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ABSTRACT

THE PAST, PRESENT, AND FUTURE OF GRADUATE ADMISSIONS IN PHYSICS

By

Nicholas T. Young

While graduate admissions in physics directly affects only a small number of people on an annual

basis, the number of people indirectly affected is orders of magnitude greater. Those who complete

graduate degrees in physics will go on to become leaders in industry, government, and academia,

with the latter educating the next generation of leaders in science and engineering. Given the

possibly enormous consequences of our decisions in physics graduate admissions, care should be

taken to ensure that the process is working effectively. The evidence, however, suggests it is not.

Many inequities exist in the admissions process, unfairly keeping potentially great scientists from

pursuing graduate studies. This dissertation seeks to understand what those inequities might be

and how we might address them. First, I study the admissions process in the physics department at

a Midwestern, public university using the random forest algorithm, a machine learning method, to

understand what drives their process. After finding test scores and grades drive the process, I show

that one of those tests, the physics GRE, does not gives applicants the outsized advantage that it is

claimed to provide. Given the components that drove the admissions process contain inequities,

the second half of the dissertation explores whether a rubric-based holistic admissions process

might be able to address those inequities. Preliminary evidence suggests that it does. Finally, to

ensure that the methods used in the previous chapters were appropriate, the dissertation concludes

with a simulation study, finding that the methods used might lead to false negatives in conclusions.

Overall, this dissertation suggests that the current graduate admissions process in physics contains

inequities and that rubric-based admissions might be able to address them. By addressing those

inequities, everyone can be given a fair shot in the admissions process and physics as a discipline

can work toward becoming more representative of the population. Failure to act only perpetuates

the inequities that have and will continue to keep people out of physics.
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CHAPTER 1

THE PAST, PRESENT, AND FUTURE OF GRADUATE ADMISSIONS IN PHYSICS: AN
OVERVIEW

People like us who believe in physics know that the distinction between past, present, and future is

only a stubbornly persistent illusion -Albert Einstein

1.1 Establishing the need to study graduate admissions in physics

At first glance, studying graduate admissions in physics may seem like a small, trivial problem.

After all, only a relatively small number of people are directly affected by the physics graduate

admissions process. Using the number of test-takers of a commonly required applicant exam in

physics, the physics GRE, as a proxy for the number of applicants, approximately 7,000 students

apply to physics graduate programs annually [1]. In comparison, first-year physics courses that are

often the focus of physics education research [2] enroll nearly 425,000 annually [3].

However, the number of people indirectly affected by physics graduate admissions is orders of

magnitude larger. The applicants who are admitted to programs will go on to become leaders in

academia, industry, and government in fields as diverse as energy, technology, national defense,

and medicine [4]. In addition, some of the admitted applicants will go on to become faculty who

will train the next generation of scientists, engineers, medical doctors, and science teachers.

Furthermore, graduate admissions has economic consequences for both students and taxpayers.

Applicants who are admitted and earn their PhD have higher average salaries than those with only

a bachelor’s degree [5], meaning that success in graduate admissions influences earning potential

later in life. In addition, as many graduate students are indirectly supported by tax payers via grants

awarded by governmental agencies, departments have a duty to use the taxpayer money wisely by

admitting applicants who will be successful in their programs. When taking into account tuition,

stipend, and overhead, training a single graduate student can cost taxpayers between a quarter

and half a million dollars. For the department of physics at Michigan State, the estimated cost is
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$80,000 a year per graduate student. However, if admitted students are not supported throughout

their programs, neither applicants nor tax payers will see the benefits that can be afforded through

graduate study.

Yet, given the potentially large impacts of graduate admissions in physics, not everyone is

given a fair chance in the process. Physics remains largely white and male even as the United

States population becomes increasingly less white and higher education is becoming less male-

dominated [6,7]. To stay in touch with the demographics of the country and the broader economy,

physics as a discipline needs to reevaluate who is allowed to participate. Failing to do so risks

physics losing out on the diversity of opinion and perspectives needed to advance as a discipline

and do so ethically.

Graduate admissions is but one small part of that process. In this dissertation, I will explore

the historical approaches to graduate admissions in physics as well as offer a possible route toward

achieving those goals of diversity and equity in the process.

1.2 How this dissertation contributes to the field of physics education re-
search

Unfortunately, there does not exist a consensus about the subfields of physics education research

(PER) and various attempts have been made over years, both broadly [2, 8–10] and for specific

populations and topics [11–13]. My work fits most naturally into Russ and Odden’s framework [2]

so I will map onto that.

Russ andOdden classified education research along seven dimensions: discipline, phenomenon,

population, context, methods & methodology, theoretical & conceptual framework, and epistemol-

ogy. This dissertation contributes to PER in the dimensions of population, context, and meth-

ods/methodology so I will focus on those. A visual representation is shown in Fig. 1.1.

First, this dissertation contributes to PER by focusing on graduate students and the graduate

admissions process. Traditionally, the population of PER studies has been undergraduate students in

introductory physics courses [2,13]. More recently however, PER has expanded to focus on upper-
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Figure 1.1: Visual representation of the framework presented in Ross and Odden [2] with methods
and methodology broken down according to Ding’s genres [12]. Dimensions that are in bold and
expanded represent areas this dissertation advances in PER based on their framework, including
population, context, and methods and methodology.

division undergraduate students [14–19], non-physics majors [20, 21], graduate students [22–26],

K-12 teachers and students [27–33], instructors, teaching assistants, and learning assistants [34–42],

and even institutions themselves [43, 44]. This dissertation then adds to the growing body of work

regarding graduate students in physics. Studying graduate admissions specifically has only become

an area of inquiry recently, with most of the relevant research published within the last five

years [45–56].

Second, this dissertation contributes to PER by focusing on contexts that have received less

attention in the literature. When thinking about context, Russ and Odden leverage Bronfenbren-

ner’s ecological systems theory [57] to describe the environment where the research study takes

3



place. Ecological systems theory envisions individuals existing in a set of systems that describe

the contexts and interactions that may inform the development of the individual. For example, the

microsystem is the individual’s direct environment, themesosystem is connections acrossmicrosys-

tems, the exosystem is the indirect environment of the individual and the macrosystem is the societal

norms and cultural values relevant to the individual. Given that PER has traditionally focused on

undergraduate students in introductory physics classes, its context is typically the microsystem [2].

Thinking in terms of Nair’s mapping of ecological systems theory onto a physics classroom [58],

graduate admissions can be thought of as an exosystem and macrosystem phenomenon. Students

do not actively participate in the process but are clearly affected by it (exosystem) and cultural

norms about who can do sciences as well as beliefs about what is required to do physics (e.g. innate

brilliance [59]) might affect faculty’s decisions (macrosystem).

Finally, this dissertation contributes to PER by using data analysis techniques that have only

recently been incorporated into PER studies such asmachine learning, TomekLinks, and simulation.

Traditionally, PERhas been divided into qualitative research and quantitative research [2]. Ding [12]

then subdivided quantitative research into three genres: measurement, controlled exploration of

relations, and data mining, which is the predominant genre in this dissertation. As Romero and

Ventura [60] and Cope and Kalantzis [61] note, data mining relies on data that has already been

collected and hence, the research quesions that can be addressed may be limited.

However, instead of thinking of genres of quantitative research, we can think in terms of the

specificmethods used. Russ and Odden claim that basic statistical techniques and large-# summary

and frequency analyses are the most common in PER with network analysis and methods for large

data set analysis becoming increasingly common [2]. To this, I will add the umbrella term of

modeling in which researchers try to develop some quantitative representation of the phenomenon

of interest.

Modeling can then be further broken down into two broad categories: explanatory modeling

and predictive modeling [62]. While explanatory modeling is a traditional PER method (Theobald

et al. [63] provides an overview of these methods), predictive models are an emerging area, often
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using machine learning techniques. Machine learning, a method used throughout this dissertation,

especially is an emerging area of PER, with most studies utilizing it having been published in the

last five years [64–69].

Finally, as a result of modeling methodologies, a new genre of quantitative PER has started to

emerge: simulation. In this genre, researchers create artificial data to study the methods of PER

themselves. Simulation studies are still rare in PER, with only a few such studies published to

date [70–72]. This dissertation increases that number by one.

1.3 How this dissertation contributes to computationalmathematics, science,
and engineering

As the department of computational mathematics, science, and engineering is unique to Michigan

State University, a research-based framework to describe the types of work conducted under the

umbrella of the department does not exist. Instead, I will use the “triple junction” of computation

on which it was formed [73].

The department defines “triple junction” of computation as algorithm development and analysis,

high performance computing, and applications to scientific and engineering modeling and data

science. This dissertation focuses on the final of those.

Data science techniques such as machine learning, feature engineering, and simulation have

seen limited use in physics education research. This dissertation then brings data science tools

into a new field, adding additional tools to the physics education researcher’s tool kit. In addition,

the interdisciplinary nature of this dissertation of combining computational techniques to answer

educational questions aligns with the broader goals of the department.

1.4 Summaries of the remaining chapters

This dissertation considers the past, present, and future of graduate admissions. Chapters 2 and

3 focus on the past and present, Chapters 4 and 5 focus on the present and future, and Chapter

6 extends across dimensions of time, seeking to understand the limitations of models used in the

previous chapters and to be used in future analyses.
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In Chapter 2, I analyze 4 years of admissions records to Michigan State University’s graduate

physics program using a machine learning method known as random forest. I find that consistent

with surveys of admissions committees and observations of committees, quantitative parts of the

application such as GRE scores and undergraduate GPA hold the most weight in the process. In

fact, knowing only the applicant’s undergraduate GPA, physics GRE score, and quantitative GRE

score was sufficient to predict with 75% accuracy whether an applicant would be admitted.

In Chapter 3, I then explore the physics GRE in more depth and show that a common argument

for keeping the physics GRE in the admissions process despite its documented issues, that it helps

applicants who might be otherwise missed “stand out,” is not supported by evidence. To reach

this conclusion, I analyzed admissions records from five universities with both large-N frequency

analysis and mediation and moderation models. Whether I defined applicants who might be missed

as having a low GPA, graduating from a less selective undergraduate school, or graduating from a

smaller undergraduate program did not affect the conclusion.

Given that the traditional methods of admissions have not resulted in substantial changes in

the demographics of physics at the graduate level and those methods contain inequities in and of

themselves, graduates admissions do not need to be revised, but rather rethought. Chapters 4 and

5 provide one such approach: rubric-based holistic admissions.

In Chapter 4, I introduce rubric-based holistic admissions, defining them as an approach to

admissions where reviewers consider a broad range of applicant characteristics such as academic

achievement, research experience, fit with the program, test scores, and noncognitive competencies,

and rate applicants on those categories according to a pre-determined scoring rubric. I then

consider the department of physics at Michigan State University’s revised admissions process

as an example in practice. I compared the distribution of faculty ratings by admission status,

sex, and undergraduate background. The results indicate that the rubric does not show any

unexpected inequities based on the applicant’s sex or undergraduate background. It did however

detect systematic issues such as test score differences and differing service-work expectations based

on sex.
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In Chapter 5, I consider whether our rubric-based holistic admissions is actually a rethinking of

graduate admissions or just a revision. That is, does switching from the traditional admissions to

rubric-based admissions fundamentally change the process? I again use the random forest method

to analyze the admissions data after the implementation of the rubric as well as introduce a new

technique to PER, Tomek links. I first compare the two admissions processes using the same data

extracted from applications and then consider what additional insights might exist by looking at

the rubric-ratings data. Across four sets of analysis, the results suggest that rubric-based holistic

admissions is a rethinking of graduate admissions, though additional work is needed to provide

greater confidence in the results.

Finally, in Chapter 6, I consider the modeling techniques I’ve used in the previous chapters, in

addition to others, and how they performunder various data distributions encountered in PERand the

previous chapters. Across the techniques, I find that the more a binary variable is imbalanced (e.g.

50/50 split vs 80/20), the less likely a technique is to find that variable predictive or explanative of

an outcome. I then show that the effect is also found in real PER data by focusing on the admissions

processes at 3 institutions.

1.5 Key conclusions in this dissertation

The results of the chapters then suggest three overarching conclusions.

First, the traditional graduate admissions process in physics is metrics-heavy and dominated by

the physics GRE, whose value in the admissions process should be questioned. (Chapters 2 and 3)

Second, rubric-based admissions might offer a possible path forward in terms of making the

process more equitable. While the components of the rubric seem to be equitable, we were not

able to produce definitive evidence that rubric-based admissions sufficiently departed from the

traditional admissions structure. However, the current results are promising. (Chapters 4 and 5)

Finally, modeling techniques in PER have biases and may affect what features are counted

as statistically significant or predictive. If these modeling techniques are going to be used more

broadly to make educational policy decisions (e.g., in graduate admissions), we need to really
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understand the models, including how they work and their limitations and caveats. (Chapter 6)

1.6 Key recommendations as a result of this dissertation

As a result of work done in this dissertation, I propose six key recommendations, three targeted

toward departments and graduate admissions committees and three targeted toward researchers.

1.6.1 Recommendations for departments and graduate admissions committees

First, if the physics GRE is being used to identity applicants who might otherwise be missed, I

recommend against that. My study in Chapter 3 did not find evidence that the physics GRE allows

that to happen in practice.

Second, departments should rethink their graduate admissions process in terms of what ap-

plicants are evaluated on, how those are evaluated, and who does the evaluating. Rubric-based

admissions, introduced in Chapter 4, seems to offer one way to do so. However, implementing

rubric-based holistic admissions requires the department to take an active role in rethinking their

process. Departments must decide how to address those three points as answers will depend on

specifics of the department.

Finally, departments should engage in regular self-study of their processes and share the results

so that the physics community has an idea of what works and what does not work. Currently, data

about admissions practices is either reported in aggregate or individually for a limited number of

programs. Greater reporting from many programs will allow for a better picture of how admissions

processes are conducted and how they might be made more equitable.

1.6.2 Recommendations for PER researchers

First, researchers should be transparent about the data that goes into their models and how the

distribution of those features may affect the results. For researchers and practitioners to evaluate

the conclusions presented in papers, they need to understand the data itself. My work in Chapter 6

showed the split of a binary feature can affect whether an algorithm finds it statistically significant
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or predictive of an outcome. As a result, it is possible that the literature contains false negatives,

where potentially important variables were missed.

Second, researchers should considermoremodern techniques for analyzing data such asmachine

learning and penalized regression. Machine learning techniques are becoming more common in

PER but are still a niche area. Penalized regression techniques have seen limited use in PER

but appear to handle data as well as if not better than standard logistic regression. In addition,

researchers should follow the recommendation of Aiken et al. and compare different models to

produce the best fitting model [74].

Finally, researchers should conduct more simulation studies to examine the methods used

in PER. Data in PER is often a mix of binary, categorical, and continuous features and hence,

algorithms developed in fields that analyze primarily continuous data may not perform as expected.

Simulation studies would be able to verify if this is the case and if researchers should be concerned.

Furthermore, results of such studies might lead to further methodological development.

1.7 Questions remaining unanswered

While this dissertation extends the field’s understanding of graduate admissions in physics, many

questions are unanswered, specifically around rubric-based admissions and equity in graduate

admissions, providing an avenue for future work.

First, in order to reach a more definitive conclusion as to whether our department’s admissions

process changed, future work could consider alternative approaches to analyzing the data such as

mixed methods. On the quantitative side, these alternative approaches could be more traditional

methods in PER like logistic regression or clustering-type methods. The latter may be able to tease

out whether there are different “types” of successful applicants and possibly provide evidence as to

whether the process became more holistic.

On the qualitative side, future work could include interviewing faculty on the admissions

committee or observing deliberations in real time. Such data would provide greater insight into the

process, especially regarding individual applicants. Quantitative methods try to summarize and
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simplify the data, causing us to potentially miss data-rich discussions of applicants. Qualitative

methods might allow us to see these cases, especially discussions around borderline applicants who

might expose what faculty are really valuing in an applicant.

Second, in order to understand how the results may generalize, future work should extend the

analysis done in this dissertation to other physics graduate programs. Additionally, future work

should consider programs in different geographical areas with different applicant pools and of

different research intensities. Michigan State University is a Midwestern, predominantly white

institution with a highly-ranked subdiscipline and hence, the applicant population might not be

representative of the broader population who applies to physics graduate school.

Third, future work should examine other aspects of the graduate admissions process such as who

is invited and able to apply to graduate school. Prior work has examined barriers current graduate

students experienced when they applied [49]. However, studies such as these ignore students who

wanted to apply but for one reason or another, did not. Therefore, future work should explore the

barriers these students face in applying and how departments might address them. These might

include how to support students in the application process (e.g, financially), how students find out

about programs, and how departments advertise their graduate programs.

Fourth, future work should continue along the path outlined above and consider undergraduate

physics students more broadly in graduate admissions. The evaluation of applications is the final

step in the graduate admissions process that could be argued to begin as soon as a student declares

a physics major. Between those two steps, potential applicants must decide whether they are

interested in attending graduate school, research potential programs and advisors, complete an

application, and submit the application. Even after departments have evaluated the applications

andmade offers, students must decide which program to attend or what to do if they are not accepted

to any. All of these are ripe for future study.

Finally, to trulymake an impact on diversity and equity in physics longer-term, futurework needs

to extend beyond just the admissions process and consider graduate school as a whole. Departments

need to address diversity by examining who is encouraged and invited to apply to graduate school,
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equity by considering how they evaluate applicants applying to their program and current students

in their program and what they are doing to retain the students they did admit, and inclusion by

intentionally addressing the climate in their department, being transparent with decisions being

made, and creating support structures for students from underrepresented backgrounds. Simply

making the admissions process more equitable and admitting more diverse students will not make

an impact if corresponding efforts are not made to retain such students and prevent them from being

pushed out. Possible areas of future work include studying qualifying and comprehensive exams,

student-advisor relationships, mental health, and departmental support for students. Only when

diverse students are not only actively welcomed to the academy but also actively retained will real

change happen.
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CHAPTER 2

IN THE BEGINNING: USING MACHINE LEARNING TO UNDERSTAND PHYSICS
GRADUATE SCHOOL ADMISSIONS

The following chapter is adapted and expanded from its published version in the 2019 Physics

Education Research Conference [75]. The published version includes Marcos D. Caballero as the

second author. Following the Contributor Roles Taxonomy (CRediT) [76], my roles for this project

include conceptualization, formal analysis, methodology, software, validation, visualization, and

writing the original draft.

2.1 Introduction

Despite other science, technology, engineering, and mathematics (STEM) fields becoming more

diverse over the past few decades, physics has lagged behind with only 20% of bachelor’s degrees

awarded to women and only 11% awarded to racial minorities [77]. These numbers do not improve

when considering graduate degrees, where 20% of doctoral degrees are granted to women and

7% are granted to racial minorities [77]. While this underrepresentation has both enrollment and

retention causes, this chapter will focus on the factors that may affect enrollment in physics graduate

programs.

