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Institutions of higher education are constantly collecting student-centric data, be it appli-
cation information, transcript records, or graduation histories. Despite this wealth of data,
traditional institutions, where learning is primarily on-campus and in-person, are often lim-
ited by infrastructure and personnel in their ability to transform their data into useful infor-
mation to make data-informed decisions. In this work, I employ supervised machine learning
and econometric techniques to utilize data that is routinely collected at traditional institu-
tions of higher education to improve institutional processes and better understand students.
First-year, first-time students face numerous challenges as they transition to post-secondary
education and, as a case study, I examine two phases of their academic careers: their en-
rollment decision prior to starting their college education and their first year on campus as
they adjust to college life and push towards graduation. In all, this work demonstrates how
academic institutions can apply data-centric techniques and contributes to long-standing

education theory on post-secondary enrollment, acclimation, and persistence.
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Chapter 1

INTRODUCTION
1.1 The Irony

When I began my PhD at the University of Washington’s (UW’s) Information School (iSchool),
my intention was to conduct healthcare research using large-scale data. The specifics of this
research were rather murky, as they so often are for newly-admitted PhD students, but I
was fairly certain that I wanted to investigate problems in healthcare. My background was
in bioengineering and I had been working on public/occupational health-related research
after graduating with my first Master’s degree. Continuing on to a PhD while conducting
research in this same space seemed like a natural progression. I had even pitched ideas
around healthcare informatics to faculty during my interview for admission to the iSchool
Information Science PhD program. After my acceptance to the program, I thought having
Jevin West, with his background in theoretical biology, as a faculty mentor would also help
with these pursuits. Of course, these pursuits never materialized. Instead, during my first
quarter as a PhD student, Jevin suggested I begin with some research by exploring a dataset
he had while we thought more about problems we could tackle in healthcare. Suffice it to
say, I began digging through the dataset he shared, went down the proverbial rabbit hole,
and never turned back.

The dataset Jevin shared comprised nearly the entirety of UW’s Registrar data and
had been compiled in conjunction with researchers from UW’s Bioengineering Department
(who were, ironically, my former undergraduate professor, Dan Ratner, and TA, Jesse
Burk-Rafel). It included data on student transcripts, demographics, registration histories,
course/instructor evaluations, and degrees awarded across the entirety of UW’s 150+ year

history for which data was digitized. It had originally been compiled in response to Jevin



and Dan’s frustrations with the lack of information on students who were in their classes
and departments. Who were these students? What were their backgrounds? What were
they learning and what did they already know? These questions dug much deeper than the
mere list of names on the course roster provided to instructors at the start of an academic
term. When I began looking through the data, my own questions naturally began to emerge,
colored by my own experiences as a former undergraduate at UW. Which students were most
at risk of dropping out? Which course-taking patterns were most effective for students to
graduate on time? How did instructor quality impact student success? Of course, not all of
these were ultimately answered and I leave the UW still with enough questions to complete
a dissertation several times over. Some of the questions that were answered, in whole or in
part, are what comprise this dissertation.

As I poured through the data and answered questions as I could, I also became more
involved with the administrative circles that managed and used this data. Soon, an oddity
began to emerge: within these administrative circles, the data I was working with was
predominantly used for record-keeping and not for research or analysis. In the age of “big
data”, the UW had a wealth of data on its institutional history, the students that have come
through its doors, and its academic ecosystem yet this data wasn’t being leveraged for any
insights. The irony of this becomes more apparent when considering UW’s standing as a
leader in data science research and innovation, from the tens of millions of dollars invested
into its eScience Institute to proclamations of being “Big Data U” with a “university-wide
approach” to data science education!. Yet, despite its place at the forefront of developing
data science, the UW was lagging in terms of applying what it was teaching to its own data.
I came to realize that this was not unique to UW but true of most institutions of higher
education. Universities the world over were collecting data on students and instructors as a
matter of record-keeping protocol only to have it gather digital dust over time. Of course, the

reasons behind this are numerous, from a lack of trained personnel to bureaucratic overhead

1See: http://data.washington.edu/ and https://escience.washington.edu/education/. As of April 10,
2019, these phrases were prominently placed on these UW webpages.
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to a lack of usable digitized data. Regardless, the fact remained - universities were developing
data science but they weren’t using it internally like they could.

This is what ultimately pushed me to complete my dissertation within the space of
educational data mining, with a particular emphasis on using data that is procedurally
collected at traditional? institutions of higher education. The aim of this dissertation is to
help resolve the irony. It is to demonstrate how data science at a university can be used
for a university. It is to demonstrate how data that is routinely collected at institutions of

higher education can be used to improve and learn more about these same institutions.

1.2 EDM

Educational Data Mining (EDM) is a relatively new field that focuses on data-intensive
methods and analysis in the realm of education [156, 37, 137]. The growth of the field
has been spurred by two (broad) key factors [17]: 1) an increased availability, digitization,
and standardization of education-related data and 2) a growth in computational and soft-
ware capacity to draw insights from this data. The first relates primarily to the increase
in education-centric data over the last decade or so, particularly by way of online learning
environments, digitized student transcript/registrar records, and more robust mechanisms
to digitally capture student activity (card swipes, food service accounts, etc.) [17, 155]. In
many respects, this has allowed for the quantification/monitoring of spaces within education
that were previously unquantifiable until the last few decades. The second point that has
helped spur the growth of EDM relates to how the increased performance of computational
machines (as highlighted by Moore’s Law [118]) and lower costs for data and hardware stor-
age/maintenance (particularly with respect to the cloud) are continually lowering technology
barriers and increasing computational accessibility [30]. It should also be no surprise that
these two factors which have influenced advances in EDM - namely, an increased ability to

collect data (via a proliferation of data sources and the ubiquity of collection tools) and an

2“Traditional” in the sense that the primary mode of instruction is on campus, in person and not online.



increased capacity to store/analyze it - are those that have helped catalyze the growth of
“data science” at large, particularly over the last two decades [60, 30, 79].

Often, the very fact that the phrase “data mining” exists in EDM’s name causes some
consternation. In particular, data mining’s association with customer data, advertisers, gov-
ernment intrusion, and ever-watchful eyes is often pejorative [105], justifiably or not, and
flies in the face of education’s historical goal of remaining a noble pursuit. Adding to this,
education as a field is notoriously slow to change to new trends and incorporate new tech-
nologies despite having an increasing abundance of data [147, 26]. That is all to say that
the growth of EDM, despite its promise [26, 19, 137], faces obstacles with regards to its
position within the broader scope of education. These obstacles are not only analogous to
any resistance from social science fields towards the adoption of more computation-centric
approaches but are also specific to education with respect to slow adaptation overall and a
generally risk-averse climate [119]. These obstacles are even more prevalent in post-secondary
education, where leveraging data for insights is less common at traditional campuses (i.e.
schools where learning is primarily on-campus and in-person) and more expansive in online
and computerized environments, which are much more amenable to the collection and anal-
ysis of digitized student traces [125]. 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 unable to do so due to infrastructure limitations, untrained personnel, and
a general aversion to risk taking [159].

The focus of my dissertation is to demonstrate how data that is routinely collected at
traditional institutions of higher education can be leveraged for insights using supervised ma-
chine learning and causal inference methods. To do so, I use first-time, first-year (freshmen)

students as a case study. I hope this dissertation will accomplish the following:

e Firstly, I hope this work will be used to directly shape policy at UW. The work I
present in this dissertation was completed at UW using data on students at UW. The

research can be used to better institutional processes and directly inform decisions at



the University.

e Secondly, I hope the chapters in this dissertation stand as case studies for how other
institutions of higher education can apply data-centric tools/approaches to their his-
torical records and gain insights to improve how they recruit, monitor, and support
students. Universities are hubs for data-driven research and instruction; yet their abil-
ity to apply these data-centric tools to their own administrative data is underdeveloped.

I want my work to help change that.

e Thirdly, I hope this dissertation contributes to existing education theory with my find-
ings. This includes contributing to literature on: the impact of financial aid on student
enrollment, influences on student persistence towards graduation, and the impact of
co-enrollment seminars to help students acclimate to the college environment. Rather
than relying on approaches previously used in education research, I either use data-
centric methodologies that are underutilized in education research, examine students

at a scale that is uncommon in education research, or both.

1.3 Description of Chapters

This dissertation is divided into two Sections, each of which contain two substantive Chap-
ters. Section I focuses on freshmen students prior to their enrollment at the University. It
examines the effects of scholarships on student enrollment and optimizing the allocation of
merit-based awards. Section II focuses on freshmen after their enrollment at the Univer-
sity. It looks at predicting whether they will eventually graduate and the effect of freshmen
seminar classes on their performance. Of the two Chapters in each Section, one focuses on
predictions using supervised machine learning (Chapters II and IV) and the other focuses on
making causal inferences using econometric approaches like propensity score matching and
regression discontinuity designs (Chapters IIT and V).

Each Chapter consists of a standalone research project that has either been published,

is submitted for publication, or is being readied for publication. Each Chapter is relatively



identical in form to how it was published or will be published - each has its own abstract,
introduction, methods, results, and conclusions subsections. For cohesiveness, I've also in-
cluded a short preamble to each of the Chapters that gives a brief overview of the work in
the context of other dissertation Chapters. At the end of each chapter, I've also included
a list of relevant published/presented work that I've completed related to the Chapter. In
all, the work presented in these Chapters draws on a breadth of approaches from the realms
of supervised machine learning (e.g. binary classification, algorithmic calibration, numerical
optimization) as well as econometrics (e.g. regression, regression discontinuity, propensity
score matching).

The Chapters and Sections of this dissertation are organized as follow:

e Section I: Examining freshmen enrollment

— Chapter II: Predicting student enrollment and optimizing scholarship disburse-
ment
This chapter centers on using machine learning and genetic algorithms to optimize
a scholarship fund and examining how enrollment management can be improved
using data. [ first built a machine learning model to predict freshmen enrollment
using data from student applications. I then leveraged this predictive model in
conjunction with a genetic algorithm that altered scholarship award amounts to
determine how to maximize predicted enrollment from the scholarships. After
optimization, the scholarships were disbursed to an incoming class of students
and the real-world enrollment numbers from this class are compared to previ-
ous classes. I found that the optimized approach increased enrollment yield for
the university. The approach has since been incorporated into the University’s
scholarship disbursement pipeline.

— Chapter III: Understanding the effect of scholarships on the student enrollment
decision

This chapter centers on investigating the optimized allocations from Chapter I to



understand the per-dollar impact on students’ enrollment decisions. I first used
data from previous scholarship disbursements to examine the per-dollar impact
of merit-based scholarships on student enrollment and the degree to which this
could be effectively evaluated. I then compared those who did and did not receive
scholarships from Chapter I using a regression discontinuity design. I go through
multiple approaches in estimating the effect of scholarships on student enrollment.
I find some evidence that smaller scholarships awarded to students who have lower
academic performance tend to have a greater impact than larger scholarships

awarded to students with higher academic performance.
e Section II: Examining freshmen persistence

— Chapter IV: Predicting first-year undergraduate attrition

This chapter centers on using machine learning approaches to understand when
and why students leave the university after their first-year. I built machine learn-
ing classifiers to predict freshman attrition using only a single year’s worth of data
on each student. I did this across the entirety of the UW’s student body and not
just a subset thereof. I examined attrition across two commonly used definitions
from the literature: whether a student returns for their second year and whether
a student eventually graduates with a degree. I also explored how well subsets of
different institutional data fare in the prediction tasks in isolation. I found that
using students’ first year of transcript records, attrition can be accurately pre-
dicted. Additionally, I also found that transcript-based features fared far better

than demographic and pre-entry features in predicting attrition.

— Chapter V: Understanding the effect of freshmen seminars on undergraduate per-

formance

This chapter centers on examining a freshmen seminar program that has been in
existence for over 30 years called First-Year Interest Groups (FIGs). I examined its

effect on student grades and persistence, including which aspects of FIGs students



find most beneficial. T used matched comparison groups based on propensity score
matching to compare FIG and non-FIG students in terms of graduation rates and
grades. I also performed this same comparison for particular subsets of students,
namely Hispanic and under-represented students. In addition to using registrar
data to develop these matched comparison groups, I also examined which aspects
of FIGs were most beneficial to students using student exit survey data. To do
this, I used topic modeling across the surveys to develop a preliminary codebook
of student responses before hand-coding individual student responses. I found
that completing a FIG has a positive effect on student grades and persistence. I
also found that students found social aspects of the FIGs to be the most beneficial

to their educational experience.

The above four Chapters comprise the substantive research Chapters of this dissertation.
In addition, there is also this Introduction Chapter (Chapter I), a Conclusions Chapter

(Chapter VI), as well as references at the end of this manuscript.



Chapter 2

PREDICTING STUDENT ENROLLMENT AND OPTIMIZING
SCHOLARSHIP DISBURSEMENT

2.1 PREAMBLE

In this Chapter, I examine students as they are deciding on admissions offers. I focus on
the degree to which we can predict whether a student will enroll and on finding optimal
scholarship award amounts to entice them to enroll at the award-giving institution. One
interesting aspect of this work is that data science applications in enrollment management
remain very underexplored. This is true not only in terms of predicting enrollment but
also scholarship disbursement, which are the two central aspects of this Chapter. Another
interesting aspect of this Chapter is that it contains real-world results - we actually deployed
the system we developed and saw how it fared. My involvement in this project came as
the University was interested in having this work be conducted internally, after having it
previously contracted out. Due to personnel shortages, [ was approached with an opportunity
to work on this problem, and it provided me with insight into university administration as
well as added perspective on the role that data science can play in university management.
In all, this work demonstrates how machine learning and numeric optimization can be used

to better understand student’s decisions to enroll at a particular institution.

2.2 Abstract

Effectively recruiting students and estimating student enrollment is critical to the success
of any university. However, despite having an abundance of data and researchers at the
forefront of data science, universities are not fully leveraging machine learning and data

mining approaches to improve their enrollment management strategies. In this project, we
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use data at a large, public university to increase their student enrollment. We do this by first
predicting the enrollment of admitted first-year, first-time students using a suite of machine
learning classifiers (AUROC = 0.85). We then use the results from these machine learning
experiments in conjunction with genetic algorithms to optimize scholarship disbursement.
We show the effectiveness of this approach using actual enrollment metrics. Our optimized
model was expected to increase enrollment yield by 15.8% over previous disbursement strate-
gies. After deploying the model and confirming student enrollment decisions, the university
actually saw a 23.3% increase in enrollment yield. This resulted in millions of dollars in ad-
ditional annual tuition revenue and a commitment by the university to employ the method
in subsequent enrollment cycles. We see this as a successful case study of how educational

institutions can more effectively leverage their data.

2.3 Introduction

Managing student enrollment is one of the core administrative tasks of any university. How-
ever, it is far from simple as universities aim to attract and retain the best students with
limited resources [44, 83]. Enrollment management has wide-ranging implications on institu-
tions’ student body composition as well as their budgeting and finances, where a reliance on
tuition income necessitates accurately forecasting student enrollments [81, 182]. One instru-
ment that has continually been leveraged in the pursuit of enrollments and the associated
tuition income is financial aid as receiving a financial aid award increases the likelihood of a
student enrolling [102, 83]. While financial aid remains a powerful mechanism for institutions
to reach their admissions and revenue targets, miscalculating projected student enrollments
and mismanaging financial aid funds can have severe implications (such as rescinding over-
committed offers!)[6]. Furthermore, as institutions face tightening budgets and find their
pricing policies continually under scrutiny, it remains imperative for them to optimize the

resources they have by maximizing enrollments and the associated tuition revenue from fi-

1See https://bit.ly/2Scxqj6 as a recent example.
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nancial aid programs [80, 86]. As such, accurately predicting enrollment and optimizing how
student aid is disbursed is critical to enrollment management with financial implications that
cascade across the entirety of an institution. In this work, we develop 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 student aid requires data on stu-
dent admissions and operational budgets. This data is stored in institutions’ organizational
databases or can be extracted from operational records. However, despite having this data
on previous enrollments and finances, institutions are often slow to leverage it to gain action-
able insights and improve institutional processes [153, 188, 26]. 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 digitized data [125]. 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 unable to do so due to infrastructure limita-
tions and untrained personnel, among other reasons [159]. This results in the outsourcing of
data-centric enrollment work (including developing scholarship disbursement and enrollment
strategies) to full-service consulting firms, which do not disclose their proprietary approaches
or how their results are evaluated [85]. The lack of motivation for consulting services to dis-
seminate their work coupled with institutions trying to maintain competitive advantages in
recruitment limits the extent of published research on how institutions can utilize data to
improve recruitment processes. As a result, this dearth of literature provides little to demon-
strate how data mining and machine learning can assist in the critical mission of enrollment
management and in allocating financial aid.

In this project, we mine data from a large, public university 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 steps. We create a predictive model of student enrollment using

historical student application data. We then use a genetic algorithm to optimize scholarship
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disbursement to maximize student enrollment based on this predictive enrollment model.
We conducted this work during the most recent admissions cycle of the university and the
optimized awards were given to the latest entering class. After seeing improvement in stu-
dent enrollment yield and an increase of millions of dollars in annual tuition revenue, the
university incorporated our approach into their enrollment management process. We believe
this project is a case study for other institutions seeking to similarly leverage institutional

data for improving enrollment forecasting and financial aid allocation.

2.4 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 showing
how to predict enrollment, there is very little showing how to allocate scholarships and hardly

anything that ties the two together.

2.4.1 Predicting Enrollment

A few studies have employed machine learning and data mining techniques to predict uni-
versity enrollment using non-neural approaches. DesJardins developed a logistic regression
model using a dataset of approximately 14,400 students from an undisclosed tier I research
university in the US. DesJardins’ model gave an area under the receiver operating charac-
teristic curve (AUROC) of 0.72 when predicting whether or not a student will enroll [58].
Similarly, Goenner and Paul used logistic regression to predict which of over 15,000 students
at a US university would eventually enroll [71]. Their model gave an AUROC value of 0.87.

In addition to the above studies examining non-neural approaches for predicting enroll-
ment, studies have also found that neural approaches fare very well for the same task and
often perform better than non-neural approaches. For example, Walczak evaluated different
neural network designs when predicting student enrollment at a US liberal arts college, stress-
ing the problem as one of resource allocation [186]. Using a few thousand students, Walczak

found that backpropagating neural networks fared best among those compared. Walczak and
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Sicich later compared neural networks versus logistic regression to predict enrollment at two
US universities [187], finding that neural networks performed better than logistic regression.
Chang used logistic regression, decision trees, and neural networks to predict the enrollment
of applicants at an undisclosed university, also finding that neural networks outperformed

other models when judging by classification accuracy [40].

2.4.2 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 determining
which students would be awarded scholarships in Nigeria [5]. Alhassan and Lawal describe
the results as “effective” compared to approaches previously used but did not provide more
on the success of their approach.

One work used machine learning to predict enrollment in conjunction with a numerical
optimization technique to disburse scholarships. Sarafraz et al. used neural networks with
genetic algorithms to optimize financial aid allocations and while our research is similar in
spirit, there are a few notable differences [146]. Firstly, the scholarship fund optimized in
this work is merit-based, meaning there are upper and lower bounds on scholarship awards
that are specific to each student. This makes for a more difficult optimization task. We
also examine alternative predictive models beyond just neural networks (such as ensemble
approaches) and use a larger dataset in terms of both the number of observations and the
number of features (over 72,000 observations vs 4,082; over 100 features vs 6). We also
provide a comprehensive description of final model performance across multiple metrics and
a detailed outline of how genetic algorithms 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 scholarship optimization to demonstrate the effectiveness of our

approach.
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2.5 DMethods

We present the methods for this work by first giving an overview of the setting; then, we
describe the data and feature engineering; we then discuss how we predicted enrollment;
finally, we discuss optimization constraints and the optimization process. The overall process
for this work is shown in Figure 2.1. Due to the sensitive nature of the data and the fact
that it contains personally identifiable information (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 so others can replicate the work.

STEP 1: STEP 2: STEP 3: STEP 4: STEP 5:
Gather Engineer Develop Use Classiﬁer Award
Data From Features Classifier o Ot Scholarships
Institutional to Use in to Predict ol kemelhrizs and Await
Databases Predictions Enrollment Enrollments

Figure 2.1: Process for optimizing scholarships, starting with data from University databases
and ending with disbursements.

2.5.1 Setting

This scholarship optimization work was performed at a large, public US University (the
University?) in early 2018. The scholarship fund examined was created to maintain the
University’s academic standards while maximizing the enrollment of first-time, first-year
(freshmen) domestic non-resident (DNR) students by giving them financial incentive to at-
tend the University. DNR students are students from the US who are not from the state in
which the University is located. DNR students account for larger tuition charges than their

resident counterparts so their enrollment is of high importance from a budgeting perspec-

2University administrative offices requested that the institution not be identified.
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tive. 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 scholarship fund examined (DNR scholarships) was to be disbursed based on merit.
As such, students with higher academic profiles, as defined later, were given equal or larger
scholarships than those with lower academic profiles, regardless of financial need. Addition-
ally, only freshmen DNR students who were accepted to the University were eligible for a
DNR scholarship award. All admitted 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. For the last full application cycle (the 2018 entering class), the
disbursement strategy was brought under the technical stewardship of the University. This
is the application cycle for which we optimized scholarship disbursement. The models that
were previously developed for the disbursement of the scholarship fund were proprietary to
the consulting services and could not be leveraged. However, 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 approach 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 University. However, not all applications were scored by admissions
officers when the first awards were to be given. This was primarily due to the admissions
review timeline at the University. We did not know of every admitted student at the time of
optimization yet the scholarship awards were only to be given to admitted students. Thus,
the last full application cycle’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 apply this
strategy to the last application cycle. This was with the expectation that applicants in the
last application cycle 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.
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2.5.2 Data

The data for this work consisted of information on all freshmen 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 Federal Student Aid (FAFSA) information. The FAFSA is an ap-
plication prepared by incoming and current US college students to determine their eligibility
for financial aid. Examples of data from students’ admissions applications include their high
school coursework, entrance exam scores, college GPA (if they had taken classes for credit),
whether they were a first-generation college student, and their parents’ educational attain-
ment. These were all self-reported and verified by the University as needed. Data directly
from and derived from student FAFSA filings included students’ family income, their ex-
pected family contribution to college expenses (as calculated by the University), and loan
amounts awarded to the student. About 66% of students had filled a FAFSA. Also included
in the data were indicators of whether each student eventually enrolled at the University.
Of the 72,589 students in the dataset, 5,081 enrolled (7.00% of all). Demographic variables

such as gender and race were available but were not used as discussed in Section 2.6.1.

