acquiring expert knowledge. Our precedence graph can also be
usedby students who are interested in becoming experts in a particular
domain. The graph allows students to easily determine how the
knowledge of a domain is structured. It also allows them to choose
the path that exposes them to a varity of concepts related to the topic
they want to learn. For example, to learn the most about unsupervised
learning, a student can follow the longest path in the precedence
graph shown in Figure 3:f S1 �! S5 �! S6 �! S9 �! S8 �! S2 �!
S3 �! S4 �! S7 �! S11 �! S10 g. Clustering similar lectures from
various courses into the same clusters can also help this type of
students as they can explore how di�erent courses explain the same
concept.

Helping instructors improve their courses.In addition to helping
students with their learning process, the mined precedence graph
can also aid instructors in understanding the structure of their
MOOC o�erings. By examining the precedence graph, instructors
can identify potential knowledge gaps (missing topics) or a better
ordering of the topics, and hence incorporate the new knowledge in
their next course o�erings.

4. PROBLEM DEFINITION
The design of a MOOC mimics that of a typical on-campus course
in which the fundamental structure is a sequence of lectures. By

leveraging the sequences of lectures and the content similarities
between lectures from similar courses, we can model the knowledge
structure of similar (i.e., courses that cover the same topic) MOOCs
as a precedence graph. The nodes of this graph are groups of similar
lectures, labeled by dominant and salient terms in these lectures.
The edges of the graph represent the alternative precedence relations
between nodes. Each edge can be assigned di�erent weights that
re�ect the strength of the relation.

We formally de�ne the problem as follows. Given a set of courses
X = f C1 ; C2 ; C3 ; : : : ; Cn g, wheren is the total number of courses.
We assume that all courses inX have the same di�culty level, and
there are some content overlaps between courses. Each courseCi is
an ordered list of lecturesCi = [ L i 1 ; L i 2 ; : : : ; L i j C i j ], wherejCi j
is the total number of lectures in the courseCi . Each lectureL ij is
represented using the titlet ij and the lecture transcriptdij . The goal
is to model the content structure of similar MOOCs by constructing
the precedence graph as a directed graphG = ( V; E) whereV
is the set of nodes,V = f S1 ; S2 ; S3 ; : : : ; Sj V j g (the number of
nodesjV j is given), andE = f e1 ; e2 ; e3 ; : : : ; ej E j g is the set of
edges between nodes. Edges in the graphG are directed edges to
indicate the precedence relations between nodes. Each node in the
precedence graph is a cluster or a group of lectures that have similar
content. For example,Sv = f L i 1 ; L i 2 ; L j 5 g is a cluster that has the
�rst two lectures from courseCi and the �fth lecture from course
Cj . We represent the precedence graphG as an edge weight matrix
G 2 Rj V j�j V j where each entry of matrixG contains the edge
weight. For instance, the edge weight of the entrygij re�ects the
strength of the precedence relationship from clusterSi to clusterSj .

To construct the precedence graph, we need �rst to �nd the set of
nodesV of the precedence graph by grouping similar lectures using
both lecture titlest ij and lecture transcriptsdij . Then, we compute
the edge weight between pairs of nodes by leveraging the sequence
of lecture in each courseCi . Sections 6 and 7 explain our proposed
approach to build the precedence graph.

5. MOOC CONTENT REPRESENTATION
In this section, we demonstrate how we represent MOOC lectures
by exploiting two representations: 1)sparse representationthat
is based on word count, and 2)dense representationto capture
the semantic similarity between text. The purpose of using these
two representations is to compare how each of them a�ects the
performance of clustering.

To represent lectures, we use the sparse representation, a robust
and straightforward representation based on the count of words. We
represent lecture titles as vectors of word count using Bag-Of-Words
(BOW) representation. Since lecture titles are short and concise,
the frequency of each word in the BOW vector is usually one. The
bag-of-words representation can be thought of as a bit vector where a
bit is set to1 when the word occurs in the title and set to0, otherwise.

For representing lecture transcripts, we use the Term-Frequency
Inverse-Document-Frequency (TF-IDF) representation. TF-IDF
weighting takes into consideration the count of words in docu-
ments as well as the popularity of words in the corpus, hence gives
higher weights to the words that are more frequent in the document
and less popular in the corpus.

In our model, each lecture is represented by two vectors: a BOW
vector to represent the title and a TF-IDF vector to capture the
content of the transcript. The drawbacks of this representation are 1)
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it generates high dimensional sparse vectors, and 2) it cannot capture
the semantic similarity between similar words.

To overcomes the limitations of TF-IDF and BOW representations,
we use an alternative (dense) representation to model MOOC content:
the unsupervised smoothed inverse frequency (uSIF) [8]. The uSIF
is a simple, yet e�ective method for generating sentence embeddings
without any labeled data. It is an improvement of smoothed inverse
frequency (SIF) [18], one of the state-of-the-art embedding represen-
tation for longer pieces of text. The basic idea of uSIF is to exploit
the pretrained word embeddings such as Word2Vec [14] or Glove
[16] that capture the semantic meaning between words to learn the
embeddings of sentences and paragraphs taking into consideration
the frequency of words in the text. For more information about uSIF,
please refer to [8].

For the embedding representation of lectures, we use uSIF with
Glove pretrained word embeddings [4] to represent both lecture titles
and transcripts. The number of feature dimensions in embedding
vectors is100dimensions.

6. CLUSTERING LECTURES OF MOOCS
To construct the nodes of the precedence graph, lectures are grouped
into clusters based on their content similarity. We can use any
clustering algorithm such as K-Means to do the clustering of lectures.
However, one problem of using K-Means or some other clustering
algorithms is that they will cluster similar lectures not just across
courses but also within courses. For example, if one course explains
the topic �Gradient Descent in Logistic Regression� and then later
explains the topic �Gradient Descent in Neural Networks�, then there
is a high chance that the clustering algorithm would group these
two lectures into the same cluster as the course instructor would use
almost the same terminology to explain these two topics. However,
our goal is to capture the similarity of lectures across courses to
reveal common learning paths utilized by many courses as well as
other alternative learning paths. Therefore, we need to restrict the
clustering process to cluster lectures from di�erent courses rather than
within the same course. To do that, we need to guide the clustering
algorithm by imposing some constraints; which is infeasible with
the standard K-Means algorithm. Therefore, we decided to exploit a
constraint-based clustering algorithm called Pairwise Constrained
K-Means (PCK-Means) [3] to guide the clustering process.

6.1 PCK-Means Clustering Algorithm
PCK-Means clustering algorithm [3] is a variation of the standard
K-Means algorithm that incorporates distance between points as
well as pairwise constraints to guide the clustering process. PCK-
Means is a semi-supervised approach where users provide some
labels or pairwise constraints that the algorithm uses to improve
the clustering. Since collecting labels from users is expensive, we
propose an unsupervised method by automatically �nd suitable labels
or constraints to guide the clustering process (discussed in section
6.2).

Pairwise constraints can be used to determine the prior knowledge
about the domain by specifying which instances (in our case lectures)
should or should not be clustered together [21, 3]. There are two
types of pairwise constraints:Must-Link andCannot-Link . Must-
Link constraint speci�es pairs of instances (lectures) that need to
be grouped into the same cluster, while Cannot-Link constraint
determines pairs that should not be in the same cluster. Each type of
pairwise constraint applies a penalty function when the constraint
is violated. The objective function of PCK-Means is to 1) choose

partitions that minimize the penalty cost of each constraint, and 2)
minimize the sum of the square distance between the points and the
centroids of the clusters they belong to.

More formally, letM be a list of Must-Link constraint,which includes
tuples of lectures(L i ; L j ) that needs to be clustered together. Let
C be a list of Cannot-Link constraint. Each item inC is a lecture
pair of the form(L i ; L j ) where lectureL i andL j should not be in
same cluster. Each tuple inM andC is order-independent. Assume
W = f wi;j g andW = f wi;j g are the sets of penalty costs of
violating theMust-Link andCannot-Link constraints respectively.
Each lectureL i is assigned to a clusterSi , whereSi 2 f hgj V j

h =1 , by
minimizing both the distance betweenL i and the cluster centroid
� S i and the penalty costs of violating the constraints. The objective
function of PCK-Means algorithm is as follow:

J pckm =
1
2

X

L i 2 X

kL i � � S i k2

+
X

( L i ;L j ) 2M

wij 1 [Si 6= Sj ] +
X

( L i ;L j ) 2C

wij 1 [Si = Sj ] (1)

The �rst part of the objective function is K-Means objective function
while the second and the third parts are the accumulated penalty costs
of violating the Must-Link and Cannot-Link constraints respectively.
The 1 [:] is the indicator function where1 [true] = 1 and1 [false] = 0 .

In the initialization step of PCK-Means, examples of the pairwise
constraints are used to estimate the centroids of clusters. Before
initializing the cluster centroids, PCK-Means �nds the transitive
closure of tuples in Must-Link constraint and appends them to
the list of Must-Link constraints. Then the updated list is used to
create� neighborhood sets. For each pair of neighborhoods,Pi and
Pj with at least one pair of points that appear in the Cannot-Link
list, PCK-means generates Cannot-Link constraint tuples between
every pair of points inPi andPj and appends these tuples to the
Cannot-Link constraints. Then the algorithm gets� neighborhoods
where links of type Must-Link constraint connect points within each
neighborhood, and links of type Cannot-Link constraint connect
some neighborhoods. If� is higher than the number of clusters,
� > jV j, then the algorithm chooses the neighborhood sets with
the largest number of instances to initialize the clusters and the
centroids of each cluster. In contrast, if� is less than the number
of clusters,� < jV j, then PCK-Means initializes the clusters from
the � neighborhoods and looks for a point that has links of type
Cannot-Link constraint to all the� neighborhoods. If so, it initializes
a new� + 1 cluster from this point. Otherwise, PCK-Means chooses
the remainingjV j � � clusters randomly.

In general, the PCK-Means clustering algorithm is an iterative
algorithm where it starts by using the pairwise constraints to initialize
the clusters. Then, iteratively (1) assign points (or lectures) to
clusters that minimize the combined objective function and then
(2) re-estimate the centroids of each cluster according to the cluster
assignment of each point. These two steps are repeated until the
algorithm converges. For more information about the algorithm,
please refer to [3].

6.2 Pairwise Constraints
To build the precedence graph, we use Must-Link and Cannot-Link
constraints to guide the clustering process. Must-Link constraint

Proceedings of The 13th International Conference on Educational Data Mining (EDM 2020) 22



includes a list of pairs of lectures that have higher chance to be similar
while Cannot-Link constraint contains a list of lecture pairs that have
lower chance to be part of the same clusters such as lectures from
the same course. Yet, the question is how to �nd good examples of
lecture pairs for the lists of Must-Link and Cannot-Link constraints.

6.2.1 Must-Link Constraint
As our goal is to capture the content similarity between lectures
across courses, we want to feed the algorithm with similar lectures
from di�erent courses that have higher chance to be part of the
same cluster as examples of Must-Link instances. To do that, we can
use the cosine similarity measure to calculate the similarity score
between lectures from di�erent courses and choose lecture pairs
with a similarity score exceeds some prede�ned threshold.

Besides Similar lectures across courses, some similar lectures within
the same course can be good examples of Must-Link instances.
Adjacent lectures can have very similar content and hence they
should be grouped together in the same cluster. For instance, the
two adjacent lectures �K-Means Algorithm� and �Initialization of
K-Means Clustering� have similar content as they talked about
K-Means Clustering Algorithmand thus they need to be grouped
together. Therefore, we add adjacent lectures that have a similarity
score greater than the prede�ned threshold.

We propose two approaches to capture the similarity between lectures
within courses or among courses. First, we use the cosine similarity
between two lectures represented by lecture transcripts. Pairs of
lectures are considered similar when they have similar content and
hence the cosine similarity score would be high. Second, we use
the cosine similarity between two lectures represented by lecture
titles. We believe that two lectures are similar when they have very
similar titles even when there are some variations in the content.
One reason is that instructors sometimes explain the topic from
di�erent perspectives. For instance, one instructor might explains
the lecture with a title �K-Means Clustering Algorithm� by using
examples while another instructor might explains the same lecture
by illustrating the theory behind it. Although the content is di�erent,
both lectures explain the same topic but from di�erent perspectives.
Another reason of using lecture titles is due to the average length
of lectures in MOOCs. Lectures in MOOCs are usually shorter in
length compared with regular university classes. As a result, some
instructors split the topic into two or more lectures. Usually these
lectures have very similar titles and should be clustered together even
if their content might vary. Therefore, we decided to utilize lecture
titles to measure the similarity between lectures in addition to lecture
transcripts. However, we use two di�erent prede�ned thresholdsK 1
andK 2 to capture the lectures similarity using titles and transcripts
respectively as we have to set a higher threshold for titles to minimize
the noise.

In general, the list of Must-Link constraint contains any similar
lectures across courses and similar adjacent lectures within courses.

6.2.2 Cannot-Link Constraint
Unlike the Must-Link constraint, Cannot-Link constraint is used to
indicate lecture pairs that should not be part of the same clusters.
Since we want to force the clustering algorithm to capture the
similarity between lectures across courses, we add lecture pairs
from the same course to the list of Cannot-Link constraint. However,
not any pair can be added to the list as some adjacent lectures can
have similar content or similar titles and hence need to be grouped
into the same cluster. Therefore, to determine lecture pairs that are

suitable to be examples of Cannot-Link constraint, we apply the
cosine similarity on the transcripts of two adjacent lectures. When
the cosine similarity of two adjacent lectures,L ij andL i ( j +1) of
courseCi , are less than a prede�ned thresholdK 3 , then we can say
that there is atopic shift and hence we can add these two adjacent
lectures to the list of Cannot-Link constraint. However, before adding
any lecture pairs to the list of Cannot-Link constraint, we need to
ensure that the pair is not part of the Must-Link constraint and its
transitive closure list. In addition to adding the two adjacent lectures
L ij andL i ( j +1) , we also pair the lectureL ij with all the subsequent
lectures of lectureL i ( j +1) since there is a shift in the topic. As a
result, we add the lectures(L ij ; L i ( j + z ) ) where1 < z < jCi j � j , to
the list of Cannot-Link constraint if they are not part of the Must-Link
constraint and its transitive closure list.

In general, the purpose of Cannot-Link constraint is to restrict the
clustering algorithm from clustering lectures within courses in order
to capture the similarity between di�erent courses. As a result,
by using Must-Link and Cannot-Link constraints, the clustering
algorithm learns to cluster lectures from across courses and only
cluster adjacent lectures within the same course if they are similar.

7. BUILDING PRECEDENCE GRAPH
Building the precedence graph from similar MOOCs has three
steps: (1) Cluster similar lectures to construct the node of the graph,
(2) Link the nodes by a directed weighted edge to determine the
precedence relations between nodes, and (3) Represent each node
by dominant and salient terms mined from lectures belong to each
nodes. In the previous section, we explain how we cluster similar
lectures using PCK-Means algorithm with our proposed Must-Link
and Cannot-Link constraints. In this section, we �rst present our
method of linking the precedence graph nodes before illustrating our
approach of labeling each node.

7.1 Linking Clusters
After clustering similar lectures, we need to link the scattered clusters
to construct the precedence graph. As we mentioned earlier,we utilize
lecture sequences in each course. We can think of the sequence of
lectures in MOOCs as implicit prerequisite relationships between
lectures as these sequences are carefully designed by experts. When
instructors design courses, they usually maintain the prerequisite
order constraints between lectures by placing prerequisite lectures
before the dependent lectures. In addition, according to thelocality
of referencesproperty [1], when designing a course plan, a dependent
lecture should appear as soon as possible after the prerequisite lecture
to reduce students comprehension burden. Therefore, tackling the
various sequence orders of lectures from di�erent courses helps in
linking clusters of lectures from across courses and thus captures
the precedence relations between clusters.

To link the scattered clusters,we use the precedence relations between
adjacent lectures to infer the precedence relations between clusters.
If two adjacent lecturesL ij andL i ( j +1) of courseCi appear in two
di�erent clusters, then these two clusters need to be linked by an
edge with a direction from the cluster that includes lectureL ij to the
cluster that has lectureL i ( j +1) . Sometimes some adjacent lectures
appear in the same cluster and hence we ignore the sequence relation
of these lectures.

To capture the strength of the precedence relations between clusters,
and hence how these relations are common in current MOOCs, we
attach each edge with di�erent wights. We accumulate the frequency
of courses that have adjacent lectures clustered into two di�erent
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clusters to determine the weight between these two clusters. The
equation to determine the edge weight is as follow:

W (Si ! S j ) =
X

8 C 2 X

j C j� 1X

z=1

1 [L z 2 S i ^ L z+1 2 S j ] (2)

whereW (Si ! S j ) is the weight of the edge between clusterSi
andSj and 1 [:] is an indicator function where1 [true] = 1 and
1 [false] = 0 .

Since the edge weights determine the popularity of relations across
similar courses, edge weights are not normalized to be between
0 and1 because normalization will produce misleading weights.
For example, if we use normalized edge weights, then the edge that
connects two clusters that have adjacent lectures from one course will
have the same weight; which is equal to1, to the edge that connects
two clusters that have adjacent lectures fromN courses. Therefore,
we use unnormalized edge wights to capture the popularity of the
precedence relations.

7.2 Labeling Clusters
Each node in the precedence graph is labeled by some key terms
to represent the topics or key concepts discussed by the lectures
attached to this node. To extract the key terms from lectures, we
exploit lecture titles and transcripts represented by bag-of-words and
TF-IDF representations respectively. Lecture titles are very concise
and usually have the key terms in lectures. On the other hand, lecture
transcripts are more elaborative and would help in extracting other
important key terms that demonstrate topics or key concepts of each
cluster.

The basic idea to extract the key terms is to accumulate the vector
representations of each lecture that belongs to the same cluster in
order to �nd the key terms of that cluster. In other words, for all
lectures that belong to the same cluster we accumulate the bag-of-
word representation vectors of their titles and also add the TF-IDF
weighting vectors of their transcripts. Then, we use the topk terms
from these two di�erent representations to �nd the salient terms that
represent each cluster. The following is the equation used to specify
the key words of each cluster:

Label(Si ) = (max
k

j D jX

j =1

X

8 L 2S i

T F IDF (wj jwj 2 dL ))

[
(max

k

j T jX

j =1

X

8 L 2S i

BOW (wj jwj 2 tL )) (3)

where the �rst part �nds the topk terms by using the TF-IDF
representation of lecture transcriptsdL wherejD j is the total number
of vocabularies in the corpus of lecture transcripts. For each word
wj in the vocabulary, we accumulate the TF-IDF wights of word
wj if the word appears in lectureL that belongs to clusterSi .
Similarly, the second part determines the topk terms by exploiting
the bag-of-words representation of titlestL where the total number
of vocabularies in lecture titles isjT j. We also accumulate the BOW
weights of each word belongs to titles of all lectures that are part of

clusterSi . By taking the union of these two sets of top words, we
extract salient terms that clearly explain the content of each clusters.

8. EVALUATION
In this section, we evaluate the performance of our approach for
clustering similar lectures using PCK-Means algorithm with the
proposed pairwise constraints. We �rst present the dataset and ground
truth we used in our evaluation. Then, we compare the performance
of the clustering algorithms using both representations: word counts
(sparse representation) and embeddings (dense representation). We
also present some examples of the learning paths extracted from the
precedence graph that was constructed by our approach. Finally, we
discuss some limitations of our study.

8.1 Datasets
We used a dataset of six modules related toUnsupervised Learning
andClustering Algorithmsfrom �ve real machine learning and data
mining courses o�ered by the Coursera platform2. These modules
include �Unsupervised Machine Learning�, �Partitioning Based
Clustering Methods and Hierarchical Clustering Methods�, �Unsu-
pervised Learning�, �Clustering�, �Clustering With K-Means�, and
�Hierarchical Clustering� (see Table 1.) The total number of lectures
in the dataset is65 lectures. Each lecture is represented by its title
and transcript.

To evaluate the performance of the PCK-Means algorithm and
the e�ectiveness of the proposed constraints, we asked experts to
construct the ground truth labels of our dataset. Each of our four
experts (a Machine Learning professor, an Information Science
professor, a Machine Learning graduate student, and a Database and
Information Systems graduate student) manually grouped lectures
based on topics similarities. None of the experts is participating in
this study.

To measure the level of agreement among our experts, we used
the Fleiss’ kappa measure. Fleiss’ Kappa is a statistical measure
of inter-rater agreement used to determine the level of agreement
between two or more raters. The kappa score of labels collected
from experts was� = 0 :65, which indicates substantial agreements
between the annotators.

After receiving the labeled datasets from our experts, we used the
majority votes to decide the cluster assignment of each lecture. For
lectures that experts disagreed on their clustering assignment, we
decided to follow the advice of our experts and created a new cluster
for each lecture. The total number of labeled clusters was21 clusters.

8.2 Clustering Performance
To evaluate the performance of our clustering approach and to study
the e�ect of using the pairwise constraints on clustering performance,
we compared the PCK-Means algorithm to the standard K-Means
algorithm. In particular, we focused on two measures: (1) Adjusted
Mutual Information (AMI), and (2) Fowlkes-Mallows scores (FMI).
Adjusted Mutual Information is a variation of the Mutual Information
measure that is used for comparing clustering results. According to
2https://www.coursera.org
3https://www.coursera.org/learn/advanced-machine-learning-
signal-processing
4https://www.coursera.org/learn/cluster-analysis
5https://www.coursera.org/learn/machine-learning
6https://www.coursera.org/learn/machine-learning-with-python
7https://www.coursera.org/learn/ml-clustering-and-retrieval
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Table 1: The dataset utilized for the evaluation. It has six
modules from �ve courses. The total number of lectures in
the dataset is 65 lectures.

Courses Modules # of Lec-
tures

Advanced Machine
Learning and Signal
Processing3

Unsupervised Machine
Learning

13

Cluster Analysis in
Data Mining4

Partitioning Based
Clustering Methods and
Hierarchical Clustering
Methods

15

Machine Learning5 Unsupervised Learning 12
Machine Learning With
Python6

Clustering 6

Machine Learning
Clustering and
Retrieval7

Clustering With
K-Means

13

Hierarchical Clustering 6

Romano et al. [17], AMI measure should be used to evaluate the
clustering performance when the reference clustering is unbalanced
and contain small clusters. Since we have unbalanced clusters (i.e.,
some clusters have many lectures while others have one or two
lectures), we decided to use AMI for the evaluation. The second
metric,Fowlkes-Mallows scores, is a geometric mean of precision and
recall where precision determines the correctness of the clustering
assignments of lectures while recall measures the completeness of
the assignments. Similar to AMI, FMI gives a zero score for random
clustering assignments.

Before discussing clustering performance, it worth mentioning that
for �nding the lists of Must-Link and Cannot-Link constraints,
we tried various values for each threshold,K 1 , K 2 , andK 3 , and
used the values that gave the highest performance. For TF-IDF
and BOW representations, the thresholds wereK 1 = 0 :85, K 2 =
0:3, andK 3 = 0 :07 for titles and transcripts in Must-Link list
and for transcript in Cannot-Link list respectively. For the uSIF
representation, the thresholds wereK 1 = 0 :85, K 2 = 0 :65, and
K 3 = 0 . HavingK 3 = 0 in uSIF representation does not mean that
we exclude the list of Cannot-Link constraint. The cosine similarity
values in the uSIF embedding representation can have negative
values as some values in the embedding vectors are negatives.

Because PCK-Means and K-Means algorithms produce di�erent
clustering assignments for each run (based on how the centroids
are initialized), we ran each clustering algorithm20 times. Then we
recorded the average and the max scores. TF-IDF and bag-of-words
representations have a total number of1650dimension features. So,
we reduced the number of dimensions before clustering the data by
applying the T-distributed Stochastic Neighbor Embedding (t-SNE)
algorithm[12]. We also applied the t-SNE reduction technique on
the uSIF embedding. However, because the performance of the uSIF
was degraded due to the dimensions reduction, we decided to use
all 200dimensions for the embedding representation:100 for titles,
and100 for transcripts. Table 2 summarizes the results.

The average and max scores for each algorithm are presented in
Table 2. We can see from the table that PCK-Means outperforms
K-Means in both representations. The di�erences in performance
between PCK-Means and K-Means are statistically signi�cant, using
Welch’s t-test, with p-value score< 0:01 in TF-IDF\BOW and

Table 2: The performance of clustering algorithms. PCK-
Means outperforms the standard K-Means in both repre-
sentations: (1) TF-IDF for lecture transcripts and bag-of-
words (BOW) for lecture titles, (2) The embedding rep-
resentation (uSIF) for both lecture transcripts and titles.
The performance of PCK-Means is statistically signi�cant
(represented by *) in both representations.

AMI FMI

Method Average Max Average Max

TF-IDF\BOW Representation

K-Means 0.523 0.597 0.412 0.478
PCK-Means 0.551� 0.649 0.511� 0.632

Embedding Representation (uSIF)

K-Means 0.395 0.491 0.344 0.452
PCK-Means 0.480� 0.536 0.420� 0.548

uSIF representations for FMI measure. In contrast, when using
AMI for the comparison, the di�erences between PCK-Means and
K-Means are statistically signi�cant with p-value scores< 0:01
with uSIF representation and p-value< 0:05 with TF-IDF\BOW
representation. We also compare the performance of PCK-Means
using di�erent representations: TF-IDF\BOW and uSIF. It is clear
form the table that PCK-Means with TF-IDF\BOW representation
outperforms PCK-Means with uSIF embedding representation where
the di�erence is statistically signi�cant with p-value< 0:01 in both
AMI and FMI measures. In general, PCK-Means with TF-IDF\BOW
representation achieves the highest performance.

Since uSIF embedding representation uses pretrained word em-
beddings that allow it to capture the semantic similarity between
documents, we expected it to have the highest performance. However,
it did not perform as expected. We investigate this issue and found
that some words from our dataset of lecture transcripts and titles do
not exist in the list of words from the Glove pretrained model. The
total number of missing words was31 words from both lecture titles
and transcripts. The missing words includes some key terms, such
asagglomerative, dendrogram, subcluster, medoids, sparkml, and
dbscan.

To study the e�ect of using the lecture titles and transcripts when
generating the Must-Link constraint, we compared the performance
of the PCK-Means algorithm using only Must-link constraint from
titles to the performance of the same algorithm using only Must-link
constraint from transcripts. We use TF-IDF and bag-of-words rep-
resentation with the same set of thresholds for the comparison as
PCK-Means achieves the highest performance with this representa-
tion. We show the results of this experiment in Table 3. The results
indicate that using both lecture titles and transcripts to produce the
Must-Link constraint achieves the highest score. We conclude that
title and transcripts representations are important for capturing the
similarity between lectures. We also notice that removing Must-Link
tuples of lecture transcripts reduces the clustering performance more
than removing title tuples. This is expected as lecture transcripts
contain more keywords than titles. However, using only titles to
generate the Must-Link constraint tuples achieves comparable results,
which also indicates the importance of using titles to capture lectures
similarities.
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Table 3: The performance of the clustering in PCK-Means,
PCK-No-Title, and PCK-No-Trans using TF-IDF \BOW
representation. In PCK-No-Title, we remove all the tuples
from Must-Link list that are generated by using lecture
titles. In PCK-No-Trans, all Must-Link tuples produced by
lecture transcript are removed. Combing both titles and
transcripts improves the performance of PCK-Means.

AMI FMI

Method Average Max Average Max

PCK-Means 0.551 0.649 0.511 0.632
PCK-No-Title 0.534 0.561 0.489 0.576
PCK-No-Trans 0.486 0.559 0.403 0.489

8.3 Examples of Learning Paths
After clustering lectures, we create the precedence graph that repre-
sents the six modules by linking the clusters and labeling them with
salient terms. We utilize the clusters generated by PCK-Means algo-
rithm with TF-IDF and bag-of-words representation as it achieves
the highest performance. In this section, we present several learning
paths examples extracted from our precedence graph.

Follow the crowd: The �rst example we extracted from our prece-
dence graph is the learning path that is shared across many modules
in our dataset. Students who follow the most common learning path
would have a good overview of the topic as they follow the most
popular path that is shared by many courses. Figure 4 depicts the
common learning path for theUnsupervised Learningtopic. The
�gure shows that the learning path starts with an introduction about
Unsupervised Learning, followed by k-Means clustering algorithm
and how to choose the number of clusters. Then, dimensionality
reduction in clustering is discussed next using the Principle Compo-
nent Analysis algorithm as an example of dimensionality reduction
techniques.

The expert learning path: The second example path we extracted
from the precedence graph is one of the longest learning paths. Figure
5 shows a path that spans over seven nodes. This path starts with
the partitioning-based clustering methods discussing algorithms,
such as �K-Means�, �K-Medians�, �K-Medoids�, and �K-Modes�. It
then discusses the application of �K-Means Algorithm� in apache
sparkml. Next, it shifts to the hierarchical clustering methods by
recommending �Divisive Clustering Algorithm� and �Aglomerative
Clustering�. Finally, it presents the �DBSCAN�, a density-based
clustering algorithms. This long path is more comprehensive than the
common path as it explores more clustering algorithms. Students who
are interested in gaining comprehensive knowledge about clustering
will �nd this path very rewarding. Note that such a path does not exist
in any of the original six modules we have in our dataset; but it was
extracted from the precedence graph constructed by our approach.

Give me some options:Figure 6 shows an example of a sub-graph
with several alternative learning paths. To learn the �K-Means�
concept, a student can either start with introduction to unsupervised
learning or learn about partitioning-based clustering methods. After
learning �K-Means�, the student can choose one of the four possible
paths: (1) Learn how to choose the number of clusters using �Elbow�
methods, (2) Learn about di�erent partitioning algorithms such as
�K-Medians�, (3) Move to the hierarchical clustering algorithms and
learn �Divisive Algorithm�, or (4) Shift to the hierarchical clustering
algorithms and learn �Agglomerative clustering�. Each of these
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Figure 4: The common learning path extracted from the
Precedence Graph. This path is shared by many mod-
ules and includes fundamental concepts in Unsupervised
Learning topic.
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Figure 5: An example of a long learning path extracted
from the Precedence Graph. This long path can support
students who acquiring expert knowledge as it presents
many clustering algorithms.

possible paths are also precedence to other nodes as shown in Figure
6. From the sub-graph, students can choose the learning path that
�ts their needs. Additionally, the sub-graph shown in Figure 6 gives
students a comprehensive overview of how concepts are connected
among several courses related to theUnsupervised Learningtopic.

8.4 Limitations
There are two limitations of our study. First, using the sequence
relations among lectures to infer the precedence relations between
clusters can cause cycles in the precedence graph. The method
proposed in this paper has not addressed the problem of cycles.
The naive approach to solve the problem of cycles is to eliminate
edges with lower weights that cause cycles in the graph. Further
investigation for addressing graph cycles is left as a future work.

Second, in the evaluation we have not examined the performance
of our approach in other domains. In the future work, we plan to
apply our method on courses from di�erent domain areas and thus
generate the precedence graph for each domain.

