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PREFACE

For this 13" 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 #0through
13", 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) ldentifying 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 benet 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: Leins be the lowest score
of any paper recommended by its meta-reviewer for \Accept as full", and lats 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 img[; ng], 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
Ny 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
Iltem 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 nhominated for th&est Student Paper Award
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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 Al technology can scale up the bene ts of collaborative group learning to online groups.

| will describe challenges to EDM research for supporting this new type of online teamwork, as well as opportunities for
combining Al 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).

Abelardo Pardo "Contextualising Data Mining within Educational
Experiences" In: Proceedings of The 13th International
Conference on Educational Data Mining (EDM 2020), Anna N.
Rafferty, Jacob Whitehill, Violetta Cavalli-Sforza, and Cristobal
Romero (eds.) 2020, pp. 2
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An Al-enabled Ecosystem for Learning & Assessment

Keynote

Alina von Davier
ACTNext

Abstract

Al-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 | will illustrate the architecture of a uid infrastructure to e ectively support learning and
assessment systems. Each component is designed within a computational framework (Al blended with psychometrics) and
each connection relies on construct taxonomy, database alignment, data exchange standards, and APIs.

| will describe a key Al-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 (Al) & 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 ® and TOEIC ®, 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.

Alina von Davier "An Al-enabled Ecosystem for Learning and
Assessment” In: Proceedings of The 13th International
Conference on Educational Data Mining (EDM 2020), Anna N.
Rafferty, Jacob Whitehill, Violetta Cavalli-Sforza, and Cristobal
Romero (eds.) 2020, pp. 3
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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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Who's learning? Using demographics in EDM research

Luc Paquette Alexandra Andres Jaclyn Ocumpaugh
University of lllinois at University of Pennsylvania University of Pennsylvania
Urbana-Champaign alexandraandres@gmail.com ojaclyn@upenn.edu

Ipag@illinois.edu

Ryan Baker Ziyue Li
University of Pennsylvania University of lllinois at
ojaclyn@upenn.edu _Urbana-Champaign
ziyueli3@illinois.edu

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.

Citation
Paquette, L., Ocumpaugh, J., Baker, R., and Li, Ziyue (2020). Who's learning? Using demographics in EDM research.
JEDM, Journal of Educational Data Mining, 12(3), (to be published).
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Analyzing Student Strategies In Blended Courses Using
Clickstream Data

Nil-Jana Akpinar
Carnegie Mellon University
5000 Forbes Avenue
Pittsburgh, PA 15213

nakpinar@stat.cmu.edu

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 (MOOCSs) 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.

Nil-Jana Akpinar, Aaditya Ramdas and Umut Acar "Analyzing

Aaditya Ramdas
Carnegie Mellon University
5000 Forbes Avenue
Pittsburgh, PA 15213

aramdas@stat.cmu.edu

Umut Acar
Carnegie Mellon University
5000 Forbes Avenue
Pittsburgh, PA 15213

umut@cs.cmu.edu

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 hew model-
ing pipelines based on ideas from natural language process-

Student Strategies In Blended Courses Using Clickstream Data"ing that work well in the low-data setting of blended courses.

In: Proceedings of The 13th
Educational Data Mining (EDM 2020), Anna N. Rafferty, Jacob
Whitehill, Violetta Cavalli-Sforza, and Cristobal Romero (eds.)
2020, pp. 6 - 17

International Conference on 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 dierent 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 oh 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 dierent 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-
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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 and_oad
course actions. Final cut-os 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

Proceedings of The 13th International Conference on Educational Data Mining (EDM 2020) 8



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 identiers. 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 weeksPerformance 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
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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 dierence 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 dierences 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 inf 1;2g and
embedding sizes inf 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 Clusterea-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-
ling. 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 dier 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-
guent 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 p;;p, measured by
1 jw(ps;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

i ) (Oifm:O;
J(P1iP2) = 1 m m m t
5 gt gt e else,

where m is the number of matching clicks within an index
window of b(maxfj pij;jp2jg=2)c 1, andt is half the number
of required transpositions for matching clicks. Further, the
Jaro-Winkler similarity is de ned as

W (p1ip2) = (puip2) + 1o(1 i (Puipe);

wherel is the length of a common starting sequence between
p: and p. (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-

tion Dir ( ) for eachi = 1;:::;M, where k is the
number of topics. (2) Draw a click type distribution for
topics ; Diry( )foreachi =1;:::;V, whereV is the

topic accordingto z; ~ Multinomial ( i), and second, draw
a click type from w;; Multinomial ( z; ). 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
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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-
guences with only one replacement (1 jw (abc;abd 0:18),
one transposition (1  jw (abc;ach)  0:10), or one replace-
ment and one trasposition (1  jw (abc;adh 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 classier 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, itis 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

Xm is de ned as
1 X
N

T2T t2T:wv(st)= Xm

MDI (Xm) = p(t) i(s;t); (1)

where p(t) is the proportion of samples that reaches node
t, v(st) is the variable used to split s;, and i(s;;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

ew announcement post office

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 asLike 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 atomtype 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 specic 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 ¢
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

Bl | Look at lecture notes  View lecture notes chapter (75.88 %)
View homework chapter (100 %)

View recitation chapter (100 %)

Look at homeworks

Look at recitation
material

Look at lecture notes  View lecture notes chapter (1)
View homework chapter (0.826)

View recitation chapter (0.712)

Look at homeworks

Look at recitation
material

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

post (16.13 %)

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

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

View library documentation chapter
(85.29 %)

Active homework
engagement

In-depth review of
lecture notes

Look at library
documentation

Catch up on news View general post (0.543), View

main post o ce (0.410)

Active homework
engagement

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

In-depth review of
lecture notes

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

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

Look at library
documentation

B3 | Go through a
practice exam

Look at practice
exams

View practice exam atom (100 %)

View practice exams chapter (100 %)

Practice exams View practice exams chapter (0.658),

View practice exams atom (0.341)

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
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which present 30.30% of the session clickstreams. A total
of 56.66% of these one-click sequences arkoad 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

Proceedings of The 13th International Conference on Educational Data Mining (EDM 2020) 14



2 g
g 0.7 2 0.70 1
[ CU
=l el
© ©
£ 0.61 2
5 5 065
o a
Junminn i . . . Ly L i
0 50 100 150 200 250 50 100 150 200 250
Number sessions Number clicks
'g 0.72 4 g
g g 0.70 A
© 0.70 4 9]
° S 0.68 -
£ 0.68 £
£ £ 0.66
o a
0.66 4 T T T T } } T —L— T }
0.0 02 04 06 08 1.0 0.0 02 04 06 08 1.0
Lecture attendance Recitation attendance
e} - 0.714
3 0.74 b5
Q Q
S )
< 0727 5 0701
= b=
8 0.701 s
fun o n

15 30 45 60 75
Catch up on news

0 6 12 18 24 30
Active homework eng.

o

o
w

Mean decrease
impurity (MDI)
o
N

-
-
=
=
=
&

Number sessions

Number clicks 4

Lecture attendance -
Recitation attendance -
Active homework eng.
Catch up on news -

Look at lec. notes -

Look at lib. doc.