When considering enrollment in physics PhD programs, prior work has found that minority

students in physics are less likely to apply to programs if they feel that they will not be admitted

based on low GPA or GRE scores, or lack of research experience [49]. Further, given that many

graduate programs have application fees, financial concerns might prevent students from applying

to graduate programs that they believe they will not be admitted to. Therefore, it is important to

understand what matters when applying to physics graduate programs while acknowledging that

many factors that are not easily quantifiable matter.

Previous research into graduate admissions in physics has tended to take a broad approach,

characterizing the graduate admissions process across the United States, both for master’s and PhD

12



programs [47, 50] or focusing on a specific subset of universities such as elite universities [46].

These studies find that faculty consider numerical measures such as undergraduate GPA and GRE

scores most important in the admissions process and have been conducted by either observing

the admissions process or by surveying faculty about what they believe to be most important in

the admissions process. More recent work in physics graduate admissions has explored applicant

perceptions of the various components of the application [51]. Missing in this analysis is an

investigation of the actual applications of prospective physics graduate students. To our knowledge,

there has only been one such study [54].

Given that applications to graduate programs consist of numerical data such as GPA and GRE

scores, categorical data such as gender, race, and ethnicity, and open-ended data such as letters

of recommendation and personal statements, graduate admissions is an ideal target for machine

learning. Indeed, machine learning approaches to understanding graduate admissions have been

employed in computer science to study self-reported admissions data [78] and to streamline the

review process [79]. Machine learning methods have also been employed more broadly in higher

education admissions to predict which admitted students will accept an offer to attend a small

liberal arts school [80, 81] and to predict which students are likely to be admitted and to complete

their MBA [82].

The goal of this work is to further the study of graduate admissions in physics by analyzing the

applications using amachine learning approach. Specifically, we ask what features of an application

to this physics graduate program are predictive of admission.

Unlike other studies in physics graduate admissions, this work represents a case study of a

single institution rather than a broad look at the graduate admissions landscape. However, because

physics is regarded as a high consensus discipline, that is, there is large agreement about what

counts as legitimate admissions practices [83], we expect our results can generalize to similar

doctoral programs.
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2.2 Methods

2.2.1 Data

The data used in this study comes from the admissions records of 512 domestic applicants to the

physics and astronomy graduate program at Michigan State University between 2013 and 2016 and

would have enrolled between fall 2014 and fall 2017. This time period is before the department

implemented the rubric described in Chapter 4. Domestic and international applicants do not

undergo the same review process and hence we only analyze applications from domestic students.

Here, domestic student is defined to be a U.S. citizen or permanent resident. The admissions process

is unique at this university in that the applications are not only reviewed by a central committee but

also members of the subdisciplines in which the student expresses interest. The data include the

applicant’s undergraduate institution and grade point average (GPA), their general and physics GRE

scores, and their physics subdisciplines of interest. Per a ballot initiative in the state of Michigan,

Michigan State University and the other Michigan public universities are explicitly prohibited from

discriminating against or granting preferential treatment to individuals based on race, sex, color,

ethnicity, or national origin in education [84]. To comply with this law, our university’s admissions

system collects limited demographic data and our department chose not to record the information

that was available when evaluating applicants. As such, demographics are not available to us.

Overall, 48% of the domestic applicants were offered admission into the program.

2.2.2 Describing Undergraduate Institutions

Because the name of the undergraduate institution in itself does not provide useful information to

an algorithm, we created new factors to describe characteristics of the institutions. To describe the

overall institution, we classified each institution as public or private, whether it is a minority serving

institution (MSI), the region of the country it is located in (such as Northeast, Southwest, etc.),

and the Barron’s selectivity of the institution, which describes how selective the undergraduate

program is. We assume that selectivity serves as a proxy for prestige. Classifications for the
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Table 2.1: Variables used in our model and their scale of measurement

Factor Measurement Scale
Undergraduate GPA Continuous
Verbal GRE score Continuous
Quantitative GRE score Continuous
Written GRE score Continuous
Physics GRE score Continuous
Proposed research area Categorical
Application year Categorical
Barron’s selectivity Categorical
Region of applicant’s undergraduate institution Categorical
Type of physics program at applicant’s undergraduate institution Categorical
Size of undergraduate physics program at applicant’s
undergraduate institution Categorical

Size of doctoral physics program at applicant’s undergraduate
institution Categorical

Applicant attended a minority serving institution Binary
Public or Private Binary
Output variable: admitted status Binary

first three categories were taken from the most recent Carnegie Rankings [85] while the Barron’s

classification came from Barron’s Profiles of American Colleges. Because the overall reputation of

the applicant’s undergraduate university might not describe the physics program at that university,

we also included factors related to the physics program such as the highest physics degree offered at

the university and the size of the undergraduate program and PhD program if applicable. The size

of the undergraduate and PhD programs were determined by the median number of graduates of

the program between the 2012-2013 and 2015-2016 academic years (i.e. the years that applicants

applied to the program). The programs were then classified as small, medium-small, medium-large,

or large based on which quartile they fell into. We used the Roster of Physics Departments with

Enrollment and Degree Data to collect this data [86–89]. All factors appearing in our model are

shown in Table 2.1 and include the scale of measurement.
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2.2.3 Justifying our choices of institutional factors

Prior work has documented university pedigree is often considered in the application process

because institutional quality is assumed to be a proxy for student quality [46, 90]. Here, we

measure institutional quality byBarron’s selectivity and public or private status, with the assumption

that physics faculty view private universities as more prestigious than public universities. We

include region of the applicant’s undergraduate university to account for the fact that the institution

being studied is a public university and might therefore show a preference for students from the

surrounding region.

Prior work has also found faculty exhibit a tendency to admit students like themselves, though

it is more common among academics who graduated from elite institutions [46]. Therefore, it is

not unreasonable to expect that faculty may prefer to admit students who followed similar paths as

they did, meaning students from large, doctoral institutions might be more likely to be admitted

than students from smaller institutions. Additionally, we use the size of the undergraduate and

PhD programs as proxies for the perceived prestige of the physics department, assuming a more

prestigious physics department attracts more students and hence graduates more students.

2.2.4 Random Forest Model

To analyze our data, we used the conditional inference forest algorithm, a variant of the random

forest algorithm [91] shown to be less biasedwhen the data includes both continuous and categorical

variables [92] such as those used in our model (see Table 2.1). Random forest models in general

are ensembles of individual decision trees, which use binary splits of the input features in order to

make a prediction. The predictions are then averaged over the individual trees to obtain the overall

prediction of the random forest.

While there are multiple metrics used to assess random forest and other machine learning

models, two of the most common are the accuracy and the area under the curve (AUC). The

accuracy is simply the proportion of correct predictions made by the model. To ensure that the

accuracy isn’t inflated by overtraining, only a fraction of the available data is used to construct the
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model while the rest is used to test the predictive power. It is this remaining data that is used to

calculate the accuracy of the model.

The AUC is defined as the area beneath the receiver operator curve of the model, which

visualizes the false positive rate against the true positive rate and varies between 0.5 and 1, with

values greater than 0.7 signifying an acceptable model [93]. The area describes the proportion of

positive cases that are ranked above negative cases in the data set by the model. For example, for

our data, the AUC would represent the proportion of all random pairs of admitted and not-admitted

applicants in which the admitted applicant is classified as admitted and the not-admitted applicant

is classified as not-admitted.

In addition to making predictions, the random forest algorithm can determine the importance

of each feature to the model, referred to as the feature importance. For this analysis, we use two

importance measures. First we used the AUC permutation feature importance [94] as it is claimed

to be less biased than the accuracy based permutation importance when input features differ in scale

(as do our factors listed in Table 2.1) and when the predicted variable is not split evenly between the

two outcomes. Under this approach, each feature is randomly permuted and then passed through

the model to make a prediction. The AUC is then recorded and the difference between this value

and the original AUC is computed. As permuting a feature with more predictive information should

result is a worse model than permuting a feature with less predictive information, a larger difference

between the original AUC and the AUCwith a permuted feature suggests that that feature contained

more predictive information. These differences can then be used to create a relative ordering of

features.

However, if the features are correlated, it is possible that the orderings may be biased or that

permutations of one feature might result in unrealistic combinations of features and hence would

cause the model to extrapolate performance [95]. For example, if all students who earned perfect

scores on the physics GRE also had high GPAs, permuting GPA could cause there to be cases where

a perfect physics GRE score goes with a low GPA, which would be outside of the region learned by

the model. To prevent that, a conditional importance measure has been proposed in which features
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are permuted within a subset of similar cases [96]. Because of the correlations between various

sections of the GRE, we also used this conditional approach to compute feature importances.

Feature importances are derived from the data and hence, are not assumed to follow any

statistical distribution. Therefore, there is no simple way to apply the idea of statistical significance

to feature importances, though Chapter 6 provides some suggestions. We instead applied the

recursive backward elimination technique described in Díaz-Uriarte and Alvarez de Andrés [97] to

determine which features are predictive of admission and which are not. When using this technique,

the features are ordered according to their importance. A model is then built using all the features

and the accuracy is computed. A set fraction of the features with the smallest importances are then

removed and a new model is built and the accuracy computed. This process continues until only

2 features are left. The model with the fewest number of features while maintaining an accuracy

within a standard error of the highest accuracy across all models built in this process is then the

selected model. We will refer to the features used in this selected model as the meaningful features

and interpret them as the features that are predictive of the outcome. For more information about

random forest models, biases, and feature importance measures, see Appendix A.

We chose to apply a random forest model instead of a more traditional technique for classifying

data such as logistic regression (as used by Attiyeh and Attiyeh [98] and Posselt et al. [54] to study

graduate admissions) due to these feature importances. As feature importances measure all factors

on the same scale, that is how much they change the area under the curve, factors of otherwise

different scales can be compared. This is in contrast to logistic regression where the odds ratio for a

continuous variable would measure the change in odds for a unit increase in the variable while the

odds ratio for a categorical or binary variable measures the change in odds relative to a reference

group. In addition, the feature importances allow for each categorical feature as a whole to be

compared to the other features rather than in pairs relative to the reference group.

To perform the analysis, we used R [99] and the party package [92, 96, 100] to create a

conditional inference forest model. We used 70% of our data to train the model, 500 trees to build

our forest and used√? as the number of randomly selected features to use to build each tree, with ?
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being the total number of features in the model. These values follow recommendations of Svetnik

et al. [101]. We ran our model 30 times, randomly selecting 70% of our data for training each

time, and averaged the feature importances over runs so that the resulting distribution of individual

feature importances would be approximately normal. As the conditional inference forest algorithm

has routines built in to handle missing data [102], applicants with missing information were not

removed from the data set. However, the conditional importance approach requires there to be no

missing values so we used the MICE algorithm [103] to fill impute the missing data in that case,

following Nissen et al.’s recommendation for PER [71]. The imputation results were pooled using

Rubin’s Rules [104].

In addition, to determine if our model was dependent on our choice of hyperparameters, we

also varied the fraction of data to train the model, the number of trees in the forest, and the number

of randomly selected features to use to build each tree. We set the training fraction to be either

0.5, 0.6, 0.7, 0.8, or 0.9, the number of trees in the forest to be 50, 100, 500, 1000, or 5000, and

the number of features used for each tree to be 1, √?, ?/3, ?/2, or ? for a total of 125 possible

combinations (124 new and the original model). These choices are based off findings in Svetnik et

al. [101]: namely that the error rates level off once the number of trees is on the order of 102 and

their choices of the number of features in each tree. In addition, increasing the training fraction may

improve performance as there is more data for the model to learn from. For each combination, we

repeated the procedure in the previous paragraph. Due to the computational cost of the conditional

permutation approach, we only calculated the AUC-permutation importance.

To determine if the changing the hyperparameters affected our models, we computed the

minimum, median, and maximum value of each metric over the 125 hyperparameter combinations

and relative ordering of the features in each model. We chose the minimum, median, and maximum

instead of the mean and standard error because 1) we are looking across different models rather

than getting repeated measurements of the same things so we cannot assume the results will be

normally distributed and 2) we are interested in the best and worst performance achieved under

hyperparameter tuning to get a sense of the possible values we can achieve which wouldn’t be
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Figure 2.1: Averaged AUC feature importances over 30 trials. Physics GRE score, Quantitative
GRE score, and undergraduate GPA, appearing in orange, were the factors found to be meaningful
and hence predictive of being admitted.

possible using the mean and standard error. If our model is largely unaffected by the choice of

hyperparameters, we would expect the metrics to show minimal variation and the relative ordering

of the features to be largely unchanged.

2.3 Results

Across the 30 runs, the average accuracy of our model predicting on the held-out data was 75.6%±

0.6%, the average training AUC was 0.849± 0.002, and the average testing AUC was 0.756± .006.

As our model’s accuracy is significantly higher than the null accuracy of 52.7%, the percent of

students who were not accepted, and our testing AUC is above 0.7, our model can be considered

an acceptable model of the data.
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The feature importances averaged over the 30 runs are shown in Fig. 2.1. We find numerical

factors such as the applicant’s score on the physics GRE, the applicant’s score on the quantitative

GRE, the applicant’s undergraduate GPA, the applicant’s verbal GRE score, and their proposed

research area to be more important in the application process than any factor describing the

applicant’s undergraduate institution. Using recursive backward elimination to determine the

meaningful factors, we find the applicant’s physics GRE score, quantitative GRE score, and their

undergraduate GPA to be the only meaningful factors.

To verify that the applicant’s physics GRE score, quantitative GRE score, and undergraduate

GPA were indeed the only meaningful factors, we then reran our random forest model 30 times

using only these three factors as the predictors. Our average testing accuracywas then 75.4%±0.6%

and our testing average area under the curve was 0.754± 0.006, which are not statistically different

from the values we found using all fourteen factors shown in Table 2.1.

When we instead used MICE and the conditional importances, and the metrics were slightly

higher, likely because imputing the missing values provided more data for the algorithm to learn

from. Specifically, the testing accuracy was 77.1%± 0.1% and the testing AUC was 0.770± 0.001.

The conditional feature importances are shown in Fig. 2.2. Compared to Fig. 2.1, we notice

that the verbal and quantitative GRE scores are ranked lower than they were when we did not take

correlations into account and proposed research area and year of applying are ranked higher than

when we did not take correlations into account. The physics GRE and GPA are still ranked highly

however, even after taking correlation into account.

Performing the recursive backward elimination, we find that physics GRE score and GPA are

meaningful features and quantitative GRE score no longer is. Using only these two features to create

a conditional inference forest on the imputed data, we find that the testing accuracy is 75.7%±0.7%

and the testing AUC is 0.757 ± 0.007, which are consistent with the full model.

As there are only two meaningful features, we can plot the features and see if there does appear

to be a separation between admitted and not admitted applicants. To do so we generated all possible

pairs of undergraduate GPA and physics GRE scores and ran them through our model to find the
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Figure 2.2: Averaged conditional feature importances over 30 trials. Physics GRE score and
undergraduate GPA, appearing in orange, were the factors found to be meaningful and hence
predictive of being admitted when adjusting for correlations among the features.

Table 2.2: Minimum, median, and maximum values of the metrics obtained over the 125 hyperpa-
rameter combinations

metric min median max
Train AUC 0.824 0.848 0.853
Test AUC 0.726 0.749 0.760
Test Accuracy 0.727 0.750 0.760
Null Accuracy 0.521 0.527 0.556

predicted admissions decision. The result is shown in Fig 2.3. We see that there does appear to be a

boundary between admitted and non-admitted students around a physics GRE score of 700, which

drops toward 650 for applicants with GPAs above 3.5, providing further evidence that physics GRE

score and GPA are predictive of admission at this program.

When we test the various hyperparameter combinations, we find similar results. Looking at the
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Figure 2.3: Plot of all applicant’s physicsGRE scores vs their undergraduateGPAs. The background
coloring expresses the prediction of the model had an applicant had that score.

metrics (Table 2.2), we see that the testing accuracy varies by 3.3 percentage points between the

minimum and maximum values and the testing AUC varies by 0.034 between the minimum and

maximum values. As the variation is limited and these metrics are still within the acceptable range,

the results suggest that our choice of hyperparameters has limited impact on the metrics.

When we look at the ranks of the features used in each hyperparameter combination, we also see

limited variation. In Fig. 2.4, we notice the plot is mostly diagonal with the presence of two blocks.

First, we see that physics GRE score, GPA, quantitative and verbal GRE scores, and proposed

research area are always the top five features, regardless of the hyperparameters. Second, we see

that the institutional features never rank above a 7, meaning that no combination of hyperparameters

can create a model where these features are predictive of admission. In addition, we notice that

year of applying is always ranked sixth, serving as a separating feature from the two blocks. This
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Figure 2.4: Proportion of the 125 hyperparameter combinations in which each feature had a given
rank. Notice that there is a block of features that range between 1 and 5 and a block of features that
rank between 7 and 14.

result is likely due to the fact that there are yearly differences in the fraction of applicants admitted

so year is not a noise feature and should be ranked above the noise features. However, knowing

the year the applicant applied doesn’t say too much about the applicant themselves and hence, we

would expect it to rank below the features like test scores and GPA that do.

Looking at the first block, we notice that physicsGRE is always the top ranked feature followed by

either GPA or quantitative GRE score, with GPA being the more common selection. Furthermore,

GPA never ranks lower than third while the quantitative GRE score ranks between second and

fourth. For certain choices of hyperparameters, the applicant’s proposed area of research ranks

higher than the quantitative GRE score.

2.4 Discussion

Perhaps unsurprisingly, we find numerical measures are the most important factors for determining

whether a domestic applicant will be accepted into this physics graduate program, consistent with

findings that graduate programs with a large number of applicants use numerical measures as a first

pass to evaluate applicants [46, 47]. Looking across our analyses, we find physics GRE score and
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undergraduate GPA are consistently found to be predictive of admission while quantitative GRE

score is sometimes found to be predictive based on the choice of hyperparameters. However, once

we take correlations among the features into account, the quantitative GRE score is no longer found

to be predictive.

While we find no evidence of a minimum physics GRE score, we do find evidence of a “rough

cutoff” as described in Potvin et al. around 700 [47]. Nevertheless, some students who scored

significantly above this threshold were not admitted. While we do not know the reasons why these

students were not admitted, Posselt noted that faculty might not admit superior applicants if they

do not believe the applicant will actually enroll in their program [46].

Overall, our findings of the meaningful factors for admission to a physics graduate program are

consistent with Potvin et al.’s findings obtained by surveying physics graduate admissions directors.

Notably, we also find that the physics GRE score, undergraduate GPA, quantitative GRE score, and

proposed research area are more important than other factors while the undergraduate institution,

GRE written score, and proximity/familiarity are less important factors.

While the verbal GRE score was not found to be a meaningful feature, the program studied here

appears to place more emphasis on it than the average program. This may be because our study only

looked at domestic students while Potvin et al.’s looked at all applicants. Because international

students also take the TOEFL while domestic students do not and admissions directors ranked the

TOEFL as more important than the verbal GRE, the TOEFL may take the place of the verbal GRE

and hence lower the perceived value of the verbal GRE relative to other factors.