9. CONCLUSIONS
In this paper, we developed an approach to build the precedence
graph of similar MOOCs that have overlaps in content. Our approach
is based on Pairwise Constrained K-Means (PCK-Means) clustering
algorithm that incorporates constraints to guide the clustering process
to focus on clustering similar lectures across courses. We proposed
a method of generating the lists of Must-Link and Cannot-Link
constraints. PCK-Means with our generated constraint examples
signi�cantly outperforms the standard K-Means algorithm with
the TF-IDF and bag-of-words representations achieves the highest
performance. Using the clusters of similar lectures as nodes in
the precedence graph, we connect each cluster according to the
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Figure 6: An example of a sub-graph extracted from the
Precedence Graph. It depicts some possible paths to learn
the topic. It also gives a comprehensive overview about
the topic.

precedence relations between lectures in various courses by directed
weighted edges to re�ect the strength of the precedence relations
between clusters. Finally, we label each node in the precedence graph
by key concepts extracted from lectures belonging to each cluster.
The generated precedence graph reveals popular learning paths as
well as alternative learning paths of learning the topics of MOOCs
in our dataset.

The precedence graph constructed by our approach is considered
the initial block for building applications that support personalized
learning. As an example, we can use the precedence graph to build a
tool that visualizes the precedence graph to help learners to choose
the desired learning paths that are suitable to their interests and
backgrounds. Another application is to build a tool that recommends
personalized study plans for students based on their interests and time
constraints. As discussed in [9, 7], the main obstacle that faces online
learners is not having enough time for the course. Further, according
to [24, 22], some learners register for a MOOC with a motivation to
learn some concepts and hence they drop the course after they are
done with studying the concepts of their interest. Wilkowski et al.
[22] found that large groups of learners just wanted to learn some
concepts without the purpose of earning certi�cates. Therefore, it is
very important to build an application that recommends study plans
based on learners motivation, interests, and time constraints. Our
proposed precedence graph would be the initial step for building
such applications.
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ABSTRACT
E�ectively estimating student enrollment and recruiting stu-
dents is critical to the success of any university. However,
despite having an abundance of data and researchers at the
forefront of data science, traditional universities are not fully
leveraging machine learning and data mining approaches to
improve their enrollment management strategies. In this
project, we use data at a large, public university to increase
their student enrollment. We do this by �rst predicting the
enrollment of admitted �rst-year, �rst-time students using
a suite of machine learning classi�ers (AUROC = 0.85). We
then use the results from these machine learning experiments
in conjunction with genetic algorithms to optimize scholar-
ship disbursement. We show the e�ectiveness of this ap-
proach using real-world enrollment metrics. Our optimized
model was expected to increase enrollment yield by 15.8%
over previous disbursement strategies. After deploying the
model and con�rming student enrollment decisions, the uni-
versity actually saw a 23.3% increase in enrollment yield.
This resulted in millions of dollars in additional annual tu-
ition revenue and a commitment by the university to employ
the method in subsequent enrollment cycles. We see this as
a successful case study of how educational institutions can
more e�ectively leverage their data.

Keywords
education, funding, tuition, enrollment management, �nan-
cial aid

1. INTRODUCTION
Managing student enrollment is one of the core administra-
tive tasks of any university. However, it is far from simple as
universities aim to attract and retain the best students with
limited resources [4, 10]. Enrollment management has wide-
ranging implications on institutions’ student body compo-
sition as well as their budgeting and �nances, where a re-
liance on tuition income necessitates accurately forecasting

student enrollments [9, 23]. One instrument that has con-
tinually been leveraged in the pursuit of enrollments and
the associated tuition income is �nancial aid as receiving
a �nancial aid award increases the likelihood of a student
enrolling at the award-giving institution [13, 10]. While �-
nancial aid remains a powerful mechanism for institutions
to reach their admissions and revenue targets, miscalculat-
ing projected student enrollments and mismanaging �nan-
cial aid funds can have severe implications (such as rescind-
ing over-committed o�ers 1)[2]. Furthermore, as institutions
face tightening budgets and �nd their pricing policies contin-
ually under scrutiny, it remains imperative for them to opti-
mize the resources they have by maximizing enrollments and
the associated tuition revenue from �nancial aid programs
[8, 12]. As such, accurately predicting enrollment and opti-
mizing how student aid is disbursed is critical to enrollment
management with �nancial implications that cascade across
the entirety of an institution. In this work, we developed
an approach to address this challenge, implemented it for
a recent entering class, and found that it far outperformed
previous strategies.

Predicting enrollment and optimizing the allocation of stu-
dent aid requires data on student admissions and opera-
tional budgets. This data is stored in institutions’ orga-
nizational databases or can be extracted from operational
records. However, despite having this data on previous en-
rollments and �nances, institutions are often slow to lever-
age it to gain actionable insights and improve institutional
processes [20, 26, 14]. What’s more, using data for insights
in education is less prevalent at traditional campuses (i.e.
schools where learning is primarily on-campus) and more
common in online and computerized environments, which
are more amenable to the collection and analysis of digi-
tized data [17]. To this end, traditional universities remain
\data-rich" but are \information-poor" in that they have the
raw data needed to extract intelligible insights but are un-
able to do so due to infrastructure limitations and untrained
personnel, among other reasons [21]. This results in the out-
sourcing of data-centric enrollment work (including develop-
ing scholarship disbursement and enrollment strategies) to
full-service consulting �rms, which do not disclose their pro-
prietary approaches or how their results are evaluated [11].
The lack of motivation for consulting services to dissemi-
nate their work coupled with institutions trying to maintain
competitive advantages in recruitment limits the extent of

1See https://bit.ly/2Scxqj6 as a recent example.
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published research on how institutions can utilize data to
improve recruitment processes. As a result, this dearth of
literature provides little to demonstrate how data mining
and machine learning can assist in the critical mission of
enrollment management and in allocating �nancial aid.

In this project, we mine data from a large, public univer-
sity in the United States (US) to optimize the disbursement
of a merit-based scholarship for domestic non-resident stu-
dents. We do this in two broad steps. In the �rst step, we
create a predictive model of student enrollment using his-
torical student application data. In the second step, we use
a genetic algorithm to optimize scholarship disbursement to
maximize student enrollment based on the predictive enroll-
ment model from steps. We conducted this work during a
recent admissions cycle of the university and the optimized
awards were given to a recent entering class. After seeing
improvement in student enrollment yield and an increase of
millions of dollars in annual tuition revenue, the university
incorporated our approach into their enrollment manage-
ment process. We believe this project is a case study for
other institutions seeking to similarly leverage institutional
data for improving enrollment forecasting and �nancial aid
allocation.

2. RELEVANT WORK
The following discussion of relevant work is not exhaustive
but is intended to give examples of relevant approaches with
a focus on more recent work. While there is some work show-
ing how to predict enrollment, there is very little showing
how to allocate scholarships and hardly anything that ties
the two together.

2.1 Predicting Enrollment
A few studies have employed machine learning and data min-
ing techniques to predict university enrollment using non-
neural approaches. DesJardins developed a logistic regres-
sion model using a dataset of approximately 14,400 students
from an undisclosed tier I research university in the US.
DesJardins’ model gave an area under the receiver operat-
ing characteristic curve (AUROC) of 0.72 when predicting
whether or not a student will enroll [5]. Similarly, Goenner
and Paul used logistic regression to predict which of over
15,000 students at a large US university would eventually
enroll [7]. Their predictive model gave an AUROC value of
0.87. Nandeshwar and Chaudhari used a suite of learners to
predict which of approximately 28,000 students would en-
roll at West Virginia University [16]. They were interested
in variables contributing to students’ decisions (�nding �-
nancial aid to be an important factor) and did not give an
assessment of how well their models fared outside of accu-
racy (which was about 84%).

In addition to the above studies examining non-neural ap-
proaches for predicting enrollment, studies have also found
that neural approaches fare very well for the same task and
often perform better than non-neural approaches. For ex-
ample, Walczak evaluated di�erent neural network designs
when predicting student enrollment at a US liberal arts col-
lege, stressing the problem as one of resource allocation [24].
Using a few thousand students, Walczak found that back-
propagating neural networks fared best among those com-
pared. Walczak and Sicich later compared neural networks

versus logistic regression to predict enrollment at two US
universities [25], �nding that neural networks performed bet-
ter than logistic regression. Chang used logistic regression,
decision trees, and neural networks to predict the enrollment
of applicants at an undisclosed university, also �nding that
neural networks outperformed other models when judging
by classi�cation accuracy [3].

2.2 Scholarship Optimization
While there are some examples of works examining the use of
machine learning in predicting enrollment, there is very little
detailing scholarship disbursement strategies, especially ones
leveraging machine learning and/or numerical optimization
techniques. One example is the work of Alhassan and Lawal,
who demonstrated the use of tree-based models for deter-
mining which students would be awarded scholarships in
Nigeria [1]. Alhassan and Lawal describe the results as
\e�ective" compared to approaches previously used but did
not provide additional insight on the success of their ap-
proach. Spaulding and Olswang demonstrated the use of
discriminant analysis to model the enrollment decisions of
students based on varying need-based �nancial aid awards
at an undisclosed university in the US [22]. They found that
changes in their award policy would yield only small upticks
in enrollment.

One work used machine learning to predict enrollment in
conjunction with a numerical optimization technique to dis-
burse scholarships. Sarafraz et al. used neural networks with
genetic algorithms to optimize �nancial aid allocations and
while our research is similar in spirit, there are a few notable
di�erences [19]. Firstly, the scholarship fund optimized in
this work is merit-based, meaning there are upper and lower
bounds on scholarship awards that are speci�c to each stu-
dent. This makes for a more di�cult optimization task. We
also examine alternative predictive models beyond just neu-
ral networks (such as ensemble approaches) and use a larger
dataset in terms of both the number of observations (i.e.
students) and the number of features (over 72,000 observa-
tions vs 4,082; over 100 features vs 6). We also provide a
comprehensive description of �nal model performance across
multiple metrics and a detailed outline of how genetic algo-
rithms can be used for aid disbursement, including a binning
framework to drive the optimization task. Finally, we share
real-world enrollment metrics after employing the scholar-
ship optimization to demonstrate the e�ectiveness of our
approach.

3. METHODS
We present the methods for this work by �rst giving an
overview of the setting; then, we describe the data and fea-
ture engineering; we then discuss how we predicted enroll-
ment; �nally, we discuss optimization constraints and the
optimization process. The overall process for this work is
shown in Figure 1. Due to the sensitive nature of the data
and the fact that it contains personally identi�able infor-
mation (i.e. student names, addresses, and high schools),
we are unable to make it widely available. However, we
present the methods below with as much transparency as
we can to allow others to replicate the work. We used the
Python programming language and implemented feature en-
gineering and predictions using pandas and sci-kit learn, re-
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spectively [18]. We developed genetic algorithms using Dis-
tributed Evolutionary Algorithms in Python (DEAP) [6].

3.1 Setting
This scholarship optimization work was performed at a large,
public US University (the University 2). The scholarship
fund examined was created to maintain the University’s aca-
demic standards while maximizing the enrollment of �rst-
time, �rst-year (freshmen) domestic non-resident (DNR) stu-
dents by giving them �nancial incentive to attend the Uni-
versity. DNR students are students from the US who are not
from the state in which the University is located. DNR stu-
dents account for larger tuition charges than their resident
counterparts so their enrollment is of high importance from
a budgeting perspective. Tens of millions of dollars in total
are awarded annually to these students from the scholarship
fund with millions eventually given to students who enroll.

The University is on a quarter-based term system and a
vast majority of incoming freshman students start in the fall
after applying during the preceding fall and being noti�ed
of their acceptance in the preceding spring. The scholar-
ship fund (henceforth referred to as the \DNR scholarships"
for domestic non-resident scholarships) was designated to
be disbursed for equal amounts across three academic quar-
ters for each of four years (12 quarters total). The DNR
scholarships were to be disbursed based on merit. As such,
students with higher academic pro�les, as de�ned later, were
given equal or larger scholarships than those with lower aca-
demic pro�les, regardless of �nancial need. Additionally,
only freshmen DNR students who were accepted to the Uni-
versity were eligible for a DNR scholarship award. All ad-
mitted DNR students were automatically considered for a
DNR scholarship and students did not need to apply for the
scholarship.

In years prior, the disbursement strategies for the DNR
scholarship were developed by external consulting services.
Starting in 2018, the disbursement strategy was brought un-
der the technical stewardship of the University. The �rst
application cycle under the stewardship of the University
(i.e. the fall 2018 entering class) is the application cycle for
which we optimized scholarship disbursement and detail in
this writing. The models that were previously developed for
the disbursement of the scholarship fund were proprietary
to the consulting services and could not be leveraged. How-
ever, student application, enrollment, and scholarship data
from prior years was available. When describing results, we
compare the results from our approach to that developed by
the consulting services. We cannot compare the approach
detailed in this writing to a completely un-optimized ap-
proach or one that is randomized because the scholarship
has never been disbursed in such a manner.

Award-receiving students concurrently learned of the amount
of their scholarship and of their admittance to the Univer-
sity. However, not all applications were scored by admis-
sions o�cers when the �rst awards were given to students.
This was primarily due to the admissions review timeline at
the University. As such, we did not know of every admit-

2University administrative o�ces requested that the insti-
tution not be identi�ed.

ted student at the time of optimization yet the scholarship
awards were only to be given to admitted students. Thus,
the 2018 entering class’s data could not be used directly in
the optimizations. Instead, we used data from prior years
to develop a fund allocation strategy and then applied this
strategy when disbursing scholarships to the 2018 entering
class. This was with the expectation that applicants in the
2018 applicant pool were statistically similar to years prior
across all the variables used in the modeling and we checked
to ensure that this was in fact the case using individual t-
tests.

3.2 Data
The data for this work consisted of information on all fresh-
men DNR applicants to the University from 2014-2017 with
usable data. This totaled 72,589 students. The data was
compiled from two major institutional sources: the students’
admissions applications and their Free Application for Fed-
eral Student Aid (FAFSA) information. The FAFSA is an
application prepared by incoming and current US college
students to determine their eligibility for �nancial aid. Ex-
amples of data from students’ admissions applications in-
clude their high school coursework, entrance exam scores,
college GPA (if they had taken classes for credit), whether
they were a �rst-generation college student, and their par-
ents’ educational attainment. These were all self-reported
and veri�ed by the University as needed. Data directly from
and derived from student FAFSA �lings included students’
family income, their expected family contribution to col-
lege expenses (as calculated by the University), and loan
amounts awarded to the student. About 66% of students
had �lled a FAFSA. Also included in the data were indi-
cators of whether each student eventually enrolled at the
University. Of the 72,589 students in the dataset, 5,081 en-
rolled (7.00% of all). Demographic variables such as gender
and race were available but were not used as discussed in
Section 4.1.

The data included tuition amounts students would pay on
an annual basis, their �nancial aid grants and scholarships
awarded (outside of DNR scholarship awards), and their
DNR scholarship award amount. These variables were not
included in any prediction or optimization model on their
own. Instead, we created a \reduced_tuition " variable
which was the annual tuition amount for the students less
their total grants and scholarships (i.e. the other two vari-
ables summed). We used this variable as a single �nancial
aid and tuition-related feature for the optimization process.
This feature is not altered when developing the predictive
classi�er but is altered during the optimization task, during
which the response of students to di�erent award amounts
are simulated.

3.3 Feature Engineering
Prior to prediction and optimization, we engineered features
from existing variables. First, we either converted categor-
ical variables to dummy variables or replaced them with a
binary indicator variable. Then, we grouped students based
on their FAFSA award amounts into 6 discrete bins (which
were in line with University �nancial aid record-keeping),
each of which was used as a categorical feature. We cre-
ated binary indications of whether students attended each
of the 10 most popular high schools for student applications
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Figure 1: Process for optimizing scholarships, starting with data from institutional databases and ending with disbursements.

and did the same for the 10 most popular states from which
students applied. A binary indication was also created for
a student athlete designation as each sport had its own ap-
plication codes. In addition, we also created a separate bi-
nary indication for whether the student was transferring any
credits from a college in high school program. Students also
indicated their academic interests on their applications to
the University. We pulled these from their applications and
grouped them into 12 broader categories based primarily
on the college/department they were associated with at the
University (e.g. \Engineering", \Humanities", \Health Sci-
ences", etc.). We then created binary indications of whether
a student was interested in each of the categories. Only stu-
dents’ �rst application to the University and the resulting
admissions/enrollment decisions were included in the data.
This ultimately resulted in a total of 108 features extracted
from students’ University and FAFSA applications.

Not all applicants �led a FAFSA form and we imputed miss-
ing FAFSA-related values. We performed this imputation by
building a separate gradient-boosted regression tree model
for each FAFSA-related feature using all features that were
complete. We then used these regression models to predict
the missing values. Only FAFSA-related values were missing
and no other features needed to be imputed.

3.4 Predicting Enrollment
To predict enrollment, we �rst randomly divided the data
using a 80-20 training-test split, with 57,359 students in the
training set and 14,340 students in the test set. We did
not re-balance the data with respect to classes. We scaled
the training data by subtracting the median of each fea-
ture and dividing by the feature’s interquartile range. We
subsequently scaled the test data using the scaling values
from the training data. The binary outcome variable indi-
cating whether the student enrolled at the University was
not scaled.

After performing the training-test split, we trained 7 ma-
chine learning (ML) classi�ers on the training set to predict
enrollment. These classi�ers were: a bagging tree ensemble
(BC), gradient boosted trees (XGB), K-nearest neighbors
(KNN), random forests (RF), regularized logistic regression
(LR), support vector machines (SVM), and a neural network
with 3 hidden layers (MLP). We tuned the hyperparameters
for each of the classi�ers using 5-fold cross validation on
the training set. We report performance from all classi�ers
on the test set, which was not used to train the classi�ers
and only used to evaluate �nal performance. We used the
classi�er with the best performance to optimize scholarship
disbursement.

3.5 Optimizing Scholarships
3.5.1 Genetic Algorithms

After developing a classi�er to predict enrollment, we used
the predictions from the classi�er as an objective function
in optimization. The aim of the optimization was to de-
velop a strategy that maximized student enrollment from
the DNR scholarships. In other words, the optimized ap-
proach disbursed scholarships in a manner that maximized
the number of students who would enroll at the University
from a pool of admitted students to the University. In this
work, we used a genetic algorithm (GA) for optimization as
GAs are known to work well with a well-de�ned measure to
optimize (i.e. student enrollment) but not a well-de�ned,
continuous, and/or di�erentiable objective function. GAs
are also known to �nd near-optimal solutions quickly, which
was essential when we wanted to rapidly outline and iterate
across di�erent budgeting scenarios early in our modeling.

GAs are a class of evolutionary algorithms and are inspired
by biological evolution. GAs generally involve iteratively
starting with a population of chromosomes, undergoing se-
lection across this population according to a measure of �t-
ness, using genetic crossover and mutation to produce o�-
spring from the most �t individuals, and then using this
o�spring as the population for the next iteration [15]. The
overall population �tness improves with each iteration and
the GA eventually converges towards an optimal solution.
In this work, we start with a population of award disburse-
ment strategies whose \genetic material" (chromosomes) are
a set of scholarship award values; the measure of �tness to
assess these individuals is based on predicted enrollment af-
ter accounting for constraints; and the crossover and muta-
tion functions used to create o�spring are based on altering
scholarship award values.

We used the data for the 2017 admitted class in the opti-
mization of scholarship funds. In all, this was 9,479 students
(N total ). In this sense, we used data from the year prior to
optimize the disbursement for the 2018 entering class. We
pared the data used in optimizations down to a single year’s
application cohort to avoid having to consider if any of the
optimization constraints in Section 3.5.3 were being violated
for each of the application years simultaneously.

3.5.2 Binning Students
We generated a set of possible scholarship awards that spanned
Smin to a chosen maximum (Smax ) in $300 increments and
included $0. We did not determine Smax beforehand but
instead set it such that the optimization procedure did not
generate an output that included a Smax scholarship award.
Smin was evenly divisible by $300 and we generated possible
scholarship awards in $300 increments to satisfy constraint
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(4) from Section 3.5.3. In all, there were over 20 unique
scholarship award values and only these award values were
used in the optimizations.

Part of the di�culty of this particular optimization task lies
in the fact that awards were to be given in a merit-based
manner. As such, the scholarship award for any student is
dependent on the awards of students with similar academic
pro�les. For example, if one was to rank all admitted stu-
dents in the application pool based on a measure of merit,
the minimum possible award given to a particular student
would be determined by the award given to the student with
the merit that is immediately lower. Similarly, the maxi-
mum award for a particular student would be equal to the
award given to the student with the merit that is immedi-
ately higher. As such, if optimizing on a per-student basis,
altering the award for any given student to in
uence their
enrollment decision could result in a cascade that subse-
quently e�ects every other student’s award amount. This
results in a very complex �tness landscape when optimizing
scholarship awards on an individual basis.

To resolve this issue of an optimization cascade, we �rst
ranked and then binned students based on academic merit
such that all students in the same bin received the same
scholarship award. To perform this binning, we sequen-
tially ranked students based on 3 variables: their appli-
cation academic score, their high school GPA, and their
scores on college entrance exams, in that order. This rank-
ing was students’ \academic pro�le." Each student’s ap-
plication academic score was based on a holistic scoring of
their academics and was the primary variable for determin-
ing their academic pro�le. We were provided this metric
by the University admissions o�ce and it was not calcu-
lated/determined by us. Ties between students having the
same application academic score were broken by looking at
their high school GPA; any remaining ties thereafter were
broken using students’ entrance exam scores. Once students
were ranked, they were divided into 20 ventiles based on
their academic pro�les (i.e. students were grouped across
every 5th percentile) with each ventile receiving the same
scholarship award amount. Using ventiles allowed for us to
have su�cient 
exibility when exploring the �tness land-
scape during optimization while also not being so granular
as to continually be caught in local extrema. Additionally,
ventiles helped mitigate the e�ect of optimization cascades
by giving identical awards to students with similar academic
pro�les. We refer to each of these ventiles as a\bin"and each
bin served as the chromosomal building block for the GA. A
single scholarship allocation strategy consisted of the schol-
arship awards across all 20 scholarship bins and is referred
to as an \individual" henceforth when used in the context
of the GA. Thus, each individual’s genetic material can be
thought of as being in the form of chromosomes composed
of scholarship award bins. It should be noted that we used
ventiles after examining the optimization results from other
binning strategies (namely using 10, 15, and 25 bins) and
�nding them to give lower predicted enrollments. We did
not, however, attempt to �nd an optimal bin number be-
yond this but do intend to explore this in the future.

After binning students, we created a �tness function to eval-
uate the e�ect of altering the reduced_tuition variable on

student enrollment. Speci�cally, this function took the ge-
netic material of a scholarship individual (i.e. a set of schol-
arship awards for each bin) and then re-evaluated the re-
duced_tuition variable for each student based on their up-
dated DNR scholarship award. As noted above, we created
the reduced_tuition variable by taking the tuition due for a
student and subtracting their total grants and scholarships;
it was the only �nancial aid and tuition-related variable used
in the predictive model. The function re-calculated each stu-
dent’s likelihood for enrollment based on the updated values
for reduced_tuition using the predictive enrollment model.
The �nal output for the �tness function was a calculation of
the number of students predicted to enroll for a given schol-
arship individual, which we used as the �tness criterion for
evaluating individuals.

3.5.3 Modeling Constraints
Several constraints were posed on the scholarship disburse-
ment by University administrators. Due to University pol-
icy, exact values for awards and budgets will not be dis-
cussed. Some constraints on the disbursement strategy were
as follow, where F represents funds in DNR scholarship of-
fers, B represents funds in the DNR scholarship budget, N
speci�es a count of students, and S speci�es a scholarship
award amount:

1. The total amount spent on DNR scholarships ( Fspent )
cannot exceed a pre-determined amount (B spent ):
Fspent � B spent

2. The total amount o�ered to students in DNR scholar-
ships regardless of whether they enroll (Fo�ered ) cannot
exceed a pre-determined amount (Bo�ered ):
Fo�ered � Bo�ered

3. The percentage of admitted students who are awarded
scholarships (N%awarded ) should be approximately equal
to a pre-determined percentage (N%target ):
N%awarded � N%target

4. The award amounts must be divisible by $300 to allow
for round hundred-dollar splits across three academic
terms.

5. There is a minimum value for a single scholarship award
(Smin ) but no pre-determined maximum value.

The organization of the population, individuals, and bins for
the GA optimization is shown in Figure 2. We generated an
initial population of p individuals by randomly selecting K
scholarship awards (one for each bin) from the set of possi-
ble scholarship awards and sorting for each individual. For
this work, p = 1000 and K = 20. Each bin contained the
same number of students (Nbin ), which was equal to N total

K .
All students in the same bin received the same award for a
given individual; awards were not unique to each bin and
could be duplicated across a given individual. Nbin multi-
plied by the scholarship award value for each bin equalled
the funds awarded for that respective bin; the sum of these
across all K scholarship bins for an individual was Fo�ered
for that individual. The predicted number of enrollees for
each scholarship bin multiplied by the award for that re-
spective bin equalled the funds spent for that bin; the sum
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Figure 2: Genetic algorithm setup. Individuals ( i ) are schol-
arship allocation strategies of K scholarship bins (j ). The
population consists of p individuals. Each Sij is a scholar-
ship award value for the i th individual and the j th schol-
arship bin. The bins are sorted based on academic pro�le
such that Si 1 � Si 2 � Si 3 ::: � SiK for any given i (but not
necessarily across individuals). For this work, K = 20 and
p = 1000.

of these across allK scholarship bins for an individual was
Fspent for that individual. The number of bins with non-zero
award values divided by K was equal to N%awarded for an
individual.

We penalized each individual’s �tness if the optimization
constraints above were violated. We initialized a single penalty
coe�cient ( � ) to 1.0 and then successively enforced each of
the following squared penalties for a given scholarship indi-
vidual:

� if too much was spent on scholarship awards:
Fspent > B spent ! � = � � ( B spent

F spent
)2

� if too much was o�ered in scholarship awards:
Fo�ered > B o�ered ! � = � � ( B offered

F offered
)2

� if too many students were awarded a scholarship:
N%awarded > N %target ! � = � � ( N %target

N %awarded
)2

� if too few students were awarded a scholarship:
N%awarded < N %target ! � = � � ( N %awarded

N %target
)2

Ultimately, we multiplied the output of the �tness function
(i.e. the predicted enrollment count for an individual) by
the penalty coe�cient to penalize constraint-violating indi-
viduals. If there were no constraints violated, the penalty
coe�cient was 1.0 and the �tness evaluation of the individ-
ual remained unchanged.

3.5.4 Optimization Process
The approach for the GA was as follows. We randomly
generated the initial population of individuals as described

above. We then calculated the �tness of each individual and
took a subset of the most �t individuals (10%) as the basis
for the next generation of the population. We then employed
genetic crossover to this subset of the population to generate
o�spring. We used two-point genetic crossover, wherein two
points were randomly selected along chromosomes and the
genetic material from one individual was swapped with that
from another between the two points, much like a two-point
crossover mutation in nature. In other words, for a pair
of randomly selected individuals, we randomly selected two
scholarship bins from ventiles 1 through 20 and all scholar-
ship award values between the two bins from one individual
were swapped with those from the other individual and vice
versa.

After using crossover to re�ll the population, the o�spring
underwent mutation. We used three types of mutations: an
increase mutation, a decrease mutation, and a swap muta-
tion. For a mutation, we randomly selected an individual
and then randomly selected a bin from this individual. The
award for this bin was either increased to another possi-
ble award amount (increase mutation), decreased to another
possible award amount (decrease mutation), or swapped for
another randomly selected award amount (swap mutation).
The probability of performing either an increase, decrease,
or swap mutation were equal unless the scholarship award
value equaled Smin or Smax , in which case we eliminated
the possibility of a decrease or an increase mutation, re-
spectively. Once a particular mutation was selected for a
given individual and bin, a single award value was randomly
selected from all possible award values that satis�ed the con-
dition of the mutation and used in the mutation. After mu-
tations, we re-sorted the awards across each individual to
ensure students with higher academic pro�les received larger
awards. We kept the initial subset of the most �t individ-
uals unchanged during crossover and mutation; instead, we
altered replicas of these individuals to compare the most
�t individuals from one generation to those from the next
generation. The new generation of individuals then served
as the population for the next algorithmic iteration. We
repeated this process for 20 generations of the population
and used the most �t individual thereafter as the scholar-
ship allocation strategy. The process for the GA is shown
in Process 1.

Process 1: Genetic algorithm process for scholarship allo-
cation (parameters for this work are in parentheses)

1: Initialize population ( p = 1000 with K = 20 bins each)
2: Evaluate �tness of each individual (where �tness is

enrollment count predicted by classi�er)
3: For each of G generations: (G = 20)
4: Keep subset of population with highest �tness (10%)
5: Use two-point crossover to �ll population
6: Mutate random bins of random individuals
7: Evaluate �tness of each individual
8: Use individual with highest �tness after G generations

4. RESULTS AND DISCUSSION
Using the methods described in Section 3, we developed a
predictive classi�er of student enrollment and used it in con-
junction with a genetic algorithm that optimized the alloca-
tion of a scholarship fund. Ultimately, the university saw a
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Table 1: Classi�er performance sorted by rank across all
metrics. Names of classi�ers are provided in Section 3.4.

Model Accuracy AUC F1-score

1. XGB 93.10% 0.846 0.905
2. RF 93.06% 0.848 0.901
3. MLP 93.01% 0.845 0.902
4. BC 93.05% 0.833 0.901
5. LR 92.96% 0.805 0.900
6. SVM 93.00% 0.780 0.900
7. KNN 92.80% 0.793 0.893

23.8% increase in enrollment yield after using our approach.
This resulted in millions of dollars of additional annual tu-
ition revenue. The following section presents these results
in greater detail in the same order as the methods.

4.1 Predicting Enrollment
Previous studies have shown the e�ectiveness of ML in pre-
dicting enrollment. We examined seven di�erent predictive
classi�ers for this task. We show the performance of these
classi�ers in terms of prediction accuracy, AUROC, and F1-
score in Table 1. We used the same observations as a test
set when comparing performance across classi�ers; for the
test set, the majority class represented 92.8% of observa-
tions (i.e. 7.2% of students in the test set eventually en-
rolled at the University). All classi�ers performed similarly
in terms of both accuracy and F1-score. Because of the large
class imbalance, there were only modest gains in terms of
accuracy over the majority class representation. Ensemble
classi�ers (RF, XGB, and BC) had the highest accuracies
while KNN performed on par with the majority class rep-
resentation (note: it was checked that the KNN model did
not predict that all observations were of the majority class).
The highest F1-score, meanwhile, was given by the XGB
classi�er, though it was not substantially higher than other
classi�ers.

We show ROC curves for the classi�ers in Figure 3. The gen-
eral shape of the ROC curves was similar across the classi-
�ers but with meaningful variation in AUROC. Speci�cally,
RF, XGB, and MLP tended to perform similarly in terms of
AUROC and had the highest AUROC values. This is in line
with previous work where neural networks tended to per-
form well when predicting enrollment, even without more
complex architectures in this case. That said, the ensemble
classi�ers performed similarly well for the task at hand.

Demographic data was not used in the models. Including de-
mographic variables in the prediction models would improve
predictive performance to some degree, albeit at the expense
of potential explicit discrimination with respect to recipient
characteristics. As such, we decided to exclude demographic
variables when building the classi�ers. While doing so lim-
its the degree of explicit discrimination, the possibility of
implicit discrimination remains - particularly with respect
to associations between demographics, income, geography,
and academics. Checking and controlling potential demo-
graphic imbalances is beyond the scope of this particular

Figure 3: ROC curves for enrollment prediction

work but was handled by stewards of the DNR scholarship
fund after optimization. It should again be noted that the
DNR scholarships were designated to be awarded in a merit-
based manner and �nancial need was not be considered in
the allocation process.