In-depth rev. lec. notes
Look at homeworks -

Look at recitation material -
Go through practice exam -
Look at pratice exams

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-

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

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
guestions 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.
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ABSTRACT severalMachine Learning courses, such aMachine Learning

With the increased number of MOOC o erings, it is unclear how form Stanford UniversityMachine Learning with Python o ered
these courses are related. Previous work has focused on capturing they IBM, Machine Learning for All from University of London, etc.
prerequisite relationships between courses, lectures, and conceptslnderstanding the content structure across such similar courses can
However, it is also essential to model the content structure of MOOC be very challenging. Consequently, MOOCs users may waste time
courses. Constructing a precedence graph that models the similaritieshoosing a course among a broad set of similar MOOC o erings.
and variations of learning paths followed by similar MOOCs would
help both students and instructors. Students can personalize theiPrevious work studied ways for capturing prerequisite relationships
learning by choosing the desired learning path and lectures acrosdetween course®8, 11], between lectures within (or among) courses
several courses guided by the precedence graph. Similarly, by exam{5, 6], or between concepts discussed within (or across) courses
ining the precedence graph, instructors can 1) identify knowledge [2, 10, 15, 23, 11]. While modeling prerequisite relationships is
gaps in their MOOC o erings, and 2) nd alternative course plans. crucial for understanding the content and knowledge structure of a
In this paper, we propose an unsupervised approach to build thespeci c domain, prerequisites do not reveal content overlap in similar
precedence graph of similar MOOCs, where nodes are clusters ofcourses. Further, modeling MOOC content in terms of prerequisite
lectures with similar content, and edges depict alternative precedencerelations cannot detect the variations in the learning path between
relationships. Our approach to cluster similar lectures based on PCK-similar MOOC:s.
Means clustering algorithm that incorporates pairwise constraints:
Must-Link and Cannot-Link with the standard K-Means algorithm. In this paper, we propose to model the content structure of similar
To build the precedence graph, we link the clusters according to the MOOC o erings as a precedence graph. This graph can be useful
precedence relations mined from current MOOCs. Experiments over for both learners and instructors. Learners can use the graph to build
real-world MOOC data show that PCK-Means with our proposed a customized learning plan as well as to explore how various courses
pairwise constraints outperform the K-Means algorithm in both explain the same topic. As for instructors, the graph can be used
Adjusted Mutual Information (AMI) and Fowlkes-Mallows scores  to identify any missing knowledge in their MOOCs o ering, hence
(FMI). help them improve their courses. Section 3.2 elaborates on other
possible applications of our proposed MOOCSs precedence graph.

Keywords

Precedence Graph, Clustering, Pairwise Constraints, Precedenc¥!0re precisely, we introduce an unsupervised approach to model the
Relations, Alternative Learning Paths, Common Learning Path. _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;
1. INTRODUCTION each cluster represents a node in the precedence graph (see Figure 1
b)). Then, the clusters are linked according to their lectures prece-
Saf‘d M.?.OCS h?&/e_zeerslve_l?hnounﬁed or Iaunche_d by rlnore than 90 ence relations mined from current MOOCSs as depicted in Figure
antl)vera 1es worlaw e.l hl dS:fC Ian mcref\se 'g ontlnedcqur_sl,es_, 1 (c). Linking clusters of similar content based on the precedence
It becomes increasingly hard lor learners 1o understand similar- o |ations can reveal the various possible paths followed by similar

ties and di erences among courses that cover similar topics. For ., ses and also capture which path is considered more common in
instance, Courselaone of the leading MOOC platforms, o ers these courses

According to Class Centralf], by the end of 2019, over 13 thou-

King AbdulAziz University, Jeddah, Saudi Arabia. . o -
Lhttps:/Aww.coursera.org 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
Fareedah Alsaad and Abdussalam Alawini “Unsupervised Clusteringlectures across courses instead of within courses to capture
Approach for Modeling Content Structures of MOOCs" In: the similarity between courses. To measure the content similarity
Proceedings of The 13th International Conference on between lectures, we exploit both lecture titles and transcripts as they
Educational Data Mining (EDM 2020), Anna N. Rafferty, Jacob both encode enough information about the content of lectures. By
Whitehill, Violetta Cavalli-Sforza, and Cristobal Romero (eds.) using cosine similarity, we measure the similarity between lectures
2020, pp. 18 - 28
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S S S, To model the prerequisite relationships, some studies have used exter-
(o o S i S nal knowledge such as Wikipedia to support identifying educational
/ \ concepts10] or to represent concepts using Wikipedia articles or

c, - - N i s S, categories15, 23, 11]. Using Wikipedia to identify concepts has
X \ some weaknesses: (1) some concepts are not included in Wikipedia
C. o o N s, / [15] and thus can a ect the performance of the model, (2) the map-

. S ping between course concepts to Wikipedia is not always accurate,
which can a ect the quality of the extracted concef6][ and (3)

(@) Lecture Sequences () Clustering Similar () Linking Clusters. using Wikipedia categories a ects concept granularity by preferring
' more general conceptg][ Instead of using Wikipedia, the work by

Figure 1: The basic idea of modeling the content of ALSaad et al. 2] hgs exploited pre-trained part-of-speech-guided
MOOCs to construct the precedence graph. Given similar phrasal segmentation to extract phrases from course content and then
Courses with some overlaps in content represented as manually group synonym phrases to represent concepts. In our work,
sequences of lectures, the precedence graph is constructed instead of relying on external knowledge or manually improve the
by clustering lectures based on content similarity and concepts, we represent the precedence graph noqes by salient terms
link the clusters using the precedence relations between using simple TF-IDF and_bag-of-words representathns. Our method
lectures. 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

and construct the constraint examples to guide the clustering processs.im”ar lectures helps in extracting representative terms that express
Our experiment on real MOOC dataset shows that PCK-Means with the content of each cluster clearly.
our proposed constraints outperforms standard K-Means algorithm

in both Adjusted Mutual Information (AMI) and Fowlkes-Mallows Another related line of work is the use of prerequisite relations
scores (FMI). between concepts to organize learning units and predict the prece-