Despite prior work suggesting institutional characteristics play an important role in graduate

admissions, we did not find institutional or departmental characteristics to be meaningful to our

model. Our result could be due to differences in methodology or due to institutional effects being

influential but not dominant factors [98]. Indeed, Posselt suggests institutional factors might be

used to differentiate applicants with similar GPAs and GRE scores [46]. Therefore, we might not

have found institutional factors to be meaningful because they are used when primary factors such

as GPA and physics GRE scores do not sufficiently separate applicants.
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While we did not have access to other criterion included in the Potvin et al. such as application

essays, research experiences, and recommendation letters, we were still able to create a model

that correctly predicted whether an applicant would be admitted with approximately 75% accuracy

based solely off the applicant’s undergraduate GPA and physics GRE score (and slightly higher if

we also included the quantitative GRE score). While undergraduate GPA is a significant predictor

of completing a physics PhD, physics GRE is not, as those scoring near the top of the physics

GRE only have a 7% higher probability of completing their PhD than those scoring near the

bottom [52]. As the GRE is not associated with completing a doctoral degree and is known to

favor persons from majoritized groups in science [52, 105], the outsized role of the GRE in the

admissions process should be questioned. Indeed, the American Association of Physics Teachers

andAmerican Astronomical Society have released recommendations against using the physics GRE

in graduate admissions [106,107].

2.5 Limitations

There are a few limitations to our study. First, the data we used to make our model was not all

the data that would be available to a faculty member evaluating an application. In addition, our

model did not contain demographic information about the applicants that could also impact the

results given the barriers women and people of color face in physics. Therefore, it is possible

that meaningful features other than GPA and physics GRE score could lie in the data that was

unavailable to us.

Second, this study was done at a primarily white institution (PWI). While Kanim and Cid note

that having a relatively homogeneous research sample can be valuable for reducing variability,

especially in early studies, they also note that exploring the effects of variability can lead to new

results and a greater understanding of the results [13]. Thus, while our result might generalize

to many physics graduate programs, it might also hide important differences in features predic-

tive of admission for applicants of different demographics groups and institutions with different

demographics than our own.
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2.6 Future Work and Conclusion

Our work adds to the broader literature about graduate admissions and the process by which

applicants are judged. Because minoritized students might not apply to graduate programs if they

do not think they will be accepted, elucidating the factors that determine whether an applicant will

be accepted is crucial. Simply increasing the number of applicants from currently and historically

underrepresented groups in physics will not increase their representation unless corresponding

efforts are made to admit these students. While our result that test scores and GPA are the most

predictive parts of an application in terms of admission alignswith priorwork, these results represent

only one institution and might not be representative of all United States physics PhD programs.

Given the unique structure of the admissions process at this university, graduate programs with

a more traditional admissions process might assign different weights to the various parts of an

application. Therefore, future work should investigate what features of the applicant drives the

admissions process at other institutions.

Furthermore, our university has recently moved to a rubric-based admissions format, designed

to take into account non-cognitive competencies and program fit in addition to the more traditional

admissions criteria such as GPA and GRE scores. Our future work will examine how including

these new criteria may change the factors that are most predictive of an applicant being admitted to

the program. The results of such analyses are presented in Chapters 4 and 5.
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CHAPTER 3

FURTHER EVIDENCE AGAINST THE PHYSICS GRE: IT DOES NOT HELP
APPLICANTS “STAND OUT”

The following chapter was published in Physical Review Physics Education Research in 2021 [108].

The published version includes Marcos D. Caballero as second author. Following the Contributor

Roles Taxonomy (CRediT) [76], my roles for this project include conceptualization, formal analysis,

methodology, software, validation, visualization, and writing the original draft.

3.1 Introduction

While applying to graduate programs requires many components, perhaps none is as scrutinized as

the Graduate Records Exam (GRE), and in physics, the physics GRE. Indeed, research into graduate

admissions in physics suggests that the physics GRE is one of the most important components of the

applications for determining which applicants will be admitted, based on both student and faculty

perspectives [47,51] and analysis of the admissions process [46,75]. Despite its prominence in the

admissions process, the physics GRE is known to be biased against women and people of color in

physics [105], resulting in lower average scores compared to white and Asian males. At least one in

three programs use a cutoff score [47], with 700 being a common choice [52], meaning applicants

from groups already underrepresented in physics graduate programs can be further marginalized as

they are less likely to achieve these scores. This is in addition to the observation that many physics

students of color already see the GRE as a barrier to applying to graduate school [49, 55, 109].

Further, the physics GRE might not even be useful for determining which applicants will

be successful in graduate school. For example, Miller et al. suggest that the physics GRE is

not useful for predicting which applicants will earn their PhDs [52]. Additionally, Levesque et

al. argue that using the common 50th percentile cutoff score for the physics GRE would have

caused admissions committees to reject nearly 30% of students who would later receive a national

prize postdoctoral fellowship, which can be viewed as a proxy for research excellence [110]. Yet

28



despite evidence suggesting the physics GRE does not predict these typical ways of measuring

“success” in graduate school and calls from the American Astronomical Society and the American

Association of Physics Teachers to eliminate the physics GRE from admissions [106, 107], most

physics graduate programs still require applicants to submit their physics GRE scores. Currently,

nearly 90% of physics and astronomy graduate programs still accept the physics GRE, with over

half requiring or recommending submitting a score [106]. Of those that do not accept physics GRE

scores from applicants, all of the programs are solely astronomy graduate programs or joint physics

and astronomy graduate programs. While it is uncertain where removing the physics GRE affects

any measure of graduate school success (e.g. completion rate), initial work by Lopez suggests that

removing the physics GRE does increase the diversity of applicants [111].

Given these documented issues with the physics GRE, why do departments continue to use

it? First, given that many programs are seeing a larger number of applicants, the physics GRE

provides a quick way to filter the applications down to a more reasonable number for faculty review.

Unlike in undergraduate admissions, graduate admissions tend to be decentralized and done at

the departmental level by a faculty committee. Hence, faculty are asked to review applications in

addition to their regular teaching and research duties and thus, might not have the time to read the

letters of recommendation and applicant essays for every applicant.

Second, some faculty view GRE scores as measures of innate intelligence [46, 48] or ability to

become a PhD-level scientist [105]. After all, they and other faculty likely had high GRE scores in

order to be admitted to graduate school, and may exhibit a survivorship bias, believing that a high

GRE score is needed to succeed. Further, physics is seen as a “brilliance-required” field, where

innate intelligence is required for success [59].

A third argument, and the most interesting one in terms of the scope of this paper, is that

standardized tests such as the physics GRE can help students stand out [112]. The ETS, the

creator of the GRE and physics GRE, claims that subject GREs “can help you stand out from other

applicants by emphasizing your knowledge and skill level in a specific area” [113]. For example, a

student with an average grade point average (GPA) might be able to stand out from other applicants
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if they did exceptionally well on the physics GRE.

In addition, applicants from smaller universities or universities that are not known to the ad-

missions committee might benefit from performing well on a standardized measure. For example,

the ETS claims that the GRE provides a “common, objective measure to help programs compare

students from different backgrounds” [114] and physics admissions committees worry that remov-

ing the GRE would limit their ability to compare applicants from different backgrounds [115].

Anecdotally, some faculty claim that a good physics GRE score could aid students from small

liberal arts colleges in the admissions process [116].

We already know that GPAs are interpreted in the context of the applicant’s university. Posselt

has shown that among more prestigious graduate programs, the applicant’s GPA is viewed in

the context of their undergraduate institution with high GPAs from prestigious institutions seen

favorably, lowGPAs from an unknown school as unfavorably, and highGPAs from unknown schools

and middle GPAs from prestigious institutions in the middle [117]. Therefore, a standardized test

such as the physics GRE could provide an assumed equal comparison for an admissions committee

and might allow the applicant from an unknown school to stand out or have a similar chance of

admission as an applicant from a more well-known school.

Finally, graduate admissions have been documented to be “risk-adverse,” where admissions

committees select applicants most likely to complete their program [46, 48]. As applicants from

smaller universities may be judged based on how previously enrolled students from their university

did in the program [117], a risk adverse admissions committee might be less likely to admit

applicants from small universities whose students have previously struggled in their program.

However, perhaps a high standardized test score could overcome these perceptions and signal that

the applicant might indeed be successful in the program.

Our goal then is to focus on the third argument. Does the physics GRE help applicants “stand

out” in the admissions process in practice? If that is the case, we would expect those disadvantaged

in the admissions process, those who have low GPAs, attended a smaller institution, or identify as

part of a group currently underrepresented in physics, to be admitted at similar rates as their more

30



advantaged peers with similar physics GRE scores. Specifically, we ask:

1. How does an applicant’s physics GRE score and undergraduate GPA affect their probability

of admission?

2. How are these probabilities of admission affected by an applicant’s undergraduate institution,

gender, and race?

As Small points out in his critique of admissions and standardized test studies [118], multiple

variables rather than just a standardized testmight best explain our results and therefore, a framework

that allows for substitutions and trade-offs between variables is necessary. Therefore, we ask an

additional research question:

3. How might the above relationships be accounted for through mediating and moderating

relationships?

This paper is organized as follows: Sec. 3.2 provides an overview of mediation and moderation

analysis. We then describe our data, how we determined what constitutes “standing out,” and how

we implemented mediation and moderation analysis in Sec. 3.3. In Sec. 3.4, we describe our

findings and in Sec. 3.5, we use those findings to answer our research questions and explain our

limitations and choices which may affect our results. Finally, we describe our future work in Sec.

3.6 and the implications of our work for graduate admissions in physics in Sec. 3.7.

3.2 Background

Before we can answer the third research question, it is important to describe what we mean by

mediating and moderating relationships.

In a mediating relationship, two variables are only related because they are also related to some

common third variable. For example, a student who played video games the night before an exam

might do poorly because they stayed up playing video games too late and did not get enough sleep.

Therefore, video games and doing poorly on the exam are only related due the common factor of

lack of sleep. Lack of sleep is then a mediating variable.
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In a moderating relationship, the strength of the relationship between two variables depends

on some third variable. For example, the relationship between someone liking dogs and owning a

dog likely depends on whether they are allergic to dogs. That is, we would expect someone who

likes dogs but is allergic to dogs is less likely to own a dog than someone who likes dogs but is not

allergic to dogs is. Being allergic to dogs is then a moderating variable.

Mathematically, suppose that some input - has an effect on output . . We would say that some

other input " mediates the relationship between - and . if - only has an effect on . because -

has an effect on " and " has an effect on . [119]. For a simple case, we can represent these

relationships as

. = 81 + 2- (3.1)

" = 82 + 0- (3.2)

. = 83 + 2′- + 1" (3.3)

where 8 represents the intercepts. These relationships are visually shown in Fig. 3.1.

Using this representation, the direct effect of - on . is represented by 2′ and the indirect effect

is represented by 01. The total effect is then 2′ + 01, which for a linear regression model is equal

to 2. Equivalently, in the case the linear regression, the indirect effect is 2 − 2′.

However, if . is binary, linear regression is not appropriate and logistic regression should be

used instead. In this case, Rĳnhart et al. recommend using 01 as the indirect effect as their

simulation studies found the 01 estimate of the indirect effect exhibited less bias than the 2 − 2′

estimate [120].

To determine if the indirect effect is statistically significant, a common approach is to use a

Sobel test. However, simulations suggest that the Sobel test is underpowered and that bootstrapping

is a good alternative [121]. Specifically, those simulations find that using the percentiles of a

bootstrapped estimate of the indirect effect to estimate the confidence interval is a good compromise
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Figure 3.1: Visual representation of eqs. (3.1) to (3.3). The top graphic shows eq. (3.1) while the
bottom graphic shows eqs. (3.2) and (3.3).

between avoiding type I errors while maintaining statistical power. In their approach (which has

also been used in PER studies before, e.g., [122]), if 01 is different than zero, then there is some

degree of mediation.

More specifically, there are three cases.

1. If 01 ≠ 0 and 2′ = 0 then " fully mediates the relationship between - and . .

2. If 01 ≠ 0 and 2′ ≠ 0, then " partially mediates the relationship between - and . . In that

case, we can estimate the amount of mediation as the fraction of the total effect attributed to

the indirect effect, 01
01+2′ [123, 124].

3. If 01 = 0, then " does not mediate the relationship between - and . .

This approach can also be adapted to multiple mediators and these mediators can be predictors

of other mediators. An example of this serial mediation case with two mediators is shown in Fig.

3.2. Equations (3.1) to (3.3) can then be modified to be

. = 84 + 2- (3.4)
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Figure 3.2: Visual representation of eqs. (3.5) to (3.7) showing serial mediation with twomediators.

"1 = 85 + 01- (3.5)

"2 = 86 + 02- + 03"1 (3.6)

. = 87 + 2′- + 11"1 + 12"2 (3.7)

In this case, there are three indirect effects. First, there are the indirect effects of the mediators

individually, 0111 and 0212, and second, there is the indirect effect of the mediators together

010312. The total indirect effect is then 0111 + 0212 + 010312 [125].

More generally, for # mediators, we can generate # + 1 equations where the first # are of the

form

"= = 8= + 0=- +
=−1∑
9=1
0 9" 9 (3.8)

and the final equation is of the form

. = 8H + 2′- +
#∑
9=1

1 9" 9 (3.9)
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So far, we’ve assumed that the relationship between the mediator " and the output . does

not depend on any other variables. However, it is possible that the relationship between " and .

could also depend on - or some other variable, meaning there is a conditional indirect effect (see

Preacher et al. [126]). In the case that the relationship between " and . depends on - , we would

say that - moderates the relationship between " and . . Practically, this means we must add an

interaction term to eq. (3.3), which then becomes [126]

. = 83 + 2′- + 11" + 1′1-"

= 83 + 2′- + (11 + 1′1-)"
(3.10)

We use the prime on 1 coefficients to denote an interaction coefficient for a mediator while an

unprimed 1 coefficient is a coefficient of a mediator.

The conditional indirect effect is then 0(11 + 1′1-). If 1′1 = 0, we would say that there is no

moderation and the indirect effect is the standard 01.

In the case that there are multiple mediators, eq. 3.10 can be modified to include multiple

mediators and interaction terms for all pairs of variables where moderation may be of interest.

In the special case that - is binary, eq. (3.10) reduces to . = 8G=0 + 11" when - = 0 and

. = 8-=1 + (11 + 1′1)" when - = 1. Therefore, to test if there is moderation, we can simply regress

" on . given - = 0 and again given - = 1 and subtract the slopes to calculate 1′1 instead of

including an interaction term in the model.

3.3 Methods

3.3.1 Data

Data for this study comes from the physics departments at five selective, research-intensive, pri-

marily white universities. Four of these universities are public and part of the Big Ten Academic

Alliance while the remaining university is a private Midwestern university. During the 2017-

2018 and 2018-2019 academic years, graduate admissions committees at these five universities

recorded all physics applicants’ undergraduate GPA, GRE scores, undergraduate institution, and
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demographic information such as gender, race, and domestic status. In addition, the universi-

ties recorded whether each applicant made the shortlist, was offered admission, and whether the

applicant decided to enroll. Because our study includes all applicants rather than only admitted ap-

plicants, we are unlikely to suffer from the range restrictions noted in critiques of other admissions

studies (e.g. [118, 127]). However, we do address a possible range restriction in the Limitations

and Researcher Decisions section (sec. 3.5.2).

Due to different requirements and admissions processes for international students and domestic

students (e.g., international students need to submit a test of English proficiency), we only include

domestic students in our study. We then remove any applicant for whom a physics GRE and

GPA were not recorded, leaving us with 2537 applicants. While we in theory could use multiple

imputations to address the data as Nissen et al. recommends [71], faculty reviewing the applications

do not, to our knowledge, do this and hence, we would be creating data that wasn’t available in

the admissions process. Distributions and analysis of the remaining physics GRE scores and GPAs

appear in Appendix B

As the applicant’s undergraduate university does not contain meaning in itself, we needed to

categorize the institutions. We chose to categorize the institutions by their size and their selectivity.

We then used the number of physics bachelor’s degrees awarded per year as measure of the size of

the university. We assume that universities with more graduates are more well known and hence,

would likely be known to the admissions committees. In contrast, universities that produce fewer

bachelor’s degrees might not be known to the admissions committees and hence, might be unknown

programs. It would then be these applicants from “smaller” programs who might need to “stand

out.” We acknowledge that some programs that produce a small number of physics bachelor’s

degrees each year might not be unknown to the admissions committees due to previous applicants

from such schools or research collaborations or partnerships. However, there is no way in our data

to know if this is the case.

To determine whether a university should be counted as a “small university”, we used the

undergraduate institution names to look up the number of typical physics bachelor’s degrees from
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Table 3.1: Summary of the comparisons we analyzed, which group needs to stand out and which
does not, and the figure number showing the results

Variable Group that tends to be
privileged in admissions

Group that tends not to be
privileged in admissions Figure

Program size Applicants from physics
programs that rank in top
25% of programs based on
yearly graduates

Applicants from physics
programs that rank in
bottom 75% of programs
based on yearly graduates

Fig. 3.5

University selectivity Applicants from universities
ranked as most selective or
highly selectively (Barron’s
Value of 1 or 2)

Applicants from any other
university (Barron’s Value
of 3 or lower)

Fig. 3.6

Gender Male applicants Female applicants Fig. 3.7
Race Asian or white applicants Black, Latinx, Multiracial,

and Native applicants
Fig. 3.8

AIP’s public degree data [128, 129]. As of this writing, degree data for the 2018-2019 academic

year was not available, so we used data from the 2016-2017 and 2017-2018 academic years to

quantify the number of bachelor’s degrees. Additionally, this would have been the most recent

data available when admissions committees would have reviewed applications and many of the

applicants would be represented in the data as bachelor degree recipients

To account for the institution’s prestige, we used Barron’s Selectivity Index [130]. Barron’s

selectivity index is a measure based on the undergraduate acceptance rate of an institution as well

as characteristics of its undergraduate incoming classes, such as mean SAT scores, high school

GPAs, and class rank. We assume selectivity is a proxy for prestige as prestigious institutions tend

to have low acceptance rates and high SAT scores and GPAs from incoming students. In contrast

to the AIP data, Barron’s selectivity index applies to the institution as a whole rather than only the

physics department.

3.3.2 Probability of admission procedure

Determining whether an applicant is more or less likely to be admitted first requires computing

admissions probabilities. To do so, we grouped applicants based on their GPAs and physics GRE

scores. Prior work has found that the physics GRE score and undergraduate GPA are two of the
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most important aspects of the applications [46, 47, 75]. Our previous work specifically found that

the physics GRE score and undergraduate GPA were able to predict with 75% accuracy whether an

applicant would be admitted to one public Midwestern physics graduate program.