We examined classi�er performance across all metrics and
decided to use XGB when optimizing scholarship alloca-
tion. Prior to optimization, we calibrated the classi�cation
threshold for the prediction probability to the nearest one-
hundredth such that the number of students predicted to
enroll by the model was nearest to the actual enrollment
count. By calibrating the threshold in this manner, we used
a lower probability decision threshold (0.22) than the value
of 0.5 that is typically used in binary classi�cation. We un-
derstood that doing so came at the expense of an increased
rate of false positives (Type I error) but it also allowed for
the predicted enrollment counts to be closer to actual counts,
which was necessary when discussing predictions with ad-
ministrative stakeholders. We show the e�ects of this cal-
ibration in Figure 4, where the confusion matrix using the
standard classi�cation threshold of 0.5 is shown along with
the confusion matrix using the calibrated threshold of 0.22.

Of note from the confusion matrices is how well students who
did not enroll at the University could be identi�ed. On the
other hand, it was much more challenging to identify those
who would enroll. This speaks to the selectivity of the Uni-
versity in that many of the candidates who would not enroll
were simply those who were not accepted to the University
(students’ acceptance to the University was not included as

Figure 4: Confusion matrices for predicting enrollment us-
ing XGB and a classi�cation threshold of 0.5 (left) and a
calibrated classi�cation threshold of 0.22 (right)
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Table 2: Predicted enrollments after calibrating the classi�-
cation threshold for test data and all data (training + test
data).

Test Data All Data

Actual 1,032 5,081
Predicted 1,049 5,166

a feature during predictions). Concurrently, the di�culty
with identifying students who will enroll aligns with the
fact that these DNR students are applying to a university
that is away from their respective homes and social bases.
Also, those that are accepted to the University tend to be of
higher academic standing, giving them more potential col-
lege choices. Thus, the general likelihood of a DNR student
enrolling is di�cult to determine when considering potential
social factors and college options.

Lowering the classi�cation threshold resulted in predicted
enrollment counts in line with what was seen in the data,
as shown in Table 2. Calibrating the classi�cation thresh-
old also allowed for a greater number of true positives while
also balancing the number of false positives and false neg-
atives. We also examined the e�ect of similarly calibrating
the classi�cation thresholds when using the other ML clas-
si�ers and determined that using XGB would still be viable
for scholarship optimization.

4.2 Optimizing Scholarships
After we developed a model for predicting student enroll-
ment, we used a GA to design a scholarship disbursement
strategy. We used the GA in a setup with students grouped
in ventiles and each ventile receiving the same award amount.
The genetic material (awards for each ventile) for individ-
uals (allocation strategies) was altered for each iteration of
the GA and then �tness was determined. Fitness was based
on predicted enrollment after accounting for the violation
of constraints. Due to the application review timeline at
the University, we did not know which students of the 2018
entering class would be admitted and used the prior year’s
application data (2017) to develop a disbursement strategy.
Because the disbursement strategy relied on students being
grouped into ventiles, we applied it to the most recent en-
tering class after checking that the two classes were similar
across academic-related variables using paired t-tests and
chi-squared tests. Additionally, the binning strategy and
the use of ventiles alleviated concerns about the size of the
entering class as speci�c award amounts were disbursed to
proportions of the admitted class and not to a �xed count
thereof.

We show �tness (predicted student enrollment) measures
across the population of individuals for each generation of
the GA in Figure 5. As expected, the maximum, mean, and
median values of �tness increase across generations, though
these increases are much smaller for later generations. The
minimum �tness values for the population follow a similar
trend with some variation. All metrics eventually converge
to the predicted enrollment, which is shown as a percentage.
We intend to use Monte Carlo simulations in the future to
outline a distribution of likely enrollment counts during the

optimization process.

The exact award amounts for the DNR scholarship cannot be
disclosed due to University policy. Additionally, the percent-
age of students receiving scholarship awards was not consis-
tent across previous years. For example, in some years, 30%
of accepted DNR students may receive a scholarship while
in other years, 70% of accepted DNR students may receive
a scholarship. Furthermore, tuition charges change annu-
ally at the University. Thus, in an attempt to provide a
normalized measure for comparison across entering classes
without disclosing exact award amounts, we compare award
allocation strategies across time based on the discount on
tuition. For example, a student receiving a $5,000 schol-
arship when tuition is $20,000 receives a 25% discount on
tuition. We show previous allocations of the DNR scholar-
ship to scholarship-receiving students as a discount on tu-
ition in Figure 6. This discount on tuition factors in tuition
cost for a full-time DNR student but not additional living
or educational expenses (i.e. housing, food, books, etc). To
further illustrate the use of discount on tuition, when look-
ing at Figure 6, it can be seen that approximately 15% of all
scholarship-receiving students received an award that dis-
counted their tuition by 8-12% in 2014 while in 2017, ap-
proximately 60% of students received a similar award. For
each of the bands in Figure 6 (six bands per entering class),
only a single scholarship award amount �tting within a given
band was given to students for a single entering class. It is
apparent from examining previous allocations that the man-
ner in which the awards were historically allocated shifted
greatly from year to year. As noted previously, these pre-
vious allocations were determined by a external consulting
services and we could not leverage their underlying approach
or insight in this work.

We also show the scholarship allocation strategy for the
2018 entering class (for which the scholarship disbursement
was optimized in this project) in Figure 6. This strategy
tended to favor smaller scholarships, which aligns with the
optimized allocation strategy that Sarafraz et al. reported
[19]. In fact, scholarship stewards had initially placed a
lower limit on the scholarship awards ( Smin ) during model-
ing, which was equal to the lowest scholarship amount that
had historically been awarded to students. This lower limit
was between a 8-12% discount on tuition. After we discussed
preliminary results of the optimization and the e�ectiveness
of smaller awards with the scholarship stewards, it was deter-
mined that the lower limit on the awards would be changed

Figure 5: Fitness measures across generations of genetic al-
gorithm. Fitness was equivalent to predicted enrollment.
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Figure 6: Historical scholarship allocations for the DNR scholarship. The highlighted year (2018) shows the optimized
scholarship allocations from this work. Upper bounds for the bins indicating discounted tuition are inclusive. Percentages of
students given awards are percentages of award-receiving students only.

Table 3: Historical, predicted, and actual yields after schol-
arship disbursement.

Timeframe Yield % Increase

Historical 2014-2017 10-12% N/A

Predicted 2018 13.9% 15.8%
Actual 2018 14.8% 23.3%

to Smin
2 . Thus, the 2018 entering class had some scholar-

ship awards that were lower than those received by previous
entering classes. These lower awards discounted tuition by
4-8%. It is also noteworthy that the optimized disbursement
strategy gave a distribution of awards that was right-skewed
(with more of the awards being lower in value), in contrast
to previous allocation strategies, which were predominantly
left-skewed (with more of the awards being higher in value)
or near uniform. This speaks to the idea that smaller schol-
arships awarded to students of lower merit may be more ef-
fective than larger scholarships are for those of higher merit
(keeping in mind that students who received smaller awards
were also of lower merit for this merit-based scholarship).
This aligns with intuition that those with higher academic
pro�les have more college options and require additional re-
cruitment, be it additional �nancial aid or in some other
form. It could also relate to the idea that higher-performing
students come from more advantaged socioeconomic back-
grounds, thereby diminishing the e�ect a scholarship may
have on their enrollment decisions.

After we developed the scholarship distribution strategy for
the 2018 entering class, the University distributed scholar-
ship awards to admitted DNR freshmen. We then waited
as these students indicated their enrollment decisions a few
months later. In recent years, the yield for DNR students at
the University was about 10-12% with little/no increase, as
veri�ed by scholarship stewards, where \yield" refers to the
percentage of admitted students who enrolled at the Uni-
versity. Historical yields were not based on an un-optimized
or randomized scholarship allocation strategy but were the
product of the scholarship allocations derived by external
consulting services. Thus, because we were comparing the
results from our approach to those from a previously opti-
mized strategy (and not an un-optimized or random alloca-
tion strategy), we expected to see a modest improvement,

if any at all. Instead, we saw a much higher increase in
yield. Table 3 shows the historical yields, the predicted yield
based on our optimized approach, and the actual yield based
on student enrollment for the 2018 entering class. When
comparing to the upper bound on historical yield (12%),
we anticipated that the scholarship optimizations would in-
crease student yield by 15.8% (12% to 13.9%) based on the
enrollment numbers we had seen during the optimizations
(which was computed using XGB and the calibrated clas-
si�cation threshold). In reality, yield increased by 23.3%.
This amounted to hundreds of additional students enrolling
with each paying tens of thousands of dollars annually in tu-
ition. There was also no discernible di�erence between the
academic aptitude of students from the 2018 entering class
and years prior. Overall, the net e�ect was an increase in
millions of dollars in annual tuition revenue for the Univer-
sity. The University has since incorporated our approach
into their enrollment modeling process for future disburse-
ments of this scholarship fund. Of note is that yields are
based on proportions of students that enrolled and the size
of the entering class makes little di�erence when compar-
ing yields. The University also admitted roughly the same
percentage of DNR students as years past and nearly all
conditions during the application process were identical to
previous entering classes. That said, the degree to which
this increased yield can be causally attributed to the schol-
arship optimizations warrants further investigation. This
may be in the form of A/B testing or some other controlled
experiment.

5. CONCLUSIONS
In this work, we show how existing data at a university can
be used to improve enrollment management. We combine
machine learning with numerical optimization and use stu-
dent application data at a public university to optimize a
scholarship fund. We �nd that the optimized approach in-
creased student enrollment and generated millions in tuition
revenue. Our approach has been incorporated into the uni-
versity’s enrollment forecasting.

We show that ensemble classi�ers can give strong perfor-
mance when predicting enrollment and we use a binning
strategy based on student merit to make the optimization
task more tractable. This strategy eliminated the need for
per-student optimizations, thereby limiting the complexity
of the �tness landscape during optimization. After optimiza-
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tion, we see that smaller scholarship awards work better for
maximizing enrollment. In all, the University had histori-
cally seen little/no increase in enrollment yield and we pro-
jected that our optimized approach would increase yield by
15.8%. In reality, enrollment yield increased by 23.3%.

Universities are at the forefront of training the next genera-
tion of data scientists and developing data-centric tools and
techniques. However, they are far behind in applying data
science to their own administrative data and processes. This
project attempted to move them in this direction. Using a
suite of machine learning tools, we were able to increase a
university’s revenue from a scholarship fund by millions of
dollars. We think there are many similar opportunities to
harness the power of data science in the realm of education
administration, especially in resource allocation.
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ABSTRACT 
Online courses often include discussion forums, which provide a 
rich source of data to better understand and improve students’ 
learning experiences. However, forum messages frequently contain 
private information that prevents researchers from analyzing these 
data. We present a method for discovering and redacting private 
information including names, nicknames, employers, hometowns, 
and contact information. The method utilizes set operations to 
restrict the list of words that might be private information, which 
are then confirmed as private or not private via manual annotation 
or machine learning. To test the method, two raters manually 
annotated a corpus of words from an online course’s discussion 
forum. We then trained an ensemble machine learning model to 
automate the annotation task, achieving 95.4% recall and .979 AUC 
(area under the receiver operating characteristic curve) on a held-
out dataset obtained from the same course offered 2 years later, and 
97.0% recall and .956 AUC on a held-out dataset from a different 
online course. This work was motivated by research questions 
about students’ interactions with online courses that proved 
unanswerable without access to anonymized forum data, which we 
discuss. Finally, we queried two online course instructors about 
their perspectives on this work, and provide their perspectives on 
additional potential applications. 

Keywords 

Text anonymization; discussion forums; online learning. 

1.! INTRODUCTION 
Online education is an essential part of many university programs 
[12] and has many potential benefits, such as convenience, 
scalability, and lower cost for both students and institutions. 
However, personal connections and discussions with fellow 
students could be quite negatively impacted if there are no 

opportunities for students to interact with each other as they can 
easily do in face-to-face classes. Hence, many online courses 
include optional or required discussion forums, in which students 
can talk about course content or connect with each other. For 
researchers, the textual contents of these forums is a valuable 
source of knowledge for understanding more deeply how students 
experience learning in online environments (see studies such as [4, 
6, 8, 11, 16, 18, 23, 26, 37]). A significant barrier to analyzing the 
contents of these forums is the private nature of information 
students can and do disclose to each other, such as names, 
affiliations, locations, and contact information. Analyzing these 
data often requires anonymization before researchers can ethically 
and legally access the data for analyses. In this paper, we propose 
and evaluate a method specifically designed for anonymizing 
student-generated text in discussion forums. 

There are various types of identifying information students share 
on discussion forums. Some are relatively straightforward to 
remove, such as phone numbers and email addresses, which follow 
a relatively limited set of formatting patterns. Others are less 
predictable – especially the names of people and places, which can 
appear in various forms (e.g., nicknames), overlap with dictionary 
words (e.g., May, Lane, Bob), or refer to entities not listed in course 
rosters (e.g., family members, locations). For example, one student 
in data we analyzed posted potentially identifying information 
about a pet:  

“Hello [REDACTED], I am also a pet lover. I have a 
[REDACTED] schnauzer, whose name is [REDACTED]. 
What's your work at the dog kennel? How many puppies 
are there in the kennel? It seems lots of fun!” 

While other students refer to themselves or others by alternate 
names, as in the case of this student: 

“Hi guys,My name is [REDACTED], but I prefer to be 
called [REDACTED]. I was born and grew up in 
[REDACTED], but I moved to [REDACTED] when I was 
in 7th grade.” 

Moreover, students frequently misspell identifying and non-
identifying information (e.g., “Battlestar Gallactica”, “When we 
icnrease entropy does it change delta G as well?”), which – 
combined with grammatical errors – resulted in relatively poor 
anonymization quality in our early efforts built on named entity 
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recognition software. Hence, we sought more robust methods to 
detect identifying information to be redacted. 

Identifying information can occur in forums when students 
organize study groups, address questions and answers to each other, 
and other situations. Students may receive meaningful benefits 
from exposing private information online – for example, if it 
enables them to connect more closely with peers they may never 
meet offline. Examples such as those above are especially common 
in introductory discussion forums at the beginning of courses, 
where students get to know each other. However, the presence of 
identifying information prevents researchers at many academic 
institutions offering online courses from analyzing forum data (at 
least without individual permission from each student), and thus 
from enhancing student learning experiences through applications 
of research. We focus on this problem for the specific case of 
university-level online courses, of which there are many, and 
propose an automated text anonymization solution that rivals 
human accuracy, despite the variance in form, content, and spelling 
inherent in student-generated text. 

1.1! Privacy Concepts and Anonymization 
Strategies for Text 

There is a large body of previous research on removing identifying 
information from text. A primary focus of prior work has been 
specifically on removing names and identifying information from 
medical records (see [24] for a review). One of the earliest methods 
employed a template-matching approach to find names, addresses, 
phone numbers, and other identifying information in medical 
records (e.g., notes written by doctors) [35]. Later research with 
similar methods has shown that template-matching approaches can 
be quite accurate in held-out (unseen) medical records data, 
achieving a recall of .943 [28], which compared favorably to inter-
human agreement on the same data. 

Early work on anonymizing text also led to the concept of k-
anonymity [33, 34], in which a formal guarantee is made for a 
particular dataset that every person in that dataset is 
indistinguishable from k-1 or more other people in the dataset. This 
has resulted in additional text anonymization research that goes 
beyond names of people and places to include identifying 
characteristics such as specific diseases and treatments that may be 
sufficiently unique to reduce k with some effort [3]. In general, 
these works utilize lists of known names and forms of names (e.g., 
“Dr. [name]”) to identify words for removal in text – forms which 
are used infrequently in online course discussion forums – and tend 
to focus on the unique needs of medical literature anonymization. 

Named entity recognition (NER) is another closely-related field 
that focuses on finding and classifying names in text [25]. Modern 
NER approaches typically rely on machine learning to discover 
names in text by learning from large corpora of annotated or 
partially-annotated text. In theory, NER can be applied for 
anonymization purposes by finding names and removing or 
replacing those from classified categories of interest (i.e., people, 
places, and organizations that may be employers) [10]. However, 
modern NER systems are typically trained on large amounts of data 
that differs considerably from discussion forum data (e.g., the entire 
contents of Wikipedia), and do not generalize well to new domains 
[20, 21]. 

Previous research has also studied privacy and anonymity in 
structured data (e.g., directed graphs, tabular records) that is 
relevant to forum anonymization. For example, social network 
analysis shows that individuals in one social network can be 

identified in another network based on who they interact with [27], 
which might occur across course discussion forums. The network 
of semantic and stylistic relationships between words can also 
identify individuals from text data [2, 5]. Such connections have 
led to the concept of differential privacy. Differential privacy is one 
of the strongest types of data privacy [14], which guarantees that it 
is impossible to determine whether or not a query individual’s data 
was included in a given dataset or result. While we do not propose 
providing such a strong guarantee for anonymizing discussion 
forum text for research analyses – given the need for obfuscating 
much of the text that could be needed for analyses (e.g., person-
specific sentiment words) – we instead propose a set of goals that 
allow well-intentioned researchers to access data with minimal 
exposure to identifying information. 

1.2! Novelty of the Problem 
Our method for automatically anonymizing discussion forum text 
aims to satisfy several goals needed for practical application. 
Specifically, the automatic method should: 

1)! Achieve accuracy similar to human accuracy, if it is to be 
used as a replacement for manual annotation 

2)! Not require annotation of large amounts of domain-
specific text data for development or validation 

3)! Not rely on lists of student names, which may be 
unavailable (as was the case in our work), may not 
capture the diversity in naming conventions of students 
from various cultures, and may not capture nicknames 
frequently used by students 

Approaches relying on NER methods satisfy goals 1 and 3 well, but 
not goal 2. Conversely, approaches developed for the needs of 
medical record anonymization typically satisfy goal 1 and 
potentially goal 2 (though this has not been well tested and may not 
be the case if the style of medical text differs notably from online 
discussion forum text), but typically do require information such as 
lists of individual’s names, and do not satisfy goal 3. 

The approach we propose here satisfies the three goals outlined 
above, utilizing a set-theoretic approach to drastically reduce the 
burden of manual annotation and machine learning to further 
automate the manual annotation process. 

2.! ANONYMIZATION METHOD 
The anonymization procedure consists of three broad steps (see 
Figure 1 for an overview). First, we extract a set of possible name 
words from the discussion forum text. Second, we classify possible 
names as either actual names or not names, via manual annotation 
or machine learning. Third, we remove the identified names from 
text, along with other likely identifying information that can be 
found via regular expressions, including emails, URLs, and phone 
numbers. 

2.1! Data Collection 
We obtained discussion forum text data from two online courses 
offered at a large, public university in the Midwestern United 
States. The first course (course 1) was an elective STEM course 
offered using the Moodle learning management system [13], while 
the second course (course 2) was an introductory STEM course that 
was required for students in some majors and was offered using the 
LON-CAPA learning management system [22]. Discussion forum 
participation was a required, graded component of both courses, 
and students were quite active in the forums. We obtained two 
semesters of course 1 data separated by two years and one semester 
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of data for course 2. In the first semester of course 1 there were 
14,082 posts made by 226 individuals – including the instructor, 
whose identity and forum posts also need to be anonymized. In the 
second semester of course 1 there were 9,217 posts made by 295 
individuals, and in course 2 there were 930 posts made by 78 
individuals. Forum activities consisted of personal introductions, 
questions about and discussions of topics in the course, team 
formation/coordination for group projects, and others. 

We developed the anonymization method by examining the largest 
dataset (the first semester of course 1, referred to as training data) 
and utilized the remaining two datasets as completely unseen held-
out testing data. The second semester of course 1 (referred to as 
holdout 1) provides a test of generalization of the method over time, 
while course 2 (referred to as holdout 2) serves as a test with a 
different course topic, learning management system, and instructor. 

We obtained approval from our institutional review board and the 
instructors of the courses before collecting and analyzing data. 
However, we were only permitted to access anonymized data for 
analyses. Hence, we developed the anonymization method in 
cooperation with university data warehouse staff, who ran code for 
analyses on original forum data and shared the anonymized results. 

2.2! Narrowing the List of Possible Names 
There are several possible categories for each word (sequence of 
consecutive non-whitespace characters, after removing 
punctuation) in a discussion forum post. The word may be an 
identifying name referring to a person or a place, an English word1, 
a misspelling, or a non-English word (e.g., numbers, other 
languages). The most challenging and time-consuming aspect of 
anonymization is to determine whether a particular word is 
identifying or not. We applied a set-theoretic approach to 
drastically reduce the scope of the problem, narrowing down the 
list of all words in forum posts to a small subset of possible names, 
which are then much less time-consuming to annotate. 

The top row of Figure 1 illustrates the possible name extraction 
process. We started with a dictionary of over 100,000 English 
words [36], including common loanwords, and removed any words 
that overlapped with a list of over 23,000 cities, political regions, 
and countries (words such as South, New, etc. that were part of 
place names)2. We then also removed any words from the 
                                                             
1 This paper focuses on English-language text. However, the 

method could be repeated for other languages by replacing 
English-specific components (e.g., the dictionary) with another 
language. 

dictionary that overlapped with a list of over 7,000 first and last 
names obtained from U.S. census data. Thus, the dictionary 
contained only words that were not the names of people or places – 
words like wormhole and dalliance, but not so or will. We then 
removed these non-name dictionary words from the list of all 
unique words in discussion forum posts, leaving only possible 
names. 

2.3! Feature Extraction 
We extracted various features to help both human annotators and 
machine learning models classify each possible name as a name or 
non-name word. Features can be categorized into two basic types: 
densely-distributed ad hoc features and sparsely-distributed word 
presence features. Ad hoc features calculated for each possible 
name consisted of: 

•! Count of occurrences 

•! Word index in the first post where the word was used 

•! Count of words in the first post where the word was used 

•! Proportion of occurrences where the word was 
capitalized 

•! Proportion of occurrences where the word was at the 
beginning of a sentence 

•! Proportion of mid-sentence occurrences (not at the 
beginning of a sentence) where the word was capitalized 

•! Proportion of occurrences where the word was mid-
sentence and capitalized 

•! Whether the word was a dictionary word or not (before 
modifying the dictionary) 

•! Whether the word was in the U.S. census list of 
first/middle names 

•! Whether the word was in the U.S. census list of last 
(family) names 

•! Frequency of the word in the U.S. census list of 
first/middle names 

2 Obtained from http://www.geonames.org 

 

 
Figure 1. Anonymization method overview. Grey boxes indicate data, blue boxes indicate processing steps. Minus signs indicate 
set subtraction. 
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•! Frequency of the word in the U.S. census list of last 
names 

•! Whether the word was in the list of world cities 

•! Whether the word was in the list of political regions (e.g., 
states, territories) 

•! Whether the word was in the list of countries 

•! Count of dictionary words that were within one edit 
(deletion, insertion, replacement, or transposition) of the 
word 

•! Count of dictionary words that were within two edits of 
the word 

The list of ad hoc features resulted from several rounds of error 
analysis and iterative refinement, which was necessary to reach 
classification accuracies comparable to human raters. Feature 
development proceeded approximately in order of complexity. Our 
original features consisted of the simplest ideas such as the count 
of occurrences. Complex features, such as the proportion of 
capitalized mid-sentence occurrences, resulted from examining 
prediction errors from models with simpler features. While this 
process may have resulted in over-fitting the feature extraction 
process to training data, we made no adjustments to features for 
final evaluation on the holdout datasets (see description of dataset 
annotation below). 

Word presence features indicated the presence or absence of a 
particular word within the 10 most common words preceding the 
possible name word, which we refer to as context words, among all 
of its occurrences across forum posts. We tracked the most common 
context words separately for capitalized mid-sentence occurrences, 
capitalized occurrences, and all occurrences. This separation helps 
to determine whether common dictionary words like “hope” were 
also names. Word presence features consisted of a 1 if a particular 
word appeared in the ten most common context words for the 
possible name in question, and a 0 otherwise. Word presence 
features captured things like if a word was preceded by “hi” or 
“hello” – words which tended to indicate the presence of a name. 
We limited these features to the 25 most common overall context 
words, yielding 75 total context word presence features (since there 
were 3 capitalization conditions). Additionally, we included an 
“other” count category for all less-common context words, yielding 
another three features (one for each capitalization condition). For 
example, the words “tea” and “coffee” might occur among the 10 
context words for a particular possible name, but be too infrequent 
across all possible names to rank in the top 25; we would thus count 
these both as “other” and calculate features for the number of 
“other” words in the context words for that particular name, the 
number of capitalized “other” words, and the number of “other” 
words capitalized in the middle of a sentence. Thus there were 95 
features in total: 17 densely-distributed and 78 sparsely-distributed. 

2.4! Manual Annotation of Possible Names 
Two raters iteratively annotated possible names derived from the 
training data, checked agreement, and updated an annotation 
scheme to resolve patterns of common disagreement. Annotators 
had access to features listed above, as well as the possible names 
themselves. They did not, however, have access to the actual forum 
posts nor to associated possible name pairs (first and last names 
together), thereby mitigating unnecessary exposure to possible 
identifying information. 

In the first round, raters annotated 200 randomly-selected possible 
names as either names, non-names, or unknown. Of these 200, they 
annotated 10 as unknown. The annotation guide was subsequently 
revised to remove the unknown category, since ultimately a 
name/non-name decision must be made for anonymization, and to 
clarify unknown cases. Unknowns primarily consisted of famous 
individuals’ names (e.g., Obama), which we classified as names out 
of an abundance of caution. For the remaining 190 cases, the raters 
achieved 87.4% agreement and Cohen’s ! = .734 (confidence 
interval = [.634, .833]). 

Raters annotated a different set of 200 randomly-selected possible 
names in the second round to test the updated annotation guide. 
They achieved 89.5% agreement and ! = .773 (confidence interval 
= [.681, .865]). After this round we added the mid-sentence 
capitalization features described above, to help disambiguate 
disagreements noted by the raters. 

Raters completed a third round of annotation to test the final 
annotation guide, achieving 92.7% agreement and ! = .842 
(confidence interval = [.820, .864]) on all 2,588 instances in the 
training data, indicating excellent agreement [7]. After this round 
they also annotated a sample of 650 randomly-selected possible 
names from the holdout 1 dataset, though we removed 50 of these 
when we later discovered that they were erroneously included due 
to UTF-8 encoding issues. This left a holdout sample of 600 
possible names, which we deemed sufficient to produce a tight 
confidence interval for agreement, given the confidence intervals 
previously obtained with just 200 possible names. On the holdout 
1 dataset the raters achieved 93.8% agreement, with ! = .864 
(confidence interval = [.823, .907]), indicating that they were able 
to apply the annotation guide to a new dataset with at least as much 
agreement as the original dataset. Finally, raters discussed each of 
their disagreements to reach a definitive name/non-name label for 
each of the 600 possible name instances in holdout 1. 

A single rater annotated a sample of 600 possible names in the 
holdout 2 dataset as well. Given the excellent agreement between 
raters, we deemed a single rater sufficient for this task. Specifically, 
the more conservative rater (higher recall; see rater comparison in  
Table 1 results) annotated the holdout 2 dataset. 

The final data thus consisted of 2,588 labeled instances in the 
training dataset (35.5% annotated as names), 600 in holdout 1 
(36.0% annotated as names), and 600 in holdout 2 (44.5% 
annotated as names), which we used to train and validate the 
automatic name classification procedure. 

2.5! Name/Non-name Classification 
The process of extracting possible names greatly reduces the 
burden of manual annotation and limits raters’ exposure to 
identifying information. We sought to further reduce these 
concerns by automating the classification step. 

We evaluated two quite different machine learning approaches and 
ultimately combined them via decision-level fusion. The first 
classification algorithm was Extra-Trees [15], which is a variant of 
Random Forest that trains multiple trees (500 in our case) based on 
random subsets of data, and adds further randomness by choosing 
random points at which to divide the data in feature space. Extra-
Trees makes no strict assumptions about data distribution, and thus 
works well for the features in this paper, which include densely- 
and sparsely-distributed features with vastly different ranges and 
distributions. Moreover, Extra-Trees has inherent feature selection 
(dimensionality reduction) capabilities, since irrelevant features 
can simply be ignored when constructing each tree. We utilized the 
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implementation of Extra-Trees available in scikit-learn for this 
model [30]. 

The second approach we evaluated was a deep neural network 
(DNN) implemented with TensorFlow using the stochastic gradient 
descent optimizer [1]. We developed a custom structure for the 
DNN to suit the specific properties of the problem (Figure 2). The 
feature space is relatively large (95 dimensions) for a model with 
no inherent dimensionality reduction capabilities, so we added 
regularization to constrain model complexity. The densely- and 
sparsely-distributed features call for different regularization 
methods, however. Several of the densely-distributed features were 
highly correlated, and the number of features (17) was relatively 
small. Thus, we applied L2 regularization for densely-distributed 
features [29]. Conversely, we applied L1 regularization to the 
sparsely-distributed features, of which there were many (78), since 
L1 pushes the weight of irrelevant features toward 0. We then 
concatenated the post-regularization outputs of fully-connected 
layers for densely- and sparsely-distributed features, and stacked 
additional fully-connected layers (which were regularized via 
dropout [31]). Finally, we added a fully-connected sigmoid 
activation output layer (i.e., logistic regression) to predict name or 
non-name. 

We evaluated models via nested four-fold cross-validation on the 
training dataset. In this approach, we randomly selected 75% of 
instances (possible names), trained a model on those instances, and 
tested it on the remaining 25% of instances. We repeated the 
process three more times so that each instance was in the testing set 
exactly once. During training, we weighted false negative errors 
(incorrectly classifying a name as a non-name) twice as heavily as 
false positive errors (incorrectly classifying a non-name as a name), 
since we were more concerned about missing identifying 
information than about accidentally removing non-identifying 
words. False positive errors might adversely affect some analyses 
(e.g., if the word “joy” was mistaken for a name, thereby changing 
the result of sentiment analysis), but would not harm student 
privacy. 

We tuned hyperparameters (model settings) for both models via 
nested cross-validation, in which we tested different 
hyperparameters and selected the best combination of 
hyperparameters based on cross-validated mean squared error. 
Note that this step took place nested within training data only, via 
4-fold cross-validation within the training data of the outer 4-fold 
cross-validation loop, so that hyperparameters were not selected 
based on test set accuracy. 

For the Extra-Trees model, we tested hyperparameters consisting 
of the minimum number of instances required for each leaf of the 
tree (values of 1, 2, 4, 8, 16, or 32) and the maximum proportion of 
features to consider when creating each tree branch (values of .25, 
.5, .75, or 1.0). For the DNN, we searched hyperparameters 
including the number of neurons in each hidden layer (2, 4, 8, 16, 
or 32), L2 regularization strength (.1, .01, or .001), L1 
regularization strength (.1, .01, or .001), dropout regularization 
strength (0, .25, or .5), number of hidden layers after the 
concatenation layer (0, 1, 2, or 4), and the learning rate (.01, .001, 
or .0001). The hyperparameter search space consisted of the cross 
product of these values (i.e., grid search). Hence, training was time-
consuming (several days), but the trained models can be applied to 
an entire course’s data in less than 10 seconds. 

Finally, we re-trained the models on all training data and applied to 
the held-out dataset. We then combined model predictions to form 
a decision-level fusion model by simply averaging Extra-Trees and 

DNN predictions, for both cross-validated training set predictions 
and holdout predictions. 