dence relationships between them13]. The studies], 13] have
After clustering similar lectures, we construct the precedence graph by Proposed supervised approaches that rely on features extracted from
linking clusters based on the precedence relations and label cluster§Xt€rnal knowledge such as Wikipedld gnd DBpedia 13] to infer
using salient and key terms in each cluster. The generated precedenc® Prerequisite relations between concepts. While the wijrk [

graph reveals the popular learning path and some alternative path&SSumed that concepts are given, the std@yrhanually extracted
in our MOOCs dataset. concepts by annotators. Our work is di erent as instead of inferring

the prerequisite relations between concepts and then organizing them
The rest of the paper is organized as follows. Section 2 presents2ccording to the precedence relations, we leverage the precedence re-
related work. In section 3, we demonstrate the idea of modeling !ations between lectures in existing MOOCs to detect the precedence
the content structure of MOOCs by an illustrative example and relations between the nodes in the precedence graph. Each node in
also present some applications of the precedence graph before w&e precedence graph is labeled automatically with key concepts that
formally de ne our problem in Section 4. Section 5 describes howwe Cclearly express the content of each node without the use of external
represent the content of MOOCs using word count and embedding knowledge.
representations. In section 6, we explain PCK-Means algorithm and .
present our method of generating the lists of pairwise constraints, 1 "€ work by Shah et al.2[)] is the most relevant work to ours.
In section 7, we demonstrate the process of linking and labeling The study has proposed a method for linking similar courses to
clusters to construct the precedence graph. Section 8 elaborates ofONstruct a map of lectures connected by two types of relations:
our approach for the evaluation and presents some learning pattSimilar and prerequisite. The goal of the map is to help students nd
examples extracted from the generated precedence graph. Finall)ﬁhe desired learning path that ts their interests and backgrounds.

we conclude our work in section 9. 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
2. RELATED WORK 9 Y prered

here h | . f Kth h lectures based on content similarity and connect clusters according
There has been recently a growing body of work that addresses they, e precedence relations. Our approach reveals the similarities and

problem of modeling the content of MOOCs. Most of this work has 5 jations of learning paths between di erent courses by capturing
focused on capturing the prerequisite relationships between coursespopu|ar learning paths shared by many courses in the domain, hence

[23, 11], between lectures or segments of lectug<], or between gy phagizes the importance of the common, comprehensive and
concepts discussed within or across cour&eQ, 15, 23, 11]. These alternative learning paths.

studies have developed supervised and unsupervised approaches to
model only the prerequisite relations in MOOC:Ss. In this paper, we
go further and develop an unsupervised approach to capture the3' _MODELING MQOC_S CONTENT

similarities and variations of learning paths between MOOCs in the N this section, we explain the idea of modeling the content of
same domain. Our work models the precedence relations (i.e., theMOOCs as a precedence graph by using an illustrative example. We
implicit prerequisite relationships) between concepts by clustering &/S0 discuss possible applications of the mined precedence graph.
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.
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Figure 2: The sequence of lectures in four di erent courses St
that explain the topic Unsupervised Learning.

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.

3.1 An lllustrative Example

For illustration purposes, let us assume that a MOOC platform o ers
four courses abouinsupervised Learningppic 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 thergcattered clusters to reveal the precedence relations between clus-

are also some variations. The variation in each course is based o : .
ers. To that end, we use the precedence relations between adjacent

instructors’ perspectives and background about the topic, instructors lectures of the same course to construct the edges between nodes

teaching styles, and also the learning objective of each course. Some(clusters) in the precedence graph. For instance, we add a directed
courses are abstract as they focus on the theory behind the topic while ’ '

other courses are more concrete as they demonstrate the topic bgdge from clusteSs to clusterSs to de_termine the precedence rela-

) ) - ¥ion between these two nodes according to the sequence of le2tures
illustrating real-world examples. Courses also vary in the coverage of and3 in coursed. To re ect the strength of each precedence relations
topics as some courses are concise while other courses cover tOpicl%etween WO nddes (i.e., how common are the relations between the
in more details. For exampl€ourse 1andCourse 2in Figure 2 .

are examples of concise courses that focus only on teaching thenOdeS)’ we attach each edge in the precedence graph with di erent

main concepts in the topic. In contraSpurse 3andCourse 4are weights. Edge weights are calculated by accumulating the frequency

examples of courses that elaborate more in the tonic by providin of lecture sequences in various courses. For example, as shown in
ples | pic by p 9 Figure 3, the strength weight of ed§e  Sg should be higher
more detailed concepts.

than the strength weight of ed§@  Ss as three out of the four
courses 1,2, and3) have the sequenc®! Sg while only one

Given the similarities and variations between these courses thatCourse ¢) shows the sequen@l ~ Ss.

explain the same subject, we investigate the following questitve.
these courses are related? What are the common concepts taugh}\ . . . .
s mentioned earlier, the mined precedence graph can help us in

by the majority of these courses? Is there a common learning path . . AR .

. revealing some hidden structures in similar MOOCSs. For instance,
shared by most of these courses? what are the alternative paths to.,". lear Fi 3 that th i8] S S S0
study the topicModeling the content structure of these courses as Itis clear from Figure 3 that the patfby .é 3 7918

. . more common than other paths. The reason is that three colii@es (
a precedence graph is a crucial step to help learners and educators d3 lain th KM Algorithmafter introduci
with answering these questions and3) explain the conceptsk-Means Algorithmafter introducing

' the topic and two of them (coursésand3) present the concepts

Agglomerative Clusteringand 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
fSid S§ Sd Sd Ssg,orthepathfS) Sd Sd
Si1! Si00. All these paths are valid and, o course, choosing a
path depends on students’ learning objectives.

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 (cluste3; ) as all these lectures introduce the topic of
Unsupervised Learningimilarly, all the lectures about the concepts
K-Means Algorithm Agglomerative Clusteringand DBSCAN

are clustered into three di erent clustef, Ss, andS7 respectively.
Furthermore, lectures aboubata Compressiorare clustered into
clusterSi; while lectures taughtPrincipal Component Analysis
concept are clustered into clust@.

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
After clustering similar lectures and nding the nodes of the prece- Our mined precedence graph can be used to support several appli-
dence graph, the next step in building the graph is to link these cations for improving the learning and teaching process. However,
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before discussing these applications, we rst want to clarify that (in leveraging the sequences of lectures and the content similarities
this paper), we de ne a student as a person who uses MOOCs ashetween lectures from similar courses, we can model the knowledge
modularized resources to learn topics of their choice (as opposedstructure of similar (i.e., courses that cover the same topic) MOOCs
to taking a full course as part of a certi cate program.) According as a precedence graph. The nodes of this graph are groups of similar
to Zheng et al.24], one of the motivations for a student to register lectures, labeled by dominant and salient terms in these lectures.
for a MOOC is to learn some desired concepts on-demand. OnceThe edges of the graph represent the alternative precedence relations
they achieve their learning goals, this type of student usually stops between nodes. Each edge can be assigned di erent weights that

participating in the course. re ect the strength of the relation.
Our precedence graph can support the following applications. We formally de ne the problem as follows. Given a set of courses
X = fCy;Cy; C3;:::; Chg, wheren is the total number of courses.