The data included tuition amounts students would pay on an annual basis, their financial
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 optimiza-
tion 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 variables summed). We used this variable as a single financial aid and tuition-related
feature for the optimization process. This feature is not altered when developing the pre-
dictive classifier but is altered during the optimization task, during which the response of

students to different award amounts are simulated.
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2.5.8 Feature Engineering

Prior to prediction and optimization, we engineered features from existing variables. First,
we either converted categorical 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 financial aid record-keeping), each of which
was used as a categorical feature. We created binary indications of whether students attended
each of the 10 most popular high schools for student applications 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 application codes. In addition, we also
created a separate binary 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 at the
University (e.g. “Engineering”, “Humanities”, “Health Sciences”, etc.). We then created
binary indications of whether a student was interested in each of the categories. Only
students’ first application to the University and the resulting admissions/enrollment decisions
were included in the data. There were a total of 108 features.

Not all applicants filed a FAFSA form and we imputed missing 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.

2.5.4  Predicting Enrollment

To predict enrollment, we first 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
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median of each feature 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 indicating whether the student enrolled at the University was not scaled.

After performing the training-test split, we trained 7 machine learning (ML) classifiers on
the training set to predict enrollment. These classifiers 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 classifiers using 5-fold cross
validation on the training set. We report performance from all classifiers on the test set,
which was not used to train the classifiers and only used to evaluate final performance. We

used the classifier with the best performance to optimize scholarship disbursement.

2.5.5  Optimizing Scholarships
Genetic Algorithms

After developing a classifier to predict enrollment, we used the predictions from the classifier
as an objective function in optimization. The aim of the optimization was to develop a
strategy that maximized student enrollment from the DNR scholarships. In other words,
the optimized approach 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-defined measure to optimize (i.e. student enrollment) but
not a well-defined, continuous, and/or differentiable objective function. GAs are also known
to find near-optimal solutions quickly, which was essential when we wanted to rapidly outline
different 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 selection

across this population according to a measure of fitness, using genetic crossover and mutation
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to produce offspring from the most fit individuals, and then using this offspring as the
population for the next iteration [114]. The overall population fitness improves with each
iteration and the GA eventually converges towards an optimal solution. In this work, we start
with a population of award disbursement strategies whose “genetic material” (chromosomes)
are a set of scholarship award values; the measure of fitness to assess these individuals is based
on predicted enrollment after accounting for constraints; and the crossover and mutation
functions used to create offspring are based on altering scholarship award values.

We used the data for the previous year’s (2017) admitted class in the optimization of
scholarship funds. In all, this was 9,479 students (Nia1). In this sense, we used data from
the year prior to optimize the disbursement for the most recent application year. We pared
the data down to a single year’s application cohort to avoid having to consider if any of the
optimization constraints in Section 2.5.5 were being violated for each of the application years

simultaneously.

Binning Students

We generated a set of possible scholarship awards that spanned S,;, to a chosen maximum
(Smax) in $300 increments and included $0. We did not determine Sy, beforehand but
instead set it such that the optimization procedure did not generate an output that included
a Smax scholarship award. Spi, was evenly divisible by $300 and we generated possible
scholarship awards in $300 increments to satisfy constraint (4) from Section 2.5.5. In all,
there were over 20 unique scholarship award values and only these award values were used
in the optimizations.

Part of the difficulty 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 profiles. For example, if one
was to rank all admitted students 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 maximum
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award for a particular student would be equal to the award given to the student with the
merit that is immediately higher. As such, if optimizing on a per-student basis, altering the
award for any given student to influence their enrollment decision could result in a cascade
that subsequently effects every other student’s award amount. This results in a very complex

fitness landscape when optimizing scholarship awards individually.

As a solution to this issue of an optimization cascade, we first ranked and binned students
based on academic merit such that all students in the same bin received the same scholar-
ship award. To perform this binning, we sequentially ranked students based on 3 variables:
their application academic score, their high school GPA, and their scores on college en-

P4

trance exams, in that order. This ranking was students’ “academic profile.” Each student’s
application academic score was based on a holistic scoring of their academics and was the
primary variable for determining their academic profile. We were provided this metric by the
University admissions office. 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 profiles (i.e. students were grouped across every
5th percentile) with each ventile receiving the same scholarship award amount. Using ven-
tiles allowed for us to have sufficient flexibility when exploring the fitness landscape during
optimization while also not being so granular as to continually be caught in local extrema.
Additionally, ventiles helped mitigate the effect of optimization cascades by giving identical
awards to students with similar academic profiles. We refer to each of these ventiles as a
“bin” and each bin served as the chromosomal building block for the GA. A single schol-
arship allocation strategy consisted of the scholarship 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 finding them to give lower predicted enrollments. We did not, however, attempt to find
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an optimal bin number beyond this but do intend to explore this in the future.

After binning students, we created a fitness function to evaluate the effect of altering
the reduced_tuition variable on student enrollment. Specifically, this function took the
genetic material of a scholarship individual (i.e. a set of scholarship awards for each bin) and
then re-evaluated the reduced_tuition variable for each student based on their updated
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 financial aid and tuition-related variable used in the predictive model. The
function re-calculated each student’s likelihood for enrollment based on the updated values
for reduced_tuition using the predictive enrollment model. The final output for the fitness
function was a calculation of the number of students predicted to enroll for a given scholarship

individual, which we used as the fitness criterion for evaluating individuals.

Modeling Constraints

Several constraints were posed on the scholarship disbursement by University administrators.
Due to University policy, exact values for awards and budgets will not be discussed. Some
constraints on the disbursement strategy were as follow, where F' represents funds in DNR
scholarship offers, B represents funds in the DNR scholarship budget, N specifies a count of

students, and .S specifies a scholarship award amount:

1. The total amount spent on DNR scholarships (Fypent) cannot exceed a pre-determined

amount (Bgpent): Fipent < Bgpent

2. The total amount offered to students in DNR scholarships regardless of whether they

enroll (Fyfered) cannot exceed a pre-determined amount (Byfered): Fiogrered < Boffered

3. The percentage of admitted students who are awarded scholarships (Noawardea) should

be approximately equal to a pre-determined percentage (Nogtarget): Nozawarded = Nogtarget
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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 (Sp,i,) but no pre-determined

maximum value.
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Figure 2.2: Genetic algorithm setup. Individuals (i) are scholarship allocation strategies of
K scholarship bins (j). The population consists of p individuals. Each S;; is a scholarship
award value for the " individual and the j** scholarship bin. The bins are sorted based
on academic profile such that S;; < Sip < Si3... < Sii for any given ¢ (but not necessarily
across individuals). For this work, K = 20 and p = 1000.

The organization of the population, individuals, and bins for the GA optimization is

shown in Figure 2.2. We generated an initial population of p individuals by randomly

selecting K scholarship awards (one for each bin) from the set of possible scholarship awards

and sorting for each individual. For this work, p = 1000 and K = 20. Each bin contained
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the same number of students (N, ), which was equal to % 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, multiplied 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 Fygereq for that individual. The predicted number of
enrollees for each scholarship bin multiplied by the award for that respective bin equalled
the funds spent for that bin; the sum of these across all K scholarship bins for an individual
was Fypens for that individual. The number of bins with non-zero award values divided by K

was equal to Nogawardea for an individual.

We penalized each individual’s fitness if the optimization constraints above were violated.
We initialized a single penalty coefficient (o) to 1.0 and then successively enforced each of

the following squared penalties for a given scholarship individual:

e if too much was spent on scholarship awards:

Bspent \2
F, B = g % (Bomemt
spent > spent — 0 o (Fspent>

e if too much was offered in scholarship awards:

_ Boffered \2
Foffered > Boffered — 0 =0x* <Fzg:r:j)

e if too many students were awarded a scholarship:

N%target )2

N > N — 0 =0%
Yoawarded Yotarget ( Nogawarded

e if too few students were awarded a scholarship:

N%awarded )2

N%awarded < N%target — 0 =0 % ( Ny

target
Ultimately, we multiplied the output of the fitness function by the penalty coefficient to
penalize constraint-violating individuals. If there were no constraints violated, the penalty

coefficient was 1.0 and the fitness evaluation of the individual remained unchanged.
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Optimaization Process

The approach for the GA was as follows. We randomly generated the initial population of
individuals as described above. We then calculated the fitness of each individual and took a
subset of the most fit individuals (10%) as the basis for the next generation of the population.
We employed genetic crossover to this subset of the population to generate offspring. 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 scholarship award values between the two bins from one individual were

swapped with those from the other individual and vice versa.

After using crossover to refill the population, the offspring underwent mutation. We used
three types of mutations: an increase mutation, a decrease mutation, and a swap mutation.
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 possible 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 Sy, or Snax, in which case we eliminated the possibility of a decrease
or an increase mutation, respectively. 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 satisfied the condition of the mutation and used in the mutation. After mutations, we
re-sorted the awards across each individual to ensure students with higher academic profiles
received larger awards. We kept the initial subset of the most fit individuals unchanged
during crossover and mutation; instead, we altered replicas of these individuals to compare
the most fit 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
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repeated this process for 20 generations of the population and used the most fit individual

thereafter as the scholarship allocation strategy. The process for the GA is shown in Process

1.

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

1: Generate initial population (p = 1000 with K = 20 bins each)

2: Evaluate fitness of each individual (where fitness is
enrollment count predicted by XGB classifier)

3: For each of G generations: (G = 20)

4:  Keep subset of population with highest fitness (10% kept)

5 Use two-point crossover across individuals to fill population

6:  Mutate random bins of random individuals

7

8:

Evaluate fitness of each individual
Use individual with highest fitness after G generations

2.6 Results and Discussion

Using the methods described in Section 2.5, we developed a predictive classifier of student
enrollment and used it in conjunction with a genetic algorithm that optimized the allocation
of a scholarship fund. Ultimately, the university saw a 23.8% increase in enrollment yield
after using our approach. This resulted in millions of dollars of additional annual tuition
revenue. The following section presents these results in greater detail in the same order as

the methods.

2.6.1 Predicting Enrollment

Previous studies have shown the effectiveness of ML in predicting enrollment. We exam-
ined seven different predictive classifiers for this task. We show the performance of these
classifiers in terms of prediction accuracy, AUROC, and F1-score in Table 2.1. We used the
same observations as a test set to compare performance across classifiers; for the test set,

the majority class represented 92.8% of observations (i.e. 7.2% of students in the test set
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Table 2.1: Classifier performance sorted by rank across all metrics. Names of classifiers are
provided in Section 2.5.4.

Model ‘ ‘ Accuracy ‘ AUC ‘ F'l-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

eventually enrolled at the University). All classifiers performed similarly in terms of both
accuracy and Fl-score. Because of the large class imbalance, there were only modest gains
in terms of accuracy over the majority class representation. Ensemble classifiers (RF, XGB,
and BC) had the highest accuracies while KNN performed on par with the majority class
representation (note: it was checked that the KNN model did not predict that all observa-
tions were of the majority class). The highest F1-score, meanwhile, was given by the XGB
classifier, though it was not substantially higher than other classifiers.

We show ROC curves for the classifiers in Figure 2.3. The general shape of the ROC
curves was similar across the classifiers but with meaningful variation in AUROC. Specifically,
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 perform
well when predicting enrollment, even without more complex architectures in this case. That

said, the ensemble classifiers performed similarly well for the task at hand.

Demographic data was not used in the models. Including demographic variables in the
prediction models would improve predictive performance to some degree, albeit at the ex-
pense of potential explicit discrimination with respect to recipient characteristics. As such,

we decided to exclude demographic variables when building the classifiers. While doing so
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Figure 2.3: ROC curves for enrollment prediction

limits 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 demographic imbalances is beyond the scope
of this particular work but was handled by stewards of the DNR scholarship fund after

optimization.

We examined classifier performance across all metrics and decided to use XGB to optimize
scholarship allocation. Prior to optimization, we calibrated the classification threshold for
the prediction probability to the nearest one-hundredth such that the number of students
predicted to enroll by the model was nearest to the actual enrollment count. By calibrating
the threshold in this manner, we used a lower probability decision threshold (0.22) than
the value of 0.5 that is typically used in binary classification. We understood that doing so
came at the expense of an increased rate of false positives (Type I error) but it also allowed
for the prediction counts to be closer to actual counts, which was necessary when discussing
predictions with administrative stakeholders. We show the effects of this calibration in Figure
2.4, where the confusion matrix using the typical 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 identified. On the other hand, it was much more challenging to identify
those who would enroll. This speaks to the selectivity of the University in that many of the
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candidates who would not enroll were simply those who were not accepted to the University
(students’ acceptance to the University was not included as a feature during predictions).
Concurrently, the difficulty 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 college choices. Thus, the general likelihood
of a DNR student enrolling is difficult to determine when considering potential social factors
and college options.

Lowering the classification threshold resulted in predicted enrollment counts in line with
what was seen in the data, as shown in Table 2.2. Calibrating the classification threshold
also allowed for a greater number of true positives while also balancing the number of false
positives and false negatives. We also examined the effect of similarly calibrating the clas-
sification thresholds when using the other ML classifiers and determined that using XGB

would still be viable for scholarship optimization.

2.6.2 Optimizing Scholarships

After we developed a model for predicting student enrollment, we used a GA to design a

scholarship disbursement strategy. We used the GA in a setup with students grouped in
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Figure 2.4: Confusion matrices for predicting enrollment using XGB and a classification
threshold of 0.5 (left) and a calibrated classification threshold of 0.22 (right)
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Table 2.2: Predicted enrollments after adjusting the classification threshold for test data and
all data (training + test data).

H Test Data ‘ All Data
Actual 1,032 5,081

Predicted 1,049 5,166

ventiles and each ventile receiving the same award amount. The genetic material (awards for
each ventile) for individuals (allocation strategies) was altered for each iteration of the GA
and then fitness 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 most recent entering class (2018) 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 easily applied it to
the most recent entering class after checking that the two classes were similar. Additionally,
the binning strategy and the use of ventiles alleviated concerns about the size of the entering
class as specific award amounts were disbursed to proportions of the entering class and not

to a fixed count thereof.

We show fitness (predicted student enrollment) measures across the population of indi-

viduals for each generation of the GA in Figure 2.5. As expected, the maximum, mean, and

max mean median min

100%
80%
60%
40%
20%
0%

(percent of final value)

Fitness/Predicted Enrollment

Generation

Figure 2.5: Fitness measures across generations of genetic algorithm. Fitness was equivalent
to predicted enrollment.
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Figure 2.6: Historical scholarship allocations for the DNR scholarship. The highlighted year
(2018) shows the optimized scholarship allocations from this work. Upper bounds for the
bins are inclusive. Percentages are of award-receiving students only.

median values of fitness increase across generations, though these increases are much smaller
for later generations. The minimum fitness 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. Monte Carlo simulations will be used in the future to outline a

distribution of likely enrollment counts.

The exact award amounts for the DNR scholarship cannot be disclosed due to University
policy. Additionally, the percentage of students receiving scholarship awards was not con-
sistent 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 annually at the University. Thus, in an
attempt to provide a normalized measure for comparison across entering classes without dis-
closing exact award amounts, we compare award allocation strategies across time based on
the discount on tuition. For example, a student receiving a $5,000 scholarship when tuition
is $20,000 receives a 25% discount on tuition. We show previous allocations of the DNR
scholarship to scholarship-receiving students as a discount on tuition in Figure 2.6. 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 looking at Figure 2.6, it can be seen that approximately 15% of
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all scholarship-receiving students received an award that discounted their tuition by 8-12%
in 2014 while in 2017, approximately 60% of students received a similar award. It is apparent
from examining previous allocations that the manner in which the awards were historically
allocated shifted greatly from year to year. As noted previously, these previous allocations
were determined by a external consulting services and we could not leverage their underlying

approach 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 2.6. This strategy
tended to favor smaller scholarships, which aligns with the optimized allocation strategy that
Sarafraz et al. reported [146]. In fact, scholarship stewards had initially placed a lower limit
on the scholarship awards (Sp,) during modeling, 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 effectiveness of smaller awards with the scholarship stewards, it was determined that
the lower limit on the awards would be changed to % Thus, the 2018 entering class had
some scholarship 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 scholarships awarded to students of lower merit may
be more effective 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 profiles have more
college options and require additional recruitment, be it additional financial aid or in some

other form.

After we developed the scholarship distribution strategy for the 2018 entering class, the
University distributed scholarship awards to admitted DNR freshmen. We then waited as
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Table 2.3: Historical, predicted, and actual yields after scholarship disbursement.

H Timeframe ‘ Yield ‘ % Increase
Historical || 2014-2017 | 10-12% | N/A
Predicted 2018 13.9% 15.8%
Actual 2018 14.8% 23.3%

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 verified
by scholarship stewards, where “yield” refers to the percentage of admitted students who
enrolled at the University. 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 optimized strategy (and not an un-optimized or random allocation
strategy ), we expected to see a modest improvement. Instead, we saw a much higher increase
in yield. Table 2.3 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 increase 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 classification 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 tuition. There was also no discernible difference between the academic
aptitude of students from the last application cycle and years prior. Overall, the net effect
was an increase in millions of dollars in annual tuition revenue for the University. The
University has since incorporated our approach into their enrollment modeling process for
future disbursements of this scholarship fund. Of note is that the above yields are based on

proportions of students that enrolled and the size of the entering class makes little difference
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when comparing 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 scholarship optimizations warrants further investigation. This

may be in the form of A/B testing or some other controlled experiment.

2.7 Conclusions

In this work, we show how existing data at a university can be used to improve enrollment
management. We combine machine learning with numerical optimization and use student
application data at a public university to optimize a scholarship fund. We find that the
optimized approach increased student enrollment and generated millions in tuition revenue.

Our approach has been incorporated into the university’s enrollment forecasting.

We show that ensemble classifiers can give strong performance 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 fitness landscape during optimization. After optimization, we see that
smaller scholarship awards work better for maximizing enrollment. In all, the University had
historically seen little/no increase in enrollment yield and we projected 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 generation of data scientists and
developing data-centric tools/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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e Lovenoor Aulck, Dev Nambi, and Jevin West. Optimizing scholarship allocation to im-
prove enrollment. In Conference on Information and Knowledge Management (CIKM),

2019 (conference paper - in prep)

e Lovenoor Aulck, Dev Nambi, and Jevin West. Using machine learning and genetic
algorithms to optimize scholarship allocation for student yield. ACM Conference on
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e Lovenoor Aulck, Dev Nambi, and Jevin West. Using machine learning and genetic
algorithms to optimize scholarship allocation for student yield. 2019 KDD Workshop
on DLJED: Deep Learning in Education, 2019 (workshop paper)
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Chapter 3

UNDERSTANDING THE EFFECT OF SCHOLARSHIPS ON
STUDENT ENROLLMENT DECISIONS

3.1 PREAMBLE

This Chapter presents a continuation of the work from the previous Chapter. In the last
Chapter, I examined whether we can predict enrollment and find an optimal scholarship
disbursement strategy using machine learning and numerical optimization techniques. Here,
I perform a post hoc analysis of the scholarship disbursement strategy that was developed to
determine the impact scholarships have on students’ enrollment. One particularly interesting
aspect of this work is that because we were behind the proverbial curtain in terms of allocating
scholarship awards, we had complete visibility into how they were disbursed and were able
to leverage this in our analysis. What’s more, this work is also unique in that it provides an
analysis of a scholarship disbursement strategy that was optimized for a very specific purpose
- maximizing enrollment. In this sense, the work in this Chapter doesn’t examine whether
the goal of the disbursement strategy was met (i.e. maximizing enrollment) but instead
whether the strategy allocated scholarships in a manner that was statistically significant

with respect to the eventual target outcome (i.e. whether a student enrolled).

3.2 Abstract

Financial aid plays a pivotal role in how universities manage funds and shape incoming stu-
dent classes. However, the effects of financial aid policies are widely debated and often not
generalizable across institutions. In this work, we examine financial aid in a very specific
context: the effect of merit-based scholarships on the enrollment of domestic, non-resident

students at a large, public US University. For our analysis, we rely on the fact that we had
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complete visibility into the scholarship allocation process because we had devised the scholar-
ship disbursement strategy. We leverage this understanding of the scholarship disbursement
process to deploy a regression discontinuity design. The scholarship allocation strategy al-
lowed us to analyze several sharp discontinuities concurrently. We find weak evidence that
scholarships positively impact the enrollment of students who are of lower academic ability
while most of our estimates resulted in no statistically significant effects. We also find that
the magnitude of our effect estimates are sensitive to methodological decisions with respect
to the regression discontinuity design. Namely, the choice of bandwidth and the manner in
which it is optimized, be it with respect to the count of students or some measure of merit,

impact results in a non-negligible manner.
3.3 Introduction

Universities and colleges have two primary means to shape the size and composition of
their incoming student classes: their decision to admit students who have applied and their
decision to give admitted students financial aid to entice them to enroll [184]. With respect
to the former, acceptance policies and application reviews are largely dependent on the aims
and mission of individual institutions. With respect to the latter, meanwhile, governments
and institutions continue to make large investments in student financial aid as a means to
increase enrollment and student success [92, 110]. For example, the US federal government
spends upwards of $90 billion annually on financial aid support for students in the form of
grants, subsidies, and tax expenditures [115].