2.6! Removal of Identifiers 
After names have been identified via manual annotation or 
automatic classification, removal of identifying information is 
relatively straightforward. First, we removed potential identifying 
information that follows known regular expression patterns, 
consisting of email addresses, URLs, phone numbers, and other 
numbers – which we removed in case they might represent things 
like social security numbers or other identifiers. As noted in 
previous research [35], such information can be identified with 
essentially 100% accuracy via pattern matching, and the 
challenging cases are names, nicknames, misspellings, and other 
name variants that we focus on in this paper. We replaced each 
pattern match with a placeholder (e.g., phone_placeholder) so that 
they could potentially serve as context words for name 
classification or be measured during analyses of forum content. 
Second, we replaced all identified name words with a placeholder, 
regardless of capitalization (see Error Analysis sections below for 
measures of how much this may result in non-name words being 
accidentally removed). 

3.! CLASSIFICATION RESULTS 
We evaluated machine learning results in terms of common 
accuracy metrics below, but also compared human raters to 
evaluate the utility of the automatic approach as a replacement for 
manual annotation. 

3.1! Machine Learning Accuracy 
Table 2 contains key results of the automatic name classification 
method. Overall, results show that the models were highly accurate, 
reaching area under the receiver operating characteristic curve 
(AUC) as high as .981 in cross-validated evaluation on the training 
data, .979 on the holdout 1 dataset, and 956 on the holdout 2 dataset. 
AUC ranges from 0 to 1, where 1 indicates perfect classification 

 
Figure 2. Custom DNN structure. Elements marked in bold 
were hyperparameters (number of neurons, regularization 
strength, or number of layers) tuned via nested cross-
validation. 
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accuracy, 0 indicates completely incorrect classification, and .5 
indicates random chance level. Thus, these results indicate models 
were accurate and generalized well from training data to the 
holdout data from 2 years later as well as the holdout data from 
another course. 

We evaluated models with several different classification metrics 
in an effort to uncover any particular ways in which the method 
might be failing, but our primary concern was the number of false 
negatives – that is, the number of names misclassified as non-
names. The decision-level fusion model yielded the lowest number 
of false negatives in each dataset (37, 10, and 8 for training, holdout 
1, and holdout 2 respectively), and thus we intend to apply this 
model for practical use, though both of the individual models 
exhibited high accuracy as well. 

The machine learning results also compare favorably to examples 
of previous work on anonymization of medical literature. In one 
study [28], researchers reported .967 recall on a training dataset 
(versus .960 for our decision-level fusion model) and .941 recall in 
a holdout testing set (versus recalls of .954 and .970 for our fusion 
model across the two holdout datasets). Moreover, our method did 
not require a dataset-specific list of names, as is common in 
previous work. While results are not exactly comparable, since base 
rates and predicted rates may have differed, they are strongly 
indicative of similar accuracy. 

3.2! Comparison to Human Raters 
Measuring annotation agreement between two human raters is one 
way to determine how “difficult” a task is, and whether a machine 
learning solution is close in accuracy. We computed machine 
learning model accuracy by comparing predictions to the resolved 
set of labels produced by raters; here we compare raters (pre-
resolution) to each other. Since neither rater necessarily represents 
the ground truth more than the other, we computed comparison 
metrics alternately treating each rater as the ground truth.  

Table 1 shows these results computed with the same accuracy 
metrics as the machine learning model, using the holdout 1 dataset. 

Results show that the machine learning method was close to, and 
in some respects equally as accurate as the human raters. Recall and 
false negatives (FN) are especially important to consider for 
minimizing the risk of identifying information being revealed, and 
both showed that the fusion machine learning model (recall = .954, 
FN = 10) was close to or better than human accuracy depending on 

 
Table 1. Details of human raters' agreement, treating each 
rater as ground truth individually to allow comparison to 
machine learning accuracy on the same task. AUC refers to the 
minimum proper AUC (calculated via linear interpolation with 
a single point) because raters provided only yes/no annotations, 
not probabilities. 

 Ground truth 

 Rater 1 Rater 2 

FN 30 7 

FP 7 30 

AUC .945 .923 

Acc (% agreed) 93.8% 93.8% 

Cohen’s ! .864 .864 

Precision .864 .964 

Recall .964 .864 

Base rate .360 .360 

N 600 600 

 

Table 2. Name vs. non-name classification results. FN indicates false negatives (names classified as non-names) and FP indicates false 
positives (non-names classified as names). Precision and recall refer to the positive (name) class. Acc refers to the percentage correctly 
classified. 

Model FN FP AUC Acc Cohen’s ! Precision Recall Base rate N 

Cross-validated training data       

Extra-Trees 52 202 .971 90.2% .793 .811 .943 .355 2588 

Custom NN 37 157 .981 92.5% .841 .849 .960 .355 2588 

Fusion 37 173 .980 91.9% .828 .836 .960 .355 2588 

Holdout course 1 (later semester)       

Extra-Trees 10 56 .976 89.0% .772 .786 .954 .360 600 

Custom DNN 11 55 .975 89.0% .771 .788 .949 .360 600 

Fusion 10 54 .979 89.3% .778 .792 .954 .360 600 

Holdout course 2 (different course)       

Extra-Trees 11 54 .950 89.2% .784 .826 .959 .445 600 

Custom DNN 16 61 .950 87.2% .744 .805 .940 .445 600 

Fusion 8 54 .956 89.7% .794 .827 .970 .445 600 
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which rater we considered as ground truth (recall .864 or .964, FN 
= 30 or 7). Note, though, that for cases where algorithmic recall 
exceeds human rater recall, human rater precision is 
correspondingly better since it is reciprocal with recall when 
treating a single rater as ground truth. In terms of !, human raters 
do seem likely to be superior to the machine learning fusion model 
(! = .864 versus .778). Thus, for some sensitive applications of the 
method, human raters may be needed. However, the fusion model 
primarily makes false positive (FP) errors, which are less of a 
privacy concern than FN errors. 

The difference in FN between raters (FN = 7 versus 30) also 
indicates that there was some inconsistency in terms of tendency of 
one rater versus the other to make a classification of name or non-
name. This is one potential advantage of making continuous-valued 
predictions (probabilities, in this machine learning case) of name 
versus non-name, because it allows setting a threshold. For human 
raters, thresholds are implicit but not easily or specifically 
controllable. As noted previously, we weighted false negative 
errors twice as heavily as false positive errors, though that is a 
parameter that could be adjusted for the particular needs of a 
dataset. 

4.! HOLDOUT 1 (LATER SEMESTER) 
ERROR ANALYSIS 

We conducted an analysis of cases where machine learning 
predictions were incorrect, focusing on the decision-level fusion 
model applied to the holdout 1 dataset. Analysis of false negatives 
is important to discover the severity of cases where names are left 
unredacted, while analysis of false positives is important to 
quantify the amount of text that will be unnecessarily anonymized 
(replaced with placeholders). 

4.1! False Negatives 
False negatives are the most serious errors, since they may result in 
identifying information being revealed. There were 10 false 
negatives, which we examined to determine how serious these 
errors might be and to determine why they might have occurred. 
Human raters disagreed on 6 of the 10 words (and they only 
disagreed 37 times total – see  
Table 1), and only agreed to classify those 6 as names after 
discussing. This indicates that these were exceptionally difficult 
cases, even for humans. Furthermore, the machine learning method 
made similar false negative errors as human raters. 

Of the 10 false negatives, there were 2 dictionary words (“long” 
and “mercy”), which may have indeed not been names. One of the 
10 was the name of an entertainment company, which may have 
been an identifying characteristic (an employer) or, more likely, 
simply a reference to entertainment. Similarly, one was a name 
from a famous television show, and one was the name of a U.S. 
national park. The remaining words included a concatenated 
combination of words that was likely a filename but could have 
been a username, two non-English words, one name that seems 
likely to be a person’s first name (though it appeared only once in 
a forum post and was not capitalized), and one possible last name. 

In sum, while there were several false negative predictions, 
examination of these cases reveals that even human raters initially 
disagreed for most of them and that it is quite possible that most of 
them, except probably the apparent last name, are indeed not 
names. 

4.2! False Positives 
While false positive errors are less serious, since they do not 
compromise identity, they do pose a challenge to subsequent 
analysis of forum text if important words are removed (e.g., words 
that might indicate sentiment, like “joy”). 

The decision-level fusion model made 54 false positive errors. We 
observed several broad categories that capture most of these 
instances. First, we observed several geographical regions (e.g., 
“Africa”, “European”) that were too broad for our definition of 
identifying information – which was restricted to political regions 
– or even extraterrestrial (e.g., “Ganyemede”). Second, there were 
misspellings (e.g., “hellium” instead of “helium”), most of which 
were correctly identified as non-names but a few of which were not. 
Third, there were abbreviations such as “NBA” and “DOI”. Fourth, 
there were references to popular culture, such as “Overwatch” and 
“Kerbal”, which are indeed names but not identifying information. 
Finally, there were several domain-specific words, which we do not 
include as examples to avoid unintentional identification of the 
course from which data were collected. 

Among these false positives, the most commonly-occurring word 
occurred just 26 times in 9,217 posts (the total size of the dataset 
from which holdout 1 data were sampled), most occurred only 
once, and all false positives combined appeared 191 times in those 
posts. This indicates that even though some non-name words were 
mistakenly removed from posts, the impact on the overall text was 
minimal. 

5.! HOLDOUT 2 (NEW COURSE) ERROR 
ANALYSIS 

We performed similar analyses of classification errors for the 
holdout 2 dataset. However, it was not possible to compute inter-
rater disagreement for the misclassified cases in holdout 2 because 
only one rater performed annotations. 

5.1! False Negatives 
There were just 8 FN errors among the 600 possible names in the 
holdout 2 dataset. Of these eight, three were abbreviations for 
university-specific terms, including a building name, a college 
(collection of university departments) name, and the name of a 
major. A further three FN errors were slang terms for large 
metropolitan areas with populations over 4 million. One was half 
of a misspelled two-word city name, and the last was a local street 
name. 

None of the FN errors in this dataset were student names. The most 
serious errors are perhaps the university-specific terms, which 
could narrow down the identity of students when combined with 
other factors. However, in isolation (or even combined with each 
other) these terms match hundreds or thousands of students, and 
thus do not pose a likely risk for researchers hoping to analyze 
forum data. 

5.2! False Positives 
There were 54 FP errors in the holdout 2 dataset, which differ 
somewhat from the FP errors observed in holdout 1. Course 2, from 
which holdout 2 data were collected, utilized Roman numerals for 
assignment numbers, which were frequently mistaken for names. 
Additionally, the domain-specific content of course 2 required 
students to discuss a large number of letter combinations (strings) 
that do not represent words, and which were also often mistaken for 
names. 
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Like holdout 1, there were several misspellings mistaken for names 
in holdout 2 results. For example, “callender” (calendar), “hewlp” 
(help), and “ssolid” (solid) were FP errors. However, these account 
for very few redactions since these misspellings occurred only 
infrequently. The most notable FP was the word “my”, which 
occurred 293 times in the 930 posts in the holdout 2 dataset. 
Surprisingly, “My” was capitalized in 32.1% of its occurrences, 
including 15.4% of occurrences in the middle of sentences. This 
was somewhat unexpected, but appears to have frequently occurred 
when students did not punctuate the end of sentences and instead 
used line breaks (which we did not consider as end-of-sentence 
markers) to separate sentences. 

Human intervention after the automatic classification step can 
easily correct false positive errors such as “my”, however. To 
facilitate this, our anonymization software produces a list of names 
identified by the machine learning fusion model as an intermediate 
step before the names are removed. The list includes the fusion 
model’s probability as well as the number of occurrences of each 
word in the original discussion forum data, sorted in descending 
order by occurrences. Researchers (or authorized staff in charge of 
anonymizing data) can thus easily examine the top of the list and 
delete any rows that are clearly high-impact FP errors before 
proceeding to the last step where names are redacted. 

6.! APPLICATIONS FOR INSTRUCTORS 
Our primary motivation for developing this method was to enable 
research on the text of computer-mediated discussions students 
have with each other during their online learning experiences. 
However, such research may support the needs of course instructors 
as well, either directly via analysis methods they can easily apply, 
or via generalizable insights that can be applied to their courses. 
We thus sought out instructors of online university courses (who 
were not involved in the forum anonymization work or the courses 
analyzed in this paper) to gain better insight into instructor 
perspectives on scalable analysis of online course discussion 
forums. Specifically, we asked two instructors “as an online course 
instructor, can you imagine any analyses of discussion forum text 
that would be informative for you?” 

6.1! Instructor 1 
The first instructor was a male computer science faculty member 
with 14 years of university-level teaching experience, who had 
taught for-credit online courses at the university level as well as 
massive open online courses (MOOCs). He noted: 

Specifically for all courses that I don't teach I don't have a 
legitimate need to know that student X is enrolled in course 
Y. Anonymization gives us a way to easily share forum 
discussions between different instructors of the same 
course, or across department etc. And there are numerous 
reasons why this is useful. 

* Potential for early detection of struggling students and the 
underlying cause. (Lack of time? interest? pre-reqs? 
effective strategies?) 

* Identification of hardest components of a course. 

* Research projects that look at common forum post across 
multiple courses. e.g. fresh/ sophomores/ seniors. 

He also noted that when working with students to improve courses 
it is necessary to have anonymized data: 

If I want to give the data to an undergrad staff for analysis 
for course improvement purposes (rather than for research 
publication), I'd require that they had anonymized data. 

Additionally, instructor 1 conducts and publishes research on his 
own courses, and offered research questions and ideas he would 
like to pursue that would require anonymization. These included: 

It may be possible to detect themes and generate 
hypotheses by skim reading the posts, but it is much harder 
to identify trends and quantitative trends (e.g. are there 
more X in the later part of the course). Also a general 
skimread of the forums will miss correlations with other 
data (e.g. students with background X tend to post more Y) 

Can we identify when a course pace is too fast? Compared 
to assuming too much prior knowledge? 

Suppose we consider a student's forum post action as an 
active intervention created by the student to affect on their 
own learning trajectory. How effective are these 
interventions? Do they also help similarly students that just 
read the discussion thread (and never need to post a similar 
issue themselves). Are they too late? Are they too early? 

In sum, instructor 1 was enthusiastic about the prospect of being 
able to quickly anonymize online course discussion forums, and 
proposed several ways in which anonymization would benefit both 
teaching and research. 

6.2! Instructor 2 
The second instructor was a female statistics instructor and 
graduate student, with six years of university-level teaching 
experience. Her online courses are large, and thus provide unique 
challenges for teacher–student engagement. As she noted: 

This semester there are about 1,400 students enrolled in 
[course information redacted]. It would be beneficial for 
me as an instructor to have some sort of automated analysis 
that told me which forums and topics were getting the most 
activity.  That would help me know which forums to look 
at or have my undergrad course assistants look at and 
answer some of the questions.  It would also be beneficial 
because if there was a lot of confusion about a certain topic, 
I would know I need to re-explain that topic in lecture. 

I think something that identified negative words would be 
helpful too for the same reasons.  If there's a lot of 
negativity on a thread- it's probably best that I go over that 
concept again in class to clarify any confusion. 

While some of the needs noted by instructor 2 do not require access 
to the forum text itself (such as tools to measure forum activity), 
others would require researchers and developers to have access to 
anonymized forum text. For example, developing and validating 
methods for automatic assessment of confusion in forums is only 
possible with access to text data. Moreover, these needs highlight 
the difficulty of effectively utilizing online discussion forums with 
very large numbers of students, and the potential for automated 
tools to assist instructors in these courses. 

7.! DISCUSSION 
In this study we were interested in enabling analysis of online 
discussion forums in university courses through removal of 
identifying information, even in cases where capitalization, 
grammar, and spelling may be unpredictable. Our results showed 
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that automatic anonymization is possible, and that it rivals human 
accuracy. 

In this section we discuss implications of the results for various 
stakeholders, including users of the anonymization method (e.g., 
researchers, teachers) and students whose data is subject to 
analyses. 

7.1! Implications for Users of the 
Anonymization Method 

The proposed anonymization method offers two main advantages 
to users. First, it drastically reduces workload relative to 
approaches like manual identification and removal of identifying 
information directly from the forum text. Moreover, such manual 
anonymization is often intractable for users because they cannot 
access non-anonymized data in the first place. Second, it reduces 
users’ exposure to identifying information. Users may either utilize 
the machine learning approach to avoid all involvement with 
identifying information, or annotate possible names manually – in 
which case they are still protected from seeing identifiers in the full 
context of the original text. 

Anonymization is essential in many cases for researchers to either 
validate existing methods or develop new methods. For example, 
when automatically detecting sentiment from text with tools such 
as SEANCE (Sentiment Analysis and Social Cognition Engine; [9]) 
it is helpful to match sentiment to forum posts to obtain examples 
of the context in which sentimental language occurs. It is especially 
important to preserve student privacy in research that requires 
detailed reading of forum posts. For example, domain experts 
might annotate and evaluate the depth of questions students ask, or 
the responses they receive, to answer research questions about the 
relationship between a student’s engagement with their peers and 
their status as a member of demographic groups that are 
traditionally-underrepresented in postsecondary education. 

Finally, one important consideration for applications is how well 
the machine learning model is likely to generalize. We showed 
excellent generalization across time (2 years), as well as to a new 
course topic, instructor, and learning management system. While 
the change in topic (and instructor-specific course setup) did result 
in different types of errors, overall accuracy remained similar. 
However, we did not test across university populations. Students at 
other universities may have different backgrounds that influence 
how they interact with each other or with technology, and the 
vernacular language they use. Moreover, the same method could be 
applied to anonymize student-generated text in other contexts, such 
as college admissions essays [32], where students may reveal 
identifying information but in different (non-conversational) 
circumstances. Thus, for generalization to a notably different 
context, such as a different university or type of text, we 
recommend annotating a testing set of possible names to validate 
accuracy. 

7.2! Implications for Students 
The objective of our method is to minimize the potential for 
negative impacts on student privacy introduced by analyses of 
unstructured student-generated text. It is important, however, to 
recognize that such analyses carry inherent risk even with a 
(hypothetical) perfectly-accurate anonymization method. For 
example, students might mention their involvement in a particular 

                                                             
3 See  https://ilearn.illinois.edu for anonymization software 

course in venues such as Twitter, Reddit, Facebook or others [39]. 
They may even post similar questions on course forums and public 
forums, or relate events that took place on course forums. It is 
unreasonable to expect perfect anonymization. Thus, it is important 
to take appropriate steps to limit public exposure to student data – 
even anonymized data – and to ensure that students reap benefits of 
analyses conducted on their data. 

Positive impacts for students largely consist of 1) improvements 
made to future courses, and 2) additional capabilities afforded to 
instructors, both informed by research made possible through 
access to anonymized data. For example, researchers may be able 
to provide guidance to students about how to ask questions to elicit 
the most helpful responses. Or, as instructor 2 noted above, it might 
be possible to direct the attention of teaching assistants to students 
or topics where it is most needed. 

Benefits to students are indirect in nature, and, in the case of 
research-informed changes to online courses, benefits might be 
more for future students than for the students from whom data were 
collected. Thus, more research is needed to sample student 
perspectives regarding analysis of their forum data, as well as their 
perspectives on the importance and impact of anonymization. 

8.! CONCLUSION 
Access to discussion forum data is essential for researchers to better 
understand the experiences of students interacting with each other 
in web-based learning environments. However, access to these 
forum data is often hampered by important privacy concerns. Our 
approach for automatic anonymization of these data helps to 
resolve this issue, and has already enabled in-depth examination of 
forum posts [17–19, 38]. We plan to make our anonymization 
software publicly available3, and hope that it will be instrumental 
in advancing researchers’ and teachers’ knowledge of student 
experiences, and, ultimately improving learning in online 
classrooms. 
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ABSTRACT
The explosion of Open Educational Resources (OERs) in
the recent years creates the demand for scalable, automatic
approaches to process and evaluate OERs, with the end goal
of identifying and recommending the most suitable educa-
tional materials for learners. We focus on building models
to �nd the characteristics and features involved in context-
agnostic engagement (i.e. population-based), a seldom re-
searched topic compared to other contextualised and per-
sonalised approaches that focus more on individual learner
engagement. Learner engagement, is arguably a more re-
liable measure than popularity/number of views, is more
abundant than user ratings and has also been shown to be
a crucial component in achieving learning outcomes. In this
work, we explore the idea of building a predictive model
for population-based engagement in education. We intro-
duce a novel, large dataset of video lectures for predicting
context-agnostic engagement and propose both cross-modal
and modality speci�c feature sets to achieve this task. We
further test di�erent strategies for quantifying learner en-
gagement signals. We demonstrate the use of our approach
in the case of data scarcity. Additionally, we perform a sen-
sitivity analysis of the best performing model, which shows
promising performance and can be easily integrated into an
educational recommender system for OERs.

Categories and Subject Descriptors
K.3.1 [Computer Uses in Education ]: Distance learn-
ing; H.3.1 [Content Analysis and Indexing ]: Linguistic
processing

General Terms
Human Factors, Measurement, Management

Keywords
Context-free Engagement, Cold Start, Video lectures, Qual-
ity Assurance, Open Education, OER, Personalisation

1. INTRODUCTION
With the recent popularity of online learning platforms, the
creation of Open Educational Resources (OERs) is increas-
ing rapidly [16]. This recent large-scale creation of educa-
tional material demands for ways to automatically manage
educational resources. In the context of OERs, this means
�nding and recommending material that �ts the learners’
goals while maximising learning outcomes. Such a goal usu-
ally entails a large personalisation factor. We de�ne it as
contextualised engagement, which captures how engaging a
learning resource is with regard to the context of the learner
(e.g., learning needs/goals and learner state). Although con-
textualised engagement has gained interest in the recent
years [8], we argue that there is also acontext-agnostic en-
gagement factor, that only relates to features of the learning
resource and attempts to capture the gold-standard label
of population-based engagement (i.e. the marginal of con-
textual engagement for a resource across the population of
learners). Modelling context-agnostic engagement enables
identifying highly engaging resources across a population of
learners before personalising educational recommendations
to individuals. This paper studies the features involved in
context-agnostic engagement, as a �rst step towards build-
ing an integrative educative recommendation system, that
will join both contextualised and context-agnostic features
[9].

A high quality learning resource needs to satisfy three main
properties: i) academic soundness and appropriate cover-
age of the body of knowledge, ii) pedagogical robustness
and iii) enabling learners to achieve their desired learning
outcomes [24]. Learner engagement has been shown to be
a proxy for (iii), as engaging with material is a prerequi-
site for learning. There is evidence from both online [33,
23] and classroom [30, 36] educational settings showing that
higher learner engagement increases the likelihood of bet-
ter learning outcomes. We thus focus on �nding the general
characteristics of engaging material. Using features that can
be extracted across multiple modalities (video, text, audio
etc.) allows developing prediction models for gold-standard
engagement that are easily adaptable to a wide range of
OERs and can be automated [27].

Our work is one of the �rst to address educational engage-
ment prediction with video lectures, specially from a quan-
titative perspective. One of our primary goals is to under-
stand if easily automatable cross-modal features can be used
as predictors for how engaging an educational resource is, as
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opposed to modality speci�c features. Although large-scale
studies (involving millions of videos) have been conducted
to analyse the prediction of engagement for general purpose
videos [40], the largest study in the context of educational
video lectures involves 800 videos from 4 courses and anal-
yses engagement from a qualitative perspective [17]. To the
best of our knowledge, this work is the �rst attempt to pre-
dict engagement with educational videos automatically. Our
experiments involve more than 4000 video lectures that span
over 20 diverse subjects, making it the largest dataset to date
in this �eld. Our dataset, code and best performing model
are released with the paper.

Given the usefulness of predicting context-agnostic engage-
ment and the scarcity of work in this topic, we are motivated
to answer the following research questions, which will enable
the deployment of such a model in an educational platform:

RQ1 How to encode context-agnostic engagement?

RQ2 How e�ective are cross-modal language-based features
for predicting engagement with video lectures?

RQ3 Does including modality-speci�c features lead to a sig-
ni�cant improvement in performance?

RQ4 What features in
uence context-agnostic engagement?

RQ5 Is predicting marginal population-based engagement
useful over personalised engagement?

RQ6 Can we assume a common underlying model for pre-
dicting engagement across di�erent knowledge areas?

2. RELATED WORK
The interest in identifying useful and engaging information
goes beyond the educational domain and is investigated in
numerous other �elds [10]. For example, Wikipedia uses a
review system to evaluate the quality of its articles. To do
so, di�erent machine learning models, such as support vec-
tor regression and ensemble methods, are used with features
such as text style, readability, structure, network, recency
and review information [14, 39]. Moreover, in the context
of automatic essay scoring, promising results have been ob-
tained through rank preference support vector machines [41]
and more sophisticated deep learning models [37].

Quality-based document ranking [3] and spam web-page de-
tection [28] are other areas in the information retrieval do-
main that also utilises textual features and recency related
features. These features categorise into di�erent verticals
such as understandability, topic coverage, presentation, fresh-
ness and authority [10].

OERs available to the public come in large-scale and vari-
ous modalities [27, 19], which makes modality-speci�c mod-
els of limited use. As existing work proposes models with
domain/modality speci�c features (e.g. network features of
Wikipedia [15] or speaker speed in videos [17]), there is a
need for models that can evaluate how engaging educational
materials are at scale using a cross-modal feature set. We
attempt to address this gap through this work.

2.1 Why Modelling Engagement?
As argued by Lane [24], a well designed learning resource
should enable the learner to achieve the expected learning
outcomes. Prior work has studied learner engagement in
Massively Open Online Courses and shown that when op-
timised, engagement can increase the likelihood of
achieving better learning outcomes [33, 23]. User en-
gagement has also been shown to di�er greatly from popu-
larity measures such as number of views [40], as the latter
does not necessarily capture whether learners consume the
material. In our work, we also show that engagement does
not positively correlate with user ratings. Instead, what we
observe is that lectures with low rating also present low en-
gagement rate. However, lectures with greater ratings can
have di�erent engagement rates.

For videos, watch time has been used as the main mea-
sure for quantifying engagement in the literature, e.g., for
YouTube recommendations [13], predicting engagement with
videos [40]. For educational content, the median of nor-
malised engagement time (i.e., the percentage of watch time
from the total video) has been used as gold standard for
engagement [17]. Our work tests several approaches to en-
coding user engagement.

Most of the related work regarding predicting educational
engagement attempts to model learner engagement as a func-
tion of the learner’s context (demography, user activity, etc.)
[4, 19, 2], as opposed to modelling context-agnostic learner
engagement as a function of content-based features of the
educational resource, which is our aim. Context-agnostic en-
gagement has been previously studied for video lectures, ad-
vocating for qualitative and general recommendations such
as keeping videos short [17], using conversational language
for lecture delivery [5] and others. These recommendations
empower authors to create better educational videos. How-
ever, none of these works address the need for automatically
identifying the features of highly engaging educational re-
sources, which is imperative for retrieving and recommend-
ing educational material at scale.

3. DATA AND METHODOLOGY
This section �rst describes the dataset built for predicting
engagement, together with the set of features proposed in
this paper. Then, we introduce the machine learning meth-
ods and the feature importance analysis method considered.

To address the research questions outlined in the introduc-
tory section of this paper we do the following: i) We study
di�erent ways of re�ning user engagement signals, linking to
literature on psychometrics (RQ1). ii) We propose two sets
of easily automatable features for predicting engagement
(cross-modal features inspired by context-agnostic quality
literature and video-speci�c features) and evaluate the dif-
ference of predictive performance between them (RQ2 and
RQ3). iii) We construct a large dataset of video lectures
and evaluate the performance of the proposed engagement
signals and sets of features (RQ2-4). iv) We compare cross-
modal to modality speci�c features, analysing the impact
of individual features in the predictive model that presents
the most promising performance (RQ4). v) We compare
our population-based engagement approach to its person-
alised analogue to demonstrate its usefulness (RQ5). vi) We
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compare the engagement models obtained from dividing the
video lectures in two di�erentiated knowledge areas: STEM
(such as technology, physics and mathematics lectures) vs
others (such as arts, social science and philosophy lectures).

3.1 Dataset and Features (RQ2-4)
We use data from a popular OER repository, VideoLec-
tures.Net (VLN) 1 , a collection of videos of researchers pre-
senting in peer-reviewed conferences. This data is suitable
for our aim for two reasons: i) It contains watch patterns
about how learners consume lectures, and ii) the lectures are
peer-reviewed and hence material is controlled for correct-
ness of knowledge and pedagogical robustness. The tran-
scriptions of English lectures and English translations for
the non-English lectures are provided by the TransLectures
project 2 . We restrict the �nal dataset to lectures that has
been viewed by at least 5 unique users, leading to the �-
nal dataset having 4,063 lectures. These lectures are cat-
egorised into 21 subjects, e.g. Computer Science, Physics,
Philosophy, etc. Learner engagement labels of the dataset is
computed using 155,850 user view log events (video viewing
events) created between December 8, 2016 and February 17,
2018.The dataset constructed is publicly available, includ-
ing di�erent statistics of population engagement and all the
cross-modal and video-based features proposed.

3.1.1 Cross-modal Features
We selected a subset of cross-modal and mostly language-
based features that are easy to extract from the VLN dataset.
The 13 extracted features are shown in Table 1. This set has
been selected based on recurring features in the related work
[3, 14, 17, 28, 39] and their quality verticals [10] identi�ed
in our prior work. The majority of features were extracted
using methods and token (word) sets that are found in the
prior work referenced in Table 1.

Additionally, we introduce the published date, represented by
converting the video publication date to UNIX epoch time
(in days). In other words, it is the number of days between
January 01, 1970 and the lecture published date.

3.1.2 Video-based Features
We also extracted four out of the seven features proposed
for analysing educational engagement with video lectures
from [17], selecting those features that can be automatised
and are objective. These are: i) lecture duration , as shorter
videos have been shown to be much more engaging; ii)is
chunked, whether the lecture has been partitioned into mul-
tiple parts; iii) a set of indicator variables describing the type
of lecture, such as tutorial, workshop, etc; and iv) speaker
speed, measured by the average amount of words spoken per
minute. We also include the silence period rate (SPR), cal-
culated using the special tags in the video transcripts that
indicate silence. Formally, for a lecture ‘ , this feature SPR( ‘ )
is calculated as follows:

SPR( ‘ ) =
1

D ( ‘ )

X

t 2 T ( ‘ )

D (t) � I (N (t) = "silence" ); (1)

where t is a tag in the collection of tags T ( ‘ ) that belong to
lecture ‘ , N returns the type of tag t and D returns the du-
1www.videolectures.net
2www.translectures.eu

Table 1: Extracted features from the VLN dataset.
Feature Reference

Content-based features
Easiness (FK Easiness) [14]
Stop-word Presence Rate [28]
Stop-word Coverage Rate [28]
Document Entropy [3]
Word Count [39]
Title Word Count [3]
Preposition Rate [14]
Auxiliary Rate [14]
To Be Rate [14]
Conjunction Rate [14]
Normalization Rate [14]
Pronoun Rate [14]
Published Date |

Video-based features
Lecture Duration [17]
Is Chunked [17]
Video Lecture Type [17]
Speaker speed [17]
Silence Period Rate (SPR) |

ration of tag t or lecture ‘ and I (�) is the indicator function
(returning 1 when the condition is veri�ed, 0 otherwise).