Personalized (customized) course plan©ur precedence graph  We assume that all coursesXnhave the same di culty level, and
can help students develop custom learning plans. Students carthere are some content overlaps between courses. Each @jusse

a topic and then choose the path that best ts their needs. Foris the total number of lectures in the couGe Each lecturd; is
instance, a student might choose to follow one of the following represented using the titlg and the lecture transcrigh . The goal
two pathsfSg  Sg¢  SggorfSg  Sii!  Sipog shown in is to model the content structure of similar MOOCs by constructing
Figure 3. The former path helps the student explore and learn aboutthe precedence graph as a directed gr@éph ( V;E) whereV
various clustering algorithm&-Means Algorithm K-Medoids is the set of nodes/ = fS1;S;2;Ss;:::;S)v;g (the number of

Algorithm, and K-Medians and K-Modes Algorithmsvhile the nodesjVj is given), ancE = fei;ez;es3;:::;€¢g;0 is the set of
latter path helps the student learn about the conceptPafa edges between nodes. Edges in the gi@pdre directed edges to
Compressionand PCA with K-Means clustering algorithm. indicate the precedence relations between nodes. Each node in the

precedence graph is a cluster or a group of lectures that have similar
An overview/summary of a topic. There are two ways in which  content. For exampl&, = fLi1;Li2;Lj gis acluster that has the
the precedence graph can be used to help students obtain a quickst two lectures from cours€; and the fth lecture from course
overview of a particular topic of interest. First, students can use the C; . We represent the precedence grébhs an edge weight matrix
graph to follow the most common path that is shared among severalG 2 RIV!l Vi where each entry of matri® contains the edge
courses (i.e., the path with the highest edge weights.) For instanceweight. For instance, the edge weight of the emjyyre ects the
students can follow the pathS! Sd Sd  Sygasthisisthe strength of the precedence relationship from cluSteto clusters; .
path with the highest edge weights in the graph shown in Figure 3.
This path introduces the topic dhsupervised Learningst before To construct the precedence graph, we need rstto nd the set of
presenting three important and well-known clustering algorithms: nodesV of the precedence graph by grouping similar lectures using
K-Means Algorithm , Agglomerative Clustering Algorithm , and both lecture titles; and lecture transcriptdj . Then, we compute
DBSCAN Algorithm . Second, using summarization algorithms, the edge weight between pairs of nodes by leveraging the sequence
we can generate a summary of the lectures in each node (clusterf lecture in each coursg;. Sections 6 and 7 explain our proposed
of the most common path in the precedence graph. Such a succincapproach to build the precedence graph.
representation of clusters would provide students with a concise

summary of the topic they want to learn. 5. MOOC CONTENT REPRESENTATION

Acquiring exoert knowledae. Our precedence aranh can also be In this section, we demonstrate how we represent MOOC lectures
q g exp ge. p grap by exploiting two representations: $parse representatiothat

o st oo, Seenine bl based o word coun,and Bpnse epreserialon capre
knowled e of gdgmain is structured. It also aBI/Iows them to choose the semantic similarity between text. The purpose of using these

9 o - two representations is to compare how each of them a ects the
the path that exposes them to a varity of concepts related to the topic .

-~ _“performance of clustering.

they want to learn. For example, to learn the most about unsupervised
learning, a student can follow the longest path in the precedence
graphshowninFigure3S4 S§ Sd Sd Sd S4
Sd SI S Si! Si00. Clustering similar lectures from
various courses into the same clusters can also help this type o
students as they can explore how di erent courses explain the same
concept.

To represent lectures, we use the sparse representation, a robust
and straightforward representation based on the count of words. We
frepresent 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

Helping instructors improve their courses. In addition to helping bit is set tol when the word occurs in the title and seBimtherwise.

students with their learning process, the mined precedence grap
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.

r]:or 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.

4., PROBLEM DEFINITION In our model, each lecture is represented by two vectors: a BOW
The design of a MOOC mimics that of a typical on-campus course vector to represent the title and a TF-IDF vector to capture the
in which the fundamental structure is a sequence of lectures. By 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 capturgartitions that minimize the penalty cost of each constraint, and 2)
the semantic similarity between similar words. minimize the sum of the square distance between the points and the
centroids of the clusters they belong to.
To overcomes the limitations of TF-IDF and BOW representations,
we use an alternative (dense) representation to model MOOC contentMore formally, letM be a list of Must-Link constraint, which includes
the unsupervised smoothed inverse frequency (USIFYhe uSIF tuples of lecture$L;; L ;) that needs to be clustered together. Let
is a simple, yet e ective method for generating sentence embeddings C be a list of Cannot-Link constraint. Each item@nis a lecture
without any labeled data. It is an improvement of smoothed inverse pair of the form(L;; L;) where lecturd; andL; should not be in
frequency (SIF)18], one of the state-of-the-art embedding represen- same cluster. Each tuple M andCis order-independent. Assume
tation for longer pieces of text. The basic idea of uSIF is to exploit W = fwi; g andW = fwj; g are the sets of penalty costs of
the pretrained word embeddings such as Word2¥édEqdr Glove violating theMust-Link andCannot-Link constraints respectively.
[16] that capture the semantic meaning between words to learn theEach lecturd. ; is assigned to a clust& , whereS; 2 f hglh‘/zll , by
embeddings of sentences and paragraphs taking into consideratiominimizing both the distance betwegn and the cluster centroid
the frequency of words in the text. For more information about uSIF, 5. and the penalty costs of violating the constraints. The objective
please refer to [8]. function of PCK-Means algorithm is as follow:

For the embedding representation of lectures, we use uSIF with
Glove pretrained word embedding§ fo represent both lecture titles

X
and transcripts. The number of feature dimensions in embedding  J ., = 1 KL; s K
vectors is100 dimensions. 2 Li2X
X X
6. CLUSTERING LECTURES OF MOOCS f o Ees W EEsh @
ik ik

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.The rst part of the objective function is K-Means objective function
However, one problem of using K-Means or some other clustering while the second and the third parts are the accumulated penalty costs
algorithms is that they will cluster similar lectures not just across of violating the Must-Link and Cannot-Link constraints respectively.
courses but also within courses. For example, if one course explainsThe [:]is the indicator function whereftrue] = 1 and [falsg = 0.