Despite these large investments, the success of any institutional financial aid program
hinges on deploying disbursement strategies that maximize the effectiveness of resource-
constrained financial aid budgets. Also, while financial aid awards are a powerful mechanism
for institutions to reach their admissions targets, mismanaging financial aid funds can have
severe implications [6]. Thus, it is crucial that universities and colleges understand the
impact that financial aid awards are having on students they are targeting so they can

maximize the effectiveness of their limited financial aid budgets. However, literature on this
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topic remains divided on whether financial aid increases college enrollment rates and alters
college choice (e.g. [143, 31, 92, 63]), improves college performance (e.g. [49, 28, 46]), and
increases college persistence and graduation (e.g. [160, 43, 158]). Furthermore, institution-
and location-specific idiosyncrasies, such as how college price variation may be correlated
with the number of community colleges in a given state, further muddle the degree to which
the the effects of financial aid could be disentangled from other factors that may seem
exogenous, but in actuality are not [92]. Thus, the institutional setting and context in which
financial aid awards are disbursed matter as it is difficult to generalize findings.

In this work, we use a regression discontinuity design to estimate the effects of a merit-
based financial aid scholarship on students’ enrollment at a large, public University in Wash-
ington State. A regression discontinuity design is a quasi-experimental pre-post test design
that examines the effects of a treatment (in this case, scholarship awards) on an outcome
(in this case, enrollment) based on some cutoff with respect to treatment. The financial aid
awards were given to first-time college students from outside Washington State. We perform
our analysis after having first developed a scholarship disbursement approach using machine
learning and numerical optimization approaches that was designed to maximize enrollment.
Our intimate knowledge of the scholarship allocation process gave us complete visibility into
the scholarship assignment process, which we leveraged in our study design. The disburse-
ment strategy also provided many sharp discontinuities for us to analyze across the breadth
of students’ academic aptitude. What we find is some weak evidence that the scholarship
awards positively effect enrollment for students of lower academic merit. However, we also
find that these results are highly sensitive on methodological choices made in modeling,

particularly with respect to how bandwidths are specified at/near the discontinuities.

3.3.1 Related Work

There is a large amount of literature that focuses on the effect of financial aid on student’s en-
rollment decisions and academic performance. Many of these studies use quasi-experimental

research designs to estimate these effects. In the interest of focusing on more methodolog-
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ically relevant work, we focus this section on works that have used regression discontinuity
designs.

Numerous studies have employed regression discontinuity designs to examine the effects of
financial aid. The assignment variable used by these studies in their study designs has varied
widely and has included: discontinuities with respect to students’ standardized test scores
(e.g. [31]), with respect to students high school GPA (e.g. [49]), discontinuities with respect
to a calculated measure of academic merit (e.g. [184]), discontinuities with respect to federal
grant eligibility and need (e.g. [143, 28]), and discontinuities along multiple assignment
thresholds concurrently (e.g. [92]). Some examples of regression discontinuity-based analyses
of the effect of financial aid on student outcomes are covered below.

Bruce and Carruthers used a regression discontinuity design when evaluating the effect of
HOPE scholarships on college choice in the State of Tennessee [31]. The assignment variable
used for the discontinuities was students’ standardized test scores. They found that the merit
awards examined had no impact on students enrolling in post-secondary education, though
they did find some evidence that the awards increased the quality of institutions attended by
some students. Rubin also employed a regression discontinuity design to examine the effect
of Pell Grant eligibility on college enrollment using data from a large, longitudinal study
[143]. Rubin found no effect on enrollment for students who varied in Pell Grant eligibility
but had similar family incomes, acknowledging that the findings were in line with other work
examining Pell Grants.

Blom and Canton used a regression discontinuity design to examine the impact that
the SOFES student loan program implemented at private universities in Mexico had on
academic performance [28]. Their work exploited discontinuities in the assignment of awards
based on economic need and found that students who received the loan tended to perform
better than those who did not. Kane used a regression discontinuity design to examine
the effect of the CalGrant program on students’ enrollment decisions [92]. The grant had
multiple eligibility requirements across income, assets, and high school GPA. Kane reported

an increase in college enrollment for grant-receiving students as well as an increase in private
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college attendance amongst lower income students.

Goodman used a regression discontinuity design as well as a difference-in-difference ap-
proach to estimate the effect of the Adams Scholarship - a tuition waiver to Massachusetts
State public colleges - on college choice [73]. Examining breaks in academic skill, Goodman
found no difference in overall college enrollment rate but did find that the scholarships pushed
more students to enroll in public colleges instead of private colleges. Similarly, Cohodes and
Goodman analyzed the same scholarship across later student cohorts in a regression discon-
tinuity design to estimate the effect of tuition waivers on college completion [43]. They found
that scholarship use actually lowered college completion rates as students disregarded college
quality when making their enrollment choices.

These papers demonstrate that the effect of financial aid on student outcomes has been
studied using regression discontinuity designs. However, the results reported by these works
vary widely and are highly dependent on institutional context, the outcome variable of inter-
est, and the discontinuities examined. In this work, we are interested in whether receiving
a financial aid award from a US institution increases the likelihood that a student from
another US state will enroll at the award-giving institution. In this sense, our work most
closely resembles that of Van Der Klaauw [184] and that of Curs and Harper [49].

Van Der Klaauw employed a regression discontinuity design to estimate the effect of
financial aid offers on the enrollment of students at a particular college. In their experimental
design, Van Der Klaauw exploited the manner in which scholarships were disbursed at this
college, namely that the institution first ranked students based on a measure of academic
merit and then awarded scholarships based on tiers across this ranking. The school’s merit
calculation was based on a weighted sum of students’ standardized test scores and high school
GPA.

Our work is similar to Van Der Klaauw’s in two major ways: first, we also examine the
effect of financial aid awards on students’ likelihood to enroll at the award-giving institution
and second, awards are also disbursed based on a ranking and tiering of students based on

academic merit. However, there are also several differences. Chief among these is the fact
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that in the case of Van Der Klaauw’s work, the scholarship award amounts for students
within each tier varied slightly based in part on partially subjective evaluations of students’
application packages by college administrators. In our case, the scholarship awards are
consistent across tiers, giving more sharp discontinuities for evaluation.

Curs and Harper, meanwhile, employed a regression discontinuity design to examine
the effect that a merit-based scholarship awarded to out-of-state freshmen students by the
University of Oregon had on first-year GPA. The University awarded the scholarship based
on hard thresholds on the entering students’ high school GPAs. Curs and Harper found that
the scholarship had a significant positive effect on first-year GPA.

The work we present aligns with the work of Curs and Harper and the work of Van Der
Klaauw in terms of context and methodology. Like Curs and Harper, we examine the effect
of a merit-based scholarship awarded to out-of-state freshmen students at a large, public
research university in the United States (US). In this sense, our work is similar in terms
of context. However, while Curs and Harper examine the effect of a scholarship on GPA,
we are interested in the effect of a scholarship on the enrollment of students at the award-
giving institution, like Van Der Klaauw. Also, like Van Der Klaauw, we deploy a regression
discontinuity framework that exploits the fact that students were ranked and tiered based
on measures of academic merit. What remains unique about our work is that we perform
a post hoc analysis of a numerically optimized scholarship disbursement strategy that was

optimized to maximize enrollment of students at the award-giving institution.
3.4 Methods

The methods for this work are described in the following order. First we describe the insti-
tutional setting and the data used in this work. Then, we give an overview of the scholarship
disbursement strategy. Thereafter, we describe our regression discontinuity design as well
our calculations of academic ability, which was used as an alternative to ranking students
based on merit. Finally, we give an overview of our cross validation approach for determining

an optimal bandwidth for the regression discontinuity and a suitable model specification to
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use in the analysis.

3.4.1 Setting

The scholarships analyzed in this work were distributed by a large, public US University (the
University') in early 2018. Award-receiving students concurrently learned of the amount of
their scholarship and of their admittance to the University. They then had about two months
to confirm their enrollment at the University. The scholarship fund examined was created
to maintain the University’s academic standards while maximizing the enrollment of first-
time, first-year (freshmen) domestic non-resident (DNR) students by giving them financial
incentive to attend the University. DNR students are students from the US who are not from
the state in which the University is located. DNR students 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. Students are

given the award in equal installments across four years as a tuition waiver.

3.4.2 Data

The data for this work consisted of the application information for all DNR students who
applied to the University and were admitted as part of the Fall 2018 entering class for whom
data was available. In total, this was 8,177 students. The data included information com-
piled from two major institutional sources: the students’ admissions applications and their
Free Application for Federal Student Aid (FAFSA). The FAFSA is an application prepared
by incoming and current US college students to determine their eligibility for financial aid.
Examples of data from students’ admissions applications include their high school course-
work, entrance exam scores, college GPA (if they had taken classes for credit), whether they

were a first-generation college student, and their parents’ educational attainment. These

!University administrative offices requested that the institution not be identified.
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were all self-reported and verified by the University as needed. Data pulled directly from
and derived from student FAFSA filings included students’ family income, their expected
family contribution to college expenses (as calculated by the University), and loan amounts
awarded to the student. About 66% of students had filled a FAFSA.

Also included in the data were indicators of whether each student eventually enrolled
at the University. Of the 8,177 students in the dataset, 1,030 enrolled (12.6% of all). All
students in the dataset were admitted to the University. Their college options and choices

beyond their decision on whether to enroll at the University were not known.

3.4.3 Scholarship Distributions

The students were given a scholarship award of one of six different amounts. Due to Uni-
versity policy, we cannot disclose the exact amount of the scholarships that were awarded to
students. The awards were as follow (where S,,,, is the maximum scholarship award amount):
$0, 17.9% of Spaz, 35.7% of Spaz, 64.3% of Spaz, 85.7% of Spaz, and Spe.. Henceforth, we
refer to these scholarship award amounts as (listed in the same order as above): S0 ($0),
S1, 52, 83, S4, and S5 (Spax). Students were awarded these scholarships in accordance
with the machine learning and optimization process outlined in work we have previously
documented [11]. In particular, we used data from previous students’ applications to the
University to first develop a machine learning classifier that predicts enrollment. Then, we
used this classifier in conjunction with a genetic algorithm to optimize the disbursement of
scholarship awards with the goal of maximizing student enrollment at the University.

The scholarships were merit-based awards. Financial need or demographics were not
considered when allocating scholarships; only students’ academic merit was considered when
allocating awards. Students did not need to apply for the scholarships separately as all DNR
students who applied to the University were automatically eligible for an award. Students’
merit was determined by first ranking students according to their “academic profile” and
then splitting the students into ventiles. Every student in the same ventile received the same

scholarship award. Academic profile was determined by sequentially ranking students based
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on 3 variables: their application academic score, their high school GPA, and their scores
on college entrance exams, in that order. These three variables comprise the entirety of the
information used to determine academic profile and student merit. No other information was
used to differentiate award amounts among students. Each student’s application academic
score was based on a holistic scoring of their academics and was the primary variable for
determining their academic profile. We were provided this metric by the University admis-
sions office. 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 stu-
dents’ entrance exam scores. Once students were ranked, they were divided into 20 ventiles
based on their academic profiles (i.e. students were grouped across every 5th percentile) with
each ventile receiving the same scholarship award amount. The award amounts were then
optimized using machine learning and a genetic algorithm.

The final distribution of scholarship awards was determined by the scholarship stewards at
the University and is shown in Table 3.1. This distribution of awards did not precisely follow
the ventiles outlined by the scholarship optimization. That said, the students were still sorted
along academic profile and those with higher academic profiles received scholarship awards
that were equal to or larger than those with lower academic profiles. As such, the students
with the lowest academic profiles among those who received a particular scholarship award
were academically similar to students with the highest academic profiles among the students
who received the next lowest scholarship award. Similarly, the students with the highest
academic profiles among those receiving a particular scholarship award were academically
similar to students with the lowest academic profiles among the students who received the

next highest scholarship award.

3.4.4 Regression Discontinuity Design

To understand the effect of the scholarships on student enrollment, we employ a regression
discontinuity design (RDD), which was first introduced by Thistlethwaite and Campbell in

1960 [173]. An RDD is a quasi-experimental study design that can be used to estimate the
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Table 3.1: Scholarship Awards.

Award Amount Count of | % of All | Enrollment
(% of Spae) | Students | Students Rate
S0 0 1378 16.85 17.05%
S1 17.86 900 11.01 14.44%
S2 35.71 4025 49.22 12.40%
S3 64.28 916 11.20 10.70%
S4 85.71 504 6.16 8.33%
S5 100 454 5.55 5.73%

causal effects of policy while controlling for unobserved individual heterogeneity, such as that
which may be correlated with scholarship awards [49, 101]. In an RDD, the causal effects
of interventions are estimated by assigning some cutoff threshold at which an intervention is
administered that is outside of the subjects’ control. The average effect of treatment is then
estimated by treating the data similar to a locally randomized experiment near the threshold
and comparing observations on both sides of the threshold [101]. This inherently relies on
the assumption that observations on either side of a discontinuity do not significantly differ
in terms of other covariates and we used independent t-tests and chi-squared tests to ensure
that this was in fact the case.

Here, we leverage the fact that the students were assigned a “treatment” (i.e. a schol-
arship award) while being ranked /sorted along a continuous assignment variable (i.e. “aca-
demic profile”) without being able to manipulate it in any way after their application to
the University. Because we were directly involved in developing the disbursement strategy
of these scholarship awards, we have visibility into the allocation process and the manner in
which students were given scholarships. We are also assured that students were not able to
deliberately change their position along the assignment variable with the goal of receiving a
different award. Additionally, we are also assured that students were not aware of the cutoffs

that were used to determine treatment, thereby eliminating the possibility of students at-
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tempting to improve/change their score when they just barely miss a cutoff threshold [161].
When looking at the scholarship disbursements, as shown in Table 3.1, there are 5 distinct
jumps in award amounts and, thus, 5 distinct thresholds (i.e. discontinuities) that can be
analyzed. For reasons described in Section 3.4.5, we ultimately used 3 of these were in our

analysis.

3.4.5  Calculating Ability

When distributing scholarships, we ranked/sorted students relative to each other. However,
this relative sorting of students can pose some difficulties when comparing students along the
assignment variable. For example, two students who may be identical academically besides
a slight difference in high school GPA (e.g. GPAs of 3.2 vs 3.3) may be ranked sequentially.
At the same time, two students who have vastly different high school GPAs (e.g. GPAs
of 3.4 vs 4.0) may also be ranked sequentially, provided there is no other student that
slots between them when calculating academic profile. Thus, though academic profile is a
continuous assignment variable, the difference between the academic ability of a student and
those who are ranked next to them will vary based on how many similar students are in the
applicant pool. The importance of this is apparent when one considers that the thresholds
for scholarship awards were not devised according to academic profile but based on student
ventiles/percentiles. To counter this, we developed a metric for our analysis that we call
“ability” and we used it to get an alternate comparison of student based on academics.

To calculate ability, we leveraged the fact that students’ academic profile consisted of
a sequential ranking of three bounded discrete variables (i.e. application academic score,
high school GPA, and entrance exam scores). First, we normalize each of these variables by
subtracting their respective minimum and dividing by the difference between their respective
maximum and minimum (such that their values were between 0 and 1). Then, we set each
successive variable used in the ranking to be weighted slightly less than a one unit increase
in the variable that was previously used in the sorting. For example, there were 5 distinct

values for application academic score after scaling (0, 0.25, 0.5, 0.75, and 1.0) and because it
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was the first variable used in the sorting, we gave it a weight of 1.0. There were 80 possible
values for high school GPA, which originally ranged between 3.2 and 4.0 before scaling and
was in increments of 0.0125 after scaling. We assigned a weight of 0.2499 to high school
GPA, corresponding to a value that is slightly less than a unit increase in scaled application
academic score. Similarly, we assigned a weight of 0.0124 to students’ scaled test scores,
corresponding to a value that is slightly less than a unit increase in scaled high school GPA.

Thus, the calculation for ability was as follows:

ability = (1.0 X scaled academic score) +
(0.2499 X scaled high school GPA) + (3.1)

(0.0124 x scaled test score)

After calculating ability for each student, we normalized the measure by subtracting the
minimum value and dividing by the difference between the maximum and minimum values.
This normalized ability measure is what we use henceforth, with the student with the highest
ability measure given a score of 1.0 and the student with the lowest ability measure given
a score of 0.0. Figure 3.1 shows the ability values plotted against the order (i.e. ranking)
of students based on academic profile. Also shown in the Figure are the points where there
are discontinuities in scholarship disbursement and the associated awards. Though ability
provides a montonically increasing measure that is positively correlated with order, there are
some distinctions of note. Firstly, there are clear breaks in the values for ability where there
is a jump in application academic score (i.e. the first variable used in sorting students). This
is due to the fact that application academic score had the highest weight of all variables in
determining ability. It also emphasizes the idea that though two students may be ranked
closely when sorting and ordering in terms of academic profile, they may be very different
in terms of academic performance in the eyes of the University, as the application academic

score is a holistic score of student academics assigned by the University. What’s more, the
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size of this jump varies as one moves towards students with higher ability. Examining Eq
3.1, the degree to which there is a jump in ability is dependent on academic score firstly
but also dependent on high school GPA. A distribution of GPA values that is predominantly
left-skewed will result in ability values with a much more pronounced jump. Thus, the jump
in ability between students with an ability near 0.25 is much less pronounced than the jump
between students with an ability near 0.75 as GPAs are more left-skewed for these higher
ability students.

We chose to exclude the two highest scholarship award amounts (S4 and S5) from our
analysis. This was because their associated discontinuities with respect to scholarships were
very near locations of jumps in application academic score, as can be seen in Figure 3.1.
In part, these jumps indicate regions where ability is discontinuous, thereby threatening
the internal validity of the experiment [88]. Elaborating further, when analyzing either of
these discontinuities, there were few students we could have included in the model before
we would have to include students with different application academic scores. There is
then no assurance that these students would be academically similar to the other students
included in the model. This would, in turn, limit our ability to experiment with different
bandwidths, as detailed in Section 3.4.6. Ultimately, we looked at only three discontinuities
- the discontinuities between S0 and S1, between S1 and S2, and between S2 and S3.
Apparent from Figure 3.1 is that each of these discontinuities had plenty of support in terms
of the number of students on either side of the discontinuity before reaching a jump in
academic ability.

We show the enrollment proportions for students across the discontinuities included in
the analysis in Figure 3.2. Of note is the generally negative correlation between enrollment
proportion and ability. This is also shown across the enrollment rate for each of the schol-
arship awards as listed in Table 3.1. This is not surprising - students with better academic
performance will have more college options and are thus less likely to enroll at any one uni-
versity. Figure 3.2 also shows evidence of differences in general trends in enrollment across

each of the discontinuities.
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Figure 3.1: Ability of students across their order (ranking) based on academic profile. Shaded
regions indicate scholarship award amounts and vertical lines indicate discontinuities across
these awards.

3.4.6 Cross Validation

Regression discontinuity estimates are sensitive to the number of observations selected on
either side of a discontinuity. In the context of this work, if too few students are included in
the analysis, there is less data and statistical power to build a model that accurately captures
any effect near the discontinuity. If too many students are included in the analysis, the
model will be biased towards global trends rather than the effect at/near the discontinuity.
This second fact is particularly important when assessing Figure 3.2 as there is an overall
downward trend in enrollment across ability yet the localized difference in enrollment rates
across a discontinuity may not follow the same trend. In this sense, smaller bandwidths
reduce the bias of an estimate while larger bandwidths reduce its variance [151, 161]. In
addition, regression discontinuity estimates are also sensitive to the functional form (in terms
of polynomial order) used in the analysis. A misspecification of the functional form can lead

to a bias in the estimate of the treatment effect [101].

To find an optimal combination of window size (i.e. bandwidth) and functional form to
use in our analysis, we used 5-fold cross validation. The bandwidth and functional form (i.e.

polynomial order) were both altered during cross validation. This process is in line with that
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Figure 3.2: Enrollment proportions for students across ability. Colors correspond to schol-
arship awards in Figure 3.1. Each point shows the average of 40 students. Trendlines were
fit independently for each scholarship award using a first order polynomial.

proposed by Lee and Lemieux [101] and we describe it in greater detail below.

Bandwidth Estimation

To determine an appropriate bandwidth for the analysis, we used two different approaches -
one based on counts of students (and, accordingly, based on their academic ranking as used
to disburse scholarships) and another based on ability, as calculated above. When examining
bandwidths using counts of students, their ability was not taken into account. Rather, a fixed
and equal number of students were selected on both sides of the discontinuity and included
in the modeling. When examining bandwidths using the ability of students, only students
within a specified range of ability values from the discontinuity threshold were included in
the modeling. In both cases, we started by first determining a maximum bandwidth size
for both sides of the discontinuity. When examining counts of students, the smaller of the
counts of students who received the same scholarship on either side of the discontinuity was
used as a maximum bandwidth size. When examining ability, the smaller of the maximum
differences in ability amongst students who received the same award on either side of the
discontinuity was used as a maximum bandwidth size.

During cross validation, we iterated across proportions of the maximum bandwidth size.
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This meant keeping either counts of students or ability constant while iterating across the
other. For counts of students, we included an equal number of students on either side of the
discontinuity, regardless of ability; for ability, we kept the range of ability on either side of the
discontinuity equal, regardless of the number of students included. During cross validation,

we simply altered either the count or ability as a proportion of the maximum bandwidth.