3.2 Quantifying Engagement (RQ1)
Our work focuses on implicit user feedback (most speci�-
cally, engagement). Implicit feedback (in the form of num-
ber of views, engagement or any other measure that does not
require the user to provide explicit feedback) has been used
for building recommender systems for nearly two decades
with great success [29, 20, 22], as an alternative to explicit
ratings, which have a high cognitive load on users and thus
are usually sparse. However, implicit signals have other chal-
lenges associated with them. For example, implicit feedback
is usually positive-only [20] and can contain e�ects such as
popularity bias, i.e., there might be a bias towards more pop-
ular items, whereas implicit feedback for other items may be
very sparse. There has been several works investigating the
relationship between explicit and implicit feedback [12, 34,
42], which we also do through this work.

The main measure that we use to quantify engagement is
the Median of Normalised Engagement/watch Time
(MNET) , as it has been proposed as the gold standard
for engagement with educational materials in previous work
[17]. To have the MNET label in the range [0 ; 1], we set
the upper bound of MNET to 1. We observed in our ini-
tial data analysis that MNET values in the VLN dataset
follow a Log-Normal distribution, where it can be seen that
most users generally abandon the lecture after a generally
low time threshold. We hypothesise this may be because it
takes some time to decide whether the content is relevant
for the learner. Users that make it after this threshold seem
more committed and thus the leaving rate is signi�cantly
lower. To address this, as this is usually a problem when
using machine learning methods, we applied a log trans-
formation to transform the engagement signal. The �nal
label, Log Median Normalised Engagement Time (LMNET)
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is computed using the following:

LMNET(‘ ) = ln(max( MNET( ‘ ); 1)) : (2)

To test if LMNET can be further improved, we compare
this approach of encoding engagement to other alternative
ways of quantifying and cleaning engagement signals, draw-
ing inspiration from the literature on psychometrics and sub-
jective assessment [21, 38], which focuses on explicit human
feedback and assumes that users present cognitive biases and
di�erences, with applications in preference ranking and mea-
suring perception-based qualities, such as engagement. The
intuition behind this is that di�erent learners may have a
di�erent engagement threshold and scale, similarly as with
explicit ratings [21]. We compare di�erent approaches for
de�ning engagement:

1. Raw LMNET , as per Eq. (2) which considers that no
user di�erences exist and the marginal over the popu-
lation can be directly used as gold standard label for
engagement, similarly as in [17].

2. Cleaned LMNET , for which we test the removal of
bot-like users (those users with an average engagement
rate less than 5%), which may have a detrimental fac-
tor in the median of raw engagement.

3. Standardised LMNET , in which we preprocess LM-
NET per user (subtracting the mean of the user and
dividing by the standard deviation), as commonly done
with human ratings in order to remove user biases and
di�erences [21]. In this scale, positive values indicate
lectures that are more engaging than the mean of the
user and vice versa.

4. Comparative MNET , in which we exploit the law
of comparative judgement and use psychometric scal-
ing to go from user comparative engagement data to
a probabilistically interpretable engagement scale [38,
32]. More speci�cally, we assume that engagement
data can only be compared per user (as users may have
di�erent biases, thresholds or engagement scales). To
do so, we generated a matrix of engagement compar-
isons (of the type: Did learner i prefer lecture A to B in
terms of engagement?), which is used as the input for
psychometric scaling, producing a �nal scale in which
distances can be interpreted in terms of probability of
greater engagement.

As discussed, the limitation of these approaches is that they
disregard the context of the learner and the temporal com-
ponent that may inherently be present when engaging with
educational material. A di�erent measure to encode engage-
ment is found in Wu et al. [40], where the main idea is to
compare engagement relative to the length of the video. The
authors propose this for entertainment videos. However, we
argue against this approach in the case of educational ma-
terial, as the aim is to take the learner to the desired state
in the most e�cient way, thus the general recommendations
found in the literature of keeping videos as short as possible
[17].

3.3 Machine Learning Models (RQ2)
To learn to rank video lectures based on engagement, we
evaluate the performance using pointwise ranking models.
Regression algorithms predict the target variable in real
value space (y 2 R), which allows them to create a global
ranking of observations based on predictions. We also eval-
uate the performance of engagement prediction using ker-
nelised models. Kernelisation allows capturing non-linear
patterns in data without having to operate in the respective
basis. Although it is more computationally e�cient than
working in the non-linear space itself, it is more computa-
tionally expensive than solving the non-kernelised problem.
Our choice of kernel for the models is the Radial Basis Func-
tion (RBF). RBF kernel is widely used in the literature and
has mathematical connections to other popular kernels such
as exponential and polynomial kernels [11, 35].

We use two regression algorithms, namely, Ridge Regression
(RR) and Support Vector Regression (SVR) in primal form.
We use RR as it is a widely used algorithm for regression
[40] and SVR as it has performed well in a similar task in
prior work [14]. We also evaluate the performance of the
kernelised version of the same two algorithms (with RBF
kernel), Kernelised Ridge Regression (KRR) and Kernelised
Support Vector Regression (KSVR) . This allows us to under-
stand if there is non-linearity in the patterns that bene�ts
the prediction task. In all four models discussed above, we
employ standard scaling as these models are not scale in-
variant. L2 regularisation is used to defend against over�t-
ting and multicollinearity [26]. As ensemble techniques have
shown to perform well in prior work [39], we also employ a
Random Forest Regressor (RF) to evaluate its prediction ca-
pabilities. This model is also capable of capturing non-linear
patterns.

3.3.1 Comparison to Personalised Models (RQ5)
One of our aims is to compare the population-based model
to its personalised counterpart. The idea in this case is to
test if a common baseline can be assumed for all users. For
this, we train the same machine learning models per user,
using the features previously proposed.

3.4 Feature Importance Analysis (RQ4)
Understanding how di�erent features in
uence engageability
of materials is vital in educational domain as learners will
be guided on life-changing pathways based on these judge-
ments. In a conventional linear model such as RR or SVM,
feature importance analysis is straightforward as the weight
coe�cients re
ect the in
uence of features.

In this paper we use SHapley Additive exPlanations (SHAP) ,
which is a model-agnostic framework that quanti�es the im-
pact of features on the model predictions. It reliably esti-
mates feature importance of complex model families such as
ensembles [25]. A SHAP value is computed for every fea-
ture of every prediction. Given a prediction and a feature,
SHAP is computed by averaging how the prediction changes
when the feature is present and vice versa. This procedure
enables quantifying the contribution of each feature to the
model prediction. By plotting all the SHAP values of the
prediction data points in a SHAP summary plot, we can
identify how each feature in
uences the prediction. By cal-
culating the Mean Absolute SHAP (MAS) for each feature
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f over the observations:

MAS f =
1
N

NX

n =1

j SHAP f;n j ; (3)

we obtain a more quantitative understanding of feature in-

uence. N is the number of observations.

4. EXPERIMENTS AND DISCUSSION
This section shows the experimental setup and results for
the di�erent experiments conducted.

4.1 Experimental Setup
The evaluation of the machine learning models is performed
using a 5-fold cross-validation for both feature sets. The
performance of di�erent machine learning models with dif-
ferent engagement quanti�cation approaches can be found
in Table 2. The performance when video-speci�c features
are added is found in Table 3.

After gaining an understanding of model performance (see
results in Table 2), we employ the best performing method
and encoding for the rest of the analyses, using a hold-out
validation with a train-test split of 70:30 to save computa-
tion. That is, the model is trained on the 70% training set
and interpreted using the 30% test set. The experiments
were implemented using Scikit-learn [31], textatistic
[18] and SHAP[25] python packages. The source code in
python and dataset are publicly available 3 .

4.1.1 Evaluation metrics
Pairwise accuracy (Pair.) and Spearman Rank Order Cor-
relation Coe�cient (SROCC) are the ranking metrics we
used to evaluate the ranking performance of machine learn-
ing models with di�erent engagement signal encodings.

Identifying models that can rank between video lectures is
the core objective of this work. Hence, we devise pairwise
accuracy as the main evaluation metric. Pairwise accuracy
is more intuitive for this task as it represents the fraction
of pairwise comparisons where the model could predict the
more engaging lecture. Another opportunity that pairwise
comparison provides is the ability to restrict the comparisons
to subsets of lecture pairs (e.g. lectures that belong to the
same subject, lectures that have similar LMNET).

In some of our experiments we also perform misranking anal-
ysis and report the pairwise accuracy. Misranking could
happen if a subset of examples is systematically di�cult to
rank. We hypothesize that misclassi�cation happens more
frequently as the di�erence of LMNET between a pair of
video lectures gets smaller. That is, the model may strug-
gle to di�erentiate between two lectures with similar en-
gagement. By doing this analysis, we can also understand
the sensitivity of the prediction model to similarly engaging
lectures. Obviously, misranking a pair of lectures that are
signi�cantly di�erent in engagement incurs a larger cost in
terms of user satisfaction than misranking a pair of lectures
with similar engagement.

3https://github.com/sahanbull/
context-agnostic-engagement

4.1.2 Controlling for Topics in Content
The topics covered in the content of the lecture is likely to
drive learner engagement. For instance, Data Science lec-
tures can be more popular than Physics lectures leading to
easy pairwise comparison predictions between the domains.
To test this, we restrict in some experiments the pairwise
accuracy calculation to pairs of lectures that belong to the
same domain (subject-speci�c column in Table 3) and ob-
serve if the accuracy value changes signi�cantly compared
to its counterpart metric that considers all lecture pairs in
a domain-agnostic fashion.

4.2 Results
This section presents a series of experiments to:

E1 Analyse the relationship between engagement, number
of views and mean star ratings (RQ1).

E2 Test di�erent machine learning models and engage-
ment signals for the cross-modal features (RQ1-2).

E3 Study the distribution of engagement with respect to
length of materials (RQ4).

E4 Study the in
uence of modality-speci�c features and
comparison across subject areas (RQ3).

E5 Analyse the importance of di�erent features in the
model (RQ4).

E6 Compare the population-based model to its person-
alised counterpart (RQ5).

E7 Test if the same underlying model can be assumed for
di�erent knowledge/subject areas (RQ6).

4.2.1 E1: Engagement vs Views and Ratings
The VLN data source also has mean star ratings (explicit
feedback) for a subset of the considered lectures. It is note-
worthy that we only have access to mean star ratings, not
to the individual ratings per observer or the number of mea-
surements. As done in previous work, we also analyse the
relationship between implicit signals (engagement and num-
ber of views) and explicit ratings. This can be found in
Figure 1, where we show mean star rating vs MNET and
number of views. The SROCC is close to zero, mainly be-
cause of the large number of lectures with high rating but low
engagement and number of views. We test the correlation
for the 4 di�erent versions of engagement considered (raw,
cleaned, standardised and comparative), but all achieve sim-
ilar results, with SROCC close to zero. One conclusion that
is clear from the plot in Figure 1 is that number of views,
ratings and engagement do represent very di�erent informa-
tion. For example, it can be appreciated that the variance of
MNET and number of views increases with higher ratings,
showing heteroskedasticity. This indicates that for low qual-
ity resources (with low ratings) engagement is generally low,
whereas for resources with higher ratings engagement di�ers
and may be either high or low. This suggest other factors
involved in engagement than simply quality perceived by
learners. Regarding number of views it seems that the cor-
relation is rather negative, showing that the materials with
the highest number of views present very low engagement.
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Figure 1: Scatter plots showing the relationship between (i) number of views vs. MNET, (ii) mean star
rating for the video lecture vs. MNET and (iii) mean star rating vs. number of views, together with the
Spearman’s rank correlation coe�cient (SROCC).

Table 2: Pairwise accuracy (Pair.) and Spearman’s Rank Correlation Coe�cient(SROCC) of engagement
prediction models with standard error from 5-fold cross validation and cross-modal features.

Model RR SVR KRR KSVR RF
Engagement Pair. SROCC Pair. SROCC Pair. SROCC Pair. SROCC Pair. SROCC

Raw .705� .011 .581� .027 .707� .000 .586� .000 .715� .004 .607� .011 .714� .007 .604� .019 .723 � .009 .625 � .027
Clearned .636� .033 .396� .093 .634� .031 .392� .089 .646� .025 .424� .071 .642� .028 .414� .078 .646� .031 .427� .087
Standard .603� .035 .302� .098 .600� .035 .292� .100 .609� .035 .315� .099 .602� .025 .297� .071 .611� .035 .323� .099

Comparative .624� .010 .365� .028 .624� .012 .363� .036 .626� .013 .370� .040 .627� .009 .373� .027 .636� .012 .397� .038

4.2.2 E2: Encoding and Predicting Engagement
Inherently, the task of �nding a better engagement signal
is very challenging, given the lack of ground truth. In this
paper, we �rst attempt to see if any of these signals present
better correlation with star ratings. However, we observe
from Figure 1 that engagement is not strongly correlated
with perceived quality by users (explicit star ratings) and
similar results emerge for di�erent methods of quantifying
engagement, meaning it is inconclusive that transforming
raw engagement signals strengthens its relationship to ex-
plicit perceived quality. Thus, in order to decide on which
is the best way of capturing and quantifying engagement,
we compare the pairwise accuracy for the four proposed ap-
proaches (raw LMNET, cleaned, standardised and compar-
ative). This simply tells us which output target variable
is easier to predict given the proposed features. Table 2
presents these results, together with the pairwise accuracy
(Pair.) and Spearman’s Rank Order Correlation Coe�cient
(SROCC) obtained for each machine learning model with
the standard error bounds based on 5-fold cross validation.
The larger the accuracy value, the better performing the
model is.

These results suggest that raw LMNET may be the most ap-
propriate target label, particularly since the proposed fea-
tures seem to be more useful when building a model for
predicting raw LMNET. These results do not contradict the
literature, both educational and non-educational, as MNET
has been used as the gold-standard way of quantifying en-
gagement. Our experiments thus showed that the use of sub-
jective assessment inspired transformations do not improve
the predictive power of engagement signals. This may be
because these transformations/correction methods are ini-
tially designed to address biases in latent user preferences.

Although similar biases may exist in learners when consum-
ing educational materials (e.g. learner fatigue, di�erent en-
gagement thresholds, language level preferences, etc.) we
hypothesise that the most in
uential driver of engagement
is the information content and style of the video.

Another observation from Table 2 is that KRR and KSVR
models outperform their linear versions. This suggests that
there could be non-linearity in the dataset that is better
captured by the kernel techniques. RF seems to be the
best performing model providing more evidence that non-
linearity plays a signi�cant role.

To show how the accuracy changes when the di�erence of
MNET between two lectures changes, we �rst compute all
the possible di�erences between pairs of lectures and bina-
rize these pairs into bins of size 0:1 from 0 to 1, �nally we
compute the pairwise accuracy for each bin. Figure 2 shows
how the performance of the model changes based on the
di�erence of MNET between lecture pairs . The bars in the
�gure represent the pairwise accuracy for all the pairs that
belong to the same bin. For example, the pairs with largest
di�erence of MNET are predicted correctly with 0.962 accu-
racy whereas pairs with the smallest di�erence are predicted
with 0.642 accuracy.

Intuitively, a learner might have a similar experience con-
suming a pair of video lectures that are similarly engaging
(at least disregarding the topic), as one is less likely to notice
the di�erence. The black line in Figure 2 presents the cumu-
lative pairwise accuracy of the model if we were to assume
that the learners are insensitive to noticing the di�erence of
experience for lecture pairs that have a small di�erence of
MNET. The plotted cumulative pairwise accuracy (y-axis)
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Figure 2: Bar chart plot showing how the pairwise
accuracy changes based on the di�erence of MNET
between lecture pairs

is computed by restricting the comparisons to lecture pairs
with a di�erence of MNET between the lower bound of the
x-axis value and 1.0. For instance, the cumulative pairwise
accuracy of the model is 0.816 when the learners do not no-
tice the di�erence when interacting with similarly engaging
lecture pairs with MNET di�erence of [0.0, 0.2]. This value
is the pairwise accuracy of all the lecture pairs with a MNET
di�erence of ]0.2, 1.0].

4.2.3 E3: Length of Materials vs. Engagement
Several studies have shown that features that quantify mate-
rial length have a signi�cant impact (this is also rea�rmed
by our observations in our feature importance analysis in
Figure 6 and 7) on sustained engagement with the mate-
rial [17, 14]. We investigate how the length of the lectures
impacts engagement prediction (i.e. if the engagement pre-
dictor is na��vely distinguishing between long vs. short video
lectures). We �rst investigate the distribution of total word
count in the video lectures (Figure 3), which is directly re-
lated to the length. Based on the observed multi-modal
distribution, we make two groups, i) short lectures of less
than 5000 words and ii) long lecture (see engagement dis-
tribution in Figure 4). It can be seen that, as anticipated,
the percentage of watch time tends to be shorter for long
lectures.

We investigate how median engagement labels are distributed
in the aforementioned groups and also how the pairwise
accuracy di�ers among and between the groups. Figure
5 shows that the model is better at comparing between
short-short lecture pairs compared to long-long lecture pairs.
In the context of VLN dataset, this is good because there
are more short lectures than long lectures (Figure 3). Re-
cent �ndings (e.g.[17]) also encourage authors to make short
videos, increasing the likelihood of future video productions
being short lectures. MNET distribution in Figure 4 shows
that long lectures have a more skewed target value distri-
bution concentrated closer to 0 compared to short lectures

Figure 3: Distribution of word count of video lec-
tures

Figure 4: Distribution of engagement labels for
short and long lectures.

Table 3: Pairwise accuracy with standard error via
5-fold cross validation for RF model using content-
based features vs. content-based + video-speci�c
features.

Model Pairwise Accuracy
Subject-agnostic Subject-speci�c

Content-based Features .724� .014 .733� .018
Video-speci�c Features .744 � .011 .755 � .014

suggesting that learners tend to consume smaller fractions
of long videos. This is likely to be driven by factors beyond
other measured features of the lectures, such as limited time
availability and short attention span of learners.

4.2.4 E4: Video-Features and Subject Areas
Table 3 shows how the pairwise accuracy increases when
restricted to subject-speci�c comparisons (lecture pairs be-
longing to the same subject area). This is clearly an advan-
tage, given that most often, an educational recommendation
system needs to make choices among sets of resources that
belong to the same subject area.
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Figure 5: Accuracy bar chart for di�erent types of
comparisons using short and long lecture labels.

Table 4: In
uence of content-based features on en-
gagement as per their verticals outlined in [10].
Quality Vertical Feature MAS % MAS
Topic Coverage Word Count .250 .366
Freshness Published Date .107 .157
Understandability Easiness .052 .076
Understandability Stop-word Coverage Rate .042 .061
Presentation Normalization Rate .039 .058
Topic Coverage Title Word Count .039 .057
Presentation To Be Rate .038 .055
Topic Coverage Document Entropy .033 .048
Understandability Stop-word Presence Rate .028 .041
Presentation Conjunction Rate .019 .028
Presentation Preposition Rate .014 .020
Presentation Pronoun Rate .013 .020
Presentation Auxiliary Rate .009 .013

Table 3 additionally shows how the performance di�ers when
using exclusively the cross-modal set of features and when
adding video speci�c features. The addition of video fea-
tures increase the performance by approximately 2%. This
result shows that there is a compromise in performance when
restricting features to cross-modal features although the fea-
ture extractors can be reused in a practical scenario.

4.2.5 E5: Feature Importance Analysis
The SHAP value summary plots for content-based and video-
speci�c feature sets are presented in Figures 6 and 7 respec-
tively, where the features are ordered based on overall fea-
ture in
uence using the best performing prediction model
(RF). Colour represents the raw feature value (blue low, red
high). For example, when the observed values of a feature is
red and they have a negative SHAP value, this means that
higher values of this feature negatively impact LMNET pre-
diction. Regarding video length, �gures validate its impact
on engagement, showing that long videos generally present
lower engagement and vice versa, with lecture duration and
word count being the most relevant features. Prior studies
con�rm this observation [17, 40, 15]).

Table 4 complements Figure 6 by giving a more quantita-
tive representation of how the in
uence of di�erent features

Figure 6: SHAP summary plot for cross-modal fea-
tures.

across the test dataset changes. Higher MAS is associated
with more important features. By looking at the �ve most
in
uential features, we observe that all identi�ed quality ver-
ticals (topic coverage, understandability, freshness and pre-
sentation) are represented. This observation supports the
importance of considering all the di�erent verticals when
predicting context-agnostic engagement. The in
uence of
top features is also consistent with results on quality biased
information search [3] where it is also found that Title Word
Count is comparatively less important. Figures 6 and 7 also
show the importance of modality-speci�c features in this pre-
diction task by raising Lecture Duration , Silence Period Rate
and Speaker Speedin Figure 7 to high ranks.

4.2.6 E6: Population-based vs. Personalised
We use the 20 most active learners from the VLN dataset
to compare the predictive performance of context-agnostic
to contextual/personalised models when predicting engage-
ment. Firstly, we train the population-based prediction model
using the VLN dataset (outlined in section 3.1) using a 70:30
train-test split. In order to build the personalised model,
for each user, we make a similar 70:30 train-test split re-
specting the temporal order of their individual events. We
use the training data to build a personalised model per user
using only the cross-modal set of features (no video-speci�c
features). For each learner ‘ , we make predictions on the
N ‘ test events using (i) population-based model and (ii) the
personalised model trained on personal events of the learner.
We calculate Mean Absolute Error ( MAE ( ‘ )) as:

MAE( ‘ ) =
1

N ‘

N ‘X

n =1

j yn � ŷn j ; (4)

where ŷn is the prediction. As regression models are de-
vised for the task, MAE is a sensible evaluation metric to
measure predictive performance of the models. Then we
calculate the di�erence of MAE ( ‘ ) between the population-
based and personalised model. Thus, a negative value in-
dicates that the population model is better and vice versa.
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Figure 7: SHAP summary plot with video-speci�c
features.

Figure 8, where the y-axis represents the di�erence in per-
formance between the population-based and personalised,
shows that the population-based model has better predic-
tive power when the number of training examples available
for the individual learner is limited ( � 60). This is repre-
sented by the green line (at a MAE di�erence of 0). This
demonstrates the usefulness of the population-based engage-
ment prediction model in a situation where the recommender
system is in a cold-start phase.

Figure 8: How the di�erence between Mean Abso-
lute Error (MAE) of population-based and person-
alised models change with the number of training
events per learner. Each data point is an individual
learner in the dataset.

Table 5: Pairwise accuracy for STEM and Miscel-
leneous (Misc.) lectures when trained with subject-
agnostic and subject-speci�c training data

Training Data Test Data
STEM Misc.

Subject-agnostic .737 .708
Subject-speci�c .732 .704

4.2.7 E7: Individual Models per Knowledge Area
To understand if training subject-speci�c models can im-
prove on the predictive power of the overall task, we parti-
tion the lecture records into 2 categories:

� STEM: Life Sciences, Physics, Technology and Math-
ematics.

� Miscellaneous: Social Sciences, Humanities, Arts and
Philosophy.

Then, we compare the performance of the models trained
on subject-agnostic (STEM + miscellaneous) and subject-
speci�c (STEM only or miscellaneous only) training data.
Table 5 demonstrates that there is little evidence in our re-
sults contradicting that a common subject-agnostic engage-
ment model can be assumed across knowledge areas. This is
shown in the fact that both training with all knowledge ar-
eas or dividing into two, the models obtain very similar test
accuracy for each category (.737 vs .732 and .708 vs .704). In
fact, the best performance is obtained in both cases by train-
ing with the whole dataset. This indicates that in general
a common engagement model can be assumed throughout
knowledge areas.

4.3 Limitations
Firstly, the model does not include features that capture au-
thority of content or its authors. Authority has been iden-
ti�ed as an in
uential feature and lacking it is a weakness
of this model. However, identifying an authority indicator
that generalises beyond niche communities (e.g. academia)
is challenging yet necessary, especially in the OER landscape
where anyone can author learning materials. Additionally,
the topic coverage features used in this model (Word Count ,
Title Word Count and Document Entropy ) are relatively
na��ve, although they are useful. Having better features will
likely improve the model. The current work demonstrates
promise in predicting learner engagement with video lectures
using easily automatable material features alone. More so-
phisticated features, both cross-modal and modality-speci�c
could lead to higher predictive performance and better un-
derstanding of context-agnostic engagement. Thirdly, the
engagement model is trained on English lectures and En-
glish translation of non-English lectures. This impacts the
generalisation ability of the model. The same applies to
non-video content as well. More rigorous testing is needed
in these fronts. Lastly, given that our dataset only consid-
ers OERs and excludes the learning dimension, we highlight
that some of our �ndings may not be directly applicable to
other type of educational material. Particularly, given that
most of our features are language-based and we disregard
visual information, the built models may not generalise to
general purpose videos.
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5. CONCLUSIONS
Given its timely need, we set out to develop and empirically
test the suitability of engagement prediction models for au-
tomatically assessing context-agnostic engagement of OERs.
Due to the scarcity of publicly available datasets for the task,
we sourced a new video-lectures dataset and evaluated how
di�erent machine learning models perform on this dataset.
In our analysis, we observed that the Random Forest algo-
rithm performs best. We show that cross-modal features
provide satisfactory performance, which is a major advan-
tage, since these can be extracted from di�erent resource
modalities. Further experiments show that the predictive
performance of the model can gain a slight boost in perfor-
mance by adding modality-speci�c features. However, the
performance does not deviate signi�cantly. Feature analysis
showed that lecture length features are the most in
uential
features in predicting context-agnostic engagement, which
agrees with prior work. Other moderately in
uential fea-
tures come from diverse quality verticals. Our analysis also
showed that the model classi�es much better when lectures
with very di�erent engagement values are compared, as op-
posed to lectures with similar engagement. This is natural
and obviously the negative impact of misranking pairs of
similar engagement lectures is relatively small. Our exper-
iments demonstrated that the built model is useful in data
scarcity scenarios, e.g. to approach the common cold-start
problem in recommender systems. This is both for new users
and new content, as our model can automatically estimate
the engagement for new material and the model can be used
as a prior for when we do not have enough data from a
user to build a personalised model. We �nally show that di-
viding the dataset into di�erent knowledge areas (Subjects)
and building separate models does not show improved per-
formance, thus validating that a common underlying model
can be built for estimating engagement across di�erentiated
knowledge areas.

The proposed context-agnostic engagement prediction model
can be bene�cial in improving di�erent components of an ed-
ucational recommendation system. In situations where new
content is discovered frequently (e.g. OER landscape [27,
7]), the proposed prediction model estimates how engaging
materials are prior to exposing them to the learner pop-
ulation. This allows better balancing the risks relating to
learner satisfaction with opportunities of having fresh ma-
terials. Also, the proposed context-agnostic model can be
integrated with a personalisation system in di�erent ways.
It can act as a prior that mitigates cold-start problem both
on user and content fronts. In systems where personalisa-
tion heavily focuses on the topics covered in the materials
[9], this model can complement the content-based model by
accounting for stylistic and lingual features that go beyond
topic coverage.

To further improve the models, future work should address
the three main limitations discussed: Future versions of our
model should incorporate more sophisticated features. It
could be bene�cial to include features capturing authority
and topic coverage [10]. In this sense, Wiki�cation [6] can
be used to extract covered topics, and data driven authority
features, such as [1], can be used to learn a universal author
authority score. In the cross-modal front, more features fo-
cusing on content understanding, such as topic coherence

and argument strength, can be considered. In the video-
speci�c front, features such as liveliness of the presenter,
sound quality and narration quality can be incorporated.
Regarding the generalisation capabilities of the model, eval-
uating the e�ectiveness of the cross-modal feature set with a
bigger video lecture dataset [17, 40] and a text dataset [14]
will increase the con�dence on the feature set. Similarly,
non-English datasets should also be taken into account.
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ABSTRACT
Analyzing students’ activities in their learning process is an
issue that has received signi�cant attention in the educa-
tional data mining research �eld. Many approaches have
been proposed, including the popular sequential pattern min-
ing. However, the vast majority of the works do not focus
on the time of occurrence of the events within the activities.
This paper relies on the hypothesis that we can get a better
understanding of students’ activities, as well as design more
accurate models, if time is considered. With this in mind,
we propose to study time-interval patterns.
To highlight the bene�ts of managing time, we analyze the
data collected about 113 �rst-year university students in-
teracting with their LMS. Experiments reveal that frequent
time-interval patterns are actually identi�ed, which means
that some students’ activities are regulated not only by the
order of learning resources but also by time. In addition,
the experiments emphasize that the sets of intervals highly
in
uence the patterns mined and that the set of intervals
that represents the human natural time (minute, hour, day,
etc.) seems to be the most appropriate one to represent time
gap between resources.
Finally, we show that time-interval pattern mining brings
additional information compared to sequential pattern min-
ing. Indeed, not only the view of students’ possible future
activities is less uncertain (in terms of learning resources and
their temporal gap) but also, as soon as two students dif-
fer in their time-intervals, this di�erence indicates that their
following activities are likely to diverge.

Keywords
Students behavioral patterns, time-interval pattern mining,
interval granularities, sequential pattern mining.

1. INTRODUCTION
The wealth of data that can be collected from a Learning
Management System (LMS), mainly the logs of students’ in-
teractions with learning resources, provide opportunities to

get a more comprehensive understanding of students learn-
ing process: point out engaged or at-risk students, identify
the most commonly studied or the most di�cult resources,
highlight recurrent students’ activities, etc. In addition to
this thorough understanding, inferences or decisions can be
drawn: estimate students outcome, predict students future
behavior (including dropout), personalize learning by pro-
viding students with information or recommendations, etc.
To carry out such understanding, inference or decision, data
mining methods have been applied. Pattern mining, that
discovers frequent patterns of events in data, is one of these
methods and is also used in a large number of application
�elds. Sequential Pattern Mining (SPM) consists of dis-
covering patterns when data is sequential in nature. These
patterns, named sequential patterns, are frequent ordered
sequences of events.
In the educational �eld, a sequential pattern often represents
a recurrent sequence of learning resources, that we call an
activity [30, 5].

The time of occurrence of events is often part of the data
to be mined. However, in most of the cases, the patterns
mined do not contain temporal information. Nevertheless,
the literature has introduced di�erent ways of including such
information in patterns. We can, for example, cite tempo-
ral patterns, made of events that are associated with their
time of occurrence [36], their duration [8], or the time gap
between the events. In [9], gaps between events are grouped
into intervals, resulting in time-interval sequential patterns.
Since a time-interval pattern conveys more information than
its corresponding sequential pattern, they are still the focus
of research works [33]. In the rest of the paper, time-interval
patterns will be referred to as ti- patterns and sequential pat-
terns to as s-patterns.

We think that ti- patterns are adequate to represent stu-
dents’ activities. Indeed, it is rare that two students per-
form exactly the same activities, in both learning resources
and time, even though they share underlying sequential ac-
tivities. To the best of our knowledge, no work in the �eld
of educational data mining has focused on the mining of ti -
patterns.
In this work, we thus rely on the hypothesis that mining
ti -patterns will contribute to a better view and understand-
ing of students’ learning activities. These patterns do not
only indicate in which order students interact with learning
resources, but provide also information about the temporal
relationship between these resources. For example, let us
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consider that students tend to interact sequentially with two
resources, each of them being lecture slides. The sequence
of both resources represents a sequential activity. Suppose
that mining ti -patterns highlights that the time gap between
both resources tends to be less than 1 minute for some stu-
dents and between 2 and 4 hours for others. We can thus
deduce beyond this sequential activity that there are two
typical behaviors.
To support our hypothesis, we will conduct a study to eval-
uate if ti -patterns can be actually identi�ed from students’
activity data and evaluate to what extent ti -patterns provide
additional information about students’ activities.