the topic Gradient Descent in Logistic Regression and then later

explains the topic Gradient Descent in Neural Networks , then there In the initialization step of PCK-Means, examples of the pairwise
is a high chance that the clustering algorithm would group these constraints are used to estimate the centroids of clusters. Before
two lectures into the same cluster as the course instructor would useinitializing the cluster centroids, PCK-Means nds the transitive
almost the same terminology to explain these two topics. However, closure of tuples in Must-Link constraint and appends them to
our goal is to capture the similarity of lectures across courses to the list of Must-Link constraints. Then the updated list is used to
reveal common learning paths utilized by many courses as well ascreate neighborhood sets. For each pair of neighborhoBdsind

other alternative learning paths. Therefore, we need to restrict theP; with at least one pair of points that appear in the Cannot-Link
clustering process to clusterlectures from di erent courses rather than list, PCK-means generates Cannot-Link constraint tuples between
within the same course. To do that, we need to guide the clusteringevery pair of points irP; andP; and appends these tuples to the
algorithm by imposing some constraints; which is infeasible with Cannot-Link constraints. Then the algorithm getseighborhoods

the standard K-Means algorithm. Therefore, we decided to exploit a where links of type Must-Link constraint connect points within each
constraint-based clustering algorithm called Pairwise Constrained neighborhood, and links of type Cannot-Link constraint connect

K-Means (PCK-Means) [3] to guide the clustering process. some neighborhoods. If is higher than the number of clusters,
> jVj, then the algorithm chooses the neighborhood sets with
6.1 PCK-Means C|ustering Algorithm the largest number of instances to initialize the clusters and the

PCK-Means clustering algorithng][is a variation of the standard ~ céntroids of each cluster. In contrast, ifs less than the number
K-Means algorithm that incorporates distance between points asOf clusters, < jVj, then PCK-Means initializes the clusters from
well as pairwise constraints to guide the clustering process. PCK-the neighborhoods and looks for a point that has links of type
Means is a semi-supervised approach where users provide somé&annot-Link constraint to all the neighborhoods. If so, itinitializes
labels or pairwise constraints that the algorithm uses to improve @ New +1 cluster from this point. Otherwise, PCK-Means chooses
the clustering. Since collecting labels from users is expensive, we the remainingV j clusters randomly.

propose an unsupervised method by automatically nd suitable labels

or constraints to guide the clustering process (discussed in sectionn general, the PCK-Means clustering algorithm is an iterative
6.2). algorithm where it starts by using the pairwise constraints to initialize

the clusters. Then, iteratively (1) assign points (or lectures) to

Pairwise constraints can be used to determine the prior knowledge€lusters that minimize the combined objective function and then
about the domain by specifying which instances (in our case Iectures)(z) r_e-estlmate the centr_0|ds of each cluster according to the clqster
should or should not be clustered togetr®t, B]. There are two assignment of each point. Thesg two steps are repeated ur_ml the
types of pairwise constraintsust-Link andCannot-Link . Must- algorithm converges. For more information about the algorithm,
Link constraint speci es pairs of instances (lectures) that need to Please refer to [3].

be grouped into the same cluster, while Cannot-Link constraint o .

determines pairs that should not be in the same cluster. Each type 0f6.2  Pairwise Constraints

pairwise constraint applies a penalty function when the constraint To build the precedence graph, we use Must-Link and Cannot-Link
is violated. The objective function of PCK-Means is to 1) choose constraints to guide the clustering process. Must-Link constraint
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includes a list of pairs of lectures that have higher chance to be similar suitable to be examples of Cannot-Link constraint, we apply the
while Cannot-Link constraint contains a list of lecture pairs that have cosine similarity on the transcripts of two adjacent lectures. When
lower chance to be part of the same clusters such as lectures fronthe cosine similarity of two adjacent lecturés, andL;j ) of
the same course. Yet, the question is how to nd good examples of courseC;, are less than a prede ned thresh&ld, then we can say
lecture pairs for the lists of Must-Link and Cannot-Link constraints. that there is @opic shift and hence we can add these two adjacent
lectures to the list of Cannot-Link constraint. However, before adding
6.2.1 Must-Link Constraint any lecture pairs to the list of Cannot-Link constraint, we need to

As our goal is to capture the content similarity between lectures €nsure that the pair is not part of the Must-Link constraint and its
across courses, we want to feed the algorithm with similar lectures transitive closure list. In addition to adding the two adjacent lectures
from di erent courses that have higher chance to be part of the Li andLi 1) , we also pair the lecturte; with all the subsequent
same cluster as examples of Must-Link instances. To do that, we canl€ctures of lecturé; ., since there is a shift in the topic. As a
use the cosine similarity measure to calculate the similarity score 'esult, we add the lecturekj ; L+ »)) wherel <z < jCij j,to
between lectures from di erent courses and choose lecture pairsthe listof Cannot-Link constraintif they are not part of the Must-Link
with a similarity score exceeds some prede ned threshold. constraint and its transitive closure list.

Besides Similar lectures across courses, some similar lectures withinIn general, the purpose of Cannot-Link constraint is to restrict the
the same course can be good examples of Must-Link instancesclustering algorithm from clustering lectures within courses in order
Adjacent lectures can have very similar content and hence they!0 capture the similarity between di erent courses. As a result,
should be grouped together in the same cluster. For instance, the?y using Must-Link and Cannot-Link constraints, the clustering
two adjacent lectures K-Means Algorithm and Initialization of algorithm learns to cluster lectures from across courses and only
K-Means Clustering have similar content as they talked about cluster adjacent lectures within the same course if they are similar.
K-Means Clustering Algorithrand thus they need to be grouped
together. Therefore, we add adjacent lectures that have a similarity/. BUILDING PRECEDENCE GRAPH
score greater than the prede ned threshold. Building the precedence graph from similar MOOCs has three
steps: (1) Cluster similar lectures to construct the node of the graph,
We propose two approaches to capture the similarity between lectureq2) Link the nodes by a directed weighted edge to determine the
within courses or among courses. First, we use the cosine similarity precedence relations between nodes, and (3) Represent each node
between two lectures represented by lecture transcripts. Pairs ofby dominant and salient terms mined from lectures belong to each
lectures are considered similar when they have similar content andnodes. In the previous section, we explain how we cluster similar
hence the cosine similarity score would be high. Second, we uselectures using PCK-Means algorithm with our proposed Must-Link
the cosine similarity between two lectures represented by lectureand Cannot-Link constraints. In this section, we rst present our
titles. We believe that two lectures are similar when they have very method of linking the precedence graph nodes before illustrating our
similar titles even when there are some variations in the content.approach of labeling each node.
One reason is that instructors sometimes explain the topic from
di erent perspectives. For instance, one instructor might explains 7.1 Linking Clusters