Model Specification

To determine the model specification for the analysis, we began with the following functional

form:

Y=a+XB+XDy+ D1 +e¢ (3.2)

where Y is enrollment, X is ability, D is a binary indication of whether X > threshold (i.e.
whether the student received the higher of the scholarship awards across a discontinuity), and
XD is an interaction term that accounts for the varying effect of ability on enrollment. Fur-
ther, o represents the average enrollment for students where all other independent variables
are 0 (i.e. the y-intercept) and § and v are the coefficients for ability and the interaction
term, respectively. € is the catch-all error term for the model and 7 represents the estimate
of the effect of a scholarship on enrollment. Of note is that in this functional form, the
treatment is represented in a binary manner and indicates whether a student received the
higher of the two scholarships across a discontinuity. We do not take the value and amount

of the scholarships into account. In addition, we also tried the following functional form:

Y=a+Xp+Dr+e¢ (3.3)

where Equation 3.2 and 3.3 are identical apart from the inclusion of the interaction term.
We ultimately include both sets of results (including and excluding the interaction term) as
its inclusion is primarily based on the modeling assumptions made - if one is to believe that

there is no differential effect of ability on enrollment within the window examined during the
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RDD analysis, the interaction term is unnecessary.
During cross validation, we iterated across different model specifications by changing the
polynomial order of Equation 3.3. As such, during cross validation, the model specification

took the following form:

Y=a+ X0 +X?By+ ...+ X"B,
+ XDy + X?*Dyy + ... + X" D, (3.4)

+ D7 +€

where n represents the polynomial order. Of note is that for the above model specification,
7 still represents the estimate of the effect of a scholarship on enrollment. Also, because D is

binary and positive, its values remain the same even for higher order polynomial forms (i.e.

D=D*=D}=_ =D").

Cross Validation Process

We used 5-fold cross validation to find an optimal bandwidth (in terms of both count and in
terms of ability, separately) and a suitable polynomial order of our model based on Equation
3.4. We performed the cross validation separately for each of the 3 discontinuities analyzed
- each had their own optimal bandwidth in terms of count and in terms of ability, along
with an optimal polynomial order associated with each bandwidth. We simultaneously al-
tered the bandwidth and functional form during cross validation. When altering bandwidth,
we iterated across different proportions of a maximum bandwidth, as described in Section
3.4.6. When altering polynomial order, we iterated across different values of n in Equation
3.4. During cross validation, we predicted student enrollment (i.e. Y in Equation 3.4) and
compared polynomial order /bandwidth combinations based on their area under the receiver
operating curve (AUROC). This is a departure from the recommendations of both Lee and

Lemieux [101] as well as Skovron and Titiunik [161], who suggest to use a bandwidth that
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minimizes mean squared error (MSE). We opted to use AUROC instead of MSE for two pri-
mary reasons: 1) the outcome of interest in our case (student enrollment) is not continuous
but binary and 2) the outcome is highly skewed in favor of non-enrollments (87.4% non-
enrollments vs 12.6% enrollments). Thus, because we predicted a binary outcome variable
during the cross validation process, we deployed the model specification from Equation 3.4

as a logistic regression. Specifically, the form of this logistic regression was as follows:

B 1
() = T —mAs Faw)

(3.5)

where (RHS Eq(4)) represents the right-hand side of Equation 3.4. We then opted to use
a measure of performance that would not be inflated by having highly disproportionate
classes and chose AUROC. The optimal values for each discontinuity were the combination

of polynomial order and bandwidth size that maximized the AUROC.

3.4.7 Calculations of Effect Estimates

We used the optimal bandwidth/polynomial order combinations for each of the discontinu-
ities from cross validation to produce our final estimates of the effect of receiving a higher
scholarship on enrollment likelihood. These estimates are the values of 7 from Equation
3.4. We also tested the robustness of these measurements by building a regression model
of the appropriate polynomial order and across the same bandwidth that also included all
covariates available from the student applications. We then compared the results from these

models with the original results.
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Figure 3.3: Ability of students as a function of count of students when optimizing band-
widths based on counts (top). Count of students as a function of ability of students when
optimizing bandwidths based on ability (bottom). Y-axis values have been scaled relative to
the maximum value for each subplot. X-axis values are across the maximum values in terms
of count (number of students) and ability (%age of maximum).

3.5 Results and Discussion

3.5.1 Cross Validation Results
Asymmetries using counts and ability

We show the results from the cross validation process to optimize bandwidth and polynomial
order in Figure 3.3. We created the top row of Figure 3.3 by iteratively adding a single student
to each side of a discontinuity and then noting the change in the relative value of ability

across each side of the respective discontinuity. From Table 3.1, it can be seen that the
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maximum number of students that could be included during this process was similar (either
900 or 916) across each of the three discontinuities. The ability values on the left and right
side, however, varied widely across the first and third discontinuities (S0 — S1 and S2 — S3,
respectively) but were relatively similar for the second discontinuity (S1 — S2). Across the
third discontinuity in particular, there was a much broader range of ability for students as
one moved farther from the discontinuity on the left side which was not mirrored on the
right side (as demonstrated by the convexity of the values on the left side).

The top half of Figure 3.3 highlights several things of note. Firstly, though the ability
ranges of students can vary widely as one increases the bandwidth in terms of the number
of students, this is not true when examining smaller bandwidth sizes. This is particularly
noteworthy because an RDD estimates effects near the discontinuity. Thus, we can be assured
that the students within smaller bandwidths are, in fact, similar in terms of ability. Secondly,
using a bandwidth based on counts results in some jaggedness with respect to increases in
the values of ability. This is not surprising, as students with similar ability levels may be
clustered together. This also highlights some of the difficulty when using a bandwidth based
on counts of students as the ranking may not be reflective of how similar/dissimilar students
are in terms of their academic profile.

The bottom half of Figure 3.3 shows how the relative count of students changes as one
increases the bandwidth in terms of ability. The general shapes of these plots are similar to
the top half of Figure 3.3 but with swapped x-y axes. We created these plots by iteratively
increasing the maximum ability range from the discontinuity. Compared to the top half of
Figure 3.3, the lines along the bottom half of the Figure are far less jagged. In all, the overall
trends still manifest for the plots - both the left and right side are fairly consistent in terms

of size when the bandwidth is small but differ significantly for larger bandwidths.

Optimal bandwidths and polynomial order

We show the optimal bandwidth sizes in terms of both count and ability in Table 3.2. The

values of ability are shown as a percentile of the total range of ability for all students. In this
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Table 3.2: Cross validation results. For instances where two values are listed, the first value
represents the left side of the discontinuity (i.e. students with lower awards) and the second
value represents the right side of the discontinuity (i.e. students with higher awards).

By Count By Ability
Disc. # of Ability range # of Ability range
students | (% of max) students | (% of max)
S0 —S1 252 0.544 & 0.477 | 29 & 35 0.151
S1— 52 396 0.904 & 0.477 | 152 & 143 0.822
S2— 53 128 0.080 & 0.247 | 39 & 36 0.149

case, a value of 0.151 represents 0.151% of the maximum ability range across all students
who were eligible for a scholarship. In Table 3.2, the range of ability represents the difference
in ability between the student closest to the discontinuity and farthest from the discontinuity
across a particular side. Of particular note is that the optimal bandwidth sizes when using
ability tended to be smaller in terms of both the number of students included and the range
of ability across students than those using counts.

The bandwidths also tended to be only slightly asymmetric when optimizing for ability.
In this case, the discontinuity between S0 and S1 had the largest difference in terms of the
number of students with the right side being 121% as large as the left side. However, these
differences were much more pronounced when optimizing in terms of count. In this case,
the discontinuity between S1 and S2 saw the left side have an ability range that was 190%
of that of the right side. For the discontinuity between S2 and S3, the difference was more
pronounced with the right side having an ability range that was 309% of that of the left side.
This again highlights the difficulty in relying on counts of students after ranking as the sole
measure to determine an optimal bandwidth.

When optimizing for polynomial order, we found that a first order polynomial was the
best model specification across each of the discontinuities, regardless of whether we were

looking at count or ability. Higher order polynomials did not significantly improve the cross-
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validation results and we followed the recommendation of Skovron and Titiunik in choosing
the lowest odd-numbered polynomial order possible [161]. When estimating effects, we did
try to see the extent to which higher order polynomials altered our estimates and did not
find any meaningful variation. Thus, all estimates shown use a first order polynomial fit (i.e.

n =1 in Equation 3.4).

3.5.2  FEstimates of Effects

We show our our estimates of the effect size of receiving a scholarship on DNR enrollment
at the awarding institution in Tables 3.3 and 3.4. We also present these results in graphi-
cal form in Figure 3.4, wherein the top bar for each discontinuity shows the estimates for
bandwidths optimized in terms of ability and the bottom bar shows the estimates for band-
widths optimized in terms of counts of students. It should be noted that when we included
interaction terms, the interaction term coefficient was not statistically significant for any of
the models, across all discontinuities and bandwidth optimizations (the minimum p-value
across all models was 0.23). This inability to reject the null hypothesis with respect to the
coefficient of the interaction term being non-zero implies that there may not be any varying
effect on enrollment across ability within the bandwidths examined.

In general, the effect estimates were either slightly positive or near-zero for each of the
discontinuities. However, there was often a large difference in the estimates of the effect size
when comparing count-based and ability-based bandwidths. This speaks to the importance
of bandwidth selection in an RDD design as different bandwidths optimization schema could
result in different results. In most cases, the general trends for the effect estimates did not
vary with respect to whether they were positive or negative but indications of statistical
significance (p < 0.05) did vary.

We see that the estimates when using bandwidths optimized by count are practically
identical regardless of whether interaction terms are included or not. The estimates when
using bandwidths optimized by ability, meanwhile, are slightly more positive for each of the

discontinuities. The 95% confidence intervals for estimates without interaction terms are
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Table 3.3: Estimates of effects of scholarship receipt on student enrollment without including
interaction terms.

Disc. | Bandwidth || Estimate | 95% CI | p-value
o _ gy | By Comnt [ 0077 | (-0.077,0230) | 0.33
By Ability | 0.267 | (0.010, 0.523) | 0.04*
91— 99 By Count 0.141 (0.019, 0.263) 0.02*
By Ability | 0.154 | (0.041, 0.268) | 0.01*
Gy gg | By Count || 0.009 [ (-0.173,0192) | 0.2
By Ability | 0002 | (-0.213,0.217) | 0.98
¥ p < 0.05

also slightly more narrow than the 95% confidence intervals for estimates that included in-
teraction terms. This slight downstream shift in terms of point estimates as well as narrower
confidence bounds result in the effect estimates across the first two discontinuities when using
bandwidths optimized by ability to be statistically significant for estimates not including in-
teraction terms and not statistically significant when including interaction terms. Meanwhile,
when examining the results based on the functional form with interaction terms, in only one
case was the estimate statistically significant. This was when examining the discontinuity
between S1 and 52 using a bandwidth optimized based on counts. In this case, the effect
estimate was relatively small but positive. It should be noted that the same bandwidths

were used to estimate effects, regardless of whether interaction terms were included.

In general, point estimates for the effects tended to be more positive for smaller schol-
arships and closer to zero for larger scholarships, despite the lack of statistical significance
in some cases. On one hand, this can be taken as evidence that the monetary value of a
scholarship award has a negative association with the enrollment rate. A more plausible
explanation, however, is that that students who are of higher merit (in this case, those who

receive larger awards) are less swayed by scholarships when making their college decisions.
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Table 3.4: Estimates of effects of scholarship receipt on student enrollment when including
interaction terms.

Disc. | Bandwidth || Estimate | 95% CI | p-value
<o _ gy | By Comt [ 0076 | (-0.079,0230) | 0.33
By Ability | 0.228 | (-0.037, 0.493) | 0.09
91— 99 By Count 0.141 (0.019, 0.263) 0.02*
By Ability 0.099 (-0.055, 0.252) 0.21
Gy gg | By Count || 0.009 [ (-0.173,0192) | 0.2
By Ability | -0.053 | (-0.322, 0.216) | 0.69
¥ p < 0.05

Existing literature on this topic has seen mixed evidence with some authors arguing that
price responsiveness declines with ability (e.g. [50]) with others arguing that academically
gifted students respond strongly to scholarship receipt (e.g. [20, 116]). In addition, students
from higher-income families tend to be less sensitive to financial aid offers and college tuition
costs [103, 111]. Thus, any association between academic achievement and family income

must also be taken into account when examining these results [65].

The calculated 95% confidence intervals are also quite wide, particularly when estimating
effects based on bandwidths optimized based on ability. As seen in Table 3.2, these ability-
based bandwidths contained far fewer students than their count-based counterparts. As
such, the corresponding confidence intervals were quite broad. That said, despite its broad
confidence interval, the effect estimate across the SO—S1 discontinuity had the second-lowest

p-value (0.09) among all estimates.

We also calculated the effect estimates when including all available covariates. In general,
adding covariates did not significantly alter any estimates, regardless of whether looking
at the inclusion of interaction terms or whether the bandwidths were optimized by count

or ability. This speaks to the validity of the RDD design and the assumption of local
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Figure 3.4: Estimates of the effect of scholarship on the enrollment of students at the Univer-
sity. The top, lighter colored bars represent effect estimates based on bandwidths optimized
in terms of ability. The bottom, darker colored bars represent effect estimates based on
bandwidths optimized in terms of counts of students. Estimates without interaction terms
are on the left and with interaction terms are on the right.

randomization. If other covariates were in fact associated with either the assignment or
outcome variables, the resulting effect estimates would vary wildly from the estimates when
excluding covariates. In this case, any differences we saw in both the effect estimates and

the associated confidence intervals were relatively inconsequential.

3.5.3 Limitations

This work considers the receipt of any scholarship award in a binary manner. Approaching
scholarship awards in this manner disregards the difference between the awards themselves.
For example, The difference in monetary value between S0 and S1 is identical to that between
S1 and S2. However, the difference in monetary value between S2 and S3 is significantly
larger, as shown in Table 3.1. Treating each of this continuities in a binary manner ignores
such differences in their monetary value. However, it must be noted that there were no
differences in award amounts at each of the discontinuities - there was a single award amount
for those immediately to the left of the discontinuity and a single award amount for those

immediately to the right of the discontinuity, with “left” and “right” referring to students’
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rankings based on academic profile. Without any variability in award amount, it becomes
extremely difficult to disentangle the effects of the receipt of an award across a discontinuity
from the award amount. In allocating the scholarships, we were not at liberty to have varying

award amounts for the same academic profiles.

One potential way around this is to use a model specification that takes into account

both scholarship award amount and scholarship receipt. This could be of the following form:

Y:OK+X1ﬁ1+Sl’}/1+X262+52’)/2+X363+53’}/3+6 (36)

where 51, 52, and S3 refer to the respective award amounts and X; refers to the receipt of
award 7. Of note is that this functional form does not examine each discontinuity in isolation
but instead looks at them concurrently. Using such a functional form without additional
interaction terms assumes that there is no variability with respect to other covariates across
ability. Additionally, because it does not use a regression discontinuity design, the local
randomization assumption does not hold and stronger assumptions must be made regarding
the data. As it is, we did not feel comfortable making such assumptions for this analysis
but do intend to explore this idea further as we investigate the effect of other covariates on

enrollment.

Another limitation of this work is that it is restricted to the enrollment decisions at a
single institution for a single year. As Goodman notes, evaluating the effect of merit-based aid
is largely dependent upon understanding how students, particularly higher ability students,
respond to changes in the costs of their college options [73]. The effect of scholarship receipt
and an increase in financial aid award will vary based not only individual characteristics but
also characteristics of the awarding institution as well as those of other institutions being
considered by the student [184]. However, we do not have any information on alternative
college options available to students, thereby making it difficult to distinguish the effect
of the University’s offer compared to those of other schools. Some previous studies (e.g.

(64, 152]) have specifically collected information on which alternative institutions students
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attended. We did not have access to such data but having it could present a more complete

picture of the student enrollment decision.

3.5.4 Conclusions

In this work, we used a regression discontinuity design to estimate the effect of a merit-
based scholarship awarded to out-of-state students as a tuition waiver by a large, public US
university in order to entice students to enroll. The disbursement of the award we examined
was previously optimized by our group to maximize the enrollment of students. Thus, we had
complete visibility into the allocation/selection process as well as assurance that students
were not able to manipulate the assignment process in their favor. We examined three
distinct discontinuities across four award amounts for the same scholarship award. We used
bandwidths for our study design that are optimized in terms of student ability and in terms
of the number of students. We find some weak evidence that the scholarship awards increased
enrollment at the awarding institution. In general, trends among enrollees appear to indicate
that students with higher academic achievement are less swayed in their enrollment decision
by tuition waivers compared to students of lower academic achievement.

As we noted in our work discussing our numeric optimization process [11], the disburse-
ment strategy for the scholarship examined had previously been developed by an external
consulting service. Due to their proprietary techniques, the University had limited visi-
bility into the approaches used in determining award allocations. This reduced visibility
ultimately limited the degree to which the University could examine the causal effects of
their scholarship policies with respect to their intended outcomes. Bringing the optimization
process under the purview of the University allowed us to have visibility into the scholarship
allocations and employ a study design that leveraged this fact.

We are now working with University administrators on how to best use/interpret our
results for future iterations of the scholarship. Ultimately, we would like to develop a schol-
arship allocation strategy that maximizes the impact the scholarships have on student en-

rollment decisions across the academic achievement spectrum.
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Chapter 4
PREDICTING FIRST-YEAR UNDERGRADUATE ATTRITION

4.1 PREAMBLE

This Chapter is the first of two to examine students after their post-secondary enrollment.
The ideas for this Chapter were actually conceptualized during my first year as a PhD
student, inspired in part by churn prediction in telecommunication networks. Since then,
the project has gone through many iterations over the years. In the earliest form of this work,
we tried to examine attrition after only a student’s first term on campus. In its latest form,
we focused on examining whether student attrition can be predicted using only students’
first year of information. I would hope that its final form will be as part of a larger system
to help alert advisors and administrators of students at risk of drop out. What’s more,
in this work, we tried to give more practical guidance for those working in institutional
settings by examining what types of data are most useful for understanding attrition. From
a professional perspective, this work was also what first drew interest from University of

Washington administrators and staff in my work.
4.2 Abstract

Each year, roughly 30% of first-year students at US baccalaureate institutions do not return
for their second year and billions of dollars are spent educating these students. Yet, little
quantitative research has analyzed the causes and possible remedies for student attrition.
What’s more, most of the previous attempts to model attrition at traditional campuses using
machine learning have focused on small, homogeneous groups of students. In this work, we
model student attrition using a dataset that is composed almost exclusively of information

routinely collected for record-keeping at a large, public US university. By examining the
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entirety of the university’s student body and not a subset thereof, we use one of the largest
known datasets for examining attrition at a public US university (N = 66,060). Our results
show that students’ second year re-enrollment and eventual graduation can be accurately
predicted based on a single year of data (AUROCs = 0.887 and 0.811, respectively). We
find that demographic data (such as race, gender, etc.) and pre-admission data (such as
high school academics, entrance exam scores, etc.) - upon which most admissions processes
are predicated - are not nearly as useful as early college performance/transcript data for
these predictions. These results highlight the potential for data mining to impact student

retention and success at traditional campuses.
4.3 Introduction

Student attrition has long been a topic of great interest in higher education research, with
government reports on attrition dating back over 100 years [169]. This interest stems from
the fact that students who do not graduate are a lost investment on many fronts. For higher
education institutions, limiting attrition is central to their financial sustainability as they
devote scarce resources towards classes and services for non-completing students [91]. In
particular, it is estimated that 30% of United States (US) first-year students do not return
for their second year of post-secondary education with US taxpayers spending nearly $2 bil-
lion annually on educating non-returning first-year students alone [148]. Institutions are also
concerned with attrition rates because they are central to estimates of institutional effec-
tiveness, thereby affecting funding opportunities and government support [84]. Highlighting
the impact of attrition at the institutional level also says nothing of its impact on students,
who devote time, effort, and finances towards unfinished educational pursuits. Leaving col-
lege drastically alters career trajectories for students and those without college degrees face
continually declining job growth and worsening job prospects [39].

In light of this, understanding motivations for students to drop out and possible remedies
thereof is of great importance [57]. Empirical evidence to build student attrition theory has

traditionally focused on survey-based research [163, 35]. However, survey instruments are of-
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ten costly to implement, time-consuming for data collection, and produce results that are not
always generalizable across institutions due to vastly different student profiles [175, 33, 35].
Institutional data that is routinely collected at colleges and universities (e.g. student appli-
cation and transcript data) can provide an alternative data source and a way to supplement
survey-based measures [35]. Leveraging data sources already in existence can add a means
to more efficiently examine the student attrition problem and help institutions remedy the
issue of attrition. One field that is primed to take advantage of this institutional data is
educational data mining (EDM) and its focus on data-intensive techniques in educational
settings [138, 18].

EDM is an emerging field with much of its research on attrition centered on massive online
open courses (MOOCs) and other online environments (e.g. [190, 77]). Studying attrition
in MOOCs and other online settings lends itself to expansive data collection opportunities
and a detailed monitoring of students [125]. This limits the extent to which this work
can be generalized to more traditional campus settings (i.e. campuses where learning is
primarily on-campus, in-classroom). Meanwhile, EDM-centric work on predicting attrition
at traditional campuses has been scarce and usually limited to small, homogeneous subsets
of students rather than the entirety of a college student population. Additionally, the focus
when predicting attrition is usually on how well it can be predicted and less so on what type

of data is best for these predictions.

In this work, we predict the attrition of a large number of undergraduate students (N =
66,060) using only their first year of academic data. The students we examine are not from a
single department or major within a university. Rather, they span the entirety of a student
body, thereby comprising a dataset with heterogeneous aspirations, backgrounds, and goals.
In addition, we rely almost entirely on data that is routinely collected at institutions of
higher education. With this data, we seek to answer two questions: to what extent can
undergraduate student attrition be predicted using a limited amount of data from registrar
records and what types of data from registrar records are most useful in predicting attrition.

The first of these has been explored in the past while using smaller and/or homogeneous
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student populations; the second has not been systematically examined in the literature to
our knowledge.