In the following sections, we will �rst present an overview
of related works on sequential and temporal pattern mining
(Section 2). We then present the methodology we adopt to
support the hypothesis that we draw (Section 3). Section
4 details the experiments we conduct on a real dataset and
presents someti -patterns. The last sections discuss the re-
sults (Section 5), then conclude the work and present our
expected future work (Section 6).

2. LITERATURE REVIEW
2.1 Sequential Pattern Mining (SPM)
Sequential Pattern Mining is a popular task in Data Mining,
introduced by Agrawal and Srikant in [1]. SPM aims to dis-
cover frequent sequential patterns in sequential databases.
A sequential database D is a set of tuples D = f (sid i ; di )g,
where sid i is the unique identi�er of a sequence, and di an
input sequence. A sequence is an ordered list of events:
s = hE1E2 : : : E x i , with E i 2 E the set of events. To under-
stand what a frequent sequential pattern is, let us �rst de�ne
what a sub-sequence is. � = hE1 : : : E n i is a sub-sequence
of � = hE 0

1 : : : E 0
m i if:

9[1 � j 1 � : : : � j n � m]jf E1 = E 0
j 1 ; : : : ; E n = E 0

j n g:

We also say that � is a super-sequence of� , or that it con-
tains � . Let us now de�ne what the support of a sequence
is. The support of � , noted supp(� ), is the number of se-
quences in the sequential databaseD that contain � . Based
on both de�nitions, we can now de�ne that a sub-sequence
� is a frequent sequential pattern, if supp(� ) > � , for a de-
�ned minimum support threshold � . We de�ne SP as the
set of frequent sequential patterns.

Many SPM algorithms have been proposed in the litera-
ture. The most commonly cited ones are GSP [32], Pre�xS-
pan [26], SPADE [37]. All these algorithms use the "apri-
ori property ": " If a sequences is not frequent, then non of
the super-sequences ofs is frequent.". Thus, when one pat-
tern is infrequent, it is not extended. Algorithms can be
divided into two main approaches. Apriori-like algorithms
(also called breadth-�rst search algorithms), such asGener-
alized Sequential Pattern Mining (GSP) algorithm [32], are
the �rst algorithms that have been proposed. However, these
algorithms su�er from scalability problems, mainly due to
memory requirements. Depth-�rst search algorithms, which
include pattern-growth algorithms, do not su�er from mem-
ory complexity, which explains their popularity.
For a couple of years, the most common SPM algorithm is
the Pre�x-Projected Sequential Pattern Growth (Pre�xSpan )
algorithm [26], which is a pattern-growth algorithm, that

relies on projected databases. Projected databases gener-
ally reduce the research space as the size of the projected
databases decreases at each iteration. However, the main
cost is linked to the generation of these projected databases.
The pseudo-code ofPre�xSpan is presented in Algorithm 1.

Algorithm 1 Pre�xSpan ( � ,l ,D )
1: Inputs:
2: � : a sequential pattern and l its length.
3: D : a sequential database, or a projected database.
4: Outputs:
5: SP : the set of all frequent sequential patterns.
6: Method:
7: Scan S to �nd all frequent items b.
8: for all b do
9: add � 0 = h�b i to SP as a new sequential pattern.

10: end for
11: for all � 0 do
12: create the � 0-projected database D j0�
13: call Pre�xSpan( � 0,l + 1, D j � 0)
14: end for

In the works mentioned below, both the database and the
patterns are sequential. However, in some cases, the database
can be temporal, i.e. contain information about the time of
occurrence of the events. In these cases a sequence is de-
�ned as: s = h(t1 ; E1); (t2 ; E2); : : : ; (tn ; En ) i : where (t i ; E i )
represents an eventE i and its time of occurrence t i .

When sequential patterns are mined from these databases,
time can be either used as an information or order between
events, such as in SPADE [37]. The time of appearance of
events can also be used as a constraint. For example, in [18]
the authors consider that when two consecutive items in a
sequence are separated by a time gap bigger than a prede-
�ned threshold, they are temporally too distant to represent
an association that makes sense. In the same context, [31]
discards uninteresting patterns by introducing an interval
constraint between items.

2.2 Sequential Patterns Mining in EDM
Sequential Pattern Mining has been extensively used in Ed-
ucational Data Mining. They are mainly used to identify
frequent patterns of students’ activities [16, 28], including
those that maximize the student learning performance [10].
In [21] SPM is used to study the di�erences in students’ pro-
ductive and unproductive learning behaviors and thus iden-
tify high versus low performing students. A similar objective
has been studied on group work systems to understand the
success factors in groups behavior [27, 25].
SPM is also used to detect learning problems early, such as
in [20] where frequent sequential patterns and 
ag interac-
tion sequences that are indicative of problems are mined.

One step further, SPM can act as a �rst step in decision
making. In [7], the prerequisite structure of skills is �nd
out, by identifying relations between variables from data.
The algorithms developed in [28, 34, 11] provide students
with personalized recommendations of learning resources ac-
cording to their current activity or their learning style.
A complete view of various approaches used in educational
data mining is presented in [2].
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2.3 Temporal Pattern Mining
Temporal information appears to be fundamental in many
contexts, hence the number of works interested in the min-
ing of patterns that contain temporal information. Here
again, time information can be used in several ways and for
di�erent goals: gaps, duration, intervals, etc.

Time information is often used as a gap between events of
a pattern. For example in [36], the author considers that
each occurrence of a sequential pattern may have di�erent,
but close, temporal elements. So, they propose to associate
each pair of events of a pattern with a minimal, a mean
and a maximal gap values between these events. The re-
sulting model is made of sequential patterns enriched with
temporal information, called delta patterns. Similarly, [15]
proposes to add temporal information to each pair of events
in a sequential pattern. This information, referred to as
an annotation, represents a typical gap value between each
pair of events of a pattern. In this work, the acceptance of
the variation around this typical gap value is automatically
evaluated. At the opposite of the previous works, [35] pre-
de�nes a maximal gap value between events of a pattern,
which results in temporal patterns called chronicles. [22]
introduces an even more constraining frame, the exact gap
interval value is imposed. This approach results in a de-
crease in the support of each pattern. Thus, the number of
extracted patterns decreases.
In addition to the gap value, [17] exploits the duration of
events. Each element of a pattern is composed of the event,
associated with its begin and end timestamps. They propose
an Apriori-like algorithm, that uses a hypercube representa-
tion of temporal sequences.
More recently, [13] introduces an Apriori-like temporal pat-
tern mining algorithm on multi-modal data streams. At
the opposite of the previous works, they do not only use the
time gap between events (that represents the duration of the
event), but also use the exact starting time of each event.

In line with the works presented above, [6] also manages gap
values between events, that are grouped into intervals. At
the opposite of other works, the intervals of gap values are
prede�ned, and form "time-interval sequential patterns". A
time-interval sequence is de�ned as:

� = hE1 � 1E2 � 2 : : : � l � 1E l i

where E i 2 E is the set of events for 1 � i � l and
� i 2 T I the set of time-intervals. The sequence � is a time-
interval pattern if supp(� ) � � . We note T P the set of
frequent time-interval patterns of a database D . In their
article, the authors propose two algorithms called I-Apriori
and I-pre�xSpan , and results show that I-Pre�xSpan out-
performs I-Apriori both in computing time and scalability.
The pseudo-code of theI-Pre�xSpan algorithm is presented
in Section 2.

A few years later, [19] pointed out that most algorithms of
the literature use time information only as a time constraint
or to represent the time-interval between successive items
[9]. The novelty of this work is that not only the delay
between successive items is taken into account, but also be-
tween distant items. The "multi time-interval (MI) sequen-
tial pattern" models the time-intervals between all pairs of
items within a pattern. Two algorithms have been proposed,

Algorithm 2 I-Pre�xSpan ( � ,l ,D )
1: Inputs:
2: � = hE1 � 1 : : : � l � 1E l i : a temporal pattern.
3: l : the length of � .
4: D : a sequential database, or a projected database.
5: Outputs:
6: T P : the set of all frequent temporal patterns.
7: Method:
8: Scan D to �nd each frequent pair ( � l ; E l +1 ), where � l 2

T I is the gap interval between items E l � 1 and E l +1 .
9: for all (� l ; E l +1 ) do

10: add � 0 = hE1 : : : � l � 1E l � l E l +1 i to T P , as a new tem-
poral pattern.

11: end for
12: for all � 0 do
13: create the � 0-projected database D j0�
14: call I-Pre�xSpan( � 0,l + 1, D j � 0)
15: end for

MI-Apriori and MI-pre�xSpan , that are highly similar to the
I-Pre�xSPan and I-Apriori algorithms.

Discovering time-interval patterns has attracted consider-
able e�orts, due to its widespread applications. However,
several challenges remain, such as the de�nition of the ad-
equate set of intervals (whether manual or automatic), in-
cluding the problem of the granularity of the intervals.

2.4 Temporal Granularities
As soon as intervals are introduced, an issue arises: how to
choose these intervals?
[3] proposes to manage di�erent temporal granularities. An
algorithm composed of Timed Automata with Granulari-
ties (TAGs), associated with heuristics is proposed. TAGs
test whether a candidate time pattern appears frequently in
a time sequence. The heuristic allows to reduce the num-
ber of candidates. [29] focuses on mining periodic patterns,
where interesting periods cannot be de�ned in advance. Two
temporal granules are proposed: a �ne-grained granule for
hourly periods and a coarse-grained granule for daily peri-
ods. The time distribution of di�erent time granularities is
then estimated by using a combination of Gaussian distri-
bution.

2.5 Temporal Data Mining in EDM
To the best of our knowledge, little use has been made of
Temporal Pattern Mining in the EDM �eld. [23] takes time
into account by evaluating the rate at which students change
the learning resources of interest. They progressively im-
prove "when" resources have to be recommended to the stu-
dent. In a learning context, where students can choose both
which and when courses and exams to take, the research
work presented in [4] uses time information that corresponds
either to the "semester in which the exam was taken" or to
the "delay with which it was taken". Using this time infor-
mation, they then study the course and exam schedule that
the students take and understand better students’ behav-
iors. Using clustering and comparison, they are then able
to suggest improvements to the scheduling of courses and
exams of students.
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3. DEFINITIONS AND METHODOLOGY
The previous literature review highlights that time-intervals
are mainly adopted to model temporal patterns. The algo-
rithm proposed in [6], I-Pre�xSpan , has the main advantage
to consider intervals as a core element of the patterns and
the mining process. Intervals are considered as a constraint
about the patterns, not as supplementary information about
the patterns. It is the main reason why we choose to adopt
this algorithm in our work.
We start by introducing de�nitions that will be used in the
following methodology and in the experiments.

3.1 De�nitions
Let p = hE1 � 1E2 : : : � n � 1En i and p0 = hE 0

1 � 0
1E 0

2 : : : � 0
m � 1E 0

m i
be two ti- patterns and s = hE 00

1 E 00
2 : : : E 00

l i be a s-pattern,
with n (resp. m and l ), the length of the pattern p (resp.
p0 and s). Given these patterns, we put the following de�ni-
tions. Recall that T P is the set of frequent ti -patterns and
SP the set of s-patterns.

Definition 3.1. ti -form of an s-pattern
p is a ti-form of s, denoted by isform (s; p) if and only if:
(n = m) ^ (E i = E 0

i ), 8i 2 [1 : n].
ti-form( s) is the set of ti-form s, in T P , of s.

Definition 3.2. s-form of a ti -pattern
s is a s-form of p if and only if: (n = s) ^ (E i = E 0

i ),
8i 2 [1 : n]. s-form(p) is the (unique) frequent s-form, in
SP , of p.
s-form(P) is the set of frequent s-forms (in SP) of the set
of ti-patterns p 2 P .

Definition 3.3. s-equivalence of ti -patterns
p and p0 are s-equivalent, denoted s-eq(p; p0) if and only if:
(n = m) ^ (E i = E 0

i ), 8i 2 [1 : n].
In other words, s-form( p)=s-form( p0).

Definition 3.4. Pre�x of a ti -pattern
p0 is a pre�x of p if and only if:
(m < n ) ^ (E i = E 0

i ) ^ (� i = � 0
i ); 8i 2 [1 : m]:

Definition 3.5. Extension of a pattern
p0 is an extension of p if p is a pre�x of p0. We note ext(p)
the set of extensions ofp that belong to T P .
A similar de�nition can be put for s-patterns.

Definition 3.6. Extended part of a pattern
Let p0 be an extension of p. The extended part of p, with
respect to p0, is the pattern p00, where concat(p; p00) = p0.
Thus, p00= hEn � 0

n E 0
n +1 : : : � 0

m � 1E 0
m i .

We note extP art (p) the set of extended parts ofp, i.e. the
set of patterns that, when concatenated with p, result in a
pattern that belongs to T P .
A similar de�nition can be given for s-patterns.
Example: Let p = he1 I 1e0 i , and p0 = he1 I 1e0 I 2e1 i be two
ti-patterns. p00= he0 I 2e1 i is an extended part of p.

Definition 3.7. Pseudo-equivalence of ti -patterns
p and p0 are said to be pseudo-equivalent, if and only if:
s - eq(p; p0) ^ (� n 6= � 0

n ) ^ (� i = � 0
i ); 8i 2 [1 : n � 1]:, i.e. they

di�er only in their last time-interval.

3.2 Methodology
To support our hypothesis and identify the actual value of a
ti -pattern model, we de�ne a methodology. More precisely,
this methodology aims at identifying if there actually are
temporal regularities between students’ activities, if man-
aging temporal activities allows to have a better view of
students’ future activities, and concretely what type of ac-
tivities are mined. Recall that mining ti- patterns is quite
new in educational data mining.

We intend to mine ti -patterns in a temporal database D ,
which is a database made up of temporal sequences. A
temporal sequence is an ordered list of events (concretely
a list of resources students interacted with) and their asso-
ciated timestamp. Each temporal sequence represents one
student’s temporal activities and each student is represented
by a unique (and long) sequence.
Our methodology relies on four steps, described hereafter.

3.2.1 Determining the set of time-intervals
Recall that although timestamps are discrete values, their
precision is so high that relying on time-point (or gap) pat-
terns will probably only lead to infrequent patterns. For ex-
ample, two sequences that only di�er by one second: h(0; E1)
(3; E2)i and h(0; E1)(4 ; E2) i will correspond to two di�erent
patterns. Grouping gaps to form ti -patterns, will increase
the support of patterns. In addition, if the intervals are ap-
propriate, the loss of precision about temporal activities will
be limited.
So, before assessing the relevance of miningt i-patterns, we
have to choose the adequate set of time-intervals. Indeed,
this set in
uences the information conveyed.

Let T I = f I 0 ; I 1 ; :::I t g be a set of time-intervals, where
I j = [ gapmin j ; gapmaxj [ is an interval that contains all gap
values betweengapmin j and gapmaxj . Notice that the set
of intervals should represent a continuum of gap values from
gapmin 0 to gapmaxt .

We propose to evaluate the quality of a set of intervals T I
with 3 criteria:
The �tting ratio . It is the ratio between the number of
non-empty intervals and the total number of intervals. A
non-empty interval is an interval that is part of frequent
patterns. The higher the ratio, the better the set of inter-
vals, as the number of "useless" intervals is low.
The number of intervals . On the one hand, the more
intervals, the higher the potential of the model. Notice that
when T I = f I 0g = [0 : + 1 [, it comes down to Pre�xSpan .
On the other hand, using too many intervals increases the
complexity of the model. In addition, as there are many
intervals, the ti -patterns discovered will probably be infre-
quent. Thus, a good set is a set that has an in-between
number of patterns.
The horizon . It is represented by T I , the upper bound of
the last interval (the maximal time value of the set of inter-
vals). The larger the horizon, the more complete the model,
as it is able to represent long-term recurrences.

From our point of view, the best set of intervals is the one
that maximizes the �tting ratio while having a large horizon,
with a limited number of intervals.
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3.2.2 Comparing sets of s-patterns and ti-patterns
After having �xed the set of intervals, the set T P of ti -
patterns can be mined. In this second step, we aim at com-
paring the set T P with the set SP set of s-patterns, and
propose some measures to perform this comparison.

First of all, we propose to study the number of patterns, and
their average length, to get a coarse-grained view of the set
of patterns. Of course, this measure cannot be used alone,
as the goal is de�nitely not to mine the highest number of
patterns.
Second, we study the correspondence between both sets of
patterns. Let us start by noticing that the number of ti -
patterns cannot be deduced (not even approximately) from
the number of s-patterns. A brief explanation follows.

Let s be a frequent s-pattern and ti - cand(s) = f ts1 ; ts2 ; : : :
; tsk g the set of the candidate-ti -forms of s. Note that ts i
may be infrequent. Two cases arise:
{ jti - cand (s)j = 1. This case occurs when all the occur-
rences ofs have the same candidateti -form ts. Here, supp(ts) =
supp(s), thus ts is also frequent. The corresponding set of
s-patterns is noted S1 .
{ jti - cand (s) j > 1. This case occurs when some occur-
rences of s have di�erent candidate ti -forms. As a con-
sequence, 8i; (supp(ts i ) < supp (s))^ (

P k
i =1 supp(ts i ) =

supp(s)). Here, come three possibilities:
- @ts i ; supp(ts i ) > � : there exists no frequent ti- form of s,
thus the number of frequent patterns decreases. The asso-
ciated set of patterns is noted S0 .
-9! ts i , supp(ts i ) > � , thus: 8j jf (1 � j � j ti - seq(s) j) ^ ( j 6=
i )g, supp(ts j ) < � . In this case, there exists a unique fre-
quent ti- form of s, the number of patterns remains stable.
- 9( i; j ), ( i 6= j ) ^ (supp(ts i ) > � ) ^ (supp(ts j ) > � ). In this
case, there exist several frequentti- forms of s, the number of
patterns increases. The set of patterns associated with both
last cases is notedS1+ . Based on this, we �rst introduce the
pattern loss measure, that represents the ratio of s-patterns
that have no ti- form in T P (s 2 S0).

pLoss(SP) =
jSP j � j

S

p2 T P
s-form(p) j

jSP j
(1)

To complete the pattern loss measure, we de�ne the sup-
port loss measure, which applies for any s-pattern that has
at least one frequent ti- pattern ( s 2 S1+ ). The support loss
measure evaluates the proportion of "lost" occurrences of s,
i.e. that have no correspondence in T P .
Let s be a s-pattern and P = f p1 ; p2 ; � � � ; pk g be a set of
ti- patterns, where isform (s; pi ); 8pi 2 P . The support loss
of s is de�ned in equation (2).

sLoss(s) =
supp(s) � supp� (P )

supp(s)
(2)

where supp� (�) is the support of a set of patterns, de�ned in
equation (3).

supp� (P ) = j
[

p2 P

Seq id (p) j �
X

p2 P

jsupp(p) j (3)

where Seq id (p) is the set of sequence ids inD , where p is
a subsequence. We can see that the support ofP is not

de�ned as the sum of the supports of the patterns in P . To
explain this, let us consider P = f p1 ; p2g, with p1 and p2
two s-equivalent ti- patterns.

By de�nition, the s-form of p1 (which is the same as the
s-form of p2) occurs at most once in each sequence ofD .
Similarly, p1 and p2 occur at most once in each sequence,
but both can occur in the same sequence. As a consequence,
the support of P may be lower than the sum of the supports
of p1 and p2 .

The support loss de�ned above applies for a s-pattern. If
the support loss has to be evaluated on a set of patterns, the
average support loss and the associated standard deviation
can be used.

3.2.3 Evaluating the impact of time on the set of pos-
sible future activities of students

In the following third and fourth steps, we aim to evaluate
the bene�t brought by time in patterns (through ti -patterns)
about the possible future activities of students. To perform
this evaluation, we adopt a two-stage approach.
Let p be a ti -pattern and extP art (p) the set of extended
parts of p (see Def. 3.6). From the educational point of
view, the set of extended parts of a ti -pattern p represents
the ti -activities that students frequently do after p.

In this third step, we aim at discovering if managing time
allows to reduce the uncertainty about the future activities
of students. We compare the set of extended parts of s-
patterns and the set of extended parts of their ti- forms.
To conduct this comparison, we propose to use the well-
known entropy measure. The entropy of a pattern p repre-
sents the "degree of disorder" of the set of its extended parts.
From the educational view, given an activity performed by
students, the entropy measures the uncertainty of its follow-
ing activities. The higher the entropy, the more uncertain
the following activities. Relying on the entropy is not new
in the educational �eld [38]. Equation (4) presents the way
the entropy of a ti -pattern p is evaluated.

Ent (p) = �
mX

j =1

prob(pj )log2(prob(pj )) ; (4)

with prob(pj ) = supp ( p j )P m
k =1 supp ( pk ) and pj is one of the m ex-

tended parts of p. The same equation stands for s-patterns.
Given a s-pattern s, we thus propose to evaluate the ben-
e�t of considering time-intervals in this pattern, by evalu-
ating the entropy loss (see Equation 5). Entropy loss of
an s-pattern s considers the entropy of s (Ent (s)) and the
maximum entropy of its ti -form.

eLoss(s) =
Ent (s) � max p2 ti-form( s) f Ent (p)g

Ent (s)
(5)

Several cases may arise. First,eLoss = 1. This represents
the best case: each of theti -forms of s has exactly one ex-
tension. This means that when managing time in patterns,
the future activities are totally certain.
Second,eLoss = 0 :0. This case represents one of the worst
cases: at least oneti -form of s has the same entropy ass.
Here, we cannot say that managing time makes the possible
future activity less uncertain.
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Last, eLoss < 0:0. This case represents the other worst case:
all the ti -form of s has an entropy higher than s. In this case,
considering time decreases the quality of the model. Notice
here that the term Loss is a misnomer as it may theoreti-
cally be < 0:0. However, this term has been chosen to be
coherent with previous measures.
As a consequence, the higher the entropy loss ratio the more
managing time in patterns contributes to better estimate
students’ future activities.

3.2.4 Evaluating the impact of a speci�c time-interval
on students’ future activities

This fourth and last step is dedicated to the evaluation of
the impact of a speci�c time-interval of a ti -pattern on its
extended parts. More precisely, we are interested in the im-
pact of the last time-interval of a pattern. We focus on the
following situation: given two pseudo-equivalent ti- patterns
(cf., 3.7), to what extent do their set of extended parts dif-
fer?
This evaluation allows to study to what extent two students,
who perform the same temporal activity, except about the
time of their last activity, do have identical future activities.
In other words, is a temporal di�erence between two activi-
ties an indicator of activities that are beginning to diverge?

To perform this evaluation, we �rst evaluate the proportion
of identical ti -patterns between pairs of sets of extended
parts, as de�ned in Equation (6).

idExt (P Q) =

P
( P;Q ) 2 P Q

j P \ Q j
j P [ Q j

jP Qj
(6)

with P Q = f (extP art (p); extP art (q))gjpsd-eq(p; q) the pairs
of sets of extended parts of all pseudo-equivalent pairs ofti -
patterns. The higher this proportion, the lower the impact
of the last time-interval.

Second, we rely on the proportion of s-equivalent extended
parts. This measure also evaluates the impact of the last
time-interval on the set of extended parts, but by considering
only their sequential nature. The proportion of s-equivalent
extended parts is de�ned in Equation (7).

sidExt (P Q) =

P
( P;Q ) 2 P Q

j s-form( P ) \ s-form( Q ) j
j s-form( P ) [ s-form( Q ) j

j s-form(P; Q) j
(7)

This proportion represents if students tend to share their fol-
lowing sequential activities, even though they di�er in their
last time-interval. Here also, the higher this proportion, the
lower the impact of the time-interval.

Notice that for reasons of readability, s-form( �) is used here
to represent the sequential form of a set of ti -patterns and
a set of pairs of ti -patterns.

4. EXPERIMENTS
We apply the methodology described in the previous section
to evaluate to what extent mining ti -patterns increases the
knowledge about students’ activities. We �rst present the
dataset on which the experiments are conducted, then use
the 4 steps of the methodology and draw conclusions for each
of them. Finally, some mined ti -patterns are displayed.

4.1 Dataset overview and implementation
We collected data from 113 �rst-year university students,
enrolled in a Mathematics and Computer Science Bachelor
program and who interact with learning resources on their
LMS. We focus on one speci�c course: algorithms and pro-
gramming from the Fall semester in 2018. This course is
a core course of this program. Diverse online materials are
available: slides, exercises for lab sessions, tests, etc.
Most of the students own a personal computer, so they can
access the course both during teaching hours (lectures or lab
sessions) and after o�cial teaching hours.
The set of events E is made of 35 learning resources, that
students can consult. About 50% of these resources are stud-
ied during the teaching hours (lectures or lab). The dataset
is made up of about 6,300 actions and each student sees on
average 56 resources. The dataset spans almost one year, as
it includes actions performed not only during the teaching
period but also during revisions for the �nal examination
and actions conducted for the retake examination (for the
subset of students who failed the �nal examination).

In the experiments conducted, we use a relative minimum
support � = 0 :1. Two algorithms are studied: Pre�xSpan ,
to mine sequential patterns and I-Pre�xSpan , to mine ti-
patterns. The source code used forI-Pre�xSpan algorithm
is the one available in [12] (we have slightly adapted the
code to our needs). The source code used for the classical
Pre�xSpan algorithm is the one proposed by Gao [14].

4.2 Determining the set of time-intervals
We propose to study two types of intervals: Linear intervals,
where each interval has an equal duration, and granular in-
tervals, where the duration of intervals grows with the gap
value.

Table 1 presents various sets of intervals studied. For each
of them, the number of intervals, the maximal horizon, the
�tting of the set, the frequency of each frequent interval, as
well as the number of frequent patterns, are displayed. To
avoid an arti�cially high �tting value, we consider that an
interval is frequent if its frequency is no less than 10. The
frequency of an interval is evaluated as the number of times
the interval is used in the frequent patterns.

Before going into the details of the analysis of the set of
intervals, we would like to mention that the sets do not all
have the same number of intervals, so these values in Table
1 are not directly comparable. In addition, two contiguous
granular intervals represent a totally di�erent duration (for
example up to 1 hour and up to 1 day), the frequencies are
therefore not comparable. Last, notice that the total number
of patterns in one set of intervals cannot be explained by
the number of patterns of another set. Let us for example
consider two sets of intervals and their associated number
of patterns. Suppose that the �rst interval has an average
duration twice longer than the second one. A pattern that
is frequent in the �rst set may correspond to either two
frequent patterns in the second set, or only one frequent
pattern, or no frequent pattern at all (see section 3.2.2).

Let us �rst consider the three sets of linear intervals. For
the two �rst sets (30 min and 1 hour), the �tting measure
is quite low: 8%, which means that the vast majority of in-
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Type Duration Number of intervals Horizon Fitting Used intervals #
& associated frequency patterns

Linear 30 min 25 12h. 8% I 0 : 350; 000 ; I 24 : 1; 770; 000 550; 000
Linear 1 hour 25 12h. 8% I 0 : 549; 380 ; I 24 : 1; 843; 660 356; 811

Linear 1 day 25 24d. 72%

I 0 : 90; 976 ; I 1 : 42 ; I 2 : 25 ;
I 3 : 54 ; I 4 : 119 ; I 5 : 36 ;
I 6 : 239 ; I 7 : 189 ; I 8 : 17;
I 11 : 14 ; I 12 : 44 ; I 13 : 80;
I 14 : 17 ; I 17 : 14 ; I 18 : 13 ;
I 20 : 36 ; I 21 : 45 ; I 24 : 33; 298

37; 764

Granular expon. 16
I 0 = [0 sec. ; 10mn.[ 8mt. 56%

I 0 : 17; 739 ; I 1 : 79 ; I 8 : 82 ; I 9 : 269 ;
I 10 : 4; 278 ; I 11 : 5; 126 ; I 12 : 6; 403 ;

I 13 : 3; 693 ; I 14 : 1; 159
15; 754

Granular human 6
I 0 = [0 sec. ; 1 mn.[ 1y. 100%

I 0(sec) : 7; 706 ; I 1(min ) : 10; 551 ;
I 2(hour ) : 1; 615 ; I 3(day) : 30; 925;

I 4(week) : 68; 614 ; I 3(month ) : 22; 479
51; 025

Table 1: Fitting, examples of intervals and number of patterns for several sets of intervals

tervals are not found in frequent patterns. For example, in
"30 min", only the �rst interval (between 0 and 30 minutes)
and the last interval (more than 12 hours) are not empty.
We can conclude that both sets of intervals are not good
candidates. Caution must be exercised in interpreting this
result. It might mean that students do not regularly switch
from one resource to another, with a time gap between 30
minutes and 12 hours. It can also mean that the 30 min.
time-interval is not relevant. Despite the lack of relevance of
these intervals, the number of patterns discovered is impor-
tant. As only two interval patterns are used, we can consider
that I-Pre�xSpan behaves here almost as Pre�xSpan.
The �tting value of the "1 day" set is quite larger: 72%,
which means that most of the 25 intervals are frequent.
However, the total number of frequent patterns in this set
is highly decreased, compared to the "30 min" and "1h" sets
(by about 10 times). In addition, many interval frequencies
are not so high, some of them being close to the minimal
threshold, except the �rst and last one. This tends to mean
that many intervals are not that representative of the data.
Moreover, although the number of intervals is quite large
(25), the maximal horizon represented by this set remains
limited (all together, except the last one, represent a horizon
of smaller than a month). Recall that the dataset spans al-
most one year. Obviously, the horizon can be extended, but
it will be at the cost of an even larger number of intervals,
as well as an increase in the space and computation time.
These results tend to suggest that the set of intervals should
contain small intervals for close events (such as suggested by
the frequency of I 0 in the 30 min set), and larger intervals
for furthest gaps (such as suggested by the frequency ofI 24
in the 1 day set). Thus, a granular set of intervals should
better �t the dataset.

We propose to study now two sets of granular intervals. In
the �rst set, the duration of intervals grows exponentially:
the duration of an interval is twice larger than the duration
of the preceding interval. The �tting of this set is greater
than for the two �rst ones, but smaller than the third one.
Nevertheless, the horizon is larger than for all the previ-
ous ones (about 4 months), and the number of intervals is
decreased. The empty intervals (from I 2 to I 7) tend to rep-
resent a gap between 20 min and 10 hours 40 min.

The second set of granular intervals is referred to as "hu-
man", the intervals are designed to represent the human
natural time: minute, hour, day, week, etc. This set of
intervals has a maximal �tting (100%). At the opposite of
the "1 day" intervals, that has the highest �tting value till
then, the frequency of each interval is quite large (greater
than 1,600) and the number of intervals is reduced (only 6
intervals). Besides, the total number of patterns is larger
than both the "1 day" and the "exponential" sets.

All these elements contribute to consider the "human" set as
the best set of intervals. In this set, time is represented by
the f minute, hour, day, week, month, year g intervals. This
set has a maximal �tting (100%), covers a large horizon (till
a year, which corresponds to the span of the dataset), with a
limited number of intervals (6 intervals) and provides a quite
large number of frequent temporal patterns. Therefore, in
the following experiments, this set of intervals will be used.

Given these elements, we would like to highlight that this
set of intervals intrinsically represents the classical rhythm
of courses, for example one lecture (or one lab session) is
planned each week. The human set of intervals thus allows
to mine patterns that represent natural students temporal
activities: some students tend to work immediately following
a lab session (or a lecture) represented by I 0 or I 1 ; other
students wait for some hours in the same 24h, and others
work during the week, or even the week after (before the
next session) represented byI 4 . It is typically the type of
information that we expect to get when we aim at modeling
students’ activities.