the lecture with a title K-Means Clustering Algorithm by using  After clustering similar lectures, we need to link the scattered clusters
examples while another instructor might explains the same lecture {4 construct the precedence graph. As we mentioned earlier, we utilize
by illustrating the theory behind it. Although the content is di erent, |ecture sequences in each course. We can think of the sequence of
both lectures explain t_he same topic bu_t from di erent perspectives. jectures in MOOCs as implicit prerequisite relationships between
Another reason of using lecture F'tleS is due to the average IenQl'fhlectures as these sequences are carefully designed by experts. When
of lectures in MOOCs. Lectures in MOOCs are usually shorter in jnstructors design courses, they usually maintain the prerequisite
length compared with regular university classes. As a result, somegrger constraints between lectures by placing prerequisite lectures
instructors split the topic into two or more lectures. Usually these pefore the dependent lectures. In addition, according téottadity
lectures have very similar titles and should be clustered together evengs referencegroperty [L], when designing a course plan, a dependent

if their content might vary. Therefore, we decided to utilize lecture |ecture should appear as soon as possible after the prerequisite lecture
titles to measure the similarity between lectures in addition to lecture g reduce students comprehension burden. Therefore, tackling the
transcripts. However, we use two di erent prede ned thresh#ds  various sequence orders of lectures from di erent courses helps in
andK  to capture the lectures similarity using titles and transcripts  jinking clusters of lectures from across courses and thus captures
respectively as we have to set a higher threshold for titles to minimize he precedence relations between clusters.

the noise.

To link the scattered clusters, we use the precedence relations between
In general, the list of Must-Link constraint contains any similar  5gjacent lectures to infer the precedence relations between clusters.
lectures across courses and similar adjacent lectures within courses two adjacent lecturek andL, .1, of courseC; appear in two

di erent clusters, then these two clusters need to be linked by an
6.2.2 Cannot-Link Constraint edge with a direction from the cluster that includes lectuyeto the
Unlike the Must-Link constraint, Cannot-Link constraint is used to cluster that has lectutle; j .1y . Sometimes some adjacent lectures
indicate lecture pairs that should not be part of the same clustersappear in the same cluster and hence we ignore the sequence relation
Since we want to force the clustering algorithm to capture the of these lectures.
similarity between lectures across courses, we add lecture pairs
from the same course to the list of Cannot-Link constraint. However, To capture the strength of the precedence relations between clusters,
not any pair can be added to the list as some adjacent lectures camand hence how these relations are common in current MOOCs, we
have similar content or similar titles and hence need to be groupedattach each edge with di erent wights. We accumulate the frequency
into the same cluster. Therefore, to determine lecture pairs that areof courses that have adjacent lectures clustered into two di erent
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clusters to determine the weight between these two clusters. TheclusterS;. By taking the union of these two sets of top words, we
equation to determine the edge weight is as follow: extract salient terms that clearly explain the content of each clusters.

8. EVALUATION

X & 1 In this section, we evaluate the performance of our approach for
W(Si!S j)= [L; 2Si ™ Lza1 2Sj] 2 clustering similar lectures using PCK-Means algorithm with the
8C2X z=1 proposed pairwise constraints. We rst presentthe datasetand ground

truth we used in our evaluation. Then, we compare the performance
) ) of the clustering algorithms using both representations: word counts
whereW (Si 'S ) is the weight of the edge between clusier  (sparse representation) and embeddings (dense representation). We
andS; and [] is an indicator function whereftrue] = 1 and also present some examples of the learning paths extracted from the
[falsd = 0. precedence graph that was constructed by our approach. Finally, we

) ) ) ) ) discuss some limitations of our study.
Since the edge weights determine the popularity of relations across

similar courses, edge weights are not normalized to be between8 1 Datasets

0 and1 because normalization will produce misleading weights. ~* . . .
For example, if we use normalized edge weights, then the edge thatWe useda Qataset O.f six modules reIatedmuperV|s¢d Learning
connects two clusters that have adjacent lectures from one course Wi”ar!d_CIusterlng Algorithmsrom ve real machine learning and data
have the same weight; which is equalltdo the edge that connects mining courses o gred by the .Coursera.platfczrmh.e.se .mOdUIeS
two clusters that have adjacent lectures fidntourses. Therefore, include Unsupervised Machine Learning, Partitioning Based

we use unnormalized edge wights to capture the popularity of the Clus'terlng Methods and Hle_rarchlcal Clgsterlr_lg Methods , Unsu-
precedence relations. pervised Learning, Clustering, Clustering With K-Means , and

Hierarchical Clustering (see Table 1.) The total number of lectures
in the dataset i85 lectures. Each lecture is represented by its title
7.2 Labeling Clusters and transcript.

Each node in the precedence graph is labeled by some key terms

to represent the topics or key concepts discussed by the lecturego evaluate the performance of the PCK-Means algorithm and
attached to this node. To extract the key terms from lectures, we the e ectiveness of the proposed constraints, we asked experts to
exploit lecture titles and transcripts represented by bag-of-words and construct the ground truth labels of our dataset. Each of our four
TF-IDF representations respectively. Lecture titles are very concise experts (a Machine Learning professor, an Information Science
and usually have the key terms in lectures. On the other hand, lectureprofessor, a Machine Learning graduate student, and a Database and
transcripts are more elaborative and would help in extracting other Information Systems graduate student) manually grouped lectures
important key terms that demonstrate topics or key concepts of eachbased on topics similarities. None of the experts is participating in
cluster. this study.

The basic idea to extract the key terms is to accumulate the vectorTo measure the level of agreement among our experts, we used

representations of each lecture that belongs to the same cluster irthe Fleiss’ kappa measure. Fleiss’ Kappa is a statistical measure

order to nd the key terms of that cluster. In other words, for all of inter-rater agreement used to determine the level of agreement

lectures that belong to the same cluster we accumulate the bag-ofbetween two or more raters. The kappa score of labels collected

word representation vectors of their titles and also add the TF-IDF from experts was = 0:65, which indicates substantial agreements

weighting vectors of their transcripts. Then, we use thektégrms between the annotators.

from these two di erent representations to nd the salient terms that

represent each cluster. The following is the equation used to specifyAfter receiving the labeled datasets from our experts, we used the

the key words of each cluster: 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 clusters2dadusters.