In addition, physics is a “high consensus” discipline, meaning most programs agree on what

constitutes a successful applicant [46]. Therefore, despite many other components of the applica-

tions that affect whether an applicant will be admitted, we believe using the physics GRE score and

undergraduate GPA provides a first-order overview of what admissions committees would use to

admit applicants.

In order to ensure a reasonable number of applicants in each group to do meaningful analysis,

we grouped applicants into bins based on their GPA and physics GRE score. We choose to use

GPA bins 0.1 units in width and physics GRE bins 50 points in width. The GPA bins were selected

to ensure that that GPAs with the same tenth digit were in a single bin. That is, 3.50 through 3.59

would be in a single bin. All GPAs were already reported on the 4.0 scale and physics GRE scores

were reported using the standard 200-990 scale so we did not need to do any conversions.

We then computed the fraction of applicants in each bin who were admitted to the program

they applied. As we are interested in applicants “standing out,” we frame our results as whether

applicants in a bin are admitted at a higher rate than the overall rate (all accepted applicants divided

by all applicants). If applicants are admitted at a higher rate than the overall rate, it suggests that

these applicants did in fact stand out to the admissions committee.

In our framing of “standing out,” we are assuming that graduate admissions operate under a

deficit model. That is, due to their privilege, some applicants had better resources, opportunities, or

choices available to them and as a result, may appear as better candidates for the program compared

to applicants who did not have those available to them. To our knowledge, those with less privilege

and/or resources are not directly compared to those with more privilege and/or resources but instead

compared to an ideal applicant who often resembles someone from a more privileged background.

For example, Owens et al. found that faculty valued advanced course knowledge and programming

skills in incoming graduate students [53], which may be more characteristic of applicants coming
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from better resourced institutions. Using this framing, we created four groups of applicants who

might or might not need to stand out, which are summarized in Table 3.1 and explained in detail

below.

To take into account the size of the institution, we first used the AIP data to determine the

national quartile each applicant’s institution ranked in terms of all bachelor’s degree recipients for

each of the two years of data. Because not all institutions reported data in both years and the

number of graduates could vary significantly between years, we conducted separate analyses first

with the highest quartile an institution reached in the two years and second with the lowest quartile

the program reached in the two years. For example, if an institution was ranked in the 3rd quartile

the first year and the 4th quartile in the second year, our first analysis would use the 4th quartile and

our second analysis would use the 3rd quartile. We then define the large programs as those in the

4th quartile and small programs as those in the 1st through 3rd quartiles. We address this choice in

the discussion.

When using Barron’s Selectivity Index to take into account the selectivity of the institution, we

used Chetty et al.’s [131] five groupings (Ivy League +, remainingmost selective institutions, highly

selective institutions, selective institutions, and non-selective institutions) as a guide. As there was

a single applicant from a non-selective institution, selective and non-selective were grouped into

a single category. Because we are interested in smaller, less known programs compared to larger,

well-known programs, we took the selective and non-selective group to be our “less selective

institution” group and institutions in the first three of Chetty et al.’s categories as our “most

selective institutions”. This corresponds to grouping institutions with a Barron’s Index of 1 and

2 together as the “most selective institutions” and all other values together as the “less selective

institutions”.

To understand how high physics GRE scores might help applicants identifying as part of

a group currently underrepresented in physics, we compared women’s admission probability to

men’s admission probability and applicants of color’s admission probability to applicants not of

color’s admission probability. While it should be noted that gender is not binary [132], the data
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Table 3.2: Counts of applicants by gender and race who provided both GPAs and physics GRE
scores

Race
Gender Asian Black Latinx Multi Native White Unreported Total
Men 247 49 99 166 4 1410 112 2087
Women 56 2 19 26 0 308 28 439
Unreported 1 0 0 1 0 5 4 11
Total 304 51 118 193 4 1723 144 2537

the admissions committee recorded is only in terms of the male and female binary and hence, we

cannot comment on how high physics GRE scores may impact applicants of other genders.

Furthermore, given the limited number of applicants identifying as part of a racial group

underrepresented in physics, we combined all Black, Latinx, Multiracial, and Native applicants into

a single category, which we will refer to as B/L/M/N following the recommendation of Williams

[133]. We acknowledge that this may obscure important distinctions between groups, as Teranishi

[134] and Williams suggest. We also acknowledge applicants identifying as a marginalized gender

and race may face additional barriers and hence could stand out differently than an applicant

identifying as either a marginalized gender or race. However, there are less than 50 applicants

(∼ 2% of the sample) identifying as a member of both a marginalized gender and marginalized

race, limiting statistical power for analysis. Full demographics are shown in Table 3.2. For

information about how race and ethnicity categories were constructed and standardized, see Posselt

et al. [54] who previously used the 2017-2018 academic year application data from this study in

their study.

3.3.3 Mediation and Moderation Procedure

Given that to some degree, both the physics GRE score and undergraduate GPA measure physics

knowledge, we expect that these twomeasures will be correlated with each other. Therefore, we first

tested whether the physics GRE has any mediating effects when predicting admission and whether

GPAmoderates the relationship between the physics GRE and admission; that is, is one only related

to admission because it influences the other and that one influences admission or is the strength of
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the relationship between one and admission affected by the other. Because admissions status is a

binary outcome variable, we need to use logistic regression for eqs. (3.1), (3.3) and (3.10).

When taking an applicant’s GPA and physics GRE score into account, we first centered and

scaled both variables so they both have means of zero and variances of 1. As we are treating GPA

and physics GRE scores as continuous, we can use linear regression for eq. (3.2).

To estimate the coefficients in eqs. (3.1) to (3.3) and (3.10), we generated 5000 bootstrap samples

with replacement aswas done inHayes and Scharkow [121]. For each trial, we computed the indirect

effect 01. To get the estimate of each parameter, we took the average of the 5000 bootstraps. To

get the lower end of the 95% confidence interval, we used the value that corresponded to the 2.5th

percentile of the values generated by the bootstrap. Likewise, to get the upper end of the 95%

confidence interval, we used the value that corresponded to the 97.5th percentile.

For the institutional features, we treat institutional selectivity and institution size as binary

input variables (most selective or less selective and larger institution or smaller institution) and for

demographic features, we treat gender and race as binary variables. Again, we use B/L/M/N as one

category for race and white and Asian as the other. The applicant’s physics GRE score and GPA

are again treated as continuous mediating and moderating variables.

Because the physics GRE score and GPA can both act as mediators and GPAmay also influence

the physics GRE score, we used a serial mediation model instead of the simple mediation model

(eqs. (3.4) to (3.7)). While moderation by the independent variable - can occur for any of the

relations between the other variables, only moderating relationships between GPA and admission

and the physics GRE score and admission are within the scope of this work. Therefore, we

only include those interaction terms in our models. For all of these analyses, we used the same

bootstrapping process used for the simple mediation and moderation cases.
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3.4 Results

3.4.1 Probability of admission results

When comparing the GPAs and physics GRE scores of all applicants, we notice that most applicants

who are admitted have both high GPAs and high physics GRE scores (Fig. 3.3). Furthermore,

while a near perfect GPA or physics GRE score resulted in the highest chance of admission, having

either a high GPA or high physics GRE and a modest score on the other seemed to still offer an

admission fraction around the overall average. However, having a low GPA or low physics GRE

and a modest score on the other is usually grounds for rejection. Overall admissions fractions for a

given physics GRE score or GPA are shown in the top and right margins of Fig. 3.3 respectively.

In regard to having a high physics GRE score despite a low GPA, we first note that only a small

fraction of all applicants fall in this regime. Second, there appears to be no pattern in terms of

higher than average fraction admitted for these applicants. Some combinations of low GPA and

high physics GRE score result in a few applicants being admitted, and hence, an above average

fraction of applicants being admitted, while other score combinations have no applicants being

admitted, and hence, a below average change of admission. For example, having a GPA in the 3.3

bin and a physics GRE score in the 1000 bin resulted in an above average fraction admitted while

having a GPA in the 3.4 bin and a physics GRE score in the 1000 bin did not result in an above

average fraction admitted, despite the applicants having a higher GPA.

To further understand whether a high physics GRE score can highlight those with low GPA, we

divided all students into either a high or low GPA and high or low physics GRE score bins, Fig. 3.4.

Based on Fig. 3.3 in terms of admissions probabilities, a low GPA seems to be below a 3.5, while

a high physics GRE score seems to be above 700. However, 700 is a common cutoff score which

could explain why admissions probabilities increase after that score. Because hitting the minimum

score might not catch the admission committee’s eyes, we instead selected a higher score of 880

which represents the 80th percentile (see Appendix D).

From Fig. 3.4, we notice two things. First, among applicants in the low GPA bin, less than
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Figure 3.3: Fraction of applicants admitted by undergraduate GPA and physics GRE score. The
number of students in each bin is also shown. ‘Any‘ corresponds to the corresponding row or
column totals. The bin label corresponds to the upper bound of values in the bin exclusive with the
exception of the 4.0 GPA bin which includes 4.0. Values are colored based on whether they are
above, below, or equal to the overall admissions rate. Admissions rates within 10% of the overall
rate are colored the same as the overall rate. The above and below average colors are based on
being above/below the midpoint between the max/min admission fraction and the overall average.
These are based on raw numbers and not a statistical test.

half (44%) even make it above the typical cutoff score of 700 and less than 10% of those applicants

with low GPAs score 880 or higher. These represent approximately 11% and 2% of all applicants

respectively. Comparing the fraction of admitted applicants in each bin, applicants with high

physics GRE scores and low GPAs are admitted at nearly the same rate as applicants with high

GPA and low physics GRE scores.

Second, we notice that 16% of all applicants score in the high GPA but low physics GRE score

bin. That is, more applicants could be penalized for having a low physics GRE score despite a high

GPA than could benefit from a high physics GRE score despite a low GPA.
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Figure 3.4: A condensed version of Fig. 3.3 showing the fraction of applicants admitted by
undergraduate GPA and physics GRE score.

< 500 600 700 800 900 1000 Any
Binned Physics GRE Score

< 
3.

0
3.

3
3.

7
4.

0
An

y
Bi

nn
ed

 U
nd

er
gr

ad
ua

te
 G

PA

N=7 N=18 N=17 N=6 N=8 N=3 0.10 
 N=59

N=2 N=32 N=55 N=40 N=27 N=5 0.11 
 N=161

N=3 N=63 N=133 N=156 N=175 N=77 0.19 
 N=607

N=1 N=27 N=86 N=198 N=336 N=390 0.38 
 N=1038

0.00 
 N=13

0.11 
 N=140

0.14 
 N=291

0.21 
 N=400

0.32 
 N=546

0.45 
 N=475

0.28 
 N=1865

Largest Undergraduate Programs (top 25%)

Below 
Average

Overall 
Average

Above 
Average

Fr
ac

tio
n 

Ad
m

itt
ed

< 500 600 700 800 900 1000 Any
Binned Physics GRE Score

< 
3.

0
3.

3
3.

7
4.

0
An

y
Bi

nn
ed

 U
nd

er
gr

ad
ua

te
 G

PA

N=2 N=7 N=4 N=2 N=4 N=0 0.05 
 N=19

N=6 N=18 N=6 N=10 N=4 N=0 0.11 
 N=44

N=13 N=53 N=46 N=41 N=10 N=6 0.10 
 N=169

N=2 N=36 N=66 N=81 N=82 N=34 0.28 
 N=301

0.04 
 N=23

0.09 
 N=114

0.16 
 N=122

0.23 
 N=134

0.33 
 N=100

0.33 
 N=40

0.20 
 N=533

Smaller Undergraduate Programs (bottom 75%)

Below 
Average

Overall 
Average

Above 
Average

Fr
ac

tio
n 

Ad
m

itt
ed

Figure 3.5: Fraction of applicants admitted by undergraduate GPA and physics GRE score and split
by large or small undergraduate university
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Figure 3.6: Fraction of applicants admitted by undergraduate GPA and physics GRE score and split
by selective or non-selective undergraduate university.

Table 3.3: Distribution of applicants scoring in each Physics GRE range by size of institution. ETS
only publishes overall score distributions and hence, we cannot report national scores from only
domestic students.

Score Large
Schools

Small
Schools

Selective
Schools

Non-selective
Schools National

[400,500) 0.7% 4.3% 0.8% 2.1% 9%
[500,600) 7.5% 21.4% 5.9% 17.7% 19%
[600,700) 15.6% 22.9% 14.2% 23.3% 20%
[700,800) 21.5% 25.1% 22.1% 23.0% 19%
[800,900) 29.3% 18.8% 29.7% 23.1% 16%
[900,990] 25.5% 7.5% 27.3% 10.7% 17%

When taking the size of the applicant’s undergraduate program into account, (large or small),

using either the highest or lowest quartile of bachelor’s graduates over the two year period did

not substantially change the results. Therefore, we only present results from the highest quartile

reached, which are shown in Fig. 3.5. Due to the much smaller number of applicants per bin, we

reduce the number of GPA and physics GRE bins. We use bins of 3.0 or less, which corresponds

to a B or lower, 3.0 to up 3.3, a B+, 3.3 up to 3.7, an A-, and 3.7 up to 4, an A under the standard

4.0 scale.

Overall, by looking at the bin in the ‘Any’ row and ‘Any’ column of Fig. 3.5 and Fig. 3.6,

we see that applicants from the largest undergraduate programs are nearly 40% more likely to be
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Figure 3.7: Fraction of applicants admitted by undergraduate GPA and physics GRE score and split
by the applicant’s gender.
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Figure 3.8: Fraction of applicants admitted by undergraduate GPA and physics GRE score and split
by the applicant’s race.
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admitted (0.28 to 0.20) while applicants from selective institutions are nearly 70%more likely to be

admitted (0.31 to 0.18). Looking at the individual admission fractions, there does not appear to be

any advantage to applicants graduating from smaller institutions or less selective institutions. The

physics GRE scores and GPAs where applicants are admitted at higher than average rates are nearly

the same for large and small programs and selective and non-selective programs. Unsurprisingly,

these tend to be higher physics GRE scores and higher GPAs. Outside of a few bins with a small

number of applicants, no combination of lowGPA (B+ or less) and high physics GRE score resulted

in an above average admission fraction.

For the highest physics GRE scores, 900 and above, applicants from the largest or most selective

universities seem to be admitted at a higher rate and a higher fraction of applicants from large or

selective universities achieve these high scores compared to applicants from smaller universities.

The fraction of applicants from both large universities, small universities, selective universities,

and non-selective universities, as well as nationally, achieving each score is shown in Table 3.3.

Thus, it appears that even if higher scores did help applicants stand out, applicants from smaller

and less selective schools most in need of standing out are less likely to achieve those scores in the

first place.

Finally, the results from grouping by gender and race are shown in Fig. 3.7 and Fig. 3.8.

Interestingly, we find that for most physics GRE scores, women are admitted at higher rates than

men of equal score are. Likewise, we find that Black, Latinx, Multi-racial, and Native applicants

are admitted at higher or similar rates as white or Asian applicants are for similar physics GRE

scores. In addition, the same trend seems to hold for GPA as well. However, a high physics GRE

score does not seem to help women with a low GPA. For B/L/M/N applicants, there appears to be

a few places where applicants may stand out (such as the 800 physics GRE bin and 3.3 GPA bin).

If these applicants were standing out due to their physics GRE score though, we would expect that

pattern to continue for higher physics GRE scores but the same GPA. This does not appear to be

the case, suggesting these applicants stood out for a reason other than their physics GRE scores.

We address this in our discussion.

47



Figure 3.9: Visual representation of the bootstrapped coefficients in eqs. (3.1) to (3.3). We do find
evidence of the physics GRE score mediating the relationship between GPA and admission status.

Because these applicants may have stood out for reasons other than their physics GRE score,

we do not discuss any interactions between gender and race and selectivity and institution size. For

completeness, plots showing these interactions are included in the supplementary material.

3.4.2 Mediation and moderation results

3.4.2.1 Physics GRE and GPA

A visual representation of our mediation results with the physics GRE score and GPA is shown in

Fig. 3.9. We find that all coefficients are statistically different from zero.

From Fig. 3.9, we see that an applicant’s physics GRE score and GPA have about the same

effect on whether the applicant is admitted. Given that applicants who had either a high physics

GRE score or a high GPA had about the same chance of being admitted, this is not a surprising

result.

Second, we find that the indirect effect is not zero, meaning that there is partial mediation. That

is, whether an applicant is admitted depends on their physics GRE score and their GPA. In terms of

the amount of mediation, we find that the indirect effect accounts for nearly 30% of the total effect.

Finally, doing moderation analysis, we find that 1′1 = 0.024 (−0.114, 0.154). As zero is

included in the confidence interval, we do not find evidence that GPA moderates the relationship

48



Figure 3.10: Visual representation of the bootstrapped coefficients in eqs. (3.5) to (3.7). We do
find evidence of the physics GRE score mediating selectivity and admissions status but do not find
evidence of GPA mediating selectivity and admissions status. We do not find evidence of a serial
mediating relationship. Statistically significant coefficients are in bold.

Figure 3.11: Visual representation of the bootstrapped coefficients in eqs. (3.5) to (3.7). We do
find evidence of the physics GRE score mediating institution size and admission status but do not
find evidence of GPA mediating institution size and admissions status. We do not find evidence of
a serial mediating relationship. Statistically significant coefficients are in bold.

between an applicant’s physics GRE score and whether they are admitted. That is, the relationship

between an applicant’s physics GRE score and whether they are admitted is not influenced by their

GPA.
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3.4.2.2 Institutional features

A visual depiction of our results is shown in Fig. 3.10 and Fig. 3.11. We find that the applicant’s

physics GRE score partially mediates the relationship between the selectivity of their undergraduate

institution and whether they were admitted and fully mediates the relationship between their

institution’s size and whether they were admitted. The fractions of mediation due to the indirect

effects from the physics GRE score were 0212
|0111 |+|0212 |+|010312 |+|2′ | = 0.25 and 0.533 respectively.

In contrast, the applicant’s GPA was not found to be a significant mediator in either case

(zero was contained in the indirect effects’ 95% confidence intervals), meaning that GPA is not a

reason that there are differences in admission based on the applicant’s undergraduate institution.

Additionally, no serial mediation was observed for either case.

When looking at the results of the moderation analysis when the physics GRE is the me-

diating variable, we find that neither 1′2 value is statistically different from zero (1′2,B4;42C8E8CH =

0.136 (−0.141, 0.411) and 1′2,B8I4 = 0.080 (−0.204, 0.361)), meaning that the relationship be-

tween the physics GRE score and admission is the same regardless of the type of institution the

applicant attended.

Likewise, we do not find evidence of moderation when GPA is the mediation variable. In those

cases, 1′1,B4;42C8E8CH = 0.052 (−0.314, 0.394) and 1′1,B8I4 = −0.143 (−0.630, 0.267).

3.4.2.3 Demographic features

Our results are shown visually in Fig. 3.12 and Fig. 3.13. Because we chose woman to be “1”

and B/L/M/N to be “1” in our logistic regression equation, some of the coefficients are negative.