To answer the above questions, we mine the institutional data records at a large, public
university in the US and engineer features for predictions. We then create numerous machine
learning models using the engineered features and compare the performance of these models
to each other. Then, we create separate machine learning models using only groups of features
and not the entirety of the feature space to compare the predictive power of different subsets
of institutional data. This work is an extension of our previous work on modeling student
attrition using a limited amount of data [14] but where we previously focused on using the
first term’s data in generating features for prediction, we use the first year’s in this work. We
also extend our previous work to build additional machine learning models, predict attrition
as defined according to two different definitions (overall graduation and re-enrollment after
students’ first year), and examine the types of feature subsets most useful in predictions. In so
doing, we present two key findings, both of which have many implications for administrative
policy in higher education:

e We demonstrate that the graduation and second-year re-enrollment of students can be
predicted using data that is routinely gathered at institutions of higher education.
e We show that demographic and pre-entry features have less predictive power than data

on student academics.
4.4 Related work

There are many examples of predicting attrition at traditional campuses. Most of these focus
on small, homogeneous subsets of students. Moseley predicted the graduation of 528 nursing
students using rule induction methods, obtaining high accuracies but not controlling for the
number of terms/semesters examined for each student [121]. Dekker et al looked at only
the first semester grades of 648 students in the Electrical Engineering department at the
Eindhoven University of Technology and were able to predict dropout with 75-80% accuracy

[55]. Kovaci¢ used tree-based methods on a similarly-sized dataset of 453 students at the
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Open Polytechnic of New Zealand, finding ethnicity and students’ course taking patterns to
be highly useful in prediction [99]. Bayer et al. looked at 775 applied informatics students
at the Czech Republic’s Masaryk University across three years [24]. Without limiting the
amount of information available for each student, they found that including features related
to students’ social behavior can boost prediction accuracy by over 10% for some models.
These and similar studies, however, focus on relatively small (e.g. N < 2,000) subgroups
of students with similar academic pursuits/foci. In addition, there is little consistency with
respect to the timeframes across which data is examined for each student. Other approaches
to predict attrition at traditional campuses include early alert systems, which are often labor
intensive and poorly funded [157]. These alert systems have been shown to positively benefit
students (e.g. [90]), but usually rely on data gathered in the midst of a course or an academic
term (e.g. [144, 87]), which may not always be feasable.

The work we present more closely relates to a subset of literature looking at student
attrition in the context of the heterogeneity of students across an entire campus and not
just a subset thereof. Our work also deals with much larger student populations than those
described above and, in this sense, it more closely resembles a more recent body of litera-
ture. Delen used 8 years of institutional data on over 25,000 students at a large, public US
university, predicting whether the students would return for their second year [56]. However,
due to class imbalances, Delen re-sampled the majority class and ultimately used only 6,454
students for predictions. Ram et al. used data on about 6,500 freshmen at a large, public
US university to predict whether students would drop out after their first semester, and
for those that did not, whether they will drop out after an additional term [136]. Ram et
al. supplemented data from institutional databases with student smart card transactions
to infer social integration. More recently, Nagy and Molontay predicted the dropout of
15,825 students from the Budapest University of Technology and Economics using only their

information prior to college entry with some success [123].

There are a few ways in which our work contributes to this body of literature. Firstly,

we use a much larger dataset than has been previously examined specifically for attrition
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(66,060 students). We examine the entirety of a large university’s student body and we do
not limit the extent of heterogeneity of the students in the dataset. Additionally, we also
address the question of what types of features are most useful in predicting student attrition.
In particular, previous works have generally used all available data sources concurrently in
determining which students will attrite. In this work, we explore what types of routinely-
collected institutional data fare best when predicting attrition by comparing performance
using different data subsets in isolation. Finally, we concurrently compare predictions for
two different definitions of “attrition,” highlighting the degree to which operationalizing the

term can impact results.

4.5 Methods

We describe the methods for this work by first detailing the data used in the project. We
then give relevant operational definitions with respect to how we define attrition. Thereafter,
we discuss the data subsets used in the predictions and the features generated. Lastly, we

describe the setup of the machine learning experiments.

4.5.1 Data Description

We collected psuedonomyized, de-identified data from the University of Washington (the
University) data stewards in 2017. The University is a traditional campus setting where a vast
majority of instruction is in person and face-to-face. No personally identifiable information
was collected for the students; instead, students were referenced using unique identifying
keys. Table 4.1 shows the tables that were pulled from the registrar databases. In general,
the data included information on students’ demographics, complete transcript records at
the University, and information from applications to the University. We did not have any
information on students’ financial aid status or economic status other than that which was
derived from their ZIP code, as described below. Socioeconomic factors can play a large role
in the student attrition process [32], however, we did not have access to student finances for

use in this work. We also did not have access to any exit surveys from students who had
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either left the University or had graduated.

Table 4.1: Data pulled from registrar databases

Table Description

Application Data  Information from student applications to the University including
high school coursework

Guardian Data Information on student guardians as pulled from student applications
to the University

Demographic Data Information on student demographics including date of birth, race,
ethnicity, gender, etc.

Major Data Information on majors declared by students on a term-by-term
(quarter-by-quarter) basis

Test Score Data Information on student standardized test results

Transcript Data Information on student coursework and grades on a term-by-term
(quarter-by-quarter) basis

We restricted data to high school graduates who first enrolled at the University as matric-
ulated, baccalaureate-degree-seeking undergraduate students between 1998 and 2010 without
previously attending another post-secondary institution full-time. These students are hence-
forth referred to as “freshmen.” The dataset included students who were in a college in high
school program but excluded those who attended junior/community college full-time after
high school and then transferred to the University. Because the data was pulled in 2017, we
used the year 2010 as a cutoff to allow for six full years of visibility on student academics at
the University before labelling a student as a “non-completion,” as defined in Section 4.5.2.
In total, the dataset consisted of 66,060 unique freshmen entrants. We then further limited
the data for each student to information through one calendar year from each student’s first
enrollment at the University. This data was limited to one calendar year for all students,
regardless of the number of courses they took/passed, their grades, or their backgrounds.

After joining tables of interest using the unique student identifiers, we created features for

the prediction experiments by either pulling them directly from the raw data or engineering
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them for each student. The features were grouped in 7 groupings, which are described in
Section 4.5.3; a comprehensive list of features and descriptions thereof is available upon
request but was not provided in this writing in the interest of space. In total, there were

1,405 features and all features were generated for each student without exception.

4.5.2  Definitions

Ambiguity with respect to operational definitions of dropout in literature on student attrition
can make it difficult to compare results across studies [127, 174]. There are numerous ways
in which attrition has been defined in existing literature, be it students dropping out from
a particular course (e.g. [121]), re-enrolling after their first term (e.g. [3]), re-enrolling
after their first year (e.g. [56]), graduating on time (e.g. [14]), or reaching some other
relevant milestone (e.g. [55]). In this work, we defined attrition in two ways and analyze
both. We examined attrition from students’ first year to their second (“re-enrollment” and
“non-re-enrollment”) as well as looking at whether a student graduated on time (“graduate”
and ‘“non-completion”). We do not examine attrition on a term-by-term basis because of
the relatively few students who leave the University after only a single term, as discussed
in Section 4.6.1. We operationally defined non-completion and re-enrollment as described

below.

Non-Completion

We defined “non-completion” as any freshman student who did not graduate with a bac-
calaureate degree from the University within 6 calendar years of first entry to the University.
We defined a “graduate” as a freshman who graduated from the University with a baccalau-
reate degree within 6 calendar years of first enrollment. The University uses a quarter term
system and we used the span of four consecutive academic quarters as a measure of one cal-
endar year. Six calendar years for graduation was thus the span of 24 consecutive academic
quarters. This definition of non-completion only accounted for students’ first baccalaureate

degree and did not take into account double-majors or double degrees. For example, if a
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student was simultaneously pursuing two baccalaureate degrees but only graduated with one
in five years, they would be a graduate; alternatively, if the student had graduated with
both degrees but during their seventh year, they would be considered a non-completion.
Because we focused on registrar records from a single institution, defining non-completion
in this manner does not take into account students’ academic progression after leaving the
University. This is because we only had access to registrar records from a single institution
and did not track students across multiple institutions - they could have very well transferred

from the University and graduated in good standing.

We accounted for students who took part in a college in high school program by converting
their transferred credit total to a count of academic quarters completed while assuming
typical full-time enrollment at the University. For example, if a student completed 30 credits
in a college in high school program, we converted this credit total to a count of terms
completed at the University (in this case, 2, as students typically take 15 credits per term).
We rounded the result from this conversion where appropriate. We then deducted this
number when determining whether the student had graduated within an appropriate amount

of time.

Re-Enrollment

We defined “re-enrollment” as a student who completed at least one additional course within
one calendar year of the end of their first calendar year at the University (i.e. within 4
academic quarters from the end of their first year). “Non-re-enrollments” were students
who were not re-enrollments. In this work, the definitions of graduation and re-enrollment
were treated mutually exclusive in that all graduates were not necessarily re-enrollments. It
should be noted that the University requires students who do not enroll for two consecutive

terms without an excused leave to be re-admitted at the discretion of the University.
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4.5.8  Feature Groupings

For every student, we engineered the subsets of features that are described below. For all
student grades, we calculated a grade percentile and a z-score by comparing each students’
grades to the grades of all undergraduate students who had taken the same course at the same
time. References to grades include the student’s GPA (on a 4.0 scale), their percentile score
(from 0-100), and their z-score for courses (representing the number of standard deviations
from the mean, assuming a normal grade distribution). References to “performance” for the
feature groupings include grades and credits earned, at the least. In some cases, references
to performance may also include the number of graded credits earned (versus courses taken
pass-fail) and the number of credits attempted. A brief description of each of the feature

subsets is provided in Table 4.2.

Table 4.2: Data subsets used in predictions

Subset Description

Base Data Year and quarter of University entry (included
with every other data subset)

Demographic Data Non-academic data prior to entry to the Univer-
sity, including demographics

Department-level Data Measures of performance aggregated by course de-
partment
First-Year Summary Data Aggregated measures of academic performance

during first year

Grouped Course Data Measures of performance aggregated by course
number and STEM gatekeepers

Major Data Counts of majors declared on a term-by-term basis

Pre-Entry Data Academic data prior to entry to the University.
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Base Data

Base data consisted of only three features and was included in the feature space when mak-
ing predictions using every other data subset described. The base data included students’
calendar year of entry to the University, their quarter of entry to the university (i.e. which
of the four academic quarters was a student’s first; ranging from 1 to 4, with 1, 2, 3, and
4 corresponding to winter, spring, summer, and autumn academic quarters, respectively),
and a quarter-year variable which consisted of students’ year of entry multiplied by 4 and
added to the quarter of entry to create a relative time scale. These features were included

to account for any time-related variation in graduation rates.

Demographic Data

Demographic data consisted of student’s non-academic information prior to entry to the
University. This included, but was not limited to, students’ gender, race, ethnicity, age at
college enrollment, veteran status, and student athlete status. We also included information
from students’ application to the University, such as information on the students’ high schools
(excluding high school grades), parents’ educational attainment, and students’ ZIP (postal)
code, which was either pulled from their high school information or, when unavailable, from
their university application. We joined students’ ZIP codes with 2015 US census data' to
find the average income and educational attainment in each ZIP code. We also included the
distance from the University to each student’s home ZIP code. Features derived from ZIP

codes were the only features from sources external to the University’s registrar databases.

Department-level Data

Department-level data consisted of student performance in course offerings grouped by course
prefix. For example, this included performance in all BIOL (biology) courses grouped to-

gether, performance in all HIST (history) courses grouped together, etc. We excluded course

IFrom the US Census Bureau’s American Fact Finder
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prefixes wherein at least 10 students from the dataset did not take a course. In all, this in-
cluded 200 unique course prefixes and 1000 features, with GPA, percentile grade, z-score,
credits earned, and graded credits earned calculated for each prefix. We used department-
level data instead of individual course data after preliminary modeling using individual
courses did not yield strong results. The expansive feature space when engineering features
across individual courses also significantly increased the requisite computational power/time

for modeling and we decided against pursuing this further.

First-Year Summary Data

First-year summary data consisted of aggregate measures of students’ first year at the Uni-
versity. This included, among other things, students’ course performance, credits taken,
number of courses failed, number of quarters enrolled, and enrollment in a freshman seminar
courses. The first-year summary data also included aggregate measures of students’ perfor-
mance in their first, second, third, and fourth quarters as well as student performance in the
last academic quarter for which they were enrolled during their first year (regardless of which
quarter it was). We also included differences between students’ performance in successive

quarters.

Grouped Course Data

Grouped course data consisted of student course performance grouped either by course num-
ber or by performance in “STEM gatekeepers.” To group courses by course number, we
aggregated performance across all courses that were numbered below 100, from 100-199,
from 200-299, from 300-399, and 400+. The course numbering generally reflected whether
the course was designed to be taken by lowerclassmen or upperclassmen and, in some cases,
also indicated during which year students typically took the course. STEM gatekeepers re-
fer to introductory science, technology, engineering, and math (STEM) courses which often
function as pre-requisites for STEM majors and degrees. These gatekeeper courses tend to

be highly competitive and performance in these courses is a key determinant of whether a



75

student will be accepted into any of the highly competitive STEM majors. We grouped the
performance in STEM gatekeepers by course department and topic (e.g. the calculus series,
the general chemistry series, the organic chemistry series, etc.) as well as across all STEM

gatekeepers.

Major Data

Major data consisted of counts of students’ major declarations during their first academic
year. In most cases, students entered the University with a “pre-major” designation before
declaring their major(s) of interest some time during their first or second year. These pre-
major designations varied based on field of interest (e.g. pre-engineering, pre-nursing, pre-
health, etc.). Students’ majors were recorded on a per-quarter basis by the University (once
per quarterly transcript record) and we tallied the counts of major declarations for each
student across the entirety of their first year. For example, a student who declared a math
major in their first two quarters only to switch to geography in their third quarter and then
add a history double major in their fourth quarter would have the values 2, 2, 1 in the math

major, geography major, and history major features, respectively.

Pre-Entry Data

Pre-entry data consisted of students’ academic information prior to attending the University.
This included, among other things, students’ entrance exam scores, high school GPA, high
school coursework, and college in high school program participation and performance. We
did not include any information on students after their enrollment at the University in the

pre-entry data.

4.5.4  Machine Learning and Predictions

We randomly divided the students into training and test sets using a 80-20 split (N in training
= 52,848; N in test = 13,212). We used the same test set when evaluating the predictive
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performance of each of the models to allow for direct comparisons to be made. The data
was highly skewed with graduates and re-enrollments comprising 78.5% and 93.1% of all the
data, respectively. Graduates and re-enrollments comprised 78.0% and 92.9% of the test
data, respectively. Though dealing with class imbalances is of great interest when examining
freshmen attrition [172], we did not use any balancing techniques as we wanted to work
with the data in its original, unaltered form. We scaled the training data by subtracting
the median of each feature and dividing by the respective feature’s interquartile range. We
subsequently scaled the test data using the scaling values for each feature from the training

data.

We used five different machine learning models to predict each student’s graduation and
re-enrollment: regularized logistic regression (LR), K-Nearest Neighbors (KNN), random
forests (RF'), support vector machines (SVM), and gradient boosted trees (XGB). We trained
each model across the entirety of the training data and used the same training instances to
train each of the models. We trained each model separately to predict graduation and re-
enrollment. We tuned model hyperparameters for each model using 5-fold cross validation
on the training data, after which the models were re-trained on the entirety of the training
data using the tuned hyperparameters. We report final error metrics and performance on the
test set, which was consistent across all models, regardless of whether predicting graduation

or re-enrollment.

After developing predictive models using all features, we created regularized logistic re-
gression models using each of the 6 feature subsets highlighted in Section 4.5.3 in isolation.
The base data (see Table 4.2) was included in the feature space for each data subset. The
rationale behind using regularized logistic regression for these models is further discussed in
Section 4.6.3. We understand that an alternative approach would be to test all the models
listed above for each of the data subsets to find the best performing model/subset combi-
nations. That said, we believe our approach was still suitable for comparing different data
subsets. When modeling using data subsets, we used the same observations as before to train

each of the models and, as before, we developed a separate model for predicting graduation
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and re-enrollment for each of the data subsets. As such, the training instances were the
same across models but the training features differed depending on the feature subset used.
We tuned the regularization strength for these regularized logistic regression models using

5-fold cross validation on the training dataset and we report results on the test set.

4.6 Results and Discussion

4.6.1 Student Characteristics

We show the number and proportion of graduates and re-enrollments in Figure 4.1. In
all, 78.5% of students were labelled graduates while 93.1% of students were labelled re-
enrollments. These proportions were verified with the University’s office of institutional
analysis. Such highly skewed data towards graduates and re-enrollments can be expected in
a large, tier-1 research university setting where there has been considerable, long-standing
effort to improve the overall attrition rate over time. That said, it must also be noted that
at an institution with such a large student population, even small fractions of the student
body represent hundreds of students on an annual basis. Across the timeline of the dataset
(13 cohorts), 14,196 non-completions and 4,593 non-re-enrollments represent 1,092 and 351

students on an annual basis, respectively.

Graduates Non-Completions
N=51,864 N=14,196
78.51% 21.49%
Re-Enrollments Non-Re-Enrollments
N=61,497 N =4,563
93.09% 6.91%

Figure 4.1: Counts and percentages of classes in the dataset. Definitions are provided in
Section 4.5.2.
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We show the cumulative percentage of students who either graduated or left the Uni-
versity across time in Figure 4.2. We used the first year as a cutoff for the data because,
historically, a large number of students decide whether they will continue with their higher
education pursuits during and immediately after their first year [148]. As such, developing
models that can predict whether students will re-enroll for a second year and whether they
are on a trajectory towards successful graduation could help administrators and academic
advisors more effectively develop and deliver interventions directed towards students in need
of assistance. When examining the data, 27.5% of all non-completions leave the university
prior to the start of their 2nd year, 51.9% of non-completions leave the University between
their 2nd and 6th year, and 20.6% continued to be enrolled at the University after their
6th year. The difference in number between non-completions who did not return for their
2nd year and non-re-enrollments can be attributed to non-re-enrollments who later returned
to the University and graduated on time. Less than 5% of non-completions and less than
15% of non-re-enrollments left the University after only one term, leading us to not examine
attrition after the first and second terms. In settings where attrition rates are higher after
students’ first and second terms, it may be more relevant to examine the performance of

classifiers after one or two terms.

Figure 4.2 also shows that a majority of graduates (65.6%) completed their degrees during
their fourth year at the University. The mean and median completion time for all graduates
was 16.6 and 15.0 calendar quarters, respectively, from first enrollment. This is particularly
apparent due to the near-sigmoidal shape of the cumulative graph for graduates, with a sharp
rise during students’ fourth year. We also see that there is a relative lack of students who
graduated prior to the start of their third year. This highlights the difficulty in predicting
graduation based on students’ first year - a student typically does not graduate until several
years later, during which a host of influences can shape an academic trajectory, be they

personal, financial, or academic.
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Graduates Non-Completions

Cumulative Percentage of
Student Classification

0% = | 1 1 1 1
Ist 2nd 3rd 4th Sth 6th
Year in University

Figure 4.2: Cumulative graduation and non-completion curves of students. Years and quar-
ters are relative to the time of first enrollment. The dotted line indicates the point to which
data is limited for each student. Only students’ first six years are shown, per the definition
of “graduate.”

4.6.2  Predictions Using Different Algorithms

Table 4.3: Prediction results using all data features. Baseline values are based on test set.

Graduation Re-Enrollment
Model Accuracy AUROC Accuracy AUROC

Baseline  78.0% 0.500 92.9% 0.500

LR 83.2% 0.811 95.0% 0.882
RF 83.1% 0.806 95.3% 0.887
XGB 83.0% 0.806 95.1% 0.885
KNN 82.5% 0.798 94.8% 0.876
SVM 78.0% 0.780 92.9% 0.862

We show the performance of each of the models using the entirety of the feature space
in Table 4.3. The baseline measure in the Table refers to the majority class compositions in
the test set. Generally speaking, most of the models had a similar comparative performance
for each prediction task (i.e. predicting either graduation or re-enrollment). This hints

at an effective ceiling with respect to predictive power from the types of features being
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used (i.e. ones pulled from registrar records) and that additional representations of the
student experience (be they academic or social) should be incorporated. Alternatively, a
more complex predictive model (e.g. deep neural networks) may also fare better in making
these predictions. That said, given the data used, the models are able to predict the eventual
graduation and re-enrollment of students fairly successfully, as evidenced by the relative

improvements over baseline values for both prediction tasks.

For predicting graduation, logistic regression was the best-performing model, followed by
random forests. When predicting re-enrollment, random forests performed the best, followed
by gradient boosted trees and logistic regression. These results are generally in line with
our previous work on similar tasks, where we found that logistic regression tends to work
well compared to other models for predicting graduation and STEM attrition [7]. When
examining the worst-performing models, the SVM model made predictions that consisted
entirely of the majority class when predicting both graduation and re-enrollment, as seen
by the models’ accuracy being the same as the baseline values. Such results are typical of
classifiers without much predictive strength on a dataset consisting of highly disproportionate
classes. In this specific case, it may be remedied by using alternate kernels for the model,
which we did not explore in this work.

We show the ROC curves for the models in Figure 4.3. These curves further illustrate
the lack of differentiation with respect to model performance. For the same prediction task,
the resulting ROC curves across the models were nearly identical with little difference in
curvature. The more notable difference was when comparing the ROC curves for predicting
graduation with those for predicting re-enrollment, as the curves for predicting re-enrollment
were more prominently convex compared to those for predicting graduation. These curva-
tures, along with the metrics shown in Table 4.3, demonstrate that predicting students’
eventual graduation is a more difficult task than predicting students’ re-enrollment. We
expected this as the cutoff for the data used in the predictions (i.e. students’ first year) was
near the point at which a student is classified as a re-enrollment (after their second year) but

was much earlier than when a student was classified as a non-completion (after their sixth
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Figure 4.3: Receiver operating characteristic curves when using different machine learning
models.

year). This helps highlight the degree to which differing operational definitions of attrition
can vastly alter the perceived predictive strength of these classifiers. For other scenarios,
alternate definitions of attrition may be more appropriate and the effectiveness of efforts to

build predictive models will be colored by these definitions and institutional contexts.