¥ X
Label(Si) = (max TRIDF (wjjw; 2 d)) 8.2 Clustering Performance
JoieLzsy To evaluate the performance of our clustering approach and to study
[ X x ) the e ect of using the pairwise constraints on clustering performance,
(max BOW (wjjw; 2 t)) (3) we compared the PCK-Means algorithm to the standard K-Means
j=1 8L2S; 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

where the rst part nds the togk terms by using the TF-IDF ) . . -
b K y 9 measure that is used for comparing clustering results. According to

representation of lecture transcriplis wherejD j is the total number
of vocabularies in the corpus of lecture transcripts. For each word 2https://www.coursera.org

w; in the vocabulary, we accumulate the TF-IDF wights of word  3https://www.coursera.org/learn/advanced-machine-learning-
w; if the word appears in lecturk that belongs to clustes;. signal-processing

Similarly, the second part determines the kofgrms by exploiting *https://www.coursera.org/learn/cluster-analysis

the bag-of-words representation of titeswhere the total number  Shttps://www.coursera.org/learn/machine-learning

of vocabularies in lecture titles j§ j. We also accumulate the BOW  ®https://www.coursera.org/learn/machine-learning-with-python
weights of each word belongs to titles of all lectures that are part of ’https://www.coursera.org/learn/ml-clustering-and-retrieval
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Table 1: The dataset utilized for the evaluation. It has six Table 2: The performance of clustering algorithms. PCK-

modules from ve courses. The total number of lectures in Means outperforms the standard K-Means in both repre-
the dataset is 65 lectures. sentations: (1) TF-IDF for lecture transcripts and bag-of-
words (BOW) for lecture titles, (2) The embedding rep-
Courses Modules # of Lec- resentation (uSIF) for both lecture transcripts and titles.
tures The performance of PCK-Means is statistically signi cant
Advanced Machine Unsupervised Maching 13 (represented by *) in both representations.
Learning and Signal Learning
Processing AMI EMI
Cluster Analysis in Partitioning Based 15
Data Mining/ Clustering Methods and Method Average Max Average Max
Hierarchical Clustering TF-IDF\BOW Representation
. . Methods_ . KMeans 0523 0597 0412 0478
Mach_lne Learn_lng _ Unsupe_rwsed Learning 12 PCK-Means 0.551 0649 0511 0.632
Machine Learning With| Clustering 6
Pythorb Embedding Representation (uSIF)
Machine Learning Clustering With 13 K-Means 0.395 0.491 0.344 0.452
Clustering and K-Means PCK-Means 0.480 0.536 0.420 0.548
Retrievall Hierarchical Clustering| 6

uSIF representations for FMI measure. In contrast, when using
Romano et al.17], AMI measure should be used to evaluate the AMI for the comparison, the di erences between PCK-Means and
clustering performance when the reference clustering is unbalancedk-Means are statistically signi cant with p-value scores0:01
and contain small clusters. Since we have unbalanced clusters (i.eWith USIF representation and p-valse0:05 with TF-IDF\BOW
some clusters have many lectures while others have one or tworepresentation. We also compare the performance of PCK-Means
lectures), we decided to use AMI for the evaluation. The second using di erent representations: TF-IDF\BOW and uSIF. It is clear
metric, Fowlkes-Mallows scores, is a geometric mean of precision and form the table that PCK-Means with TF-IDF\BOW representation
recall where precision determines the correctness of the clusteringoutperforms PCK-Means with uSIF embedding representation where
assignments of lectures while recall measures the completeness ofhe di erence is statistically signi cant with p-value 0:01in both
the assignments. Similar to AMI, FMI gives a zero score for random AMI and FMI measures. In general, PCK-Means with TF-IDF\BOW
clustering assignments. representation achieves the highest performance.

Before discussing clustering performance, it worth mentioning that Since uSIF embedding representation uses pretrained word em-
for nding the lists of Must-Link and Cannot-Link constraints, beddings that allow it to capture the semantic similarity between

we tried various values for each threshdid,, K 2, andK 3, and documents, we expected it to have the highest performance. However,
used the values that gave the highest performance. For TF-IDFit did not perform as expected. We investigate this issue and found
and BOW representations, the thresholds were= 0:85, K, = that some words from our dataset of lecture transcripts and titles do

0:3, andK 3 = 0:07 for titles and transcripts in Must-Link list not exist in the list of words from the Glove pretrained model. The
and for transcript in Cannot-Link list respectively. For the uSIF total number of missing words wad words from both lecture titles
representation, the thresholds wére = 0:85, K, = 0:65, and and transcripts. The missing words includes some key terms, such
K3 = 0. HavingK 3 = 0 in uSIF representation does not mean that asagglomerativedendrogramsubclustermedoidssparkm] and
we exclude the list of Cannot-Link constraint. The cosine similarity dbscan
values in the uSIF embedding representation can have negative
values as some values in the embedding vectors are negatives.  To study the e ect of using the lecture titles and transcripts when
generating the Must-Link constraint, we compared the performance
Because PCK-Means and K-Means algorithms produce di erent of the PCK-Means algorithm using only Must-link constraint from
clustering assignments for each run (based on how the centroidditles to the performance of the same algorithm using only Must-link
are initialized), we ran each clustering algorit@times. Thenwe  constraint from transcripts. We use TF-IDF and bag-of-words rep-
recorded the average and the max scores. TF-IDF and bag-of-wordgesentation with the same set of thresholds for the comparison as
representations have a total numbefl660dimension features. So, PCK-Means achieves the highest performance with this representa-
we reduced the number of dimensions before clustering the data bytion. We show the results of this experiment in Table 3. The results
applying the T-distributed Stochastic Neighbor Embedding (t-SNE) indicate that using both lecture titles and transcripts to produce the
algorithm[12]. We also applied the t-SNE reduction technique on Must-Link constraint achieves the highest score. We conclude that
the uSIF embedding. However, because the performance of the uSIHitle and transcripts representations are important for capturing the
was degraded due to the dimensions reduction, we decided to uséimilarity between lectures. We also notice that removing Must-Link
all 200dimensions for the embedding representatido for titles, tuples of lecture transcripts reduces the clustering performance more
and100for transcripts. Table 2 summarizes the results. than removing title tuples. This is expected as lecture transcripts
contain more keywords than titles. However, using only titles to
The average and max scores for each algorithm are presented irgenerate the Must-Link constraint tuples achieves comparable results,
Table 2. We can see from the table that PCK-Means outperformsWhich also indicates the importance of using titles to capture lectures
K-Means in both representations. The di erences in performance Similarities.
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
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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 manhattar choose poarector
representation. In PCK-No-Title, we remove all the tuples introducf%)nels :l:lri';‘gimmon gna@‘éggr‘::;’;l
from Must-Link list that are generated by using lecture eaming elbowUmPer N
titles. In PCK-No-Trans, all Must-Link tuples produced by clusters componen
lecture transcript are removed. Combing both titles and centroid features
. . h f f _ mu k cursereduction
transcripts improves the performance of PCK-Means. centercluster e data
A means visualization
distance ™ dimensionality
optimization projecting
AMI FMI
Method Average Max Average Max

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.