For example, the negative 0 coefficient for gender and physics GRE score means that women score

lower on the physics GRE than men do. Because the sign depends on our choice of which category

should be “1” and are in that sense arbitrary, we use the absolute values of 2′ and 0818 to calculate

the fraction of mediation.

We find that the applicant’s physics GRE score partially mediates the relationship between

gender and admission but not race and admission, meaning that gender affects admission in part
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because it affect physics GRE scores, which affect admission. The fraction of mediation for gender

and admission due to the physics GRE score is 0212
|0111 |+|0212 |+|010312 |+|2′ | = 0.246

For GPA, we find the opposite. GPA partially mediates the relationship between race and

admission but not gender and admission. The fraction of mediation for race and admission due to

GPA is 0111
|0111 |+|0212 |+|010312 |+|2′ | = 0.299.

Likewise, we find a serial mediation effect for race and admission but not gender and admission.

That is, admission is affected by race both because admission is related to GPA which is related to

race and because admission is related to the physics GRE score which is related to GPA which is

related to race.

When investigating whether any moderation effects exist, we do not find that to be the case.

That is, we find that none of the interaction coefficients are statistically different from zero and

hence, physics GRE scores and GPAs do not have a differential effect on admission based on the

applicant’s gender or race. Specifically,

• 1′2,?�'�,64=34A = 0.154 (−0.154, 0.462),

• 1′1,�%�,64=34A = 0.209 (−0.103, 0.538),

• 1′2,?�'�,A024 = −0.007 (−0.309, 0.314),

• 1′1,�%�,A024 = −0.236 (−0.586, 0.143).

All results and interpretations from the mediation and moderation analyses are summarized in

Table 3.4.

3.5 Discussion

Here, we address each of our research questions and possible limitations or confounding factors.

3.5.1 Research Questions

How does an applicant’s physics GRE score and undergraduate GPA affect their probability of

admission? We find that scoring highly on the physics GRE and having a high GPA results in the
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Figure 3.12: Visual representation of the bootstrapped coefficients in eqs. (3.5) to (3.7). We do find
evidence of the physics GRE score mediating gender and admission status but do not find evidence
of GPA mediating gender and admission status. We do not find evidence of a serial mediating
relationship. Statistically significant coefficients are in bold.

Figure 3.13: Visual representation of the bootstrapped coefficients in eqs. (3.5) to (3.7). We do
find evidence of GPA mediating race and admission status and a serial mediation effect but do not
find evidence of the physics GRE mediating race and admission status. Statistically significant
coefficients are in bold.
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Table 3.4: Summary of the mediating and moderation results. * signifies partial mediation is
present, ** signifies full mediation is present, † signifies moderation is present. However no
moderation effects were found.

Independent Mediating Indirect effect Moderating effect
GPA Physics GRE 0.223* 0.024
Selectivity Physics GRE 0.188* 0.136
Selectivity GPA 0.019 0.052
Selectivity Serial 0.006 NA
Institution size Physics GRE 0.300** 0.080
Institution size GPA -0.015 -0.143
Institution size Serial -0.004 NA
Gender Physics GRE -0.540* 0.154
Gender GPA -0.022 0.209
Gender Serial -0.018 NA
Race Physics GRE -0.049 -0.007
Race GPA -0.285* -0.236
Race Serial -0.110* NA

highest chance of admission (Fig. 3.4). Likewise, having a low physics GRE score and low GPA

results in the lowest chance of admission. If either the applicant’s physics GRE score or GPA is

high while the other is not, the chance of admission is approximately equal, regardless of which

one is high.

However, the number of applicants with high GPAs but low physics GRE scores is 9 times

as large as applicants with low GPAs and high physics GRE scores (i.e., scoring above the 80th

percentile; Fig. 3.4). Even if we consider meeting the minimum cutoff score as a high physics

GRE score, the number of applicants who have high GPAs but low physics GRE scores is 1.5 times

greater than the number of applicants with low GPAs but high physics GRE scores. Thus, many

more high GPA applicants could be penalized by the physics GRE than low GPA applicants could

stand out or benefit from a high physics GRE score.

Finally, we note that for low-GPA applicants with high physics GRE scores, they are all

essentially admitted at the same rate, regardless of whether they scored in the 700-870 range or the

880-990 range. If these applicants were standing out, we would expect low GPA applicants scoring

above 880 to be admitted at a much higher rate than low GPA applicants scoring between 700 and

870. Thus, it is hard to determine if these applicants actually stood out to the committee or if they

53



simply met the minimum physics GRE score needed for the committee to review the rest of the

application.

How are these probabilities of admission affected by an applicant’s undergraduate institution,

gender, and race? First, we find that for most physics GRE scores, applicants from larger and

smaller institutions are admitted at similar rates (Fig. 3.5). However, for the highest scores (above

900), applicants from larger universities are admitted at higher rates. Interestingly, for applicants

from smaller programs, scoring above 900 does not appear to provide any additional benefit in

terms of the fraction of applicants admitted compared to scoring between 800 and 900.

In contrast, applicants from less selective institutions are less likely to be admitted than ap-

plicants from more selective institutions for all physics GRE scores above the common cutoff

score (Fig. 3.6). That is, the physics GRE does not seem to counteract any potential biases from

admissions committees toward applicants from less selective institutions.

Overall, attending a large or selective institution and scoring highly on the physics GRE does

result in a higher chance of admission than scoring highly on the physics GRE and attending a

smaller or less selective institution.

It is important to note that there might be selection bias in our data because test-takers with

high scores from smaller universities might not choose to apply to these schools. However, this

seems unlikely because 1) these programs are highly regarded and hence, these would not be

“safety schools” to high scoring applicants (as indicated by many high scoring applicants from

large programs applying here) 2) while there is research suggesting students with low physics GRE

scores might view their scores as barriers to applying [49], to our knowledge, there is no evidence

that students with high scores do not apply to physics graduate programs. Given that students with

low test scores might not apply, it is expected that our data is not representative of test-takers on

the lower end of scores (as shown in Table 3.3).

When looking at the demographic variables, we find that women are admitted at higher rates

than men with similar scores (Fig. 3.7) and B/L/M/N applicants are also admitted at higher rates

than white or Asian applicants (Fig. 3.8). As prior work has shown [105], women and B/L/M/N
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test-takers tend to score lower than white men on the physics GRE and hence, scoring highly could

cause these applicants to stand out to admissions committees.

How might the above relationships be accounted for through mediating and moderating rela-

tionships? Our mediation and moderation analysis further supports the results found through the

probability of admissions procedure.

We find that the physics GRE score andGPA have similar regression coefficients whenmodeling

admission, suggesting they have similar effects (Fig. 3.9) and that there is a mediation effect. In

addition, we did not find any evidence of moderation. That means the relationship between GPA

and admission is not different due to the applicant’s physics GRE score. If a high physics GRE

score did help a low-GPA applicant stand out, we would expect to see a moderation effect.

Combining the results of probability of admission analysis and the mediating and moderation

analysis, we find that there is mediation but no moderation between an applicant’s physics GRE

score and their GPA when it comes to admission probability. In practice then, an applicant with a

low GPA cannot simply overcome that low GPA by scoring highly on the physics GRE.

When we performed mediation analysis on the institutional factors, we found that the relation

between institutional selectivity and admission was partially mediated by the applicant’s physics

GRE score and the relation between institutional size and admission was fully mediated by the

applicant’s physics GRE score (Fig. 3.10 and Fig. 3.11). Neither of these relationships was

mediated by the applicant’s GPA or mediated serially however.

The results of the mediation analysis show that physics GRE scores seem to explain some of the

differences in admission probability based on the applicant’s undergraduate institution. Therefore

an applicant from a smaller or less selective institution may be able to stand out by scoring highly on

the physics GRE. However, looking at the fraction of applicants admitted by physics GRE scores,

especially the highest scores, suggests that is not what happens in practice.

In terms of gender and race, we do find some mediating relationships, but no moderation

relationships (Fig. 3.12 and Fig. 3.13). We find that the physics GRE partially mediates the

relationship between gender and admission. We also find GPA and GPA plus the physics GRE score
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partially mediates the relationship between race and admission. That is, some of the differences

in admission rates between men and women can be explained by the differences in their physics

GRE scores and some of the differences in admission rates between B/L/M/N applicants and non-

B/L/M/N applicants can be explained by differences in their GPAs or physics GRE scores and

GPAs.

These results then suggest that a female or B/L/M/N applicant may be able to stand out by doing

well on the physics GRE. In practice, the probability of admission results do suggest that women

and B/L/M/N applicants are admitted at higher rates than their male, white, or Asian peers are.

However, as the five programs studied here were interested in increasing their diversity, our data

does not allow us to disentangle “standing out” from highlighting. Therefore, our results should

be interpreted with caution regarding any claims that the physics GRE may help applicants from

groups underrepresented in physics stand out.

It should also be noted that women and B/L/M/N applicants are less likely to reach these higher

scores than their male, white, and Asian peers. In our data, 75% of men and 72% of white or Asian

applicants scored above 700 compared to 45% of women and 57% of B/L/M/N applicants. Thus,

even if the physics GRE does allow these applicants to stand out, any potential benefit must be

weighed against known scoring discrepancies.

Finally, it could be argued that even though we did not show that the physics GRE helps these

applicants “stand out”, doing well on the test could still provide some benefit for them in the

admissions process. We would agree with that argument not because of any properties of the test

but because of the structure of graduate admissions in physics. In theory, any part of the application

could be weighted highly and therefore, doing well on that part would provide some benefit.

Given that prior work has established that the physics GRE is weighted highly [46, 47, 51, 75],

we would expect that good performance on the test would provide some benefit to applicants.

Our goal, however, was not to determine whether a high physics GRE score benefits applicants

in any capacity. Instead, our goal was to determine whether a high physics GRE score offers a

disproportional benefit that would justify using it in graduate admissions given the disproportional
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harms the physics GRE can cause, which we were unable to show in practice.

3.5.2 Limitations and Researcher Decisions

Data Biases. As previously noted, applicants with lower physics GRE test scores may be less likely

to apply, resulting in an over-representation of high scoring applicants. In addition, the programs

in this study are well-regarded programs and there is likely a secondary bias toward applicants

with high GPAs and high physics GRE scores applying overall. As a result, the results may not

generalize to graduate programs whose applicants tend to have lower GPAs or low physics GRE

scores.

In addition, it is possible that an applicant could be represented multiple times in the data set,

as an applicant could have applied to more than one of the five universities in this study. However,

each applicant applies to each program independently and thus, we can treat them as separate events

for the admissions probabilities. On the other hand, results based on distributions such as Table 3.3

and Fig. B.1 and Fig. B.2 would be affected by the duplicates.

To see if possible duplicates affected our results, we compared the distributions with andwithout

possible duplicates. We assumed an application represented the same applicant and hence was a

duplicate if two records had the same physics, verbal, written, and quantitative GRE scores, GPA,

undergraduate university, and demographic features as the chance of all of these matching for a

nonduplicate seems exceedingly low.

When we compare the distributions both with and without possible duplicates, Kolmogorov-

Smirnov tests [135] suggest the distributions are not significantly different. Therefore, because we

cannot actually determine which applicants are duplicates and excluding possible duplicates does

not change our results, we did not remove possible duplicates.

Our choice of low GPA and high physics GRE. While percentiles are available for the physics

GRE, a “high score” is left to interpretation. Even among admissions committees, individual

members may have different ideas of what a high score is. In our work, we have taken the common

cutoff score of 700 as the minimum possible high score [52]. Even around this minimum score, the
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Figure 3.14: A revised version of Fig. 3.4 showing the fraction of applicants admitted by under-
graduate GPA and physics GRE score when the cutoff score for a high physics GRE score is 670.
Here, the number of applicants who could benefit from a high physics GRE score is approximately
equal to the number of applicants who could be penalized by a low physics GRE score.

number of applicants with low GPAs who could benefit from scoring highly on the physics GRE is

less than the number of high GPA applicants who could be penalized by having a score below the

cutoff.

We find that the number of low GPA applicants who could benefit from a high physics GRE

score is greater than the number of high GPA applicants who could be penalized by a low score

when the high score cutoff is less than or equal to 670, which is lower than the typical cutoff score

and is around the 43rd percentile (Fig. 3.14). Assuming a high score should be at least above the

50th percentile, our specific choice of a high score does not affect our result that more applicants

could be penalized than could benefit.

The previous argument is also affected by what we consider a high GPA. We have chosen any

GPAs less than 3.5 to be low based on the results shown in Fig. 3.3 where applicants with GPAs

at or above 3.5 are nearly twice as likely to be admitted as applicants with GPAs below 3.5. If we

were to pick a lower threshold, there would be even fewer applicants in the low GPA-high physics

GRE score group and more applicants in the high GPA-low physics GRE score group, meaning
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Figure 3.15: A revised version of Fig. 3.4 showing the fraction of applicants admitted by under-
graduate GPA and physics GRE score when the cutoff score for a high undergraduate GPA is 3.4.

even more applicants would possibly be penalized rather than standout. Using a GPA cutoff of 3.4

instead of 3.5, the ratio of applicants who could be penalized compared to stand out changes from

the original 9:1 to nearly 19:1 (Fig. 3.15).

If we instead picked a higher GPA such as 3.6, there would be more applicants who could

potentially benefit, but even then, the number of applicants who could benefit is only greater than

the number of applicants who could be penalized around a physics GRE score of 730, which is not

a high physics GRE score (approximately 54th percentile) and does not significantly change our

results (Fig. 3.16). If we were to pick an even higher GPA cutoff, we could be hard-pressed to

justify why anything other than an ‘A’ GPA is considered a low GPA, especially because admissions

committees seem to group applicants with GPAs between 3.5 and 3.6 more closely with applicants

with GPAs between 3.7 and 3.8 than applicants with GPAs between 3.4 and 3.5 (based on the

fraction of applicants admitted).

Based on our data and the fact that some universities use 3.5 as the only separation between

3.0 and 4.0, using 3.5 seems to represent the best option for separating high and low GPA students.

Using any other choice either strengthens our claims or seems unrealistic to use as a cutoff.
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Figure 3.16: A revised version of Fig. 3.4 showing the fraction of applicants admitted by under-
graduate GPA and physics GRE score when the cutoff score for a high undergraduate GPA is 3.6.
Here, the number of applicants who could benefit from a high physics GRE score is approximately
equal to the number of applicants who could be penalized by a low physics GRE score.

Our choice of non-selective school. We choose to follow a modified version of Chetty et al.’s

groupings of programs [131]. However, many large, state universities have a Barron’s Selective

Index of 3 and fall in Chetty et al.’s fourth group. For our analysis, we would have included these

large, state institutions as part of the less selective programs. As we are concerned with whether

the physics GRE helps applicants stand out, saying applicants from large, state universities (for

example, the University of Colorado-Boulder, the University of Washington, and Michigan State

University) may fall in the traditionally missed category may not be correct.

We reran the analysis with these large, state institutions as part of what we called the most

selective programs. We find that the conclusions are then more aligned with the large vs small

program results. Using this grouping, applicants from less selective programs are admitted at

similar rates to applicants from more selective programs for most physics GRE scores. However,

applicants from more selective institutions with physics GRE scores above 900 are still more likely

to be admitted than applicants from less selective institutions with similar physics GRE scores.

In terms of the mediating and moderation analysis, our results would be strengthened under this
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choice. While the physics GRE score would no longer mediate the relationship between selectivity

and admission status, it would moderate the relationship (1′2 = 0.311 (0.015, 0.612)). This positive

moderation means that the physics GRE score has a greater effect on admission status for applicants

from more selective programs. In terms of standing out arguments, the positive moderation result

means that doing well on the physics GRE would provide more of a benefit to applicants from

more selective universities and not to applicants from smaller programs who are the intended

beneficiaries of the “standing out” argument.

Thus, even though the details change, the overall conclusion are not weakened by changing our

groupings. In fact, changing the groupings may strengthen our conclusions instead.

Our choice of a “small” school. We chose small schools to be any university not in the top

quartile of yearly bachelor’s degrees awarded. We acknowledge that using quartiles is an arbitrary

decision. However, when we used halves instead of quartiles to divide large and small schools, our

results were unchanged, both in terms of the probability of admission analysis and the mediation

and moderation analysis. Using the bottom quartile as small schools and all other programs as

large schools would not have yielded insightful results as less than 2% of applicants would have

attended a small school under this choice.

Of the possible physics specific measures, the number of bachelor’s degrees seems most ap-

propriate because programs with more graduates are more likely to be known by admissions

committees simply because there are more students to apply from those programs. For example,

the programs in the top quartile by number of bachelor’s graduates produce nearly two-thirds of all

physics bachelor’s graduates [128,129]. In addition, we assume that programs with strong physics

reputations attract more students and hence, produce more graduates. While this is likely to be

more true at the graduate level, not all physics programs offer graduate degrees and hence, using

the number of PhDs awarded would not be useful. Thus, we believe the number of bachelor’s

graduates serves as a rough proxy for physics reputation.
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3.6 Future Work

While the five universities included in this study were interested in increasing their diversity and

reducing inequities in their programs, their admissions processes still resembled the traditional

metrics-based admissions model. Recently, many programs, including the ones studied here, have

begun to employ holistic admissions, which looks at the overall application, taking into account

non-cognitive competencies and contextualizes the accomplishments of the applicant in terms

of the opportunities that were available to them [136, 137]. Often these holistic admissions use

rubrics to weight the various components of each applicant (e.g. see [138, 139]). Evidence from

biomedical science graduate programs suggests that the GRE can even be included in holistic

admissions without reproducing its known gender and racial biases [140]. Furthermore, their

two-tiered approach to holistic admissions did not significantly increase the workload of admission

committee members. These findings could persuade faculty reluctant to remove the GRE due to

its ease and supposed ability to measure some innate quality to try holistic admissions. Whether

these results would hold for decentralized admissions as is typical in physics and for the physics

GRE though are still open questions.

Our future work will then examine how our results may be affected when a department uses

holistic admissions. In theory, we should no longer see the discrepancies between admitted

applicants from large and small programs and more selective and less selective universities. In

addition, the sample rubric developed by the Inclusive Graduate Education Network (as shown

in [138]) suggests ranking applicants by high, medium, or low on each part of their applicant.

Therefore, we would expect to see a flatter distribution of admission fractions based on physics

GRE scores because, for example, all scores within the ‘high’ range should be treated equally in

the admissions process. Our future work will determine if this is indeed the case.

3.7 Conclusion and Implications

Our work suggests that, in practice, scoring highly on the physics GRE does not help applicants

from small or less selective schools or applicants with a lowGPA “stand out”. Indeed, having a high
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physics GRE and low GPA is no better than having a low physics GRE score and high GPA in terms

of the fraction of applicants admitted. Similarly, for average physics GRE scores, the selectivity

or size of the applicant’s institution does not offer any advantage. For the highest scores though,

attending a smaller or less selective institution does appear to result in an admissions penalty.