We show the confusion matrices for the best models for predicting graduation and re-
enrollment (logistic regression and random forests, respectively) in Figure 4.4. These matrices
show a lower rate of false negatives for the models but a higher rate of false positives (i.e.
students incorrectly classified by the models as having graduated or re-enrolled). To better
understand this higher rate of false positives, we examined the complete transcript records

of students who were classified accordingly. Across the false positives, we found numer-
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ous instances of non-completions and non-re-enrollments who had left the University with
relatively strong grades in comparison to their graduating and re-enrolling peers. These stu-
dents also often appeared to be pursuing very competitive majors and/or appeared to have
rigorous post-graduation plans (e.g. pre-medical and pre-dental students). Many of these
students remained in a pre-major state prior to their departure, indicating that though they
had relatively strong grades, they likely were not able to enter into their degree program(s)
of choice for various reasons and had to leave the University to pursue these ambitions as a
result. Unfortunately, the University does not have a centralized major application database
for admissions and rejections to specific majors. Having so could shed light on much of
the motivation behind these students’ desire to leave the University and if it was, in fact,
motivated by not getting into competitive majors. That said, the fact that many of these
students were academically similar to their graduating and re-enrolling counterparts further
illustrates why there appears to be an effective ceiling with respect to predictive power using

the given data, as seen in Table 4.3.

Graduation using Re-enrollment using
Logistic Regression Random Forests

Yes Yes 96

No | 379 331

O
[N SO =)

mor jo uonzodoxd

Actual Label
Graduated/Re-Enrolled?

No

:

Yes

Predicted Label:
Graduated/Re-Enrolled?

Figure 4.4: Confusion matrices when examining the top performing algorithms for predicting
graduation (LR, left) and re-enrollment (RF, right).

From a practical perspective, it should be noted that the classification thresholds for
these models were not tuned with respect to either sensitivity or specificity. In practice,
when developing institutional systems to identify students at-risk of leaving, it may be useful

to raise the classification threshold when predicting whether a student will graduate or re-
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enroll, thus favoring lower recall at the expense of higher precision. This would effectively
reduce the number of students who are predicted to graduate but in actuality do not (i.e.
false positives) at the expense of more false negatives, which could be more acceptable when

developing an alert system for students at risk of dropping out.

4.6.3  Predictions Using Different Data Subsets

After examining the results from predicting graduates and re-enrollments using all features,
we used regularized logistic regression to predict graduation and re-enrollment using subsets
of the data. We used logistic regression after we saw that it performed very well relative
to other models for both prediction tasks (see Section 4.6.2) and because it had relatively
fast training times due to having fewer hyperparameters to tune. This allowed us to more
efficiently train the 12 different models that were needed when examining the performance
of specific data subsets (i.e. separately modeling graduation and re-enrollment while using

6 different data subsets in isolation for each).

Table 4.4: Prediction results using specific data subsets. Baseline values are based on test
set.

Graduation Re-Enrollment
Subset Accuracy AUROC Accuracy AUROC
Baseline 78.0% 0.500 92.9% 0.500
All 83.2% 0.811 95.0% 0.882
FY-Sum. 83.0% 0.795 94.9% 0.855
Department  82.3% 0.788 94.6% 0.847
Grouped 82.5% 0.781 94.6% 0.845
Major 79.9% 0.661 94.2% 0.768
Demo 78.0% 0.634 92.9% 0.643

Pre-Entry 77.3% 0.630 92.9% 0.616

We show the results when using data subsets in Table 4.4 alongside the performance of the

logistic regression classifier from Section 4.6.2. Transcript-based features tended to perform
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better than information on students’ prior to their enrollment at the University. More specif-
ically, demographic data and pre-entry information did relatively poorly in predicting both
graduation and re-enrollment. Intuitively, this is not a surprise as the admissions process at
highly-competitive universities tends to be fairly selective with an emphasis on supporting
and sustaining a successful yet diverse student body. Additionally, such institutions may
already have efforts in place to reduce demographic disparities for student success. Mean-
while, when looking at transcript-based data subsets, first-year summary data performed
the best with performance that was similar to using the entirety of the data. This is par-
ticularly noteworthy as the first-year summary data contained fewer features than the other
transcript-based data subsets but was centered on summaries of performance across time

rather than aggregations across course departments/numberings.

These findings are particularly interesting in light of work by other researchers. For
instance, Nagy and Molontay found that attrition could be accurately predicted using what
we outline as demographic and pre-entry features alone [123]. However, we do not see similar
success here. We believe this could be due to vastly different educational settings and student
profiles (e.g. here, most students tend to graduate/re-enroll while Nagy’s student population
primarily dropped out). In earlier work, Dekker et al. found that transcript-based features
tend to have more predictive strength than pre-entry features, but examined this across
rather limited data subsets [55]. Our results echo this finding. Recently, Manrique et al.
found that attrition could be predicted using student performance in a few key courses [108].
Here, we find that aggregates across the first year tend to work better than more fine-grain
representations of course-taking (e.g. grouping classes by course prefix and numbering). As
discussed in Section 4.5.3, we decided against using individual course representations in this
work.

We show the ROC curves for the regularized logistic regression models using each of the
data subsets as well as the entire feature space in Figure 4.5. The fact that demographic
and pre-entry data gave generally worse performance than transcript-based features is very

much apparent from the ROC curves. Data on majors, meanwhile, tended to perform worse



85

Predicting Graduation

1.0

0.8

g
=N
1

N
'S
1

True Positive Rate

S
o
1

T T
00 02 04 06 08 1.0
False Positive Rate

Predicting Re-Enrollment

True Positive Rate

T 1 T
00 02 04 06 08 1.0
False Positive Rate

All = Department-level
= First-Year Summary Major

Grouped Courses Demographic

Pre-Entry

Figure 4.5: Receiver operating characteristic curves when using different subsets of data.

than other transcript-based features but better than demographic and pre-entry data. The
fact that using data on majors did not yield particularly strong results likely relates to the
fact that most students in the dataset were in a pre-major state across their first year and
formally declared their major of interest later in their undergraduate careers. As noted above,
a centralized major application system was not available, else it could have been leveraged
in addition to data on majors to draw a more clear picture of student academic interest. The
other transcript-based datasets, meanwhile, had very similar curvatures for the ROC curves

when predicting both graduation and re-enrollment.

We show confusion matrices from using the best-performing data subset in Figure 4.6.
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Figure 4.6: Confusion matrices when examining the top performing data subset for predicting
graduation (left) and re-enrollment (right). The top performing data subset was the same
for both tasks (first-year summary data).

The best-performing data subset for both prediction tasks was first-year summary data. By
comparing these confusion matrices to those shown in Figure 4.4, it can be seen that using
just a limited subset of features tends to classify the data similarly to models built on the
entirety of the data. This is true not only in terms of how effective the models are in making
predictions, but also with respect to the relatively high rate of false positives seen across all

four matrices.

4.7 Future Directions

We believe the findings regarding the data subsets have wide-ranging policy implications,
particularly for identifying students at risk of dropping out in large, public universities. In
such settings, there may be longstanding effort to decrease demographic disparities with
respect to attrition and, as a result, transcript records may be more viable as features in
predictive models than pre-entry/demographic information. Furthermore, these settings may
also be resource-constrained with respect to time available for staff to hand engineer features.
In such settings, knowing which features would be most predictive of attrition without the
need to hand-engineer features across the entirety of data available to institutions could

save time and effort in building models. We have had conversations with administrators at
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the University for better interpreting our results and improving the processes for identifying
students in need of assistance.

Another direction of interest is better understanding the features used in predicting at-
trition. This includes not only further examining key individual determinants of attrition,
as we have done in previous work [14, 7], but also finding the best combination of features
across the subsets. We would like to examine this “minimum viable feature space” in the
context of data available in registrar databases as well as investigate the degree to which

these features relate to established theory on student attrition [57].
4.8 Conclusions

In this work, we use data from the registrar databases of a large, public US university
to predict both graduation and re-enrollment using information limited to students’ first
calendar year at the university. We do this using a dataset of students that spans the entirety
of the university student body and is thus much larger than previous studies predicting
student attrition (N = 66,060). In so doing, we demonstrate that both graduation and re-
enrollment can be effectively predicted using features generated from data that is routinely
collected at institutions of higher education. Additionally, we also examine the degree to
which specific subsets of registrar data can be useful in predicting attrition, finding that
transcript-based features tend to outperform features based on student histories prior to
college. This implies that effective strategies for intervention can be outlined based on
registrar records.

Predicting re-enrollment after students’ first year was a much more tractable task than
predicting graduation. This can be attributed to the fact that predicting graduation neces-
sitates predicting academic success years into the future from the point to which data was
limited whereas predicting re-enrollment is within a much shorter timeframe. Considering
the unpredictable influences that cause students to leave college prior to graduating (e.g.
financial limitations, personal hardships, etc.), a more reliable prediction task may be to

examine whether a student will return on a term-by-term basis. This could be particularly
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useful to develop alert systems to identify students at risk of dropout. However, this was
not explored in this work due to the relatively few students who left the University after a
single term.

We found that there appears to be an upper limit for predictive power for our dataset.
This demonstrates the limitations when relying solely on registrar data and shows the need for
additional features on the student experience to improve predictive power. Some potential
features of interest include measures of social integration on campus and of financial aid.
Better understanding student aspirations beyond simply using declared majors could also be
of interest, especially using alternate representations of student course-taking behavior, as
shown recently by Luo and Pardos [106].

Lastly, we show that features generated from transcript records, particularly aggregates
and summaries of students’ academics, perform better for predictions than demographic
and pre-entry data. Much of this is likely due to the selectivity of the University and its
admissions policy. Nevertheless, it demonstrates how useful transcript data can be for such
prediction tasks in contrast to information on students prior to college. We demonstrate
that using subsets of data from registrar databases (in this case, aggregates of students’ first
year) can be nearly as effective for predictions as hand-generating a wide swath of features

from different institutional data sources.
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Chapter 5

UNDERSTANDING THE EFFECT OF FRESHMEN
SEMINARS ON STUDENT PERFORMANCE

5.1 PREAMBLE

This final substantive research Chapter performs a program evaluation of a long-standing
university program. The University of Washington’s Office of First-year Programs oversees
the FIG program and believed they were making a positive impact on students. There was
some existing evidence for this by way of published studies that examined the University’s
FIG program specifically. However, the studies were conducted decades ago during the
program’s infancy and the 30-year old program had since grown to take a very different
form. For this Chapter, I relied on the fact that FIG students were required to take a
specific class to be part of a FIG, which allowed me to identify them from their transcript
records. What’s more, the FIG program had collected exit surveys from students but had
never analyzed them - it was a rich dataset that had been collected without any real purpose
in mind. I was provided this dataset and used it to further contextualize the impact of FIGs
on student outcomes. In all, this chapter examines whether a program designed to positively
impact student success does so by way of an analysis using both quantitative and qualitative

approaches.

5.2 Abstract

Freshman seminars are a ubiquitous offering in U.S. higher education. Though these semi-
nars have been evaluated in numerous studies, most studies have done so without employing
matched comparison groups and using data at scale. In this work, we use data on nearly

58,000 students across 18 years at a public U.S. university to examine the impact of first-



91

year interest groups (FIGs) on student graduation and first-year retention. Using rich data
from university databases and external sources, we apply propensity score matching to ac-
count for selection bias and confounding variables when comparing students. We find that
graduation and re-enrollment rates for FIG students were higher than non-FIG students,
an effect that was more pronounced for self-identified Hispanic students and self-identified
under-represented minority students. Additionally, we analyze survey responses from over
12,500 FIG students to find that social aspects of the seminars, particularly making friends
and knowing others taking the same classes, were the most beneficial to students. Interest-
ingly, references to these social aspects were not disproportionately present in the responses

of self-identified Hispanic students and self-identified under-represented minority students.
5.3 Introduction

Undergraduate retention has long been an area of great interest in education, motivated in
part by consistently high rates of college students dropping out [57, 175]. Recent estimates
from the National Center for Education Statistics (NCES) have about 40% of first-time, full-
time bachelor’s degree-seeking students at 4-year post-secondary institutions not graduating
within 6 years of first enrollment [109, 93, 185]. The graduation rates are even lower for
minority and Hispanic students [170]. These non-completing students account for a lost
investment on many fronts, with students spending valuable time/energy on their unfinished
educational pursuits and institutions collectively spending billions on educating the students
who leave [91, 135]. Of particular interest is the fact that a large number of those leaving
higher education without degrees are the 21-28% of first-year, full-time students seeking
baccalaureate degrees who do not return for a second year of schooling [175, 128].

One way in which universities have combated freshman attrition and attempted to im-
prove the college experience is through the implementation of freshman orientation seminars
(freshman seminars). Freshman seminars are courses dedicated to helping incoming students
transition to college life, both socially and academically [131, 183, 134]. The motivation be-

hind freshman seminar courses relates to broader educational retention theory and the impact
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of social integration on persistence [175]. Particularly on large campuses, freshmen often feel
as though they don’t have a personalized identity (i.e. as another “face in the crowd”)
while feeling overwhelmed by the competitive environment of higher education [168]. Fresh-
man seminars (and, more specifically, learning communities) often rely on block scheduling
and co-registration of classes. This promotes a sense of community, belonging, and provides
freshmen with a means by which to more easily socialize and develop a peer group [177, 181].
This social engagement then helps students feel more connected to campus and more satisfied

with the college experience overall [52] while making them feel less isolated as learners [177].

The popularity and ubiquity of freshman seminar courses has made them among the most
studied course genre in American higher education [23, 126, 51]. However, the existence and
effectiveness of these seminars on college campuses across the U.S. continues to be called into
question [75]. Although some prior studies have used randomized controlled trials (e.g. [167]),
large scale and causally rigorous studies of seminar effectiveness using matched comparison
groups are rare [149]. Additionally, these seminars are still inadequately assessed, particularly
with respect to practical considerations for their design [21] as well as the degree to which

specific student demographic subgroups are differentially impacted by them.

In this work, we gather data from the institutional databases of a large, publicly-funded
U.S. university (the University of Washington, UW) to examine the impact of freshmen
seminars on student outcomes (namely, graduation rates and first-year retention). Using
propensity score matching on nearly 58,000 students across 12 student cohorts (and 18 years
of data), we use information on students prior to their post-secondary education to match
students who enrolled in first-year interest groups (“FIGs,” a type of freshman orientation
seminar) with those who did not. We then examine the differences between these groups in
terms of educational outcomes while also focusing on specific ethnic/racial groups (namely,
Hispanic and under-represented minority students). To our knowledge, only one previous
study examined the effects of any freshman seminar using a similar methodology but did so
with only a few hundred students, finding freshman seminars positively impacted students’

likelihood to re-enroll for a second year [42]. Here, we also examine graduation rates and
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grades and do so across tens of thousands of students. In addition, we also examine specific

student subgroups and the impact of FIGs on their academics.

To further understand the impact of FIGs on student success, we also examine the open-
ended text responses of over 12,500 students who were asked what they found most valuable
about their FIG experience. We first use unsupervised machine learning to develop a prelim-
inary codebook and then manually tag each of the student survey responses. We then use
these survey responses to better understand which aspects of the freshman seminar can be
linked to student success, as we hope this will help inform future research, particularly with
respect to peer groups in education. In addition, we believe this analysis of survey responses

presents valuable insight into the effective design of these seminars.

In so doing, we present a large-scale analysis of a freshman seminar at a large, US
university to determine its impacts on undergraduate success using a mix of quantitative
and qualitative methods. This mixed methods approach relies on quantitative results from
propensity score matching to evaluate the effects of FIGs on student outcomes and uses
qualitative results from student surveys to better understand what students found most
valuable about their FIG experience. We find that FIGs positively affect students in terms
of graduation, re-enrollment, and grades. What’s more, we find that students find social
aspects of the FIGs, particularly making friends and knowing others in classes, to be the

most beneficial to their success.

5.4 Related work

We present work to this study in the following manner: first, we provide a brief history of
freshmen seminars. Then, we discuss prior studies that have assessed freshmen seminars.
Lastly, we discuss prior works examining freshmen seminars specifically at the University of

Washington.
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5.4.1 History of freshman seminars.

Freshmen seminars take many different forms, including living-learning communities (LLCs),
first-year interest groups (FIGs), and first-year experience (FYE) courses [134]. Though this
work will focus specifically on FIGs, related research spans the spectrum of freshman seminar
types. The freshmen seminar is defined by Barefoot as “a course intended to enhance the
academic and /or social integration of first-year students by introducing them (a) to a variety
of specific topics which vary by seminar type, (b) to essential skills for college success, and
(c) to selected processes, the most common of which is the creation of a peer group” [22].
For the most part, these seminars tend to be smaller in size than most lower-division courses,
thereby allowing for greater student-faculty interaction and an environment more conducive
to developing and fostering peer relationships [126]. These relationships are believed to allow
for greater social integration of students within a campus community, thereby increasing
students’ institutional commitment and their persistence towards the goal of graduation

178).

Freshman seminars have long been a part of the American higher education landscape,
with orientation courses dating back to the 19th century [183, 62]. By the middle of the 20th
century, a majority of institutions offered freshman seminar courses, with many campuses
extending orientation beyond just a few days [62]. This trend, however, reversed through the
1960s due to concerns with universities giving credit to students as they adjust to college life
[183]. A resurgence in seminar offerings was partly fueled by courses such as the University
of South Carolina’s “The University 101,” which became a standard for freshman seminars
as other campuses attempted to develop similar programs [149, 183]. By the early 1980s,
a growing interest in freshmen seminars saw conferences on freshman orientation/seminar
courses held at the University of South Carolina [183]. Since then, freshman seminars have
become near-ubiquitous in the U.S. higher education landscape. The National Resource
Center for The First-Year Experience and Students in Transition’s most recent numbers

report that freshman seminars are offered for credit at 87% of 4-year institutions, of which
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52% require them for students [2].

5.4.2 Assessing freshman seminars.

Freshman seminars are widely believed to positively impact student retention, persistence,
graduation, and academic performance [25, 126, 51, 128, 52, 66]. More specifically, numer-
ous studies have found that freshman seminars tended to improve retention rates (recent
examples include [149, 113, 131, 128, 166, 189]), improve graduation rates (recent examples
include [98, 113, 128, 150]), and improve grades (recent examples include [131, 89, 166, 189]),
among other outcomes.

Despite these outputs, however, it is difficult to disaggregate which aspects of freshman
seminars contribute to specific student outcomes [133] and much of this is because of the study
designs employed. Most studies examining freshman seminars rely on quasi-experimental
frameworks, which do not explicitly account for selection bias [52]. In addition to quasi-
experimental frameworks (e.g. [113, 98]), studies have also used meta-analytic approaches
(e.g. [25, 131]) and/or regression approaches (OLS, multilevel, or other) (e.g. [126, 166, 189,
89, 133]) in their assessment of freshman seminars. These studies compare students without
matched controls or comparison groups, which have been under-utilized when examining the
effects of freshmen seminars [149]. Examples of more causally rigorous studies on freshman
seminars have used randomized controlled trials (e.g. [167]) or propensity score matching
(e.g. [42]). However, these studies have also performed their analysis with smaller student
populations and/or less expansive covariates in propensity score matching than those used

in this study.

5.4.83 FIGs at the University of Washington.

The FIG program at the UW first began in 1987 and was modeled after a similar program at
the University of Oregon [178, 168]. FIGs are optional for students and are not required for
any graduation requirements; the FIG seminar only counts towards general education elective

credit counts. FIGs are widely advertised to all incoming freshmen during orientation and
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advising sessions, which are required for all incoming freshmen before they register for classes.
FIGs are open for registration during the standard university course registration period
to all incoming freshmen who have completed the requisite orientation sessions. The UW
Undergraduate Academic Affairs’ Office of First Year Programs (FYP) currently administers
the FIG program and recent surveys of incoming freshmen by FYP indicate that only 3.6%

of freshmen do not know what a FIG is by the time they start their coursework.

FIGs are presented as a cluster of classes, with participants co-enrolled in all classes of the
cluster during their first academic term on campus. In addition to being co-enrolled in classes,
all students within the same FIG cluster are also required to take a seminar class together.
This seminar class has been led by an upperclassman peer since the program’s inception and
is focused on a discussion of students’ personal experiences rather than academics, with an
aim of developing a sense of involvement, participation, and community [181]. In the first
year of the FIG program, 83 students enrolled in 4 different FIG clusters; in the second year
of the program, 200 students enrolled across 8 FIG clusters; and in the third year of the
program, 400 students enrolled across 20 different clusters [168]. Today, the FIG program
has over 150 different clusters and enrolls between 50-60% of the UW’s annual incoming
freshman population, totalling over 3,000 FIG-enrollees annually. In the past, FIGs were
organized around a central academic theme, such as pre-law or pre-engineering. Now, the
program no longer explicitly delineates FIGs for particular interests, instead focusing on

providing a more rounded experience for freshman entrants.

The UW operates on a quarter system and students in a FIG select a variable number
of credits to enroll as part of a FIG, ranging from 2 credits (just the seminar class) to 17
credits (the seminar class plus 3 additional classes in which FIG-mates are co-enrolled) for
their first quarter. The UW charges block tuition for all students who register for between
12-18 credits, which is considered full-time undergraduate enrollment. There is no additional
charge when students take the FIG seminar course and there are no restrictions specific to
the FIG seminar as to how students pay for their tuition charges. Additionally, there is also

no additional tuition charge when a full-time student enrolls in a FIG, as FIGs consist of
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a maximum of 17 credits. The above history and current state of the FIG program were
confirmed with FYP.

Previous studies examining FIGs at UW looked at the program at its infancy in the late
1980s to early 1990s [181, 178]. Tokuno and Campbell looked at two freshman cohorts at the
UW from 1988 and 1989 (about 6,660 students total), analyzing the effects of taking a FIG
on scholarship and retention [181]. Examining the 1989 cohort, they found that students
who enrolled in FIGs had higher overall retention by 1.6 percentage points and also had
higher course completion rates than their peers. However, the study only compared rates of
graduation among the student groups and did not explicitly address confounding variables,
not the least of which is the selection bias associated with students choosing whether or not
to enroll in a FIG. In addition, the study was conducted during the program’s early years and
less than 700 students had enrolled in FIGs during the program’s first three years combined,
thereby limiting the general scope of the work.