4.3 Comparing s-patterns and ti-patterns
This second experiment aims at comparing sets ofs-patterns
and ti -patterns. Table 2 presents both sets of patterns,
associated with measures introduced in the methodology.
Let us �rst focus on the number of frequent patterns (line
1). The total number of frequent ti- patterns is dramatically
smaller than the number of frequent s-patterns. The pattern
loss is larger than 0.99. This means that the great major-
ity of s-patterns has no frequent ti- forms, probably due to
the spread of occurrences ofs-patterns over numerous ti -
patterns. These �ndings are in line with [22]. In addition,
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� = 0 :1(= 11) Pre�xSpan I-Pre�xSpan
Number of patterns jSP j = 12 ; 826; 760 jT P j = 51 ; 025 - pLoss(SP) = 0 :998

Average 8 3:8
Max. length 17 8

Example of pattern s, f requEnt (s) s = he31 ; e29 i ts1 = he31 I 0e29 i ; supp(ts1) = 1
^f @p j (isform (s; p) ^ f requEnt (p))g supp(s) = 26 ts2 = he31 I 1 e29 i ; supp(ts2) = 10

ts3 = he31 I 2 e29 i ; supp(ts3) = 6
ts4 = he31 I 3 e29 i ; supp(ts4) = 3
ts5 = he31 I 4 e29 i ; supp(ts5) = 4
ts6 = he31 I 5 e29 i ; supp(ts6) = 7

Example of pattern s, f requEnt (s) s = he22 ; e33 i p1 = he22 I 0e33 i ; supp(p1) = 25
^f9 (pi ; pj )j(f requEnt (pi ) ^ f requEnt (pj ))g supp(s) = 53 p2 = he22 I 1e33 i ; supp(p2) = 22

Support loss sLoss(SP1+ )= 0.33 ; std(sLoss(SP1+ ))=0.10
Table 2: Comparison of sets of patterns mined with Pre�xSpan and I-Pre�xSpan

we can see in Line 2 that the average length ofti- patterns is
about twice smaller than the length of s-patterns, the same
for their maximal length. A �rst conclusion that can be
drawn here is that most of frequent sequential patterns have
no recurrences in their time-intervals. This means that stu-
dents tend to have numerous recurrent sequential activities,
and quite less recurrent time-interval activities. However,
even though the average length of patterns is divided by 2,
ti -patterns have a signi�cant length, which means that they
do represent a meaningful students’ activities.
Moreover, a tens of thousands s-patterns (about 34,000)
have one or more frequent ti- forms (about 51,000). This
means that for these sequential activities, there are actu-
ally temporal regularities. These activities will be studied
in more detail in the following section.

Lines 4 and 5 in Table 2 illustrate some examples of s-
patterns and their candidate or frequent ti- forms. Line 4
presents one of the 99:8% s-patterns that has no ti- form
(thus, from SP0). This pattern ( s = he31 ; e29 i ) has 6 candi-
date ti- forms, but none of them is frequent. We can conclude
that no obvious time-interval regularity is observed for this
activity. Thus, this activity does not seem to be guided by
temporal constraints. We can also observe here that the sum
of the support of the ti -patterns is greater than the support
of their s-form s. This was mentioned in section 3.2.2.

In the remaining sequential patterns ( SP1+ ) made up of
about 34,000 s-patterns, 65% of the s-patterns have exactly
1 frequent ti -form and 91% have 1 or 2 frequent ti- forms.
The highest number of frequent ti -forms of an s-pattern is
9, which is quite high. Let us now consider line 5 in Table 2,
that presents a s-pattern that has several frequent ti -forms.
This s-pattern ( s = he22 ; e33 i ) has a support equal to 53
and two frequent ti- forms. Such a pattern occurs with two
temporal recurrences, and most of its occurrences have a
time gap between 1 minute and 1 day. Such patterns are
highly interesting and will also be further studied.

Based on these �ndings, it is legitimate to ask whether a ti -
pattern-based model can replace a s-pattern-based model.
Line 1 gives �rst indications. Many sequential patterns "dis-
appear" with such a model (more than 99% of sequential
patterns have no frequent ti -pattern). If the objective is to
replace traditional s-patterns by ti -patterns, a problem of
coverage of the model arises. However, if the goal is to iden-

tify which activities (sequential) have temporal regularities,
ti -patterns are of the highest interest.

Let us now focus on the support loss associated with the
complete set SP1+ of s-patterns that have at least one fre-
quent ti -form. sLoss(SP1+ ) = 0 :33, with a standard de-
viation equal to 0.1. This means that on average 1/3 of
the occurrences of an s-pattern "disappear", i.e. they do
not belong to any frequent ti -form. We can conclude that
among patterns with identi�ed temporal regularities, 33%
of the occurrences do not follow this regularity, which may
be high.

4.4 Evaluating the impact of time on the set of
possible future activities of students

Following our methodology, we evaluate now if ti -patterns
carry more information than s-patterns about future activ-
ities of students. As a preliminary remark, we would like
to mention that @s; eLoss(s) � 0. We mentioned previously
that this case would occur rarely, in practice here it does
not occur.

In the set S1+ , 71% of the patterns have at least one ex-
tension in SP (see Def. 3.5). Let us �rst consider the 66%
of these patterns that have a unique extension. By de�ni-
tion for these patterns, Ent (s) = 0 and Ent (p) � 0; 8p 2
ti-form( s). The �rst Line of Table 3 is an example of such
a case. The s-pattern he24 e27 e14 i has only one extended
part, so its entropy equals zero. It has three ti-forms, but
only one has an extended part. So, all these ti-forms have
an entropy equals to zero.
In this case, even if the entropy loss is null, the information
about the future activities of students is increased, as only
one ti -pattern has a frequent extended part.
Let us now consider the 34% remaining patterns, which have
more than one extension in SP . The average entropy is 0:84
with a maximal entropy of 7 :71. When focusing on the set of
their ti -forms, the average entropy is 0:35 and the maximal
entropy is 6:22. To make entropies as comparable as possi-
ble, the average entropy for s-patterns has been evaluated
only on the set of s-patterns that have at least one ti -form.
We can �rst notice that entropy of s-patterns is globally
higher than the one of ti -patterns (for both maximal and
average values). More precisely, the average entropy ofs-
patterns is 2.4 times bigger than the one of ti -patterns. We
can thus draw a �rst global conclusion: managing time in
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s-pattern Examples of Ent(s) Examples of nbExt(p) Examples of max- mean-
extPart(s) p 2 ti -form(s) extPart(p) Ent(p) Ent(p)

he24 e27 e14 i he12 i 0.0 he24 I 2 e27 I 3 e14 i
he24 I 3 e27 I 3 e14 i

0
1 he14 I 3 e12 i ( � )

0.0 0.0

he1 e10 e12 i
hef 3;13g i
he19 ef 3;22g i
he12 ef 12 ;19g i

5.49

he1 I 5 e10 I 1 e12 i
he1 I 5 e10 I 0 e12 i
he1 I 5 e10 I 2 e12 i
he1 I 2 e10 I 2 e12 i

0
1
13
24

he12 I 4 e3 i
he12 I 5 ef 19 ;13 ;12g i
he12 I 5 ef 19 ;13 ;15g i

4.55 0.78

Table 3: Examples s-patterns with ti-form s, extended parts and entropy values. ( � ) The corresponding exten-
sion pattern is p00= he24 I 3 e27 I 3 e14 I 3 e12 i .

patterns allows to decrease the uncertainty of students’ fu-
ture activities.
We will now compare the entropy of each s-pattern, with
the entropy of its ti -forms (through eLoss). In 68% of the
cases, the entropy loss between thes-patterns and their ti -
forms is higher than 0. This means that when considering a
temporal student activity, in 2 cases out of 3, the future ac-
tivity of this student is less uncertain than when managing
his/her sequential activity. These 68% are divided into 51%
with a loss equal to 1, which means that future activities
become certain. 17% of the cases have a loss between 0 and
1. The average entropy loss on all s-patterns is quite high:
eLoss = 0 :4. Roughly speaking, the future activities of stu-
dents are on average 40% less uncertain when managing time
in patterns, which is highly promising.

Thanks to these experiments, we con�rm that managing
time-interval patterns allows, in most cases, to have a better
view of the following activities of students. In addition, for
a signi�cant number of activities, future activities are now
totally certain.

Let us now focus on an example presented in the second
Line of Table 3. The s-pattern s = he1e10 e12 i has many
extensions in SP and many ti -forms, among which many
of them have extensions. Notice that although the entropy
loss is low (the maximal entropy of the ti -forms is 4.55), on
average it is signi�cantly lower (0 :78). In this speci�c case,
eLoss measure is not that representative of the di�erence
in entropy, the entropy decrease is probably higher than the
eLoss value.

4.5 Evaluating the impact of a speci�c time-
interval on students’ future activities

The experiments conducted here fall within the scope of the
last step of our methodology. They aim at evaluating to
what extent two students who perform a similar activity
(both in terms of resources and time-interval) and who only
di�er in their last time-interval, have the same future activ-
ities. In the experiments conducted, we will only focus on
patterns made up of at least 3 events (and 2 time-intervals)
to ensure that the patterns can be considered as activities.

In the set P Q composed ofjP Qj = 9 ; 510 of pseudo-equivalent
pairs of patterns ( cf., De�nition 3.7), 25% of the extended
parts of a pattern of any pair are also part of the extended
parts of the other pattern (sequentially and temporally iden-
tical). 11% additional pairs have sequentially identical ex-
tended parts. This highlights that even when two ti -patterns

di�er in their last time-interval only, this small di�erence
leads to a signi�cant di�erence in their sets of extended
parts. In terms of students’ activities, this means that when
two students make exactly the same activity, except on the
last time-interval, their following activities mainly di�er: not
only in terms of temporal activities but also in terms of their
sequential activities. We can conclude that the last time-
interval highly in
uences students’ future activities and that
it may be viewed as an indicator of activities that are be-
ginning to diverge.

Experiments conducted in both previous sections con�rm
that ti -patterns contribute to the increase of the information
about students’ future activities whereby the uncertainty of
this future is reduced. As a consequence, we can say that
time is an important information in students’ activities.

4.6 Interpretation of ti-patterns
In this section, we present examples of frequent ti -patterns,
in an understandable format to better analyze and under-
stand students’ activities.
The events ids in patterns are replaced by their type and
an id. Lecn will refer to the slides associated with the n th

lecture; Glosn will be the n th glossary resource;Stx n a syn-
tax resource; Sumn will be a summary resource ; Labn a
resource that contains exercises that are studied during lab
sessions (exercise sheets);F A n are facultative additional ex-
ercises; �nally Ad is the advise resource. The time-intervals
are noted (I s ; I mn ; I h ; I d ; I w ; I mt ), which refer to seconds,
minutes, hours, days, weeks and months.
Given that the longer an activity, the more information it
contains, we will preferably focus on the longest ti -patterns.

Activities made up of temporally close events
Let us start by studying activities that contain only the "sec-
onds" time-interval (i.e. events with a maximal gap of 1
minute). This will allow us to have a better view of the type
of activities that are performed on the spot. First, the cor-
responding activities tend to be made up of speci�c types
of events: they are a mix of glossary, syntax, advertisement
and lab resources. Second, the maximum length here is 7,
which means that there are actually long recurrent "quick"
activities made by students. Third, when analyzing the ac-
tivities, we can remark that they all have a similar skeleton:
students generally start by looking at the following resources
(in any order): f Sum5 ; Stx 3 ; Glos3g, then study one or more
Lab exercises and �nally consult an advice page. Let us for
example present a ti -pattern of length 7:
hSum3 I s Stx 3 I s Glos3 I s Lab1 I s Lab2 I s Lab3 I s Ad i
Such patterns can be interpreted as follows: they represent
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typical activities performed when preparing an exam. Not
only several Lab sheets are studied, but also before these re-
sources, students have a quick look at the syntax, glossary,
and summary of the lectures. They �nally consult the ad-
vice page. In such patterns, students interact with resources
within a short time, including with the lab sheets.
Activities made up of I h time-intervals
Let us now focus on patterns that use the "hours" time-
interval, where patterns are made up of events with a gap
value between 1 hour and 1 day. Here again, we identify a
skeleton shared by most of the ti -patterns:
hLabf 1;3g I h Labf 2;3g I h Labf 2;3;4g i , where Labf 1;3g means
either Lab1 or Lab3 .
These patterns highlight that some students tend to work
sequentially on several exercise sheets. The gap being be-
tween 1 hour and 1 day, tends to mean that students dig
deep into their works: they spend some hours to perform
each exercise sheet.
Other intervals
We have performed a similar study on other time-intervals.
For each of them, we also identify skeletons shared by almost
all the patterns.

An interesting conclusion that can be drawn from these �nd-
ings is that for any given time-interval, typical long activities
are made by students, that do all have the same skeleton.
More importantly, when comparing skeletons between time-
intervals, they are totally di�erent. We can thus conclude
that the type of activity performed is strongly linked with
the "rhythm" of the activity. Here, "rhythm" means a time-
interval granularity shared by all gap between all events of
the activity.
Last, when studying the timestamps associated with each
occurrence of the activities presented above, there is no spe-
ci�c period associated: they are performed at any moment in
the semester. For example, when considering the �rst exam-
ple given, that is mainly related to the 3 rd lecture, we found
similar patterns for the 1 st , 2nd , etc. lecture resources.

5. DISCUSSION
While traditional studies emphasize that students have typ-
ical sequential learning behaviors (identi�ed by frequent se-
quential patterns), this study further emphasizes that for
speci�c activities students work with temporal regularities.
Based on the experiments conducted in the previous sec-
tions, we initiate a discussion.

The results have highlighted that among the sets of inter-
vals tested (linear and granular), the one that represents
the human natural time is the most relevant one, at least
for the dataset used in the experiments (see section 4.2).
In addition to outperforming other sets of intervals accord-
ing to prede�ned measures, this set conforms to the scope
of application: the duration of most of the lectures or lab
sessions is about one hour, two successive lectures tend to
occur each week, etc. So, the interpretation of the discov-
ered patterns is enhanced. Of course, many other sets of
intervals remain untested and may be more adequate. Be-
sides, an automatic approach that learns the optimal set of
intervals could be tested, as in [24]. However, this would be
at a signi�cant additional computational cost, without any
guarantee of applicative interpretability of these intervals.

As expected, a high number of sequential patterns have no
frequent ti -form. In the experiments conducted, we have
even highlighted that most of the sequential activities have
no temporal regularities. This results in a high number of
"lost" patterns, which can be problematic, in case we are
interested in both frequent ti -patterns and s-patterns. A
solution could manage both types of patterns: sequential
students’ activities mixed with temporal students’ activi-
ties. This solution would not only maintain the coverage of
the model, thanks to sequential patterns but also manage
time, thanks to temporal patterns, when suitable. Here is
an example of such a pattern: hE2 E27 I 1 E13 i . This pattern
means that many students consult E2 then E27 (whatever is
the time-interval), then between 1 minute and 1 hour later
they do consult E13 .

Focusing on s-patterns and their various frequent ti -forms
can help to highlight di�erent learning approaches adopted
by students. For example, an activity done with a gap lower
than 1 minute between its events may represent the fact
that the associated students are used to �rst download all
the resources and then work o�ine. The same activity with
a time gap between 1 minute and 1 hour may re
ect that
students do work online, they do not access a resource before
�nishing the previous one. So, in addition to highlighting the
diversity of activities of students, ti -patterns are also a way
to identify students’ learning practices. One can foresee that
these patterns could be used as input information for many
works such as those that focus on students’ engagement.

6. CONCLUSION AND FUTURE WORKS
The study presented in this paper highlights the relevance
of using time information when mining patterns of students’
activities. A time-interval pattern mining approach, through
the I-Pre�xSpan state-of-the-art algorithm, has been adopted
to conduct this study.

The experiments conducted have pointed out that the nature
of the set of intervals used highly impacts the representativ-
ity of the model and that the set of intervals that represents
the human natural time is adequate. We also found that
most of the sequential students’ activities do not correspond
to any time-interval activity. However, for other cases, man-
aging this time-interval provides a better view of the future
possible students’ activities, thanks to temporal indicators.
Moreover, results show that a single time-interval di�erence
between two events of two patterns sequentially equivalent
results in signi�cantly di�erent subsequent activities.
We thus con�rm our hypothesis: temporal information is
highly promising for a more precise modeling of students’
activities. One additional experiment has illustrated some
frequent students’ activities both temporal and sequential.
It has put forward that, by looking at some speci�c time-
intervals, we can understand what activities students often
perform instantly or throughout a longer period.
The work we have conducted provides a �rst step towards
longer-term research. One of our future goals is to provide
students with recommendations of educational resources. By
relying on ti -patterns, we are con�dent that not only the ac-
curacy of the recommendations provided to students will be
increased but also that these patterns will give indications
about the right time to propose recommendations to stu-
dents.
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ABSTRACT
As programming must be learned by doing, introductory
programming course learners need to solve many problems,
e.g., on systems such as ’Online Judges’. However, as such
courses are often compulsory for non-Computer Science (non-
CS) undergraduates, this may cause di�culties to learners
that do not have the typical intrinsic motivation for pro-
gramming as CS students do. In this sense, contextualised
assignment lists, with programming problems related to the
students’ major, could enhance engagement in the learning
process. Thus, students would solve programming problems
related to their academic context, improving their compre-
hension of the applicability and importance of programming.
Nonetheless, preparing these contextually personalised pro-
gramming assignments for classes for di�erent courses is re-
ally laborious and would increase considerably the instruc-
tors’/monitors’ workload. Thus, this work aims, for the �rst
time, to the best of our knowledge, to automatically clas-
sify the programming assignments in Online Judges based
on students’ academic contexts by proposing a new context
taxonomy, as well as a comprehensive pipeline evaluation
methodology of cutting edge competitive Natural Language
Processing (NLP). Our comprehensive methodology pipeline
allows for comparing state of the art data augmentation,
classi�ers, beside NLP approaches. The context taxonomy
created contains 23 subject matters related to the non-CS
majors, representing thus a challenging multi-classi�cation
problem. We show how even on this problem, our compre-
hensive pipeline evaluation methodology allows us to achieve

an accuracy of 95.2%, which makes it possible to automati-
cally create contextually personalised program assignments
for non-CS with a minimal error rate (4.8%).

Keywords
non-CS majors, NLP, contextually personalised assignment
lists

1. INTRODUCTION
Introductory Programming (often known under the label of
‘CS1’) classes are now-a-days often compulsory for under-
graduate courses that do not have computing as their ma-
jor [10, 15, 20, 23]. CS1 is delivered to students majoring
in, e.g., mechanical engineering, economics, etc. - whom we
collectively name here ‘non-CS students’. It is common in
such cases to �nd students with di�culty in interpreting as-
signment texts, due to the lack of a�nity with the area of
the problem [22]. As a result, many of these students may
be discouraged by CS1, as they fail to see the purpose that
programming can have in their professional lives [10,17,23].

Moreover, programming must be learned by doing and, hence,
learners need to solve many problems [11,17{19,27]. In this
sense, ‘Online Judge’ systems can in
uence positively the
learning process of non-CS students [12, 18, 20, 25], as sys-
tems which allow students to submit programming assign-
ments and provide real-time automatic code correction. As
Programming Online Judges (POJ) have large numbers of
problems registered in their problem banks [25], in principle,
there would be plenty of problems to select from, for both
students as well as teachers, allowing for a mass personalisa-
tion - where one teacher could cater in parallel for the needs
of many students. Nonetheless, the problems available on
these systems often are collected or scraped from various
environments that do not provide labelling [27], and thus
it is laborious to �nd appropriate problems for non-CS stu-
dents. This is more so the case, as the number of program-
ming exercises is constantly increasing [25, 27]. Therefore,
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the automatisation of the categorisation of problems based
on subject matter is becoming vital, to support instructors
who teach computer programming disciplines. To illustrate,
undergraduate students of Economics would be more famil-
iar with an if-then-else problem using terms such as \interest
rates" or \importation of goods" instead of a problem on the
\growth of cells", which may be completely out of their com-
fort zone. Thus, we raise the following research question:

How can we extract the subject matter from programming
problem statements, to automatically match programming
assignment lists to non-CS courses?

Our main contributions with this paper are thus:

� Proposing a new, wholistic methodology pipeline for
the POJ contextual labelling problem, allowing to com-
pare a variety of cutting edge shallow and deep learn-
ing models, to experiment with the most recent data
augmentation techniques (with or without augmenta-
tion), NLP (based on BERT, Word2Vec, Glove), clas-
si�ers (based on BERT, Random Forest, SVM, XG-
Boost, GaussianNB, GradientBoosting, ExtraTree, Se-
quential DNN, CNN, RNN) and validation.

� Extracting, for the �rst time, to the best of our knowl-
edge, automatically and precisely, subject matters re-
lated to non-CS courses; we do this by using cutting
edge NLP techniques on the statements of assignments
available in a home-made online judge CodeBench1
used with �fteen non-CS major programmes.

� Proposing a subject-based contextualisation taxonomy
to map subject matters to non-CS courses, where CS1
is compulsory.

� We thus are enabling the contextual personalisation of
programming assignment lists for non-CS courses.

2. RELATED WORK
There are many studies tackling the challenge of teaching
introductory programming to non-CS students, based on a
variety of angles. To illustrate, [10] employed collaborative
scenarios to enhance teaching and learning programming
in non-CS courses, whist [23] used an approach involving
games and media. [15, 24] show that English-like (natural
language) syntax can help non-CS students overcome the
di�culties in learning programming syntax. Furthermore,
a recent study [21] explains that e�ective motivational edu-
cational design can enhance introductory programming stu-
dents and teacher engagement. Despite these works repre-
senting a move towards improving non-CS students engage-
ment, linking text collections to general or domain-speci�c
knowledge is essential [1,5]. More speci�cally, [14] argue that
students’ experiences of the learning context have important
implications for teaching and learning. Nevertheless, none of
these aforementioned studies take the context of the problem
into account. Especially untouched is the issue of contextu-
alisation of the problem statements, ensuring that problems
introduce only the degree of di�culty required to progress

1http://codebench.icomp.ufam.edu.br/index.php

in the programming knowledge and not additional complex-
ity from strange contexts for the current learner (such as a
geology context for economy students, etc.).

Online judges (POJ) are increasingly being used to support
introductory programming (CS1) classes. Via such envi-
ronments, teachers can provide problems to be solved and
students can submit their code and receive immediate feed-
back [9, 18, 25]. One of the issues of these systems is that,
in general, the problems available are not categorised based
on subject matter, topics, context, major, etc. In this sense,
there are two recent works [3, 27] which tackle the problem
of topic extraction from such problems. In these studies,
topic extraction is used for grouping problems in terms of
their related programming knowledge components, concepts
or skills. For example, a problem that can be solved by us-
ing graph algorithms, such as breadth-�rst search, 
ood-�ll
or topological sort, can be classi�ed into the graph category.
Notice however that the target audience of these studies are
more experienced POJ users. Instead, here we are not in-
terested in categorising problems based on advanced topics.

In fact, we tackle, for the �rst time, to the best of our knowl-
edge, the challenge of extracting the subject matter from
programming problem statements available in POJ systems
used in introductory programming, in order to improve the
teaching and learning process of CS1 for non-CS courses, by
matching problems to non-CS majors.

3. EDUCATIONAL CONTEXT
In this paper, we use as study base, as said, the CodeBench
Online Judge environment, which is self-designed and im-
plemented, as it allows us the freedom to add the changes
inspired by our research results. Thus, we analyse here run-
ning the Introductory Programming (CS1) course at the
Federal University of the Amazonas, via this self-designed
POJ, which is delivered to 15 non-CS undergraduate degrees
across the university. These courses are divided into 5 ma-
jor areas: Mathematics, Physics, Engineering, Statistic and
Geology. Three of the degrees belong to Mathematics, 2 to
Physics, 8 to Engineering, 1 to Statistics and 1 to Geology.
Figure 1 illustrates this con�guration.

As Figure 2 illustrates, during the CS1 course, students in
our environment typically solve 7 assignment lists with prob-
lems of increasing di�culty, using the Python programming
language. They are allowed to solve the problems with an
unlimited number of submission attempts, as long as they
meet the deadline for solving all problems on a given list.
The exercise lists always precede an exam on the same pro-
gramming topic, both carried out in the Online Judge. Each
list has an average of 10 questions, and the tests have 2 ques-
tions. We call a list together with its exam a ’session’, where
each session addresses a speci�c programming topic. Alto-
gether, the course thus is formed of 7 sessions, that is, 7
programming topics are covered during CS1. Each session
lasts on average 2 weeks.

During the 7 sessions, students work on the following pro-
gramming topics: Sequential, Composite conditional struc-
tures, Chained conditional structures , Repeating structures
by condition, Repeating structures by count, Vectors and
Strings and Matrices . Before the 7 sessions, students have a
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Figure 1: non-CS undergraduate courses at the Fed-
eral University of the Amazonas
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Figure 2: CS1 course con�guration

�rst week to get used to the Python programming language,
where they learn about Variables and Single Operations.

Whilst, in our online judge, problems are well structured
based on these programming topics as above, they lack a
clear division based on the contexts (here, related major ar-
eas) in which the problems are to be delivered. Please also
note that, although the sessions are ordered by their increas-
ing di�culty, the topics they are addressing are somewhat
unrelated. Moreover, this increase in di�culty is typical for
any CS1 course, be it o�ine or online.

Thus, our POJ is generic enough and is hence a good envi-
ronment in which to research approaches to automatic clas-
si�cation by contexts, based on the statements, to build
context-based personalised assignment lists, towards ulti-

mately enhancing the engagement of non-CS students in
their learning process.

4. DATA
The database in our Online Judge system consists of 986
programming problems in the CS1 discipline. As said, the
statements in the database were initially not categorised by
context; thus, we proceeded to create a labelled corpus, by
manually classifying the contexts of each statement, to fur-
ther use to carry out the experiments.

As labels, we adopted in this research contexts extracted
from Zanini and Raabe’s de�nitions [26], which show that
the context of problems plays an important role for novice
programming students. Their study manually analysed the
contexts of 428 programming problems statements used in
introductory programming (as in our case) o�ered to 51 un-
dergraduate courses. As a result, they found 20 possible
contexts for these problems, as follows: mathematical, com-
mercial, person, school, human resources, research, bank-
ing, physics, production, sport, computational, tra�c, date
and time, environment, tax, safety, consumption, popula-
tion, others, and gamble.

We thus started with their proposed labels to annotate our
problems. However, there were some groups of statements
that could not be mapped over the above contexts. More-
over, the context \others" is too general and provides no real
information. Given that, we removed the context \others"
and propose here some additional contexts, as part of our
contribution, in order to annotate our larger set of state-
ments. As a result of the above process, we produced a
total of 23 contexts, which we grouped together in a new
CS1 Context Taxonomy, which is described in Table 1. This
includes the following contexts, as contributions of our re-
search: Games, Movies and Series, Chemistry and Geogra-
phy. In addition, the table shows the number of statements
for each context labelled and used in this research, the de-
scription of the contexts as well as the undergraduate courses
that may have a high connection with the context.

It is worth noting that we performed a statistic test that
measures inter-annotator agreement to validate if our anno-
tation process was conducted properly. To do so, we used
Cohen’s kappa (k) [4], which shows the level of agreement
between two annotators on a classi�cation task. As a result,
we achieved ak = 0.961 , which is considered almost perfect
agreement [2].

5. METHODOLOGY
Figure 3 illustrates the proposed evaluation methodology
pipeline used in the experiments of our research. We cre-
ate here a unique, comprehensive pipeline, studying various
combinations of the most popular and successful bleeding
edge state-of-the-art techniques for natural language pro-
cessing (NLP). The following subsections explain each step
of our methodology.

5.1 Data augmentation
The data augmentation stage consists of balancing the train-
ing data by paraphrasing it, using the pre-trained model
BERT [6]. Importantly for our task, this allows for contex-
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Context Focus of the Statement non-CS
course

N

Mathematical resolution of purely mathematical problems, without this be-
ing applied to another context

Mathematics
and Engineer-
ing

261

Commercial handling of products, goods, such as buying and selling, cal-
culation of commission, provision of services

Economy 120

Games game application, be it a virtual game or even a table game;
for example, in the database there are games of naval battles,
as well as video games

Digital games
courses

96

School to solve a school problem, such as averaging, passing or fail-
ing veri�cation

Pedagogy 79

Tra�c related to the driver, car, mileage, accidents All courses 43
Sport some activity involved with sport, such as running, football,

classi�cation
Physical edu-
cation

42

Physics resolution of purely physical problems, without this being
applied to another context

Physics and
Engineering

36

Banking related to bank transactions, investment, balance, with-
drawal, deposit, stock exchange

Economy 35

Human Resources problem related to human resources, such as salary calcula-
tion, data related to employees, calculation of bonuses, re-
cruitment and selection of employees

Sociology and
Psychology

35

Movies and TV
Shows

problem situation in a �lm or TV shows. To illustrate, there
are questions from the movie Harry Potter about potion cal-
culation

All courses 30

Population problems on population data, such as birth rate, mortality
rate, population growth; referring to either human or animal
population

Statistic 25

Chemistry purely chemical problems, without this being applied to an-
other context

Chemical en-
gineering

23

Person problems with elements directly related to a person, like
weight, height, sex

All courses 22

Date and time calculation of date or time, calculation of day, veri�cation
of month, conversion of hours, minutes and seconds, time
interval

All courses 21

Safety control access, password veri�cation, data security, encryp-
tion, validation

Software engi-
neering

20

Research providing statistical data of opinion polls Statistic and
Journalism

18

Environment relating to environmental issues, such as pollution, temper-
ature

Environmental
engineering

18

Health related to issues of �ghting diseases Medicine 17
Consumption calculation of water, electricity or telephone-related con-

sumption
Economy 16

Geography resolution of purely geographical problems, without this be-
ing applied to another context

Geology 11

Production related to the production of products, the quantity produced,
production value, origin of the products

Production
engineering

7

Computational computational issues, such as conversion of binary, decimal,
hexadecimal numbers, ASCII table

Computer en-
gineering

6

Tax calculation of taxes, such as income tax Economy 5

Table 1: Our proposed CS1 Context Taxonomy and Data Set description, with respective non-CS undergrad-
uate course name and Number of items per Context, N

tual paraphrasing. Figure 4 illustrates a paraphrasing pro-
cess based on a fragment of a statement from the category
\Computational".

Figure 4 shows a new generated sentence with clear seman-
tics for a human reader. Still, generated text sometimes

misses such a clear structure. Nevertheless, our goal here is
not to generate new sentences which could be meaningful for
learners. Instead, we aim at creating arti�cial statements,
which are not to be presented to humans, but will be used
to expand the minority classes, providing variations to the
predictive models (see bias-variance trade-o� [8]). In other
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Consider some code that prints the above 
message on your machine: Hello world

Figure 4: Paraphrasing Example using BERT [6]

words, despite this irregularity in the semantic sense of the
statement, it is possible to perceive that the new instance
generated belongs to the same class from which it was de-
rived from and, therefore, it may represent a useful addition
for the learning algorithm (which is later, as can be seen,
con�rmed by the results).

Nonetheless, as can be seen, despite the potential of such
contextual paraphrasing, the new statements repeat some
words from the original and keep almost the same number
of tokens, which is a limitation of this method. As such,
to prevent overtraining on arti�cial data (instances created
using contextual paraphrases), we have set a limit of, at
most, quadrupling the base of minority classes. We estab-
lished this limit after some empirical experiments. That is,
a statement is allowed to generate at most 4 new samples in
the training base, as long as the new number of statements is
below the number of instances of the majority class. Hence,
this process may not render a perfectly balanced training
base. To illustrate, imagine that the majority class has 10
questions on the training set, while the minority class has

1 question; with this paraphrasing algorithm, it is possible
to extend the minority class for up to 5 questions (4 new
samples + original statement).