We also find that women and B/L/M/N applicants do have higher rates of admission based on

physics GRE scores. However, given that the departments included in this study were actively

trying to improve the diversity of their graduate student population [54], we are unable to attribute

that standing out to the physics GRE.

While ETS’s claim that the physics GRE can help applicants stand out from other applicants

may be true in theory, we do not find evidence to support that claim in practice. In fact, our results

suggest the opposite: the physics GRE may penalize applicants due to a low score rather than help

applicants due to a high score.

As Small points out, facts and data do not unambiguously prescribe a course of action [118]

and as others have noted, making such courses of action require a framework of assumptions and

commitments [141]. Thus, we do not make a specific recommendation regarding whether the

physics GRE should be kept or removed as a result of our work because the answer to that question

depends on the priorities of the department. However, if departments are using the physics GRE

to identify applicants who might be missed by other metrics to achieve their admissions priorities,

we suggest against this practice as it does not appear to be backed by evidence.
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CHAPTER 4

RUBRIC-BASED ADMISSIONS: A NEW APPROACH TO GRADUATE ADMISSIONS
IN PHYSICS

This chapter is being drafted as a journal article. The working manuscript version includes K.

Tollefson as the second author, Remco G. T. Zegers as the third author and Marcos D. Caballero

as the fourth author. Following the Contributor Roles Taxonomy (CRediT) [76], my roles for this

project include conceptualization, formal analysis, methodology, software, validation, visualization,

and writing the original draft.

4.1 Introduction

Female and Black, Latinx, and Indigenous scholars have been and are underrepresented at all levels

of physics. The percentage of physics degrees awarded to women has stagnated at around 20% [142]

while the percentage of physics degrees awarded to Black, Latinx, and Indigenous students has

remained less than 10% despite these students making up a larger portion of the college population

than in the past [143]. While there are numerous possibilities to address the systematic inequities

these scholars face at all levels of academia that limit their participation [144–150], this paper will

focus on graduate admissions. Specifically, if we treat graduate admissions as a four stage process

similar to how O’Meara et al. treats faculty hiring as a four-stage process [151], this paper focuses

on the “evaluating candidates” and “short lists and final decisions” stages of the process.

While physics departments may be interested in increasing their diversity, the dominant pro-

cesses of evaluating applicants for graduate school do not support such aims. Prior work has found

that diversity considerations are often secondary when evaluating applicants and are discussed after

many diverse candidates have already been cut from the applicant pool [54, 152]. Therefore, in-

creasing diversity and equity during the admissions process requires rethinking the process physics

departments use to evaluate applicants.

One promising approach to rethinking the admissions process is holistic review, where a broad
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range of candidate qualities are considered [137]. In physics, the use of rubric-based review to

facilitate such holistic reviews has been gaining traction through the Inclusive Graduate Education

Network [153]. Under this approach, applicants are rated on both traditional metrics such as GPA

and test scores as well as noncognitive skills such as showing initiative and displaying perseverance

according to a predefined rubric. Such an approach is claimed to ensure that each applicant is treated

fairly and biases by reviewers are checked [154], and hence, it could make graduate admissions

more equitable.

To our knowledge, however, few studies have examined how these rubrics work in practice and

whether they fulfill such aims. Therefore, the goal of this paper is to empirically examine those

claims in the context on our department’s graduate program. Specifically, our paper addresses three

questions related to rubric-based review in our department:

1. How do faculty assign rubric scores to applicants and how do those differ between admitted

and rejected applicants?

2. How do the scores assigned by faculty differ by applicant’s sex?

3. How do the scores assigned by faculty differ by the type of institution the applicant attended?

As Scherr et al. concluded in their study of graduate admissions practices in physics, many

departments are unaware of what other departments do and hence, they might be willing to change

their practices if they become aware of successful practices in use elsewhere [48]. Therefore, a

secondary goal of this paper is to describe alternative admissions practices in physics and how

departments may apply these alternative practices to their own admissions processes.

The rest of the paper is organized as follows. In Sec. 4.2, we provide an overview of holistic

review, rubric-based review, and evidence from other fields about their potential for success. In

Sec. 4.3, we describe how our department transitioned to rubric-based review, how we collected

data relevant to evaluating our admissions process, and how we analyzed such data. In Sec. 4.4, we

share results that suggest our rubric does support equitable admissions practices and in Sec. 4.5,

we contextualize our results and examine how our choices as researchers may affect the results. In
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Sec. 4.6 and Sec. 4.7 we examine the limitations of this study and suggest directions for future

work. Finally, in Sec. 4.8, we provide recommendations for departments interested in adopting

rubric-based review.

4.2 Background

4.2.1 A typical admissions process in physics

When applying to a physics graduate program in theUnited States, an applicant will typically submit

their undergraduate transcripts, general and physics GRE scores, multiple statements addressing

their background, prior preparation, and research interests, and letters of recommendation. A group

of physics faculty, the admissions committee, then reviews the applications and offers admission to

some of the applicants.

Historically, there have been twomain approaches for admitting students: emphasizing research

or emphasizing grades [45]. More recent work however has tended to find that programs, including

the one studied in this paper, emphasize grades and test scores over research, both in terms of what

faculty say they do [47, 51] and what faculty actually do [46, 75].

Yet, numerous potential equity issues emerge when admissions is focused around test scores

and grades. First, there is evidence that GRE scores vary based on gender and race [52,105] and the

type of undergraduate university the test-taker attends [69]. When combined with the practice of

using cutoff scores, which Potvin et al. estimate at least 1 in 3 departments do despite the creators of

the GRE and physics GRE recommending against it [47], applicants from underrepresented groups

in physics may be more likely to not make the first cut.

Second, the tests themselves can be a financial burden for students [49]. The cost to take the

General GRE is currently $205 in most parts of the world (and up to $255 in some regions) [1] and

the cost to the take the physics GRE is $150 [155]. In addition, if the applicant applies to more

than 4 programs, they must pay $27 per school to send their scores. As Owens et al. notes, some

students also need to travel to a testing center, which may incur travel or lodging costs [55].

Third, grades vary by applicants’ demographics and the type of university they attended.
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Whitcomb and Singh found that wealthier, continuing-generation, white students earned higher

grades and that even the most privileged racially-underrepresented students in physics earned lower

grades than the least privileged white students [156]. Additionally, grades are not standardized

measures across universities, with students at private universities tending to earn slightly higher

grades than their peers at public universities [157].

Further, evidence has not necessarily supported these metrics as useful predictors of who will

earn their PhD. For example, Miller et al. found that while grade point averages were useful to some

degree for predicting completion, the physics GRE had limited use [52]. More recent evidence

suggests that the physics GRE and undergraduate grade point average only have a relation to PhD

completion because they are related to graduate grade point average, which is then related to PhD

completion [56].

Given known issueswith test scores andGPA,why do programs continue to emphasize themover

the qualitative parts of the application. Perhaps the simplest answer is that comparing numbers is

quick and convenient [46]. A more nuanced answer might be that qualitative parts of an application

can contain substantial variability in what is addressed and these parts of an application can have

their own inequities (see. Woo et al. for an overview [158]).

One possible conclusion is then that all application materials have inequities, after all they are

produced in an inequitable society, so what is the point of changing anything. We instead adopt

a pragmatic view that some parts of the admissions process are more inequitable than others and,

therefore, our goal is to develop methods to minimize or eliminate inequities to the best of our

ability in an inequitable society.

4.2.2 Holistic Review

One possible approach to addressing inequities in the admissions process is holistic review, which

Kent and McCarthy define as “the consideration of a broad range of candidate qualities including

‘noncognitive’ or personal attributes” [137]. Here, we will use holistic review to refer to the

general process regardless of what tools or systems are used to conduct it. When talking about our

67



department’s rubric-based process or similar processes, we will use rubric-based holistic review.

While the idea of holistic admissions is hardly new, its implementation is becoming more

common due to both greater awareness that quantitative measures may not accurately predict

success in graduate school [159–161] and institutions wanting to use the most predictive measures

of success in their programs [137]. In addition, professional societies such as the American

Astronomical Society (AAS) have called for programs to implement “evidence-based, systematic,

holistic approaches” to graduate admissions [138].

Using holistic review has also been claimed to lead to beneficial outcomes for universities

including increasing diversity and improving student outcomes (see [137]), though most of these

studies have happened outside of physics and related fields. For example, Hawkins found that using

holistic review increased diversity in a Doctor of Physical Therapy program [162] and in a literature

review of predominantly medicine-related fields, Francis et al. found that holistic review generally

increased racial and ethnic diversity [163]. For STEM fields, Wilson et al. found that using holistic

review in a biomedical science program resulted in applicant assessments that were independent

of gender, race, and citizenship status [140] and Pacheco et al. found that using a composite

score that included GPA, test scores, research experience, and publications was correlated with

earning a university fellowship and a shorter completion time while applicant’s test scores and

GPAs individually were not [164].

While holistic review shows promise, programs may have concerns about implementing it. For

example, common concerns include limited faculty time to review applications, a lack of data

correlating admissions criteria and student success, and limited resources to implement it [137].

In addition, there may be concerns that because the decisions can be more subjective than using a

quantitative measure like a test score, there may be variability based on who reviews the application.

However, a study of holistic admissions at the undergraduate level found that only 3% of reviews

showed substantial variability in the overall score between reviewers [165], suggesting that in

practice variability in the overall rating between reviewers is limited.
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4.2.2.1 Noncognitive skills

Regardless of the specifics of a holistic review process, most approaches include some examination

of the applicant’s noncognitive skills, which may also be referred to as soft skills, personality traits,

character traits or socio-emotional skills depending on the discipline or context [166]. While there

are multiple definitions of these (see [167]) we adopt Roberts’ definition that noncognitive skills or

personality traits are “the relatively enduring patterns of thoughts, feelings, and behaviors that reflect

the tendency to respond in certain ways under certain circumstances” [167]. Often these have been

operationalized as the Big Five, which are openness to experience, conscientiousness, extroversion,

agreeableness, and neuroticism [166, 168], though other categorizations exist. For example, in

higher education admissions, Sedlacek proposed eight noncognitive traits, which he defines as

things notmeasured by standardized tests: positive self-concept, realistic self-appraisal, understands

and knows how to handle racism (the system), prefers long-range to short-term or immediate needs,

availability of strong support person, successful leadership experience, demonstrated community

service, and knowledge acquired in or about a field [169].

In terms of their utility, noncognitive skills have been found to be predictive or correlated

with academic success, though these studies have happened outside of the context of physics. At

the undergraduate level, noncognitive skills in isolation and in concert with test scores have been

found to be more predictive of success and graduation than test scores alone [170–172]. Likewise,

at the graduate and professional levels, noncognitive skills have been found to be correlated

with GPA and class rank [173, 174], clinical performance [175], and overall success in programs

[176, 177] but were not found to be associated with doing well on a licensing exam [178]. Of

the individual noncognitive skills, conscientiousness has been found to be most strongly and

consistently associated with academic success [179].

In addition to their benefits related to academic success, noncognitve skills can be useful for

promoting equity in admissions. For example, including noncognitive skills can increase diversity

without harming validity [180, 181] as noncognitive measures have been shown to be just as valid

for majoritized and minoritized groups [180,182,183]. While including noncognitive skills as part
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of admissions may seem like a hard ask of faculty, many faculty already acknowledge the usefulness

of noncognitive skills in graduate school [180], including in physics [53].

Yet, a pressing concern is how to measure such noncognitive skills accurately. While applicant

self-reports or recommender ratings are typical approaches, such methods may result in inflated or

skewed ratings [180]. A recent study suggests that even sharing descriptions of noncognitive skills

and why they are useful for predicting later success can artificially inflate judgements [184]. Thus,

how best to measure such skills is still an active area of inquiry [185].

4.2.2.2 Rubric-Based Review

One promising approach to implementing holistic review is rubric-based review. Under this

approach, applicants are evaluated based on a set of pre-defined criteria. By pre-selecting criteria,

what is required for admission is clear to reviewers and provides a structure to assess all applicants

[46,154]. This explicitness has been shown to enhance both validity and reliability [158,186,187].

In addition, rubrics can help make the admissions process more equitable [46]. By explicitly

laying out the review criteria and what is required to achieve each level of the rubric, all applicants

can be judged fairly and individual reviewer’s expectations can be mitigated [183]. From research

into other areas of academic hiring, we know that gender and racial biases exist in the hiring

process, including in physics [188, 189]. Specifically in graduate admissions, faculty, including

astronomy and physics faculty, have been documented showing preferences to applicants with

similar backgrounds as themselves or within the same research subfield of their discipline [46].

Thus, rubrics offer a possible route to counter those biases. Indeed, a recent study in admissions

for a psychiatry residency program found that using rubric-based holistic review led to more

underrepresented applicants receiving an offer to interview compared to the traditional approach

[190] while a recent study of grade-school writing found that teachers rated writing attributed to a

Black author lower than when it was attributed to a white author but did not find the effect when

the teachers were instructed to use a clearly defined rubric [191].

As rubric-based approaches to admission are still relatively new, best practices are still in
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development. Yet, a few recommendations do exist [154]. First, criteria should be selected before

reviewing any applications with individual programs deciding what qualities are critical for success

in their program [138]. Second, rubrics should be coarse-grained in that there are fewer possible

scores for each construct such as low, medium, or high instead of 1-10 to limit disagreements over

scores [183]. Third, each level of the rubric should be clearly defined so that a reviewer can easily

determine which score an applicant should get on each construct. These levels should be picked so

that each possible score will be received by many applicants [154]. Finally, these criteria and levels

should allow for diverse forms of excellence to be counted as achievements so that applicants with

non-traditional markers of excellence are not excluded [192]. For example, assessing an applicant’s

research abilities should go beyond their number of publications or number of years working in a

research lab and could instead focus on what the applicant accomplished in the lab or what skills

they have.

While rubric-based approaches have received little research in physics, they have been success-

fully incorporated into larger physics graduate program initiatives. Two of the most well-known

initiatives are the Fisk-Vanderbilt program, which graduates one of the largest classes of Black PhD

physicists in the nation [193], and the APS Bridge Program, which has successfully admitted and

retained graduate students of color at rates higher than the national average [143]. Even though

rubrics in admission were one of many changes made, these programs suggest that rubric-based

review has promise.

For a more in depth review about equitable admissions practices in STEM doctoral programs,

we refer the reader to Roberts et al. [194]

4.3 Methods

4.3.1 Our Rubric and Applicant Evaluation Process

In 2018, the Department of Physics and Astronomy at Michigan State University introduced a

rubric-based approach to evaluate applications to the graduate program in physics, informed by the

Council of Graduate Schools’ 2016 report on Holistic Review in Graduate Admissions [137]. The
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main goal was to improve the identification of strong candidates for the program and to make the

selection more equitable, thereby increasing the participation of students from underrepresented

groups in the department. In preparation for the introduction of the rubric, Casey Miller and Julie

Posselt, the Inclusive Practice HubDirector and Research HubDirector, respectively of the National

Science Foundation supported Inclusive Graduate Education Network [153], led a workshop with

faculty who served at that time in the Graduate Recruiting Committee. This workshop resulted in

a selection of five rubric categories, which each had several sub categories. Applicants are ranked

with a score of either 0, 1, or 2, corresponding to low, medium, or high, for each subcategory, based

on defined criteria for each score (see Appendix E). The subcategory scores are then averaged per

category and category scores summed (with weights as given below) to calculate the overall score.

The categories, with subcategories in parenthesis, are:

• Academic Preparation, with a weight of 25% (Physics coursework, math coursework, other

coursework, and academic recognition and honors)

• Research, with a weight of 25% (Variety and duration, quality of work, technical skills, and

research disposition)

• Non-cognitive competencies, with a weight of 25% (Achievement orientation, conscientious-

ness, initiative, and perseverance)

• Fit with program, with a weight of 15% (Fit with research programs of the department, fit

to research programs of specific faculty, (prior) commitment to participation in the depart-

ment/school community, and advocacy for and/or contributions to a diverse, equitable, and

inclusive physics community

• GRE scores, with a weight of 10% (General GRE scores, and Physics GRE scores)1

The choice of these categories and subcategories was based on the discussions in the workshop

and advice from the workshop leaders, and included considerations based on experiences during
1This category was not used in 2021, and will not be used in 2022 due to the impacts of COVID-19 on students’

ability to take these tests.
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previous recruiting cycles. Another consideration for the choice of the categories is a reasonably

close alignment with criteria used at MSU for awarding fellowship packages to students. Therefore,

the rubric scoring can also be used for selecting nominations for university fellowships. This is

important because fellowship nominations are due shortly after the application deadline (January

1).

Applications for the graduate program are submitted to MSU’s central application system. All

folders with a complete or near-complete application package are reviewed. The applications are

divided up into several groups, which each are reviewed by different members of the graduate

recruiting committee. This committee has a rotating membership with representation from faculty

in all major research directions present in the department. Committee members are instructed about

the use of the rubric and provided with the criteria. As part of the review process, they also sort

students by their interest in research area(s). The results from the rubric scoring are compiled by

the Graduate Program Director. Students whose folders are near complete, but have a ranking for

which an offer is not impossible, are contacted and ask to provide the missing information. If that

additional information is provided, the rubric scoring is updated.

Subsequently, the spreadsheet is used by committee representatives from each major research

area in the department to make a list of students they would like to make an offer to for a position in

that specific research area. The number of students who are made an offer to depends on openings

available per research area, the number of teaching assistant slots available, and the historical

acceptance rates for each research area. Typically, the process results in a list of offers that will be

made and a wait list for additional offers that can be made if recruiting targets are not met in the

initial round of offers. In this stage of the recruiting process, the match to available positions is

revisited as committee members from specific research areas are better aware than general faculty

members about the recruiting needs for that year. In spite of the instruction and criteria provided to

reviewers, the scoring is still somewhat subject to differences in reviewing styles and interpretation

of the criteria. This is, for example, apparent in the comparison of average summed scores per

reviewer. Therefore, this second stage of the review process also allows for another comparison of
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application based on the rubric by a few faculty members in each research area. Because of these

reasons, the list of students whom an offer will be made to, or who are put on a wait list, quite

closely follows the original rubric scoring but modifications do occur.

The whole process is organized and overseen by the Graduate Program Director with support

from the Graduate Program Secretary. The Graduate Program Director also serves as the point of

contact for questions about the use and interpretation of the rubric, reviews applications of likely

candidates, and leads the selection of nominations for fellowships.

The overall response from facultywho served in the recruiting committee and used the rubric has

been positive, as it provides clear guidance for the review process and reduces the impact of different

reviewing styles and biases to what are the most important skills applicants to a physics graduate

program should have. On average, the time spent by individual committee members on reviewing

the folders has not increased. Faculty reviewers have provided feedback that it would be better if

applicants are first sorted by research area so that the review is done by several faculty from the

relevant research areas in the first step. Given the large number of applications and the limitations

of the current software used to manage applications, this could not easily be accomplished in the

past. MSU is implementing new software for managing and reviewing applications, which will

make presorting of applications by research area possible, leading to a considerable increase in the

efficiency of the process.