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 Biterng o dbscar

shorter greedy medoids thod mergegivisive outlier density

After clustering lectures, we create the precedence graph that repre-|| "eaiel clusterihg algorithims neighborhood
. . . . . methods modes closer clustering " clustering

sents the six modules by linking the clusters and labeling them with categorica) recursively noise,

salient terms. We utilize the clusters generated by PCK-Means algo- centroid clustering usterny

epsilon
B . . . . mu k k .
rithm with TF-IDF and bag-of-words representation as it achieves centercluster apaneniroeane hiersrdhicalcot

-~ means <
distance apachdatems agglomerative

the highest performance. In this section, we present several learning optimization dataframe dendrograry
paths examples extracted from our precedence graph.

Follow the crowd: The rst example we extracted from our prece- Figure 5: An example of a long learning path extracted
dence graph is the learning path that is shared across many modules ~ from the Precedence Graph. This long path can support
in our dataset. Students who follow the most common learning path students who acquiring expert knowledge as it presents
would have a good overview of the topic as they follow the most many clustering algorithms.

popular path that is shared by many courses. Figure 4 depicts the

common learning path for thensupervised Learnintppic. The

gure shows that the learning path starts with an introduction about possible paths are also precedence to other nodes as shown in Figure
Unsupervised Learning, followed by k-Means clustering algorithm 6. From the sub-graph, students can choose the learning path that
and how to choose the number of clusters. Then, dimensionality ts their needs. Additionally, the sub-graph shown in Figure 6 gives
reduction in clustering is discussed next using the Principle Compo-students a comprehensive overview of how concepts are connected
nent Analysis algorithm as an example of dimensionality reduction among several courses related to thesupervised Learnintppic.
techniques.

Th tl i th: Th d le path tracted 8.4 Limitations
€ expert learning path: 1ne second example path We extracted a0 are two limitations of our study. First, using the sequence

from the precedence graphis one of the longest learning paths. I:'gurerelations among lectures to infer the precedence relations between

S shows_ a pf"lth that spans over seven nodes_. This_path star_ts Wm&lusters can cause cycles in the precedence graph. The method

the partitioning-based clusterlng methqu discussing algorlthms,proposed in this paper has not addressed the problem of cycles.

tS#Ch g_s K-Mearli, K—Mlt_edl?_ns, ;(—&/Ii/climds ,snd _IEMOQes. It h The naive approach to solve the problem of cycles is to eliminate
en discusses e appication ot K-lieans Algorithm n apache edges with lower weights that cause cycles in the graph. Further

sparkml. Next, it shifts to the hierarchical clustering methods by - - ; .
recommending Divisive Clustering Algorithm and Aglomerative investigation for addressing graph cycles is left as a future work.

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.9. CONCLUSIONS

In this paper, we developed an approach to build the precedence
Give me some optionsFigure 6 shows an example of a sub-graph graph of similar MOOCs that have overlaps in content. Our approach
with several alternative learning paths. To learn the K-Means is based on Pairwise Constrained K-Means (PCK-Means) clustering
concept, a student can either start with introduction to unsupervised algorithm thatincorporates constraints to guide the clustering process
learning or learn about partitioning-based clustering methods. After to focus on clustering similar lectures across courses. We proposed
learning K-Means, the student can choose one of the four possible a method of generating the lists of Must-Link and Cannot-Link
paths: (1) Learn how to choose the number of clusters using Elbow constraints. PCK-Means with our generated constraint examples
methods, (2) Learn about di erent partitioning algorithms such as signi cantly outperforms the standard K-Means algorithm with
K-Medians , (3) Move to the hierarchical clustering algorithms and the TF-IDF and bag-of-words representations achieves the highest
learn Divisive Algorithm , or (4) Shift to the hierarchical clustering  performance. Using the clusters of similar lectures as nodes in
algorithms and learn Agglomerative clustering . Each of these the precedence graph, we connect each cluster according to the

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.
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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 enrolliment. 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 enroliment 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 enroliment 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].

Lovenoor Aulck, Dev Nambi and Jevin West "Increasing The lack of motivation f i : o di -
Enrollment by Optimizing Scholarship Allocations Using € 'ack ot motivation for consulling Services to dissemi-
Machine Learning and Genetic Algorithms" In: Proceedings of nate the_l_r work coupled V.V'th |nst|_tut|ons Fry_mg to maintain
The 13th International Conference on Educational Data Mining COMPetitive advantages in recruitment limits the extent of
(EDM 2020), Anna N. Rafferty, Jacob Whitehill, Violetta
Cavalli-Sforza, and Cristobal Romero (eds.) 2020, pp. 29 - 38

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 enroliment 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 Enroliment

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 | 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 enroliment
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 enroliment 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 specic 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 Enroliment

To predict enroliment, 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 classiers 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 enroliment 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
(Ntota ). 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 @ 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 prole." 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 prole. 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 proles (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
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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 species 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 (Foered ) caNNot
exceed a pre-determined amount Boered ):

Fo ered B o ered

3. The percentage of admitted students who are awarded
scholarships (N yawarded ) Should be approximately equal
to a pre-determined percentage (Nogarget ):

N %awarded N Y%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 (Nyin ), which was equal to N‘ﬁ—‘ﬂ'
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. Ny, 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 Fg 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 S; is a scholar-
ship award value for the i individual and the j schol-
arship bin. The bins are sorted based on academic pro le
such that Si1 Si2  Sizii: Sk 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 t0 Noganardes fOr an
individual.

We penalized each individual's tness if the optimization
constraints above were violated. We initialized a single penalty
coecient () 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:
— B 2
1 = spent
Fspent >B spent - (Fspem )

if too much was o ered in scholarship awards:
offered )2
offered

Foered > B oered ! - (|:

if too many students were awarded a scholarship:
| — N _Nostarget )2

Noawarded > N Y%target - N gawarded

if too few students were awarded a scholarship:
] = ( N 2 %awarded )2

Nosawarded < N Y%target N otarget

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 Il 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
enroliment count predicted by classi er)
For each of G generations: (G = 20)
Keep subset of population with highest tness (10%)
Use two-point crossover to Il population
Mutate random bins of random individuals
Evaluate tness of each individual
Use individual with highest tness after G generations

NI R W

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: Classier performance sorted by rank across all
metrics. Names of classi ers are provided in Section 3.4.

Model | Accuracy | AUC | Fl-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
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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 enroliment
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 | 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 enroliment us-
ing XGB and a classi cation threshold of 0.5 (left) and a
calibrated classi cation threshold of 0.22 (right)



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 ¢ 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 enroliment 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 Sma. 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,
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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 enrolliment 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 enroliment and generated millions in tuition
revenue. Our approach has been incorporated into the uni-
versity’s enrollment forecasting.

We show that ensemble classiers 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-



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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