In this work, experiments were carried out with and with-
out paraphrasing, in order to analyse how the balancing by
paraphrasing can in
uence the results.

5.2 Pre-processing
As we used reliable data (problems statements created di-
rectly by instructors/monitors), there was no need in our
data processing of performing orthographic corrections, ex-
panding contractions and other common data-cleaning steps.
However, all our problem statements were originally in the
Portuguese language. As there are many tools available for
processing text written in English, we opted to translate our
statements �rst into English, by using the googleTrans2 li-
brary. Subsequently, we proceeded in applying our pipeline
processing on the English text obtained, with and with-
out the use of stop-words removal and lemmatisation , using
spacy3 . As a result, we observed empirically that these two
techniques were useful for data �ltering in our pre-processing
step. Next, we show how we further prepare the text for the
machine learning algorithms.

5.3 Text Representation
The machine learning algorithms take as input a sequence
of text to learn the structure of text, just like a human does.
However, we need to convert the data in numerical form. As
such, we represent our text data as a sequence of numbers
(see Keras Tokenizer function4). Moreover, the ML algo-
rithm expects each training instance to have the same length
(same number of tokens). Thus we padded with zeros at the
end sequences that are shorter than the maximum length

2pypi.org/project/googletrans/
3spacy.io
4keras.io/preprocessing/text/
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sequence. To do so, we applied the Keras padding module5
over the sequences.

In addition, two di�erent state-of-the-art NLP techniques
for vector representation of words are used for competing
against each other: googleNews-Vectors (W2V)6 and Glove
[16] word embeddings. Moreover, for the BERT classi�er,
we used its own layer of word embeddings. Similarly, for the
other deep learning models, we used the word embeddings
layers as provided by the Keras library 7 . The purpose of
this step is to compare the NLP techniques in terms of per-
formance with our data set. Therefore, we created a process
to obtain the best model for automatic categorisation of con-
texts of programming questions for our educational context.
The process allowed us thus to carry out experiments with
advanced Deep Learning methods, and to compare not only
those approaches with each other, but also with classical
approaches, such as shallow learning models.

5.4 Classi�ers
For deep learning models we used: a) Convolutional Neural
Networks (CNN) which have a convolutional layer, followed
by three dense layers; b) Recurrent Neural Networks (RNN),
with a recurring layer using a Long Term and Short term
memory (LSTM) followed by three dense layers; c) RNN and
CNN (RNN+CNN) stacked with the same con�gurations as
those of the items a and b; d) Sequential Neural Network
(SNN) with two dense layers and e) BERT for classi�cation
(notice that we used BERT for two purposes: i) perform
contextual paraphrasing; ii) multi-classi�cation).

As we are tackling a multi-classi�cation problem, the �nal
layer for each neural network was represented by a softmax
layer [13]. For all deep learning models, the con�gurations
used above represent the default recommended ones from
the literature [13].

Additionally, we used the following classical, shallow clas-
si�ers, with the word embeddings from googleNews-Vectors
and Glove: Random Forest Classi�er (RFC), Support Vec-
tor Machine (SVM), Extremely Randomised Tree Classi�er
(ETC), Gaussian Naive Bayes (GNB), XGBoost (XGB) and
Gradient Boosting Classi�er (GBC).

5.5 Validation
To validate the models, we employed the strati�ed valida-
tion with 10 folds. This method divides the base into k
partitions, using k � 1 for training and 1 for testing. After
that, the accuracy of the test partition is calculated. This
process is repeatedk times, until all partitions have been
used as a test. Finally, the average of the accuracy obtained
in the tests is computed. It is noteworthy that each fold was
divided proportionally to the number of statements present
in each class in the database [13]. We implemented it using
the Strati�edKFold from scikit-learn. Notice that we per-
formed the data augmentation only on the training sets of
each training fold. Thus, there were no paraphrased texts
in the test sets.

5keras.io/preprocessing/sequence/
6code.google.com/archive/p/word2vec/
7keras.io/

To evaluate our models, we used the F1-score, as this metric
combines precision and recall in an harmonic mean. This is
useful because it gives much more weight to low values than
a regular mean, which treats all values equally. Moreover,
we used the weighted F1-score, which takes into account the
proportion of each class.

6. RESULTS AND DISCUSSION
We built a total of 34 predictive models. Figure 5 illus-
trates all the results obtained by all models applied in this
research. From this �gure, we can notice that paraphrasing
improved the (weighted) F1-score in all models. To illus-
trate this boosting, the model GLOVE + SVM achieved a
F1-score of 86%, without paraphrasing. Whereas with the
paraphrasing, the model achieved 94%, an increase of 8%.
To validate that, we performed the McNemar’s hypothesis
statistical test, which is recommended to compare machine
learning models [7]. We compared the models with or with-
out the contextual paraphrasing. As a result, we con�rmed
that the paraphrasing statistically boosts all models, even
after Bonferroni correction ( p � values � 0:05=2). Table 2
shows the classi�cation performance of the models in terms
of macro and weighted precision, recall and F1-score. More-
over, this table shows the accuracy of each model.

From a visual inspection of Figure 5, we can argue that
the best model found is the BERT classi�er with use of the
contextual paraphrasing (BERT + PAR), as the model has
the highest median and a low standard deviation. Moreover,
this model achieved the highest recall, F1-score and accuracy
(Table 2). To validate that, we also performed McNemar’s
test. As a result, we con�rmed our previous deduction as
BERT + PAR statistically outperforms all the other models,
even after Bonferroni correction ( p � values � 0:05=33). As
such, in Figure 6, we show the performance of this model
for each context, as a heat-map plot. The rows represent
the actual values, while the columns depict the predicted
contexts.

Figure 6 illustrates that, in general, our best model is capa-
ble of recognising problems from each context with a high
recall. Indeed, there are predictions in some classes with-
out miss-classi�cation such as Computational , Sports, etc.
However, we can see some cases where the model made mis-
takes. For example, the model gets confused between the
classesProduction and Commercial. This may have hap-
pened because some problem statements could have come
from a production context, but with focus on sales, which
would be further related to the Commercial context. More-
over, there are some problems that are actually from the
context Production , classi�ed by our best model as Date and
time. This was an unexpected result for us. After visual in-
spection, we noticed that some of these problems linked the
e�ciency of a company to the time-scale (e.g., how long a
process took determined its e�ciency). This is a possible
explanation for such confusions within our model.

Coupled with that, according to Table 1, it is possible to
notice that the class Computational has only a few state-
ments. Despite this low number of problems in this context,
our model is able to recognize this minority class with no
errors (100% of precision and recall). Still, the class Tax
presents the lowest number of problems in our database.
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Figure 5: All results (F1-score)

But even so, our model achieved a recall of 80% in this con-
text. Consider that the instances missclassi�ed from the Tax
context were allocated to Commercial, which makes sense,
as, in some cases, these two contexts are related.

Although the model achieved a high recall (95%) in the
context of Games, instances that the model was not able
to recognise were spread through multiple contexts (Com-
mercial , Date and time, Physics, Tax, and Mathematical ).
The 2% error between Games and Tax can be explained by
statements of games that comprise tari�s, e.g., when buy-
ing a certain product within the game. For example, there
are statements in our data set that discuss buying products
for a character, such as a battle suit. Further, the error
of 1% with the class Commercial could be due to a rea-
son similar to that of the class Tax. To illustrate, within a
game, some statements comprise the purchase of products.
Regarding the class Date and time, an explanation would
be statements that address some mission that the character
needs to accomplish in a speci�c time. Regarding the error
in the classesPhysics and Mathematical , it may be due to
statements in games that contain speed calculation.

Another important analysis to be done occurs in the class
Research. The model achieved a recall of 94%, whereas 6%
of errors occurred in the classPerson. One possible reason is
that surveys are conducted based on a group of people. Also,
there are statements in our database that contain research
carried out on some characteristics of people, such as age
group, education, etc.

Another interesting outcome relates to the following classes:
Banking and Commercial. Note that both presented confu-
sion errors between each other, that is, the classCommercial
presented wrong predictions in the class Commercial and
vice-versa. This is justi�ed because both classes deal with
statements that involve money.

Furthermore, a similar situation occurs for the classes Health
and Population . Here, errors could be due to statements
addressing, e.g., the growth of a virus or bacteria. Thus,
results may highlight relations between these contexts.

Another interesting analysis relates to the majority class of
our data set, that is, the class Mathematical . Note that it
was possible to obtain here a 99%recall. Even more impor-
tantly, note that few classes have errors in this class, that is,
although we are dealing with the majority class, our model
can di�erentiate, with high precision, all classes, against this
one. To illustrate, only the following classes had a confu-
sion error with respect to this class: Games, Geography and
Commercial. Regarding the error presented in the predic-
tion of the class Games, it is an error that could be justi�ed
by questions that deal with any type of calculation, given
that any form of calculation can be directly related to the
mathematical context. For the Geography class, the error
could be justi�ed, as we have noticed the existence of state-
ments that deal with map scale conversion. Regarding the
classCommercial, the error could be justi�ed by calculating
the price of a certain product.

Nevertheless, we had unexpected outcomes as well. For ex-
ample, it was arguably to be expected that the Physics class
presented errors in the Mathematical class, given that state-
ments that address a physical contextualisation deal with
mathematical calculations. However, this does not happen.
Thus, our model clearly di�erentiates here between even
small details present in the statement of each context.

In other words, although there is an error in the classi�cation
of some instances in the classes, most of these errors can
be easily justi�ed. This may suggest that the statements
worked on in this research have multi-contextualisation, that
is, a statement can address more than one context. However,
what happens in practice is that one context is predominant,
and the prediction of our model re
ects this. Still, it is
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Table 2: Classi�cation performance of the predictive models (Pr: precision; Re: recall; F1: F1-score; Acc:
accuracy).

Model Pr(Macro) Pr(weighted) Re(Macro) Re(weighted) F1(Macro) F1(weighted) Acc
GLOVE+RFC 95% 88% 78% 87% 84% 87% 86.8%
GLOVE+RFC + PAR 94% 92% 86% 92% 89% 91% 91.6%
GLOVE+ETC 95% 90% 80% 88% 86% 88% 88.3%
GLOVE+ETC+PAR 95% 93% 87% 92% 90% 92% 92.3%
GLOVE+XGBC 91% 87% 74% 87% 79% 86% 86.5%
GLOVE+XGBC+PAR 92% 91% 82% 90% 85% 90% 90.2%
GLOVE+GNB 90% 86% 78% 85% 82% 85% 85.0%
GLOVE+GNB + PAR 88% 87% 82% 86% 84% 86% 86.7%
GLOVE+SVM 80% 87% 71% 87% 75% 86% 86.8%
GLOVE+SVM+PAR 95% 94% 89% 94% 91% 94% 93.7%
GLOVE+GBC 79% 83% 68% 82% 72% 81% 81.7%
GLOVE+GBC+PAR 83% 87% 77% 87% 79% 86% 86.6%
GLOVE+KC 91% 93% 89% 93% 90% 93% 92.8%
GLOVE+KC+PAR 91% 93% 90% 93% 90% 93% 93.1%
W2V+RFC 95% 88% 78% 86% 84% 86% 86.1%
W2V+RFC+PAR 94% 93% 87% 93% 90% 93% 92.7%
W2V+ETC 95% 88% 79% 87% 85% 87% 86.8%
W2V+ETC+PAR 95% 93% 87% 92% 90% 92% 92.3%
W2V+XGBC 92% 87% 76% 86% 82% 86% 86.4%
W2V+XGBC+PAR 91% 91% 86% 91% 87% 91% 90.7%
W2V+GNB 90% 87% 78% 86% 82% 86% 85.7%
W2V+GNB+PAR 88% 87% 81% 86% 84% 86% 85.9%
W2V+SVM 85% 90% 79% 90% 82% 90% 90.2%
W2V+SVM+PAR 96% 95% 91% 94% 93% 94% 94.3%
W2V+GBC 77% 82% 69% 81% 73% 81% 81.3%
W2V+GBC+PAR 83% 88% 78% 88% 80% 88% 87.8%
W2V+KC 91% 92% 89% 92% 90% 92% 92.4%
W2V+KC+PAR 93% 94% 91% 94% 92% 94% 93.9%
KT+CNN 94% 91% 84% 91% 88% 91% 90.8%
KT+CNN+PAR 92% 93% 90% 93% 91% 93% 93.2%
KT+(RNN+CNN) 86% 91% 86% 91% 85% 91% 90.8%
KT+(RNN+CNN)+PAR 89% 91% 87% 91% 88% 91% 91.4%
BT+BERT 93% 95% 91% 95% 92% 95% 94.7%
BT+BERT+PAR 94% 95% 92% 95% 93% 95% 95.2%

potentially useful to further analyse this problem as a multi-
contextual prediction task.

7. LIMITATIONS
One of the major limitations of this paper is related to data
set size. Although we have a signi�cant number of prob-
lems, in the case of some contexts there is a small number
of instances, due to the quantity of classes in our multi-
classi�cation problem. To address this limitation, we used
cutting-edge NLP techniques to produce new instances on
the training set, using contextual paraphrases.

Moreover, our original problem descriptions were in Por-
tuguese and hence, when we translated them to English,
this may have introduced some errors from our automatic
data processing. However, this was counter-balanced by the
availability of the most cutting-edge NLP processing tools
for the various steps involved in our pipeline, which were not
available for the Portuguese language.

In addition, this research worked with introductory topics to
computer programming. It is thus less clear if the method-
ology applies to more advanced topics of programming. For
example, database disciplines may need a di�erent approach.
However, the holistic pipeline we propose can guarantee that
the right method can outperform the others, thus ensuring
area appropriateness.

Another limitation arises from undergraduate courses that
do not have programming in their curriculum. Although it is
clear that in this research several courses may use program-
ming for some activities, not all of them have programming
topics in the curriculum. To illustrate, although our data set
presents health issues that can be applied to the medical or
nursing courses, unfortunately these undergraduate courses
do not have programming topics in their curriculum. This
may however change in the future, with the rise of the ubiq-
uitousness of computing, and thus this research may have
wider relevance and impact than originally envisioned.
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Figure 6: BERT with Paraphrasing

8. CONCLUSION AND FUTURE WORKS
According to the results obtained and illustrated in this re-
search, we can conclude that paraphrasing of the minority
classes boosts results, that is, it was able to make predictive
models more accurate and with greater recognition capacity,
regardless of which NLP was used, that is, Glove, Word2vec,
BERT, etc.

In addition, our work was able to achieve a performance with
high precision and a high recognition rate for all 23 classes

proposed in this article. That is, our best model, which is
based on the BERT technique with paraphrase-balancing,
was able to achieve an accuracy of 95.2% with a minimal
error rate, which is no more than 4.8%.

With that, the �rst step to generate personalised problem
lists, according to the context of the undergraduate course,
was taken. We have additionally provided a new context
taxonomy for problems, as well as acomprehensive evalua-
tion pipeline methodology for context-based personalisation
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of problem lists.

As future work we intend to further evaluate the e�ect of
the personalised programming problem assignments using
our method to detect the subject matter. Thus, we can
explore if the performance of the non-CS students will be
a�ected when solving problems related to their courses.

In addition, three new experiments can be performed to
analyse the generalisation power of our method. The �rst is
to repeat the procedure on other online judge problem col-
lections, but still at an introductory programming discipline
level. The purpose of this experiment is to verify how gener-
alisable our approach is across educational settings di�erent
from ours. We believe, nevertheless, that choices such as the
programming language used in teaching CS1 will not be a
factor that will prevent similar outcomes.

As a second experiment, we would repeat the procedure
with more advanced programming topics, to analyse if the
method can be applied to these more complex types of top-
ics. For example, disciplines such as data structures may
be a research target. Finally, we envision to adapt our
pipeline to perform automatic classi�cation of the program-
ming problems in terms of the topics used in the CS1 courses
(Sequential, Composite conditional structures , Chained con-
ditional structures , Repeating structures by condition, Re-
peating structures by counting, Vectors and Strings and Ma-
trices ). Such a pipeline would be useful for several applica-
tions, such as for problem recommendation, automatic an-
notation, amongst others.

Concluding, we believe that the automatisation of the clas-
si�cation of statements by contexts is extremely relevant for
several reasons, among which we highlight: i) statements
which students are already familiar with can help in the
process of engagement and learning; ii) students will �nd it
easier to understand the relevance of programming in their
professional lives; iii) teachers can use this automatisation
to generate personalised lists, which would facilitate their
work, since it would be too much work to select these prob-
lems manually, in addition to which it could lead to human
error and iv) students could use this automatisation to se-
lect problems to which they are used to, facilitating their
process of learning a certain programming topic.
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ABSTRACT
Collaborative problem solving behaviors are di�cult to iden-
tify and foster due to their amorphous and dynamic nature.
In this paper, we investigate the value of considering early
class period behaviors, based on small group development
theory, for building predictive machine learning models of
collaborative behaviors during problem solving. Over 12
weeks, 20 small groups of undergraduate students solved
problems facilitated by a digital joint problem space tool on
tablet computers, in the 50-minute discussion component of
an engineering course. We annotated 16,270 video clips of
groups for collaborative behaviors including task relatedness,
talk content, peer interaction, teaching assistant interaction,
and tablet usage. We engineered two subsets of features
from tablet log �le data: onset features (early collaborative
problem solving behavior characteristics calculated from the
�rst ten minutes of the class) and concurrent features (more
general collaborative behaviors from the whole class period).
We compared accuracy between the onset, concurrent, and
onset + concurrent features in machine learning models. Re-
sults exhibited a U-shaped pattern of accuracy over class
time, and showed that onset features alone could not be used
to e�ectively model groups’ collaborative behaviors over the
entire class time. Furthermore, analysis did not show sup-
port for signi�cant gain in accuracy when onset features were
combined with concurrent features. Finally, we discuss impli-
cations for studying collaborative learning and development
of software to facilitate collaboration.
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1. INTRODUCTION
Collaborative problem solving consists of the communication
and coordination of shared e�ort between team members
toward a common desired goal [19, 23, 26]. Though it has
been identi�ed as a critical skill for students in the classroom
[11, 34, 25], it is di�cult to identify e�ective behaviors and
nurture them, since the nature of collaboration and teams can
be amorphous [48] and dynamic [43]. Education and learning
sciences researchers have advocated for qualitative coding
of video data as a means to understand the complexities of
learning behaviors [24], and have applied these methods to
study collaborative behaviors and the development of col-
laborative practices in courses [35]. Computers can further
support collaborative learning research through collabora-
tive learning software, collaborative games, and digital joint
problem spaces|\a socially-negotiated set of knowledge ele-
ments, such as goals, problem state descriptions and problem
solving actions" [44]|the resulting log data of which have
been widely used with machine learning and data mining
approaches to uncover hidden patterns of collaborative be-
haviors [31, 1, 37, 12]. Recent technological advances have
also given way to multimodal approaches, using eye-gaze
tracking, bodily motion, and physiological data to identify
collaborative states [28, 40].

Despite such diverse approaches to detect and identify col-
laborative behaviors in learning contexts, the evolution of
collaborative practices in student groups has not been closely
investigated. Understanding the evolution of collaboration
and its impact on methods for measuring collaboration is cru-
cial, however. What constitutes collaborative behaviors may
change throughout a learning session [10], and thus measure-
ment may need to be adapted as well. In this paper we focus
on the relationship between measurement and behavioral
changes over time within classroom sessions. In particular,
we leverage organizational theory about the sequential na-
ture of small group development to inform research on how
to measure and predict collaboration via machine learning
in the presence of inevitable shifts in behaviors throughout
collaboration stages.

The rest of the paper is organized as follows: we �rst discuss
the small group development theories on structured, sequen-
tial group development which motivated our work, then relate
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them to collaborative problem solving in the classroom to
de�ne our research questions and respective hypotheses. We
then introduce the context of our study, including the col-
laboration tool, behavior coding, data processing, and model
building. Next, we present our �ndings and close with an
interpretation of our results and note limitations and future
work.

1.1 Small Group Development
Research in organization and management �elds on under-
standing how collaborative behaviors contribute to small
group dynamics and development goes back several decades.
Perhaps most notably, Tuckman’s 1965 meta-analysis of ther-
apy and human relations training groups presented the form-
ing-storming-norming-performing (and later a �fth stage,
adjourning [50]) model [49]. The model outlined the exis-
tence of a sequential, stage-based trajectory of small group
collaboration, in which a group must ful�ll one stage before
advancing to the next. Tuckman’s �ve model stages were
described as (1) orientation to task (forming), (2) emotional
response to task demands (storming), (3) open exchange of
relevant interpretations (norming), (4) emergence of solu-
tions (performing), and (5) separation (adjourning). This
has led to decades of e�orts to better understand the stages
in various settings, including management [36], education
[51], and medical training [47].

Tuckman’s 5-stage structure of group development was fur-
ther supported by Cassidy’s 36-book meta-framework study,
which aimed to clarify group development for practical use
by examining group development in therapy, education, and
management settings [17]. Though some scholars have pre-
sented theoretical models with more or fewer stages to group
development [46, 21, 54], others have supported the �ve-
stage model with di�erently termed, but analogous stages to
Tuckman’s model [16, 22, 8].

In nearly all proposed theoretical models of small group devel-
opment, the �rst stage is de�ned as the task orientation stage
[49, 16, 22]. During this stage, group members contextual-
ize the task within the given parameters and communicate
regarding the manner in which it will be accomplished [49].
While \ground rules"are set during this stage, communication
about task orientation continues on some level throughout
the collaboration process. Moreover, in problem solving,
communication with references to others’ ideas rather than
independent solution paths has been identi�ed as an impor-
tant marker of shared task alignment, or \establishment of
a collaborative orientation toward problem solving" [4]. In
this study, we brie
y analyze transitions across the stages
of small group development during problem solving in class-
rooms. However, we focus much more closely on the �rst
stage, orientation to task, since it has been shown to have a
signi�cant positive e�ect on achievement [45]. The �rst stage
characterizes cooperative orientation and the motivation to
collaborate, which has a strong relation to the quality of
collaboration [13].

1.2 Contributions and Novelty
This paper considers the role of early group behaviors in
collaborative problem solving. We investigated whether
explicitly incorporating early group behaviors as features
improves machine learning predictions of collaboration and

analyze how model accuracy evolves across time and stages
of collaboration.

We used qualitative coding of collaborative behaviors on
video data to measure collaboration. We then predicted
those behaviors from features extracted from the action log
�les of a digital collaboration tool (run on tablet computers)
used by undergraduate students in an introductory mechani-
cal engineering course at a large Midwestern U.S. research
university. We created various feature subsets and built
corresponding machine learning models to evaluate the pre-
dictive accuracy of early group behaviors versus behaviors
from later on in class periods. Assuming the presence of
sequential, evolving collaborative behaviors in small groups,
and the importance of early collaborative behaviors, machine
learning models created from considering class behaviors as
a whole may potentially be improved by accounting for early
behaviors. For example, a group of students who fail to form
a successful collaborative dynamic early on may struggle
throughout class, whereas a group of students who exhibit
high collaboration early on may be more e�ective in later
stages. Consequently, we analyze whether a model built on
features from class behaviors as a whole would have variable
performance for collaborative behaviors predictions over the
di�erent segments of the class period, which align with the
di�erent stages of group development.

We aim to understand how e�ective collaborative behaviors,
relating to orientation to task, during earlier stages may
in
uence a group’s collaborative behaviors in the future. As
such, we also compare the performance a model solely built
from such earlier features with one built from features of
behaviors from all current and past in-class behaviors, not
just early-stage behaviors.

We approach the aim of this paper by formulating and ad-
dressing several research questions:

RQ1 How does the predictive accuracy of collaborative be-
haviors vary across di�erent periods of a 50-minute class?

Hypothesis: We expect stages of collaboration that are domi-
nated by tablet computer interaction behaviors (e.g., reading,
drawing) will be more successfully predicted than those dom-
inated by discussion, and that the changing base rates of
collaborative behaviors over time will in
uence classi�cation
accuracy [29].

RQ2 Can early class collaborative behaviors alone be used
to e�ectively model and predict collaborative behaviors of
the entire class period?

Hypothesis: We expect early class behaviors to predict the
quality of collaboration later in class if and only if groups’
collaboration quality remains static or consistently mirrors
early collaboration.

RQ3 Are collaborative behavior prediction models improved
through emphasizing early class collaborative behavior fea-
tures?

Hypothesis: We expect prediction models will be more ac-
curate later in class periods if early class behaviors capture
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groups that are consistently collaborative or consistently not
collaborative.

2. RELATED WORK
In this study, we utilized video coding methods along with
machine learning approaches for analyzing action log data
to study temporality. Work in computer-supported collab-
orative learning (CSCL) has highlighted the importance of
considering temporality in collaboration, and Reimann has
argued that \the main object of analysis in CSCL is a process|
something that unfolds over time" [42]. For example, Mercier
et al. examined through video coding and counting how
the development of collaborative practices in engineering
courses evolve over four weeks, and saw that patterns of
interactions, such as conversation and work
ow, change over
time [35]. Others highlighted the value of utilizing more
complex quantitative methods over video coding methods to
consider temporality in analyzing problem-solving processes
in computer-supported collaboration settings, as it can reveal
aspects of group interactions that coding methods cannot
reveal [32].

Collaborative learning may also be e�ectively analyzed via
the action logs, discourse data, and gameplay data of digital
tools and serious games, which are able to provide �ne-grain
recollections of the learner’s interactions with the respective
software. Educational data mining researchers have applied
supervised [41] and unsupervised [14, 31] machine learning
techniques to better understand collaboration and to inform
the design of interventions to support collaborative learning
through such means as software prompts [31] and content
creation suggestions [52]. Additionally, Paquette et al. have
highlighted the need to support students during collabora-
tive learning by considering the role of the instructor in
facilitating student collaboration [38]. As such, instructor
dashboards have been explored as ways for instructors to
more easily gauge and analyze student collaboration across
multiple groups [3, 33]. A central aim of our study has been
to inform better instructor interventions for facilitating col-
laboration through insights gained from analysis of action
log data.

3. METHODS
This study utilizes data collected from a design-based imple-
mentation research project which aims to better facilitate
collaboration in engineering problem solving through the
analysis of video and interactions from engineering classes.
The project team has developed a student-facing tool that fa-
cilitates student group collaboration through a synchronized-
per-group shared digital environment (Figure 1) on tablet
computers, which group members can use to create and dis-
play their work. During use, we collected two types of data:
student interactions on the tool stored in log �les|detailing
actions taken by individual students such as writing, drawing,
or editing|and video data from cameras set up around the
classroom. One of the key goals of the tool is to scale to large
classrooms where cameras are unlikely to be consistently
available; thus, we utilize video data to collect ground truth
labels, but rely only on logged tablet actions for collaboration
prediction.

Data in this study came from the use of the tool in Fall 2017
during the discussion component of an undergraduate intro-

Figure 1: One example of the result of collaborative
problem solving through the tool’s shared digital en-
vironment. The interface allows students choices of
di�erent colors and tools to write, draw, and create
�gures.

ductory mechanical engineering course at a large Midwestern
U.S. research university. The research team worked closely
with faculty and teaching assistants (TAs) to design tasks
suitable for collaboration and in line with the intended learn-
ing outcomes from the class. The tasks were independent
from week-to-week and did not build on one another, and the
students were not graded on completion by the end of each
class period. The tasks were represented in the tablet tool
as worksheets with variable number of pages, which included
problem descriptions and space to work out solutions. Data
were collected across 12 weeks of class from 20 groups of
approximately 4 students (group sizes varied from week to
week based on attendance).

While students interacted on tablets using the interface shown
in Figure 1, TAs present in the classroom viewed student
progress on their own tablets (Figure 2). The TA tablets
showed students’ editing positions in the worksheets, and
allowed TAs to join any group as a non-interactive participant
to see students’ work in detail. Our current work seeks to
augment the TA-facing tool via predictions of various markers
of collaboration quality made by machine learning models.
This feature enables TAs, who may lack extensive training
in assessing and promoting collaboration, to identify groups
that are not collaborating well and intervene to encourage
collaboration.

3.1 Behavior Coding Process
Videos of each group’s interactions (Figure 3) were captured
by high-angled cameras and synchronized with audio data
captured by microphones positioned near each group; addi-
tionally, an overhead �sheye lens camera captured the entire
class, including events such as the TAs’ interactions with
groups. The collected video data were annotated (coded) at
the group level by two trained annotators with an annota-
tion scheme adapted from previous work on collaborative
behavior annotation [38] to de�ne group activity in terms
of task relatedness, peer verbal interaction, TA interaction,
talk content, and tablet usage.

Previous research on predicting collaboration from interac-
tions with software has involved annotating similar content
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Figure 2: Example screenshot of a teaching assis-
tant’s view of a classroom with �ve groups of stu-
dents. The top graph indicates activity over time
for each group, with the selected group (#4) high-
lighted in purple. Bars on each worksheet thumbnail
show the page each student is viewing and their in-
dividual levels of activity.

Figure 3: An example of a group working collab-
oratively on a problem through the tool on tablet
computers. Videos of such groups were recorded
and qualitatively coded through a coding scheme
adapted from Paquette et al.’s work [38].

in video clips at 60-second intervals [38]. In this study, the
presence of collaborative behaviors (expanded below) were
annotated at 20-second video clips, after trials of the anno-
tation process at di�erent clip duration of 10, 20, 30, 40,
and 60 seconds. Annotators determined 20 seconds to be a
reasonable balance|10 seconds was too brief to con�dently
observe the presence of collaborative behaviors, while 30 sec-
onds was too long and often led to the observance of multiple
collaborative behaviors within the same video clip. Further-
more, through our trials at varied clip lengths, additional
identi�able behaviors emerged that were better identi�ed
at the current 20-second coding clip length rather than the
longer 60-second clips annotated in previous work. A total of
16,270 clips were annotated for the presence (annotated as 1),
or absence (0) of the following set of collaborative behaviors:

� Task relatedness: At least one of the group members ap-
pears to be on task (e.g. two students solving problems
on the tablet).

� Peer verbal interaction : Verbal interaction is present
between group members.

� TA class interaction : TA is talking to the whole class
(e.g., class-related announcement, addressing a fre-
quently asked question).

� TA group interaction : TA is verbally interacting with
at least one of the group members.

� Task talk : Audible talk content in the group is related
to solving the task.

� Other talk : Audible talk content in the group is not
related to solving the task.

� Tablet movement: At least one of the group members
is moving the tablet to initiate (and to end) sharing of
the screen content with others.

We measured inter-rater reliability via Cohen’s kappa [18]
and percent agreement on a subset of 2,125 video clips. Ta-
ble 1 shows these reliabilities. All labels except Other talk
(kappa = .651) achieved kappa = .8 or higher, indicating
substantial agreement [18]. Given this agreement, the two
annotators divided the remaining 14,145 clips and annotated
them individually.

Table 1: Inter-rater reliability for a sample of 2,125
video clips in this study.

Behavior Base rate Agreement Kappa

Task relatedness .954 98.6% .840

Peer verbal interaction .501 91.7% .833

TA class interaction .024 99.5% .898

TA group interaction .150 98.3% .932

Task talk .608 91.2% .816

Other talk .072 95.3% .651

Tablet movement .019 99.2% .801
















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