4.3.2 Participants and Data Collection

Data for this study comes from compiled records from applicants to our physics graduate program

for fall 2018, 2019, and 2020. Most admissions decisions for fall 2020 had already been made

before coronavirus accommodations took effect, suggesting at most minimal effects on our data.

When applying to the university, applicants submit a general university application, transcripts,

test scores, a personal statement, an academic or research statement, and letters of recommendation

to a central system. As the current admissions system does not allow for records to be compiled

across applicants, two researchers manually extracted relevant information for this study. The
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researchers independently extracted data from the first 20 applications and then compared results to

ensure they were interpreting the applications the same and agreeing on any conventions for report-

ing the data. Afterwards, the researchers independently went through the rest of the applications.

Through this process, the researchers collected the applicant’s demographics, grade point average,

GRE scores, degrees earned or in progress, and previous institutions attended. Any information

missing from the applications or entered into the application on a non-standard scale (e.g. a GPA

on a non 4.0 scale or a GRE score outside of the current scoring range) was treated as missing data

for the analysis.

As rubric scores are determined by faculty and are not part of the materials applicants submit,

aggregated scores were then matched with individual applicants using the applicant IDs. Through

this process, we collected data on 826 applicants, 511 of which were domestic applicants.

4.3.3 Analysis

Because of different application requirements and availability of institutional data for international

and domestic students, we only include domestic students in our study. In addition, we only include

applications sufficiently complete that faculty were able to rate and were included in the Graduate

Program Director compiled records, leaving us with 321 domestic applicants for this study.

For our analysis, we were interested in how faculty rate applicants and hence, we computed the

fraction of applicants in each level (low, medium, and high) of the rubric. In some cases (<5%),

faculty used a rating that was in between levels (e.g. low-medium). Because of this, we performed

all subsequent analyses by first rounding up (so low-medium would become medium) and then

repeating the analysis by rounding down.

First, we computed the fraction of applicants in each level of the rubric for all applicants, all

admitted applicants, and all non-admitted applicants.

Second, we compared applicants based on demographics by comparing the fraction of applicants

in each bin of the rubric. While gender would be more appropriate, the application system only

asks applicants about their sex and allows them to choose male or female. Thus we were only able
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to compare faculty ratings of males and females. We acknowledge that females is not the correct

term to use but as being female does not automatically imply being a woman, we do not believe it

is appropriate to assume that someone marking female as their sex is necessarily a woman.

In terms of race, the application system does not allow applicants to enter their race or ethnicity,

so we are unable to compare applicants of different races.

Finally, we compared applicants from different undergraduate backgrounds because prior work

suggests the applicant’s background may influence faculty’s perceptions of them. For example,

faculty may prefer applicants with similar backgrounds as themselves [46] and may interpret grade

point averages in the context of the applicant’s undergraduate program, with high GPAs from more

prestigious universities carrying more “weight” than a high GPA from a lesser known school [117].

In addition, graduate admissions in physics have been characterized as “risk-adverse” where faculty

prefer to admit applicants who are likely to complete their program rather than take chances on

someone who might not [46, 48]. As students from smaller program may be viewed as higher risk

if previous students from that program struggled [117], it is possible faculty may be less likely to

admit students from smaller undergraduate schools.

To characterize an applicant’s undergraduate background, we used two measures. First, we

used Barron’s value, which is a measure of an institution’s selectivity based on incoming students’

SAT scores, GPA and class rank, and overall acceptance rates. While not equivalent to prestigious,

we treat selectivity as a proxy for prestige based on that assumption that most selective institutions

are also prestigious institutions. For our analysis, we defined institutions with Barron’s values of

“most competitive” or “highly competitive” as selective and all other institutions as not selective.

Second, we used the number of bachelor’s degrees awarded by the physics department at the

applicant’s undergraduate institution to estimate the size and notoriety of the department, with the

assumption that a department that grants more degrees is more likely to be known by an admissions

committee member. Due to variability in yearly degrees, we used the median number of degrees

over the 2016-2017, 2017-2018, and 2018-2019 academic years as the number of bachelor’s degree

awarded [3, 128, 129]. We then defined any program that was in the top quartile of physics
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bachelor’s degrees awarded during that period as a large program and all other programs as smaller

programs. For reference, the programs we classified as large produced nearly two-thirds of all

physics bachelors degrees over the period.

To perform the comparisons in all cases, we used Fisher’s Exact Test to examine whether the

rubric score was associated with any of the metrics of interest (admission status, sex, institution

selectivity, institution size). We used the standard choice of U = 0.05 to judge claims of statistical

significance. Because we did 18 comparisons for each metric of interest, it is likely that there

would be at least one false positive. Therefore, we used the Holm-Bonferroni procedure to correct

the p-values for multiple comparisons as it is less conservative than the traditional Bonferroni

correction while maintaining statistical power [195].

For cases of missing data, we used pairwise deletion so that we could make the most use of

the data we had. While Nissen et al recommends using multiple imputations for missing data in

physics education research studies [71], the goal of this paper is to understand what faculty did as

opposed to estimate a larger trend or predict an outcome. Therefore, we do not believe that using

multiple imputations is aligned with the goal of this paper. The percent of missing data per rubric

metric is shown in Table 4.1.

4.4 Results

The results are largely unchanged based on whether we rounded up or rounded down when a faculty

member gave a rating in-between levels of the rubric so we present only the round up results here.

When we examine the faculty’s rating of all applicants in Fig. 4.1, we notice two overarching

trends. First, for traditional measures of academic success such as grades and test scores, faculty

tend to rate applicants using all three levels of the rubric. For the academic preparation constructs on

the rubric, “high” is themost common rating given by faculty. However in terms ofmath and physics

course grades, around 25% of applicants still scored in the low bin. Of the academic preparation

constructs, academic honors follows a different structure than the others where faculty ratings are

bi-modal, meaning that applicants either had no academic honors or had multiple academic honors.
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Table 4.1: Percent of Missing Data by Rubric Construct

Rubric Construct Percent Missing
Physics Coursework 20.0
Math Coursework 20.2
All Other Coursework 20.2
Academic Honors 22.1
Variety/Duration of Research 3.4
Quality of work 4.4
Technical Skills 4.1
Research Dispositions 4.7
Achievement Orientation 4.4
Conscientiousness 4.4
Initiative 4.0
Perseverance 4.4
Alignment of Research 7.2
Alignment with Faculty 32.1
Community Contributions 4.0
Diversity contributions 3.4
General GRE Scores 2.2
Physics GRE Score 2.5

Second, for the research, noncognitive, and fit constructs, faculty rarely used the “low” level

of the rubric, with only three of the twelve constructs in those categories having more than 10%

of applicants earning a “low.” For research, the most common rating was “high” while for the

noncognitive traits, the most common rating varied between “high” and “medium.” In terms of the

fit constructs, most applicants were rated as either “medium” or “high” for alignment of research,

alignment with faculty, and community contributions. In contrast, for the diversity contributions

construct, “low” was the most common rating, meaning that many applicants did not discuss how

they promote or advocate for diversity in their applications.

When looking at how faculty rate applicants whowould later be admitted compared to applicants

whowould not be admitted, we see statistically significant differences in the distribution of all ratings

(Fig. 4.2). Overall, admitted applicants tended to be rated “high” on each construct while non-

admitted applicants tended to be rated “medium” on each construct. There were a few exceptions to

the general trend however. For academic honors, diversity contributions, and physics GRE scores,

most admitted students were not rated as “high” and 25% of applicants received a “low” score while
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Figure 4.1: Faculty ratings of domestic applicants on 18 constructs. In the plot, a larger, darker
circle means that more applicants are in that bin. While many applicants are in each level of the
academic preparation and test score constructs, few applicants are in the “low” bin of the research,
noncognitive skills, and program fit constructs.

for all other course work, variety/duration of research, and general GRE scores, most non-admitted

applicants were rated as high.

When looking at the ratings broken down by sex (Fig. 4.3), we notice that the results tend

to follow the overall patterns of all three ratings on academic success and test scores and mainly

“medium” and “high” ratings on research, noncognitive skills, and fit with the program for both

males and females. Comparing ratings between males and females, we find that only physics

GRE score, community contributions, and diversity contributions showed statistically significant

differences. While males tended to score higher on the physics GRE score, females tended to
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Figure 4.2: Faculty ratings of domestic applicants on 18 constructs split by whether the applicant
was admitted. The distribution of ratings of all constructs is statistically different for admitted
applicants compared to non-admitted applicants. Overall, most admitted applicants were rated
“high” while most non-admitted applicants were rated “medium.”
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Figure 4.3: Faculty ratings of domestic applicants on 18 constructs split bywhether the applicantwas
male or female. Only three of the constructs showed differences betweenmales and females: physics
GRE score where males scored higher and community contributions and diversity contributions
where females scored higher.
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Figure 4.4: Faculty ratings of domestic applicants on 18 constructs split by whether the applicant
attended a more selective or less selective undergraduate university. Only the general GRE and
physics GRE scores showed differences.
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Figure 4.5: Faculty ratings of domestic applicants on 18 constructs split by whether the applicant
attended a university with a larger or smaller physics program. Only the physics GRE score and
conscientiousness showed differences between the groups of applicants, with the latter dependent
on how larger physics program is defined.
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score higher on community contributions and diversity contributions. As we elaborate on in the

discussion, differences in these three constructs do not necessarily mean that faculty are rating

males and females differently but instead may be documenting inequities that already exist.

Likewise, when looking at the ratings broken down by the selectivity of the university where

the applicant earned their bachelor’s degree (Fig. 4.4 ) or the size of the department where they

earned their bachelor’s degree (Fig. 4.5), we may also be observing existing inequities reflected in

the faculty ratings. For example, applicants from more selective universities only had statistically

higher ratings than applicants from less selective universities on the general GRE and physics GRE

scores. Similarly applicants from larger programs had statistically higher ratings on the physics

GRE score than applicants from smaller programs did. However, applicants from larger program

were also rated higher on conscientiousness than applicants from smaller programs, though this

result is sensitive to how we define a large program.

While we could consider interactions between admission status and sex, institutional selectivity,

or physics program size, we did not do so given the small sample sizes. For completeness, however,

we include those plots in Appendix F

4.5 Discussion

How do faculty assign rubric scores to applicants and how do those differ between admitted and

rejected applicants? For academic achievement and test scores, faculty tended to use all three

levels of the rubric when assigning scores to applicants. In contrast, faculty tended to use mainly

“medium” and “high” when assigning scores to applicants in the research, noncognitive skills, and

program fit categories. We argue that this result is more of a reflection of the rubric than it is of

how faculty are using the rubric.

Given that grades and test scores arewell defined via transcripts and test scores, rubric constructs

measuring these tended to use quantitative measures to determine which score the applicant would

receive. That is, a high score or high grades would correspond to a “high” rating while a low

score or low grades would correspond to a “low” rating. Additionally, as the courses required for
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a physics degree tend to be similar regardless of the specific program, most applicants will have

taken the courses mentioned in the rubric and hence, faculty can rank applicants based on those

grades.

In contrast, the research, noncognitive skills, and fit with department are less defined and instead

depend onwhat applicants write in their statements andwhat information letters of recommendation

contain. This means that not all constructs on the rubric may necessarily be addressed. For

example, if an applicant takes quantum mechanics it will certainly appear on their transcript but if

that applicant was also active in departmental service activities, it may not be reflected in any parts

of the application. As a result, the rubric needs to take into account that applicants may not display

a trait because either they do not exhibit it or because they did not mention it (the instructions for the

applicant’s statements ask them to address multiple topics that map onto various rubric constructs).

Any display of the trait could then not fall into the “low” level of the rubric, which would then

explain why faculty tended to use only the “medium” and “high” ratings.

A reasonable follow up is then whether combining “no evidence” with “evidence not presented”

as a single level on the rubric represents an issue with the rubric. We argue that it does not, as it

provides the best option given the data faculty have available. Applicants are asked to discuss certain

topics in their statements that map broadly onto the rubric constructs but that does not necessarily

mean they will. While interviews could be useful in separating “no evidence” cases from “evidence

not presented” cases, we worry these would increase admissions committee members’ work load.

In terms of comparing admitted and non-admitted applicants, all 18 rubric constructs showed

statistically significant differences. Given the goal of the rubric is to aid faculty in determining

who to admit, we would expect the rubric to show such differences. That all rubric constructs show

differences suggests all parts of the rubric are useful for determining who to admit.

How do the scores assigned by faculty differ by applicant’s sex? We found only three constructs

on the rubric that showed sex differences: physics GRE score, community contributions, and

diversity contributions. Given known scoring gaps on the physics GRE [52], it is not surprising

that males are rated more highly than females on the physics GRE score. Given that females
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perform larger amounts of service work in academia [196], it is also not unexpected that constructs

measuring these would show a difference between sexes. Because the constructs that show sex

differences are related to effects documented in the literature, we believe that the rubric is reflecting

inequities that already exist rather than creating additional ones. Therefore, we conclude that the

rubric is not providing an advantage to male or female applicants.

Additionally, the constructs of the rubric that do not show differences between sexes also align

with what we would expect based on the literature. The result that physics and math GPA did

not differ by sex aligns with the findings of [156] and the result that noncognitive skills did not

differ by sex aligns with the general finding that noncognitive skills do not appear to depend on

demographics [180,183].

How do the scores assigned by faculty differ by the type of institution the applicant attended?

When we compared applicants based on whether their undergraduate institution was a more or less

selective institution, we found that the only constructs that showed differences were the general GRE

and physics GRE scores. This result aligns with the results of our previous work investigating the

physics GRE scores by undergraduate institution type [69, 197]. We note that if we instead define

more-selective universities to include large state universities, such as Michigan State University,

University of Colorado, Boulder, and University of Washington, our results are unchanged. This

redefinition is equivalent to considering Barron’s values of 1-3 as more-selective and everything

else as less-selective compared to the definition of more-selective as Barron’s values of 1 and 2 in

the Methods and Results sections.

The interpretation of the results when comparing applicants from larger or smaller physics

departments is less straightforward because the results do depend on how we define “larger” and

“smaller” departments. When we define larger programs as those that ranked in the top quartile

of physics bachelor’s degrees granted as measured by the median number of degrees awarded over

the last three years of available data and rounded up in-between ratings, we find that the physics

GRE score and conscientiousness showed differences between applicants from larger and smaller

programs. However, if we rounded down on in-between ratings instead, only physics GRE score
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showed a difference between applicants from larger and smaller programs.

Furthermore, alternative definitions of “larger programs” also produced varying results. One

could also have reasonably defined “larger” to mean 1) in the top half of physics bachelor’s degrees

granted as measured by the median number of degrees awarded over the last three years, 2) in

the top quartile of physics bachelor’s degrees granted as measured by the total number of degrees

awarded over the last three years, and 3) in the top half of physics bachelor’s degrees granted as

measured by the total number of degrees awarded over the last three years. When we also consider

rounding up or rounding down in-between ratings, we could make various combinations of physics

GRE score, general GRE score, physics coursework, and conscientiousness show a statistically

significant difference. The only rubric construct that always showed a statistically significant

difference regardless of how we defined “larger programs” was the physics GRE score. Therefore,

the results suggest that applicants from larger physics programs score higher on the physics GRE

than applicants from smaller program do, but the results are inconclusive as to whether other areas

of the rubric might show differences based on the size of the physics program the applicant attended.

One area that unexpectedly did not show differences regardless of how we defined “larger

program” was the research section. It is often assumed that students at larger programs have more

opportunities to engage in research than students at smaller programs. Yet, even if that is true, it

does not appear to be reflected in the rubric scores.

4.6 Limitations

Our study has four main limitations. First, our study does not include many disadvantaged groups

in higher education who might not have the same opportunities as their more privileged peers

and hence, may score lower on the rubric. While race is the most obvious due to the way our

university interprets Proposal 2, our study does not include a comparison of low-income applicants

to higher-income applicants or first generation applicants to continuing generation applicants.

Additionally, the size of our study does not allow us to explore intersections and where possible

inequities may lie. As Rudolph et al. note, using small sample sizes with sub-groups has insufficient
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statistical power and could lead to invalid inferences [138]. Hence, we refrained from performing

such analyses in this paper.

Second, our data only contained ratings from the initial reviewer and none of the ratings of later

reviews. As a result, we were unable to look into differences in how individual faculty members use

the rubric. For example, it is possible that one faculty member might systematically rank applicants

lower on the rubric constructs than a different faculty member might. With only a single rating

per application, we are unable to disentangle differences in faculty ratings and differences in the

applicants the faculty members reviewed.

Third, this study included only a single program. Under a more traditional graduate admissions

system, physics has been called a “high consensus” discipline [46], meaning that physics faculty

tend to agree on what a “quality” applicant is and therefore, a single department’s admissions

process would be more or less representative of graduate admissions processes in physics. When

switching to rubric-based admissions, we cannot necessarily make that same claim. As our

rubric was created based on what faculty value, it is not unreasonable to assume that the results

would generalize to other departments that also use rubric-based admissions. However, until such

processes are evaluated at other departments, we cannot make such a claim.

Fourth, as a result of using only one program, the applicants are likely not representative of the

larger population. The data in this study comes from 1) people who applied to our program and

2) applicants who had a nearly complete application. Thus, if we consider those with an interest

in attending physics graduate school as our population, we first selected on those who applied to

graduate school, then selected on those who applied to our program, and finally selected on those

who provided enough information in their applications for faculty to evaluate. At each step, we

are excluding some of the larger population and thus our claims cannot necessarily be expected to

hold for the larger population of potential applicants. For example, anecdotal evidence suggests

minoritized applicants are more likely to not complete their applications thanmajoritized applicants

are.
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4.7 Future Work

As noted in the limitations, our study compared rubric scores of males and females and applicants

from larger or more selective programs with applicants from smaller or less selective programs.

Future work could then explore how rubric-based admissions may impact other historically and

currently underrepresented groups in physics such as Black, Latinx, or Indigenous applicants.

Racism, and specifically anti-Black racism, is still prevalent in physics [198–202] and therefore

might be reflected in rubric-based admissions.

While physics faculty tend to think of diversity mainly in terms of race [46], we acknowledge

that diversity is broader than race and studies of equity around the rubric should also consider

first generation applicants, low-income applicants, disabled applicants, and veterans. Studies

of undergraduate admissions suggest that when extracurriculars and subjective assessments of

character and talent gleaned from essays and recommendations are added to the admissions process,

existing inequalities may increase [203] and these applicants may become further disadvantaged

in the admissions process. Therefore, future work should ensure that rubric-based admissions do

increase equity rather than just use a new tool to perpetuate existing inequities.