Tinto and Goodsell conducted a longitudinal study in 1991, examining about 440 FIG
students across 21 FIG clusters as well as about 1800 non-FIG students [178]. In using both
quantitative and qualitative approaches, they found that being involved in a FIG “seems to
positively influence one’s sense of one’s own involvement as well as the nature of one’s peers
and general institutional climate,” which then serve to impact both academic performance
and persistence. As with the previous study, however, they did not account for selection bias
among the students, particularly with respect to demographics and FIG students generally
having higher entrance exam scores. Additionally, their comparison non-FIGs students were
selected from specific courses and not across the entirety of the broader student population.

In this work, we compare FIG and non-FIG students by matching using propensity scores
based on a rich set of covariates detailing student characteristics and high school backgrounds
prior to their entry into higher education. Propensity score matching was employed because
students selected whether or not to enroll in a FIG on their own, rather than being randomly
assigned. Thus, comparing students across this non-experimental design poses the risk of

treatment effects being biased. By matching students based on their propensity to enter FI1Gs
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(as explained in the Methods section), we attempt to account for potential confounders as
well as self-selection. After matching students, we then compare academic outcomes across
the FIG and non-FIG students. While previous studies on freshmen seminars attempted
to correct for selection bias via individual covariates, they only included a limited set of
covariates, which may not sufficiently account for self-selection [42]. In our study, we match
FIG and non-FIG students using nearly 200 covariates on a very large sample of students.
Beyond this, to further delve into which specific aspects of a FIG are impactful to students,
we also employ qualitative and text-mining methods on a large set of open-ended survey
responses from FIG students. We believe this added analysis of first-hand accounts of the FIG
program’s effectiveness helps elucidate why freshman seminars tend to provide measurable

benefits to student academic outcomes at a scale not previously found in the literature.

5.5 DMethods

We present the methods for this project in the following manner. First, we give an overview
of the data used in this study. Then, we give relevant definitions with respect to graduation
and re-enrollment. Next, we give an overview of the methodology used in propensity score
matching. Lastly, we discuss our approach to analyze student survey responses. The UW'’s

Institutional Review Board approved all data collection and study design for this project.

5.5.1 Data

Data for this study spanned three distinct datasets: student registrar data, student survey
data, and non-institutional data. We describe each in greater detail below. The information
on students prior to their entry to the University from all three data sets ultimately served
as a rich set of covariates that we used to predict the propensity for students to enroll in

FIGs during their freshman year.
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Student registrar data.

We collected de-identified student data from the University of Washington’s (UW’s) data
custodians in early 2017. This data included complete student transcript records (courses
taken, grades, etc.), student demographic information (race, gender, ethnicity, etc.), and
student entrance application information (high school grades, entrance exam scores, etc.).
We cleaned, curated, and stored this data in a secure SQL database on a secured server.
We limited the data for this project to first-time, first-year students (freshmen) who first
enrolled at the UW between 1998 to 2010. We used the year 2010 as a cutoff to allow at least
6 full calendar years for students to graduate with a baccalaureate degree (per the definition
of graduate outlined below) as the data extended through 2016. In all, this included 18
years of institutional data and information on 57,979 unique freshmen students. We defined
“FIG students” as those who had completed the 2-credit FIG seminar course during their
freshmen year, as indicated on their transcript records. We defined “non-FIG” students as

those who did not complete the FIG seminar course during their freshmen year.

Student survey data.

The UW’s FYP collected exit surveys from nearly every FIG participant from 2010-2015.
This was 14,514 students in total and an average of about 2,419 students per year. These
surveys asked students a wide range of questions regarding their FIG experiences and most
responses are recorded as open-ended text. For this project, we examined answers to a
single question in the survey: “What did you find most valuable about the FIG?” for which
there were 12,539 non-blank responses (86.4%). Note that the timeframes for the student
registrar data described above and the survey data do not overlap except for the year 2010.
Nevertheless, we still pulled student demographic information from the registrar data and
linked it to all survey respondents, including students who were not included when analyzing

the transcript data.
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Non-institutional data.

In addition to the data from the University, we also used two additional sources of informa-
tion: the College Board’s enrollment planning services (EPS) data! and U.S. Census data.
The EPS is an analysis and reporting service from the College Board which contains detailed
information for almost every high school in the U.S. From the EPS, we used data on students’
major intentions in higher education, students’ preferences with regards to post-secondary
campus settings (both with respect to the campus itself and the city in which it is located),
students’ long-term educational attainment goals, parents’ educational attainment, and par-
ents’ income levels. EPS data was not available for individuals but was instead aggregated
by high school. Accordingly, we aligned the EPS data to students’ registrar data using their
high schools from their applications to the University. We also used 2015 U.S. Census data
on average income, average bachelor’s degree attainment, and average high school comple-
tion for each ZIP code in the US. We aligned the Census data to each individual student

using the ZIP code from their application to the University.

5.5.2  Defining graduation and re-enrollment

We labelled students as “graduates” if they completed at least one baccalaureate degree
within 6 calendar years of first enrolling at the University. We determined this by look-
ing at the difference between the term for which students’ first baccalaureate degree was
awarded and their respective first term on campus. We verified overall graduation rates
with those used by the University’s institutional reporting offices. We labelled students as
“re-enrollments” if they returned for a 2nd academic year within 1 calendar year of the
completion of their first academic year (i.e. they returned for their sophomore year within
a year of completing their freshmen year). It should be noted that due to the large sample

sizes involved in this study, we did not include any statistical tests of significance between

1See: https://collegeboardsearch.collegeboard.org/pastudentsrch/support/licensing/
college-board-search-services/enrollment-planning-service
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graduation and re-enrollment rates for FIG and non-FIG students. These tests would in-
evitably indicate even minute differences between the groups to be statistically significant

due to large sample sizes. Instead, we focus on the practical significance of the differences.

5.5.8  Propensity score matching

As mentioned above, students selecting whether they will or will not enter a FIG presents the
issue of selection bias and possible confounding [140]. In addition, factors that are predictive
of participating in a FIG may also be associated with students’ attrition or graduation. For
example, a student whose parents have relatively low educational attainment may feel more
unprepared for college and thus be more willing to seek additional help in the form of a FIG.
At the same time, this students’ parents’ educational attainment may also be associated with
lower academic success for the student. The existence of such factors makes it difficult to
isolate the effect of FIGs from other possible factors that could affect the student outcomes
of interest (in this case, graduation and re-enrollment).

As such, rather than simply comparing outcomes from treatment and control groups,
PSM attempts to account for covariates that may influence the likelihood of receiving treat-
ment (with “treatment” in this case defined as enrolling in a FIG). In PSM, a model is
first constructed from potential confounders with a dependent variable associated with the
treatment. The likelihood for each participant to receive treatment is referred to as the
“propensity score.” Participants in the treatment group are matched to those in the control
group based on their propensity scores using a range of criteria/restrictions.

We used students’ demographic information and pre-college information from the registrar
data as well as information on their high schools from the EPS data and information on ZIP
codes from the census data to calculate the propensity scores via a logit model. In total,
this included 197 covariates, broken down as follow: 41 from the student registrar databases,
3 from the U.S. Census data, and 153 from the EPS data. It should be noted that this
approach follows suggestions by Rubin and Thomas regarding the inclusion of all potential

covariates in a propensity score model unless there is consensus that it is unrelated to the
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outcome variable [142].

After calculating propensity scores, we matched students in the treatment (FIG) group
to those in the control (non-FIG) group using two-levels of stratification and fixed caliper
widths. We also employed different matching strategies when comparing the students, as
described below. In terms of stratification, we first matched the students according to year of
entry to the University and then by whether or not they were a STEM-interested student (i.e.
a student interested in science, technology, engineering, and/or math (STEM) fields). We
used the first stratum to better account for any institutional variation at the University across
time. We used the second stratum to account for course difficulty as introductory STEM
classes are considered amongst the most challenging for new students and these students
may feel differential levels of engagement while taking with these introductory classes [70].
STEM interest was determined by whether students’ major declaration during their first
term was in a STEM field, whether they had a pre-major designation that was associated
with a STEM field during their first term, and/or whether they took any STEM gatekeeper

classes during their first term?

. We coded STEM interest in a binary manner. Using this
dual stratification, we matched every FIG student to corresponding non-FIG students from
the same entrance year and with the same (binary) indication of STEM interest.

After the above stratification, we matched students based on caliper matching, wherein
students were matched if they had propensity scores within a specified interval from each
other. We kept the caliper at one-tenth of the pooled standard deviation of all propensity
scores. This is half the caliper width recommended by Austin [16], thereby giving more
stringent matching. Using the caliper, we matched students in each group in three different
ways: one to many (where the results from the matched control group were averaged), one
to one with replacement (where each treatment student is only matched to a single control

student, but not vice versa), and one to one without replacement (where each treatment

student is only matched to a single control student and vice versa). After matching students,

2STEM gatekeepers are introductory STEM classes that serve as prerequisites for advanced STEM classes.
They are also key determinants of whether students are accepted to highly-competitive STEM majors
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we compared the graduation and re-enrollment rates of the student groups.

We also performed an additional round of matching to better control for course difficulty.
In this round of matching, we only included matches if the FIG and non-FIG students had
completely identical coursework for the academic term in which the FIG student completed
the FIG seminar. We only included courses that were completed for numeric grades (i.e. not
pass/fail) in this matching and the FIG seminar course was excluded when finding students
with identical coursework. After matching, we compared students’ grade point averages
(GPAs) for the term where students had identical coursework in addition to comparing their
eventual re-enrollment and graduation.

In addition, we also compared Hispanic and under-represented students based on FIG
entry. When examining these student subgroups, we only included FIG and non-FIG stu-
dents from the specific student subgroup for matching and all other students were excluded.
As with all students, we used a dual stratification across year of entry and STEM interest
and the caliper widths were reset based on one-tenth the pooled standard deviation for each

student subgroup.

5.5.4  Survey analysis

To code survey responses describing what students found most valuable about FIGs, we
relied on a topic modeling-based qualitative analysis approach using grounded theory. First,
we developed an initial codebook using a form of topic modeling called Latent Dirichlet Al-
location (LDA) [27]. LDA is a generative statistical model that allows for topic discovery. In
LDA, “documents are represented as random mixtures over latent topics, where each topic
is characterized by a distribution over words” [27]. In the case of the survey responses, the
documents refer to individual student responses and the topics are general themes in the
survey responses as represented by associations with specific words. Prior to generating the
topic models, we removed stop words from the survey responses and stemmed the remain-
ing words. We generated five initial topics using LDA. This allowed for the distinction of

preliminary tags/codes of interest and we only used topic modeling as a starting point in
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coding the massive text corpus.

From there, two researchers independently coded an initial set of 1000 survey responses
and iteratively developed a joint codebook to use. The researchers used each tag within the
codebook in an independent manner for each response unless specifically noted in the Results
section (i.e. the use of one tag did not exclude the use of another). There was also no limit
to the number of tags that could be applied to each response. After coding the initial 1000
responses together, the researchers each coded an additional 1000 responses independently
and discussed consistency in coding thereafter. Then, the researchers coded every remaining
response individually. After coding all 12,539 responses individually, each response that was
not coded identically between the two researchers was discussed and a consensus regarding
coding was drawn. The researchers were only provided with the text of the student survey
responses and the codebook when coding responses; student demographics and academics
were not visible in any way. We used the final set of tags for each individual student response

in the analysis.

5.6 Results and Discussion

5.6.1 FIG participation

Of the 57,979 students in the study, 32,572 enrolled in a FIG (56.2%) while 15,407 of them
did not (43.8%). Table 5.1 shows the demographics of the FIG and non-FIG students. There
were a few relatively large differences in demographic composition among FIG and non-FIG
students with respect to gender and race. In particular, female and Caucasian students were
over-represented among FIG students while male and Asian students were under-represented
among FIG students. For the most part, all other demographics were fairly consistent in
terms of proportions across the two groups. Interestingly, Tokuno reported that in the early
years of the FIG program at UW, African American, American Indian, and Hispanic students
were less likely to enroll in FIGs than other demographic groups [181]. This, however, was

not the case with the students examined in this study as each of these groups were slightly



more represented among FIG students.

Table 5.1: Demographic Overview of FIG and non-FIG Students

African Am.
Am. Indian

1,026 (3.15%)
504 (1.55%)

FIG non-FIG
Counts (%) Counts (%)
Total 32,572 25,407
Gender
Femnale 18,494 (56.78%) 12,146 (47.81%)
Male 14,049 (43.13%) 13,233 (52.08%)
Unidentified 29 (0.09%) 28 (0.11%)
Race

733 (2.89%)
327 (1.29%)

Non-Residents

5,032 (15.45%)

Asian 8,610 (26.43%) 8,144 (32.05%)

Caucasian 19,439 (59.68%) 13,172 (51.84%)

Haw./Pacific Is. 274 (0.84%) 162 (0.64%)

Unidentified 2,719 (8.35%) 2,869 (11.20%)
Ethnicity

Hispanic 1,699 (5.22%) 1,158 (4.56%)

Not Hispanic 30,873 (94.78%) 24,249 (95.44%)
Residency

Residents 27,540 (84.55%) 21,749 (85.60%)

3,658 (14.40%)
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The number and proportion of freshmen who completed FIGs across time is shown in
Figure 5.1. Both increased steadily from 1998 through 2003, only to level off thereafter. In
terms of percentages, FIG participation increased steadily from 40.2% in 1998 to 66.2% in

2003, only to remain fairly level from there and never dropping below 55%.

5.6.2  Propensity score matching

The distributions of the propensity scores for FIG students, non-FIG students, and non-FIG
students matched to FIG students in a one-to-many manner are shown in Figure 5.2. The

mean (£SD) propensity score for FIG students was 0.61 (£0.13) and the mean (£SD)
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Figure 5.1: FIG enrollment as count of freshmen (bar chart) and percentage of freshmen
(line chart)

propensity score for non-FIG students was 0.50 (£0.18), where, as noted earlier, these
propensities represent the probability of a student enrolling in a FIG, regardless of whether
they ultimately did. As such, the fact that FIG students had higher propensities than
non-FIG students should come as no surprise. The shape and range of the distributions of
propensity scores across FIG and non-FIG students show a large amount of common support,
thereby indicating a high number of potential matches across FIG and non-FIG students.
The caliper used when matching all students was 0.0163 - each FIG student was matched to
corresponding non-FIG students who were within +1.63% as likely to enroll in a FIG. The
resulting distribution of matched non-FIG students consists of the average propensity of all
non-FIG students who fall within the designated caliper for each FIG student. The shape of
the distributions of propensity scores of FIG and matched non-FIG students is nearly iden-
tical. The distribution of matched non-FIG students had a mean propensity score of 0.61

(4£0.13), which was identical to the mean and standard deviation of the propensity score of

FIG students.

To evaluate the effectiveness of the PSM, we calculated the standardized bias across
each of the variables used in the PSM. The standardized bias calculation, as described by

Caliendo, is a “measure to assess the marginal distance of the (variables)” used in the PSM
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Figure 5.2: Propensity score distributions for FIG students (top), non-FIG students (mid-
dle), and matched non-FIG students (bottom). The top and bottom distributions were
used in the analysis. The left and right vertical lines across each distribution indicate the
mean propensity score values for non-FIG students (0.50; from the middle distribution) and
matched non-FIG students (0.61; from the bottom distribution), respectively. The mean of
the FIG students was approximately equal to that of matched non-FIG students.

[36]. In most empirical studies, a bias reduction below 3-5% is typically seen as sufficient in
reducing potential confounding [36]. After PSM, the standardized bias across all variables
used in PSM had a mean value of 1.3% and a median value of 1.1%. Only 3 of the 197

variables had a standardized bias value greater than 5% and none were greater than 6%.

When looking at one-to-many matching across all students, 32,512 FIG students (equiv-
alent to 99.8% of the FIG population) had at least one non-FIG student matched. Of these
matched students, 30,257 FIG students (93.0%) had at least 20 non-FIG students matched,
again indicating a high level of common support for PSM. Each FIG student was matched
to an average (£SD) of 66.1 (£34.0) non-FIG students and the distribution of matches per
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FIG student is shown in the top of Figure 5.3, with colors indicating the quartile of the
propensity score of the FIG student. As can be expected, students with propensity scores in
the second and third quartiles had the greatest number of matches while FIG students who
were more on the fringes of the propensity score distribution tended to have fewer matches.
The bottom of Figure 5.3 shows a cumulative frequency graph of the number of matches for

FIG students.

1st quartile 2nd quartile
B 4th quartile

3rd quartile

# of FIG Students

[,

0 25 50 75 100 125 150

0 T T T T T T
0 25 50 75 100 125 150

Number of Matches

Cumulative Total of
FIG Students (%)

Figure 5.3: Distribution of the number of matches for each FIG student when using PSM
(top). Colors indicate FIG student propensity score split by quartiles. Cumulative fre-
quency graph of matches for FIG students (bottom). Line indicates cumulative percentage
of students who have at most the corresponding number of matches.

5.6.3 Retention and graduation rates
Unadjusted rates.

Prior to examining the differences between FIG and non-FIG students using PSM, we calcu-

lated unadjusted overall graduation and re-enrollment rates. Graduation and re-enrollment
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rates for the entire population were 78.6% and 92.7%, respectively. Graduation and re-
enrollment rates for the FIG students were 81.6% and 94.2%, respectively; graduation and
re-enrollment rates for the non-FIG students were 74.9% and 90.7%, respectively. FIG stu-
dents had vastly higher unadjusted graduation and re-enrollment rates than their non-FIG
peers and, across the University as a whole, rates were substantially higher than national
averages [109]. Rates for all FIG and non-FIG students across time are shown in Figure
5.4. For every entry year examined, we found that FIG students had higher graduation and
re-enrollment rates than their non-FIG counterparts. Note that these rates were prior to

matching students using PSM.
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Figure 5.4: Graduation rates (top) and re-enrollment rates (bottom) for FIG and non-FIG
students across time.

Rates After PSM.

Graduation and re-enrollment rates for FIG and non-FIG students after PSM are shown
in Table 5.2. The results did not significantly change based on the matching strategy used

and only results from one-to-many matching are discussed in further detail. After matching,
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FIG students tended to have substantially higher graduation and re-enrollment rates than
their matched non-FIG peers (differences of 7.0 and 3.7 percentage points, respectively).
These differences amount to decreasing the overall institutional attrition rate by 27.5% and
the institutional first-year attrition rate by 38.8%. The percentage point differences in re-
enrollment between FIG and non-FIG students are greater than those found by Tokuno
(1.6 percentage points higher for FIG students) [181] but lower than those found by Tinto
(over 6 percentage points) [178] at the same university. Additionally, these differences in re-
enrollment rates are lower than those noted in previous studies comparing freshman seminar
participants with non-participants (e.g. [149, 113, 166]). It should be noted, however, that for
both groups, the re-enrollment rates are greater than 90%, thereby decreasing the potential
maximum difference between the two groups in terms of percentage points. While these
differences in re-enrollment rate percentage points are in line with the PSM-based study
conducted by Clark, the differences between baseline rates are much less pronounced in this

case [42].

Table 5.2: Graduation and re-enrollment rates for all students after PSM. Reduction

refers to the difference in FIG and non-FIG rates divided by the non-FIG attrition rate
(FIG rate - non-FIG rate)
100%- non-FIG rate

Matching ‘ Measure ‘ FIG  non-FIG Difference Reduction
One-to-many, Graduation 81.60%  74.57%  +7.03% 27.6%
w/ replacement Re-Enrollment | 94.18%  90.49%  +3.69% 38.8%
One-to-one, Graduation 81.60% 74.02%  +7.58% 29.2%
w/ replacement Re-Enrollment | 94.18%  90.04%  +4.14% 41.6%
One-to-one, Graduation 81.51% 74.84%  +6.67% 26.5%
w/o replacement | Re-Enrollment | 94.18%  91.05%  +3.13% 35.0%
One-to-many, Graduation 84.02%  73.82%  +10.20% 39.0%
w/ replacement & | Re-Enrollment | 94.90%  92.00%  +2.90% 36.3%
matched courses GPA 3.214 3.011 +0.203
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Matching Coursework.

When matching students only if they had identical coursework during the term in which
the FIG student completed the FIG seminar, 2,078 students were matched. Of these, only
692 (about one-third) were matched to more than one student. The graduation rates, re-
enrollment rates, and GPAs for FIG and non-FIG students after PSM are also shown in
Table 5.2. Controlling for coursework, FIG students had substantially higher GPAs (+0.2
on a 4.0 scale) when taking the same courses as their non-FIG counterparts. Interestingly,
this analysis did not account for which courses were specifically part of the FIG and only
looked to see that the students were taking the same courses. For example, this allows for FIG
students who took 3 courses as part of their FIG (the FIG seminar excluded) to be compared
to non-FIG students who took the same 3 courses. It could also allow for FIG students who
took the FIG seminar as a stand-alone course alongside 3 additional courses to be compared
to non-FIG students who took the same 3 courses. Regardless, the results here indicate that
FIGs tend to have a substantial effect on student academic success (as measured by GPA)
regardless of whether the students take courses as part of the FIG cluster or not. The specific
benefits of taking courses as part of a FIG versus not were not examined in this analysis.
In addition to this difference in GPA, the difference in graduation and re-enrollment rates
for FIG and non-FIG students follow the same trend as above, though to different degrees.
Using coursework in addition to PSM to match students yielded a difference in graduation
rate that was greater than that noted above (10.20 percentage points) while the difference

in re-enrollment rates was smaller than that noted above (2.90 percentage points).

Examining specific student groups.

In addition to examining the graduation rates for all students, specific student groups were
also examined. We compared students who self-identified as being either Hispanic or of an
under-represented minority group across FIG entry. The list of under-represented minority

groups is maintained by the UW’s Office of Minority Affairs and Diversity and includes
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federally-recognized underrepresented minority students such as African American, American
Indian/Alaska Native, Hawaiian/Pacific Islander, and Latino students. As was done with
all students, we matched students who enrolled in a FIG with non-FIG students using PSM
while stratifying on year of entry to the University and STEM intention. We reset the
caliper width for each subgroup (i.e. Hispanic and under-represented students) and a one-
to-many matching strategy was employed. The caliper when matching Hispanic students was
+1.56% and for under-represented students was £1.52%. Of the 1,699 Hispanic students in
FIGs, 1,546 (91.0%) were matched to at least one Hispanic non-FIG student; of the 1,578
under-represented minority students in FIGs, 1,428 (90.5%) were matched to at least one

under-represented non-FIG student.

Table 5.3: Graduation and re-enrollment rates for Hispanic and under-represented students
after PSM. Reduction refers to the difference in FIG and non-FIG rates divided by the

non-FIG attrition rate (Flﬁ)gi/‘;:o‘;‘f;g?aigte)

Subgroup ‘Measure ‘ FIG  non-FIG Difference Reduction

77.96%  69.32% +8.64% 28.16%
93.06%  87.28% +5.78% 45.44%
76.81% 62.81%  +14.00% 37.64%
94.75%  88.18% +6.57% 55.58%

Hispanic

Graduation
Re-Enrollment

Graduation
Re-Enrollment

Under-Represented

The Graduation and re-enrollment rates after PSM across student subgroups are shown
in Table 5.3. A few things are of note when looking at these rates. First, the graduation
and re-enrollment rates for Hispanic and under-represented FIG students were substantially
higher than their non-FIG peers. This difference is much more pronounced than the es-
timated FIG effects for all students in Table 5.2, except when matching on coursework.
Second, the graduation rates for both Hispanic and under-represented students were still
below the University’s average across all students. Third, the re-enrollment rates for His-
panic and under-represented students were also below the University’s average except for

under-represented FIG participants. These facts could go hand-in-hand as the lower average
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rates across these groups allows for more differential gains in terms of percentage points to be
realized for students attending FIGs. We know that the FIG curriculum at the University
is not tailored to specific student groups based on race, ethnicity, or family backgrounds.
We intend to further examine this greater effect of FIGs on Hispanic and under-represented

students in future work, as well as potentially looking at first-year college entrants.

It becomes apparent when examining the results from PSM across Tables 5.2 and 5.3
that the observed differences in FIG and non-FIG students are very robust to different
matching strategies and across student subgroups. Regardless of the matching strategy
employed, differences between the graduation rates for FIG and non-FIG students were
always at least 6.67 percentage points while differences in re-enrollment rates were always
at least 2.9 percentage points. The fact that the PSM graduation and re-enrollment rates
were similar to the unadjusted graduation and re-enrollment rates highlighted in Figure 5.4
is in part due to the number of possible matches based on FIG students’ propensity scores,
as nearly the entire FIG population was matched to at least one non-FIG student. This
also speaks to the degree to which there was common support amongst the propensities
of FIG and non-FIG students, without which the given number of matches would not be
possible. This wide common support is indicative that the differences between FIG and
non-FIG students, as described by the variables used in the propensity score model, were
not extreme. It should also be noted that even when matching students on more stringent
criteria (i.e. matching students with identical coursework), far fewer students were matched

and the differences between FIG and non-FIG students still persisted.

5.60.4 Survey analysis

The above quantitative analysis sheds light on the degree to which FIGs impact student
outcomes. To better understand specific aspects of FIGs that students found to contribute
positively to their education experience, we analyzed student survey responses using an

approach that relied on both topic modeling and grounded theory.
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Developing a codebook.

We used topic modeling (namely, LDA) to develop an initial set of tags to use when exam-
ining responses from the student surveys. We provide examples of student responses (and
associated tags) in the appendix. We used five topics in the LDA model and ten words
associated with each of the topics are shown in Table 5.4 with three common terms (FIG,
valuable, part) excluded from each word list. Apparent from the topic/word list is that
students tended to talk about their FIG leader and/or the FIG program, information on
majors, information on campus resources, meeting people and/or making friends, forming

study groups in a class, learning about UW, and learning about the city of Seattle.

Table 5.4: Topic modeling results. Words are listed in descending order of probability to
appear in a topic

Topic Words

FIG leader and/or

class, leader, really,

program and/or
cluster

classes, quarter, made, program,
us, time, helpful

information on
majors and/or
resources

learning, UW, valuable,
majors, major, resources, different,
information, future, program

meeting people
and/or making
friends

people, meeting, friends,
new, meet, making, met,
interests, similar, study

forming
study groups

people, classes, group,
study, students, class, able,
know, could, meeting

learning about
UW and/or
Seattle

Seattle, know, people,
community, UW, get, college,
project, school, communities

Using topics from LDA, we eventually developed the codebook detailed in Table 5.5. The

codebook consisted of 18 unique tags and included a DROP tag that was used for responses
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that were deemed irrelevant to the survey question. These responses were subsequently
removed from the analysis and any percentage counts. The tags examined the responses
from the perspective of academics (e.g. the finding interests and getting into classes tags),
social integration (e.g. the meeting people, community, and people in classes tags), program
organization (e.g. the cluster and connected classes tags), seminar design (e.g. the activity,
smaller class, and course tags), and general college transition (e.g. the transition and skills
tags). As noted previously, all tags were applied in an independent manner (that is, the use
of one tag did not exclude the use of another) unless in the cases of the interests tag, which

was only used in conjunction with the meeting people tag.

Coding results.

Two coders independently coded each of the 12,539 survey responses, with tags applied
independently and in a mutually exclusive manner. There was also no limit to the number
of tags that could be applied to a single response. When examining the responses of all
students, 7 tags were used in at least 5% of all responses: new people (52.4%), people in
classes (23.8%), activity (13.7%), survival skills (13.4%), FIG leader (9.2%), interests (6.0%;
used in conjunction with new people), and transition (5.3%). All other tags were used in
less than 3.5% of responses and were not analyzed further. The frequencies with which the
7 tags were applied are shown in Table 5.6.

In all, the two coders coded 8,897 (71.0%) of all responses identically, regardless of the
number of tags applied to each response. Table 5.6 also shows the degree to which the coders
applied similar tags on a tag-by-tag basis, both in terms of general percent similarity as well
as Cohen’s kappa values calculated for each tag independently. Metrics were not calculated
for the similar interests tag as it was only used in conjunction with the meeting people tag.
In all, the coders had at least 90.7% agreement across each of the 18 tags. Additionally, each
of the 6 tags that were used in at least 5.0% of responses and analyzed had a Cohen’s kappa
value of at least 0.66, with 3 of the 6 having Cohen’s kappa values greater than 0.85. These

metrics were calculated before the coders discussed discrepancies in their coding and arrived
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Table 5.5: Codebook used in analysis of survey responses

Tag Description of what tag refers to

activity an activity that occurred in the FIG seminar

cluster the FIG course cluster and easier registration for courses
community community and camaraderie among FIG students, especially

college goals

connected classes

course

FIG leader

finding interests
getting into classes
majors

new people

none

people in classes
sharing interests
survival skills
smaller class

transition

with respect to shared experiences

helping students outline their goals for college and their long-
term academic aspirations

overlapping topics/themes across FIG classes

some non-activity aspect of the FIG seminar and/or the gen-
eral design of the seminar

the FIG leader(s) and peer mentorship from an upperclassman
helping students explore areas of study (not majors)

using the FIG to get into reserved course sections

helping students learn about majors available on campus

meeting new people, making friends, and/or forming a social
group of some kind

nothing

having familiar people in classes and having people to study
with

meeting people with common interests (only used in conjunc-
tion with meeting people)

general campus survival skills and learning about resources
available on campus

having the FIG seminar be a smaller class compared to other
classes

helping students with the shift from high school to college

DROP

exclude response from analysis (applied to 292 (2.4%) of re-
sponses)

at a consensus across all tags. All calculations regarding the frequency of applied tags are

based on tags after the coders came to a consensus regarding non-identical tags.
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Far and away, students thought that social aspects of the FIG were the most valuable with
over half of all responses referencing meeting new people and/or making friends. Meanwhile,
the second most frequently applied tag referenced knowing people in classes and being able
to form study groups. Also interesting is that about one-tenth of those mentioning meeting
new people also voluntarily shared that meeting people who share common interests with
them was also important. This idea of greater social integration within a campus, be it by
making friends and/or meeting people, is frequently visited in retention theory as a factor in
increasing retention [175]. In this case, over 70% of all respondents mentioned some social
impact the FIG had on their first term (across the new people, people in classes, FIG leader,
and community tags). The idea of forming study groups in classes also ties into the idea
of first-year students being academically supported as they adjust to college-level study and
gain confidence [133]. This points back to Barefoot’s definition of freshman seminars and how
they “provide essential skills for college success” and also can be integral to them forming a

peer group [22].

The third-most applied tag referenced survival skills on campus. Most often, this tag
was used in reference to students understanding how to succeed in college, such as how to
use library resources, how to register for classes, and where to find help with homework.
The fourth-most applied tag referenced activities that were part of the seminar, frequently
referring to an activity wherein the FIG leaders led their students off campus to explore the
city. Most students referenced this activity in the context of being able to better acquaint
with their peers outside of a class while also learning more about the city they are living in.
It should be noted that as the largest post-secondary institution in Washington State, the
UW enrolls many students who have never lived in the city of Seattle and/or in an urban
setting. The FIG students also frequently mentioned their FIG leader as being a valuable
asset. Much of this was in reference to having an undergraduate peer who had been in
their position as a freshman and knew how to navigate the University, both physically and
academically. In some cases, students also referenced their FIG leader as being an effective

sounding board with regards to struggles as they adjusted to college life.
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Interestingly, when examining student responses across subgroups, we did not observe
salient differences in the frequency of applied tags as shown in Table 5.6. Each of the tags
that were applied to at least 5% of the responses across all students (i.e. the 7 tags listed in
Table 5.6) were applied with about the same frequency for both Hispanic students and non-
Hispanic students (41.3 percentage points). When looking at the same for students from
under-represented minority groups, only references to meeting new people and activities in
the FIG seminar differed by more than 41 percentage points from students not from under-
represented minority groups. More specifically, the tag referencing meeting new people
was used in 50.4% of responses for under-represented students and 52.5% of responses for
non-under-represented students (2.1 percentage point difference) while the tag referencing a
specific activity in the FIG was used in 16.1% of responses for under-represented students
and 13.5% of responses for non-under-represented students (2.6 percentage point difference).
This suggests that under-represented students could either find it less valuable to meet new
people and make friends via FIGs than their peers or just have a more difficult time doing
so. Regardless, the observed differences in the frequency of applied tags are still rather small
across all groups (<3%).

It does not seem as though specific student subgroups found the FIGs more valuable than
their peers in any particular way based on their subjective responses. This is particularly
interesting when considering the larger impact FIGs had on these groups in terms of academic
success, as shown in Table 5.3. One potential explanation of this is that FIGs these students
are more unprepared for their transition to college that the FIGs assist with, albeit in a
manner that is not differentiable across student groups. An alternative explanation is that
FIGs do have some differential impact on these groups with respect to the tags examined but
it is not subjectively noted or articulated by the student subgroups. We intend to examine
both possible explanations in greater detail in the future.

In all, the results from this analysis of student survey responses help provide further
context to the quantitative results from PSM in understanding why FIGs have the observed

impacts on student academics. Social aspects of the FIGs tend to be the primary positive
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takeaway for students and this includes meeting peers, finding groups/peers to study with,
and having a peer mentor in the FIG leader. Beyond that, students also found specific
activities within FIGs to be useful as well as introductions to different resources available on
campus to students. These two ideas - a greater social integration with the campus as well
as providing necessary academic support - are not only central tenants to many freshman

seminars, but they also hold a prominent place in longstanding student attrition theory [57].

5.6.5 Limitations

We understand that there are several limitations with this study. First, although using
PSM explicitly accounts for observable differences between FIG and non-FIG students before
treatment, our analysis only balances the means of those observed covariates between the
treatment and control groups. Thus, the results of this study may remain subject to biases
of unobserved confounding variables [97]. In the absence of a randomized controlled trial,
we believe PSM allows for a more robust analysis than simply comparing FIG and non-FIG
groups without any matching and, in this case, we match students while explicitly adjusting
for selection bias and confounding variables using nearly 200 observables. What’s more, our
study provides an example of using matched comparisons with large-scale and detailed data
to gauge freshmen seminars, which has rarely been done in prior work.

Another limitation is that this study relies on data from a single institution in its analysis.
This limits the degree to which the results can be generalized to other campus settings. We
also understand there are institution-specific subtleties with the data that may not be appar-
ent when comparing to other institutions’ data. The data was limited to a single university
due to the difficulty in obtaining detailed, anonymized registrar records in higher education.
This type of data is different than longitudinal data typically used in education studies as
it centers on course-level transcript records and individual-level demographic information,
which is protected by institutions and not readily available for research purposes.

Another limitation of this work is the potential threat of interpreting FIG effects in

light of other concurrent events. For instance, financial aid and on-campus residency may be
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other mechanisms that may differ among students concurrently with FIGs and may drive the
differences observed between FIG and non-FIG students. As examples, previous studies have
examined how financial aid can impact student persistence (e.g. [34] and [171]) and other
studies have looked at the effect of on-campus residency on persistence, even among first-year
students (e.g. [134]). However, this data was not available through the University’s data
stewards and therefore, we could not gauge the degree to which the estimated FIG effects
were robust with respect to these possible alternative mechanisms.

A further limitation of this study is the fact that the surveys did not align with the
data used in PSM. This was due to the timeframe used to define successful graduation (i.e.
6 years), setting students first enrolling in 2010 as the last cohort examined. UW’s FYP,
meanwhile, did not electronically collect student feedback on FIGs until 2010. Despite this
limitation, we believe it is still useful for us to provide this information. As aforementioned,
the survey results corroborate the PSM estimates of FIG effects as students generally found
FIGs useful. The aspects of usefulness of FIGs perceived by students are also predictive to
student academic outcomes, particularly with respect to social integration, as informed by
prior work (e.g. [177]). The quantitative and qualitative results are related in that they both
shed light on the FIG program, but provide different insights across distinct data sources.

5.0.6 Directions for Future Research

We believe a next step for this work is to examine the degree to which different FIG course
compositions impact student success. More specifically, because FIGs at the UW allow for
students to take varying numbers of credits, we hope to center our analysis on treating FIG
participation as a non-binary treatment effect based on the number of credit hours students
take as part of the FIG. This would then allow for a more granular analysis with respect
to FIG treatment effects and outcomes as one could hypothesize based on the results shown
in this work that a greater involvement in a FIG (i.e. more credit hours as part of a FIG
cluster) leads to greater student success.

We believe another area for future research is to examine the degree to which student
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success relates to characteristics of their FIG leaders. FIG leaders must take a preparation
course before leading a FIG, thereby allowing us to identify these students based on their
transcript records. We can then leverage the student registrar data to look at the academics
of FIG peer instructors to see if specific attributes of the leaders relate to more effective
administration of the seminar course. We believe this work can have wide implications in
the design of future freshman seminars and the hiring of potential peer mentors for these
seminars.

Lastly, we believe a third space for more research involves better understanding why FIGs
had a greater effect on the academic success of Hispanic and under-represented minority
groups. We intend to examine the possibility of an ethnographic exploration of how these
students go through the freshman seminar and how it influences their first year. This may
also be expanded to examine first-generation students, which were not identified in this work.
Additionally, we also intend to examine FIG cohort composition and the degree to which
homophily impacted student success in some way. This includes examining specific minority
groups in select fields (e.g. women in STEM) and seeing if their success was impacted by
having a similar peer makeup in their FIG seminar. An additional route of exploration may
involve examining student transitions across fields, be it in switching majors of interest or
showing some tendency to do so, as we have examined in the past with other student groups

(15, 7].
5.7 Conclusions

This work examined the impact of FIGs on undergraduate student outcomes using both
quantitative and qualitative approaches. Using student registrar data and propensity score
matching, we show that FIGs positively impact both graduation and re-enrollment rates
for participants, an effect that is more pronounced for Hispanic students and students from
under-represented minority groups. We also show evidence that FIGs tend to positively im-
pact academic performance as measured by GPA. Then, using open-ended survey responses

from FIG participants, we tease out what FIG participants found most valuable about the
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program, which centered around social aspects of the program (namely making new friends

and knowing people in classes). Other aspects of interest included specific activities within

the FIG seminar, general campus survival skills, and having an undergraduate peer leading

the seminar course.

5.8

Chapter Appendix

Ezxamples of student responses.

Below are examples of student survey responses as well as the corresponding tags given to

them by the researchers.

“The most valuable part of the FIG to me was being with a group of people who were
taking the same classes as myself. This helped a lot with finding study groups and
people I get along with.” - people in classes

“I found the FIG program a waste of time and did not see the importance of it. My
FIG was confusing and not helpful in my transition into UW. It took up my time to
work on my other classes.” - none

“I enjoyed getting to know my FIG teacher because she knows so much about UW and
is able to give me guidence (sic) on issues when no one else I know would have been
able to help.” - fig leader

“Having all my classes with the same 24 kids and also having a class with just 24 kids.
This made the transition into college less overwhelming and easier. It was also very
nice to get to know kids on campus that I would have otherwise never met.” - new
people, people in classes, transition

“The opportunity to get to know people with the same interests as me, because some-
times it can be very hard to find people you can relate to.” - new people, interests
“Getting introduced to the UW because I felt pretty overwhelmed coming in, so it was
pretty helpful.” - skills

“Getting to know the other students in my FIG was by far the most valuable component
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of the experience. It was so nice to have the exact same classes and assignments as so
many people, it made the support system feel much stronger.” - new people, people in

classes
Publications/Presentations

Lovenoor Aulck, Joshua Malters, Casey Lee, Gianni Mancinelli, Min Sun, and Jevin
West. Helping Students FIG-ure It Out: A large-scale study of freshmen interest groups
(FIGs) and student success. Research in Higher Education, 2019 (journal paper -
in draft)

Lovenoor Aulck, Joshua Malters, Casey Lee, Gianni Mancinelli, Min Sun, and Jevin
West. Helping students FIG-ure it out: Using institutional records and student survey
responses to examine freshmen interest groups (FIGS). Conference of the Society for

Research on Educational Effectiveness (SREE), 2019 (conference presentation)
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Chapter 6

CONCLUSIONS

Traditional universities are faced with existential crises on several fronts - from the in-
creasing popularity of online degree programs and MOOCs to budgets that have never recov-
ered from the Great Recession to continually scrutinized pricing policies in light of expanding
student debt. With this in mind, it becomes imperative that these institutions maximize the
utility of resources they have, including their institutional data, in improving their educa-
tional ecosystems and the lives of students. It can no longer be the case that institutional
data is used for purposes of record-keeping alone; it must be explored, interrogated, and
analyzed in a manner that institutionalizes a culture of data-informed decision-making. In
an age where billion-dollar tech companies have numerous data science teams across their
organizations, it is mind-boggling that schools with billion-dollar footprints have few, if any,

data scientists on staff.

With respect to this, in the previous four Chapters, I demonstrated how data that is
routinely collected by institutions of higher education can be leveraged to better understand
students and educational ecosystems. The work I presented did not rely on additional data
collection processes/procedures but instead focused on using data that already exists. In
so doing, I share numerous findings while examining freshmen students prior to enrolling in
college and during their first year. I briefly summarize the primary contributions of each of

the four substantive research Chapters below.

e Chapter 2 examined the degree to which we can predict student enrollment and then
used this information to allocate a scholarship fund to domestic non-resident students.
1. This Chapter demonstrated that student enrollment can in fact be predicted using

machine learning approaches
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2. This Chapter also demonstrated how numerical optimization techniques can be
used to allocate scholarship awards in an effective manner that is flexible with
respect to objectives

3. This Chapter found some evidence that students of lower merit tend to be more
receptive to scholarship awards than those of higher merit

e Chapter 3 examined the effects of scholarship awards on student enrollment.

1. This Chapter leveraged the approach deployed in the previous chapter, demon-
strating how machine-optimized award distributions can allow for clean experi-
mental designs

2. This Chapter, much like the one before, found some evidence that the effect of
scholarships was more pronounced for students of lower merit

e Chapter 4 explored predicting student attrition from their first-year’s data

1. This Chapter found that student attrition can be accurately predicted given a
limited amount of information from students’ first years

2. This Chapter also found that features derived from students’ transcripts were
much more useful for making these predictions than pre-entry or demographic
features

e Chapter 5 analyzed the impact that a freshman seminar program had on student
performance and persistence

1. This Chapter found that these seminars positively affect student graduation, per-
sistence, and performance

2. This Chapter used first-hand responses from FIG students to better understand
which aspects of the seminar were most beneficial, finding that students found

social aspects to be the most useful

The work highlighted in this dissertation will continue on in many ways. Personally, this
dissertation has laid the groundwork for my transition into a position within institutional
research immediately after my doctorate is complete. This will see me working in a new role

within the University of Washington’s (UW’s) administrative circles on using data science to



127

help administrators make more informed decisions. I envision this role as one that will grow
as the UW continually learns how to best leverage its own data and administrators see value
in data-centric tools and methods. In all, much of the momentum behind the role centers
on the work in this dissertation.

My post-dissertation plans also speak to a larger change not only at the UW, but across
institutional research. Where institutional research meeting agendas previously found no
mention of data science approaches and techniques, now discussions are continually involving
more terms like machine learning, artificial intelligence, and analytics. There is a growing
curiosity on how these tools can be leveraged and implemented in institutional circles. What
remains to be seen, however, is whether this change also signals a cultural shift amongst
institutional policy makers in embracing data-centric approaches as a means to answer some
of the most pressing challenges higher education is facing - a shift that I believe is much

needed.
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