Second, future work should examine how the use of rubrics may affect what parts of an

application drive the admissions process. In our prior work, we found that the physics GRE and

grade point average were the main drivers of the admissions process [65]. Given the rubric is

designed to emphasize more than just grades and test scores, we would hope to see these factors

deemphasized under the rubric system. Such a result would suggest that the rubric is fundamentally

changing how faculty are reviewing applicants. We explore whether that is the case in Chapter 5.

Third, future work could examine how rubric-based admissions may change the type of ap-

plicant admitted and student outcomes. Faculty skeptical of holistic admissions may worry that

by deemphasizing grades and test scores, their program is admitting less academically prepared

students. Future work can explore if these fears have any merit. Research at the undergraduate

level on holistic admissions has found that adding noncognitive traits increased graduation rates,

especially among those from disadvantaged backgrounds [204]. At the graduate level, a study of
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a materials science and engineering program found that after changing their admissions to include

noncognitive skills, their incoming students won more university fellowships, though the authors

cautioned they could not attribute the increase in fellowships solely to their changes in admis-

sions [205]. Thus, evidence from outside of physics suggests that these fears may be unfounded,

but we will not know for sure until physics specific studies are conducted.

Additionally, future work can examine noncognitive skills in physics more broadly. Physics

has been characterized as a brilliance-dominated field [59] and hence, it is not surprising that most

studies of success in physics have also focused on cognitive measures such as grades, exam scores,

and standardized test scores. While such studies could be useful at all levels of physics, studies

at the graduate level are especially importance given the limited number of studies exploring their

useful for predicting success in graduate school. [138].

Finally, future work around equity in graduate admissions should investigate who is invited to

apply to graduate school in the first place, what barriers those who do not apply but wish to do so

encounter, and how those barriers may be removed. In previous work, Cochran et al. investigated

what barriers applicants to physics graduate school, via the APSBridge Program, perceived, finding

that GRE scores, lack of research experience, low GPA, program deadlines, and application costs

were common concerns [49]. Unless we also work to make the application process more equitable,

making the evaluation process more equitable will not result in large-scale changes in equity at the

graduate level.

4.8 Recommendations for Departments

The results of this study suggest a general recommendation to implement rubrics in physics graduate

school admissions. Rubrics can aid reviewing applications by standardizing the process and limiting

bias and using rubrics does not appear to increase the time to review applications.

Of course, simply using a rubric will not result in changes unless it is implemented well. We

therefore propose three more specific recommendations.

First, we recommend that admissions committees have multiple members review each appli-
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cation. For a well-constructed rubric, there should be limited uncertainty as to what rating an

applicant will receive. However, for constructs that are more subjective in nature, faculty may have

differing opinions about what counts as achieving each level. For example, for the quality of work

construct on our rubric, what counts as “making significant contributions to the project” might

vary based on the reviewer. Therefore, having multiple reviewers can reduce potential bias when

reviewing applications.

Second, following the call of others [194, 206, 207], we recommend that members of the

admissions committee should be of diverse backgrounds and representative of the applicant pool.

To accomplish that, departments might also consider adding non-tenure stream faculty, post-docs,

and current graduate students to their admissions committees, providing appropriate recognition

and compensation as necessary. Prior work has shown that faculty may prefer to admit applicants

like themselves [46] and therefore, a representative admissions committee is needed to ensure that

minoritized applicants are given equal consideration.

Finally, we recommend that departments conduct regular self-studies of their graduate admis-

sions processes and share the results. While Rudolph et al. have previously called for departments

to conduct self-studies of their admissions process [138], we believe it is equally important to share

the results of those self-studies so that the physics community can know what is and what is not

working. This collective knowledge of what is working and what is not working can then be used

by all to improve graduate admissions in physics for everyone.

For the sharing of results to be impactful however, the results must be easy to access and easy

to understand. While individual departments could post their results on their websites, we believe

doing so adds an extra layer of complexity and makes the results harder to access. Instead, we

advocate for a centralized system to be created so that departments can easily report their data in

a standardized way and practitioners can easily see and compare results across programs. Such a

system could be maintained by professional societies such the American Physical Society or the

American Institute of Physics, or other organizations. A system like this has been designed for

research-based assessments [208], but to our knowledge, there exists no such system for graduate
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admissions.

However, when conducting such self-study of what is working well and what is not working

well, it is important to consider the question of “working well for whom?”. As Razack et al. note,

“working well” depends on one’s social positioning [192] and therefore, a change that works well

for applicants of one background may not be working for applicants of a different background. By

considering the “for whom?”, the physics community can ensure that changes made are for the

benefit of all rather than as new methods to continue the existing exclusionary practices in graduate

admissions.

4.9 Conclusion

In this paper, we demonstrated that rubric-based admissions are a promising avenue for increasing

equity in graduate admissions. We showed that faculty ratings of applicant’s grades, research

experiences, and noncognitive abilities do not differ based on the applicant’s sex or undergraduate

background. The differences we did observe in faculty ratings could be explained as observing

known systematic issues in physics regarding test scores and service work expectations.

Based on the results of this study, we recommend that departments use rubric-based holistic

review for their graduate admissions process. Multiple people should review each application and

those people should be representative of the applicant pool to limit any bias in the review process.

Finally, departments should engage in self-study to see how their graduate admissions process

is working and share those results so that the physics community can collectively learn what is

working and what is not working in making graduate admissions more equitable.
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CHAPTER 5

A “NEW APPROACH” OR THE SAME APPROACH IN NEW PACKAGING?

This chapter is being drafted as a journal article. The working manuscript version includes Marcos

D. Caballero as the second author. Following the Contributor Roles Taxonomy (CRediT) [76], my

roles for this project include conceptualization, formal analysis, methodology, software, validation,

visualization, and writing the original draft.

5.1 Introduction

Physics departments are increasingly interested in making graduate admissions more equitable

and rubric-based holistic review has been gaining traction as a possible route to do so. Unlike the

traditional approach that emphasizes test scores and grades (see Chapter 2), rubric-based admissions

extend the criteria of interest to include noncognitive competencies, fit with the department and

research accomplishments. In theory, all applicants are evaluated on the same set of explicit criteria

so the process should be more fair and there should be less bias [183].

In Chapter 4, we introduced our department’s approach to rubric-based admissions. The results

suggest that our rubric is equitable among men and women and with respect to applicants from

smaller or selective schools. However, just because the rubric is more equitable does not mean that

it made our admissions process more equitable or even changed the factors that drive our admission

process. That is, the rubric might just be a new tool to do the same process.

The goal of this chapter is then to go beyond comparing rubric scores for different applicants and

instead, consider the admissions process as a whole. Specifically, we ask: how did the introduction

of the rubric change our program’s admissions process? To operationalize that question, we ask

two research questions:

1. How do admissions models before and after the implementation of the rubric differ in terms

of predictive ability andmeaningful features when our models are based on the data contained
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in applications?

2. How does using the data produced by faculty when rating applicants using the rubric affect

our ability to create admissions models?

To answer these questions, we compare admissionsmodels of the current process using data from

both faculty ratings and the applications to the models we generated in Chapter 2 of the program’s

initial process. From Fig 2.3, we notice that there are cases where applicants have similar physics

GRE scores and GPA, yet one applicant is accepted while the other is not. Given that cases such as

these might add additional challenges to modeling the data, removing such applicants might allow

us to better characterize the general trends in the data. We therefore consider a new approach that

detects similar applicants with different admissions outcomes and removes them from the data set:

Tomek Links [209]. We then ask a third research question:

3. How does using Tomek Links affect our ability to model the admissions data, both before

and after the implementation of the rubric?

5.2 Background

While admissions committees use common criteria for initially judging applicants, deliberations

of borderline applicants under the traditional process might come down to subtle distinctions that

were not used for other applicants [46]. Thinking in terms of a modeling perspective, this means

that some applicants might be assessed according to additional criteria and hence, these borderline

applicants might not be easily classified by a general model of the admissions process. As a

result, including these borderline applicants might cause our model performance to suffer while

excluding these applicants and instead focusing on a more typical applicant could improve model

performance.

Unfortunately, whether an applicant is a borderline applicant is not included in faculty ratings of

applicants and hence, we do not know who is a borderline applicant. To determine who might be a

borderline applicant, let us assume there is a predictive model of a graduate admissions process that
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perfectly separates those who are admitted and those who are not admitted in some =-dimensional

application space. We could then say that those applicants who are near the =-dimensional boundary

that separates the admitted applicants and not admitted applicants are borderline applicants. To

differentiate borderline applicants in the admissions process from borderline applicants in the

modeling process, we will refer to the latter as boundary applicants. Such a definition of boundary

applicants is similar to Hoens and Chawla’s definition of borderline cases in classification, which

are cases where a small change in the features would cause the classification boundary to shift [210].

However, such an approach assumes that those who are admitted and not admitted can be

cleanly split in some =-dimensional space and are not intermixed. For a variety of reasons,

an applicant with a stellar application might be rejected or an applicant with a weaker application

might be admitted and hence an admitted applicant might fall on the not-admit side of the separating

boundary or vice versa. While these applicants might not be borderline in the traditional sense, their

admission decision likely would have required deliberation and hence, might have gone through

a similar process as a borderline applicant. We should therefore also consider these applicants as

borderline applicants in the sense of the possibility of hurting our model’s performance. Perhaps

more accurately, we should refer to these applicants as noise applicants following Hoens and

Chawla’s definition of noise cases, which are cases that result from random variation and are not

representative of the underlying pattern [210].

While we have operationalized borderline applicants in terms of amodel as boundary applicants

and noise applicants, we still need a method to determine which applicants these are before

constructing any models. Tomek Links offers one possible method as it is a method of identifying

the boundary or noise cases in the data [209].

To identify the Tomek Links in a data set, the distance between all cases in the data set are

computed. Using the distances, the nearest neighbor of each case is computed. For two cases, e.g.

case 1 and case 2, the cases are Tomek Links if and only if case 1 is the nearest neighbor of case 2,

case 2 is the nearest neighbor of case 1, case 1 and case 2 are of different classes. The only way

for these conditions to be fulfilled is if case 1 and case 2 are boundary cases or if case 1 or case 2
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Figure 5.1: Plot A shows Fig 2.3 with the Tomek Links marked. Filled points represent Tomek
Links. Plot B shows the same plot after the Tomek Links have been removed

is a noise case [210]. Therefore, Tomek Links allows us to identify boundary applicants and noise

applicants in our data. An example of this approach in practice is shown in Fig. 5.1.

While Tomek Links have been successfully used in other contexts (e.g. see [211–213]), these

approaches have tended to use data augmentation in conjunction with Tomek Links. While data

augmentation approaches are valid from a modeling perspective, they might be questionable from

an ethics and policy perspective. For example, altering the data set might lead to a model that is

highly inaccurate of the underlying process [214]. For our data set, using data augmentation is

analogous to creating applicants and thus our conclusions about how our admissions process might

or might not have changed would be based on both real and imaginary applicants. For this reason,

we will not use data augmentation.

As we note in our methods, we do impute our data. Readers may view this as a contradiction

of the previous paragraph but we view data imputation and data augmentation as different. Data

imputation is using the existing data to fill in the missing values. In the case of multiple imputations,

which we use in this study, the filling in happens multiple times in multiple ways so that the results

represent the average result across many possible ways the complete data set might have looked. In
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contrast, data augmentation is using the existing data to create new data rather than fill in “holes”

in the data. More generally, data imputation is estimating the results as if we knew the values of

the missing data while data augmentation is creating new data to simulate a bigger data set.

5.3 Methods

5.3.1 Data

Data for this study comes from applications to our graduate program to enroll in Fall 2014 thorough

Fall 2020. Applicants submitted general and physics GRE scores, transcripts, a personal statement,

a research statement, and letters of recommendation. Starting for the cohort to begin our program

in Fall 2018, the admissions committee used a rubric to rate applicants on 18 criteria. Those scores

are also included in our data. Further details about the data from fall 2014 through fall 2017 are

discussed in Chapter 2 and further details about the data from fall 2018 through fall 2020 and the

rubric are discussed in Chapter 4.

For convention, I will refer to data collected before the implementation of the rubric (fall 2014

- fall 2017) as data set 0 following the convention of using “naught” for initial time in physics and

data collected after the implementation of the rubric (fall 2018 - fall 2020) as data set 1, following

the convention of using “1” to be mean the next time the thing was measured. Furthermore, data

in data set 1 that comes from the applications will be referred to as the data set 1a while data that

comes from the faculty ratings using the rubric will be referred to as data set 1b data. These are

summarized in Table 5.1

5.3.2 Modeling

To model our data, we used the cforest algorithm [92, 96, 100] in R [99]. As in Chapter 2, we

used 70% of our data to train the model, 500 trees to build the forest, and √? of the ? features

to construct each tree. We ran each model 30 times, selecting a new training and test set each

time, and averaged the results over the runs. For each trial, we calculated the training AUC, testing
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Table 5.1: The three models compared in this chapter and the data that went into each

Name Data source and features Where results are
reported

Data Set 0 Information pulled from the applications
before our department implemented a
rubric (2014-2017). Features are shown in
Table 2.1

Section 2.3

Data Set 1a Information pulled from the applications
after our department implemented a
rubric (2018-2020). Uses the same features
as model 1.

Section 5.4.1

Data Set 1b Rubric ratings generated by faculty as they
evaluated applications (2018-2020).
Features are shown in Table 4.1.

Section 5.4.3

AUC, testing accuracy, null accuracy, and the permutation AUC importances. At this stage of the

analysis, missing data was handled using the default cforest procedures [102].

For data sets 0 and 1a, the same features were used as in Table 2.1, with the size of the physics

program factors updated with new data for the post-data models. For data set 1b, all features were

treated as categorical (0, 1, or 2) and as in Chapter 4, any values between a rubric level were

rounded up.

For both data sets 1a and 1b, we also varied our choice of hyperparameters to determine if our

conclusions depended on our modeling choices. As in Chapter 2, we set the training fraction to be

either 0.5, 0.6, 0.7, 0.8, or 0.9, the number of trees in the forest to be 50, 100, 500, 1000, or 5000,

and the number of features used for each tree to be 1, √?, ?/3, ?/2, or ? for a total of 125 possible

combinations. Each model was grown using the same procedure listed above.

To account for correlations among the features, we also calculated the conditional importances

for the both data sets 1a and 1b. We used the MICE algorithm with the default choices [103]

to impute missing data, calculated the conditional importances, and then pooled the results using

Rubin’s Rules [104].

To compute the Tomek Links, we used the TomekClassif function in the UBL package [215].

We first used MICE to impute the data before calculating the Tomek Links using the function
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defaults with the exception of the distance metrics. Following the recommendation of the package’s

documentation, we used the HVDM distance for data sets 0 and 1a because those data sets contain

both categorical and continuous data and we used the Overlap distance for data set 1b because all

features were categorical.

After removing the Tomek Links, we ran each model 30 times and averaged results. Results

were then pooled using Rubin’s Rules.

5.4 Results

5.4.1 Data Set 1a

Across the 30 runs, the average accuracy of our model predicting on the held-out data was 71.4%±

0.6%, the average training AUC was 0.720± 0.004, and the average testing AUC was 0.626± .006.

Our null accuracy was 66.0% which suggests that our model is only doing slightly better than if it

were to predict everyone was not admitted to our program. The low testing AUC also suggests a

poor model.

When looking at the feature importances (Fig. 5.2), we see that the physics GRE score,

undergraduate GPA, quantitative and verbal GRE scores, and proposed research area are near the

top while the institutional features near the bottom. Performing the backward elimination, we find

that physics GRE score, undergraduate GPA, quantitative and verbal GRE scores, and proposed

research area are the meaningful features predictive of admission after the implementation of the

rubric.

We can then plot the ranks of the features so that we can compare them to the ranks of the

features in data set 0. The resulting slopeplot is shown in Fig. 5.3. We notice that the order of

features is largely unchanged for the most predictive features, with only quantitative GRE score

and GPA switching places. The major difference between the features predictive of admission in

datasets 0 and 1a is the number of meaningful features.

When we take correlations among the features into account however, we notice the set of

meaningful features shrinks. As shown in Fig. 5.4, only the applicant’s physics GRE score and
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Figure 5.2: Averaged AUC feature importances over 30 trials. Physics GRE score, undergraduate
GPA, Quantitative GRE score, Verbal GRE score and proposed research area, appearing in orange,
were the factors found to be meaningful and hence predictive of being admitted.

Table 5.2: Minimum, median, and maximum values of the metrics obtained over the 125 hyperpa-
rameter combinations for models built from data set 1a

metric min median max
Train AUC 0.602 0.735 0.749
Test AUC 0.549 0.633 0.676
Test Accuracy 0.679 0.712 0.732
Null Accuracy 0.645 0.661 0.666

proposed research area were found to be predictive of admission. It is also important to note

that the quantitative and verbal GRE scores are ranked lower once correlations are accounted for,

suggesting that their initial importances were inflated.

Given the poor performance of our model, hyperparameter tuning might have improved the

model. While it did to a degree, the testing accuracy was still only a few percentage points
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Figure 5.3: Slopeplot showing the ranks of each feature before the implementation of the rubric
(left) and after the implementation of the rubric (right) using data sets 0 and 1a respectively. Features
toward the top of the plot are more predictive. Features in orange were found to be the meaningful
features needed to predict whether the applicant was admitted in their respective model. Notice
that the ordering of the more predictive features is largely unchanged. Plot adapted from [216].

above the null accuracy and the testing AUC was still below 0.7 (Table 5.2). Thus, even with

hyperparameter tuning, the models of data set 1a were poor.

Finally, to see how the feature ranks varied based on the hyperparameters, we plotted the

occurrence fraction of each rank for each feature (Fig. 5.5). We notice that across the 125

hyperparameter combinations, physics GRE score and GPA are almost always the top two features

followed by quantitative and verbal GRE scores. In addition, none of the institutional features ever

rank in the upper half of the importances. These results are similar to what we found for data set 0

in Chapter 2.
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Figure 5.4: Averaged conditional feature importances over 30 trials. Physics GRE score and
proposed research area, appearing in orange, were the factors found to be meaningful and hence
predictive of being admitted once correlations were accounted for.

5.4.2 Using a True Testing Set

In addition to looking at the feature order to determine if the admissions process changed, we can

compare the performance of the models themselves. If the process didn’t change, then a model

built from data set 0 should perform equally well on a data set 0 testing set as on data set 1 and a

model built from data set 1a should perform equally well on a data set 1a testing set as on data set

0. If the process did change, we would expect better performance on the test data pulled from the

train/test split than the other data set.

When looking at the results, which are shown in Figures 5.6 and 5.7, we see that the latter case

better describes the data. In Figure 5.6A, we see that the data set 0 test AUC is larger than the data

set 1a AUC, and in Figure 5.7A, we see that the data set 0 test accuracy is larger than the data set 0

100



Barron Selectivity

Attended a public institution

Region of UG program

Writing GRE score

Size of UG physics program, bach

Attended a MSI

Size of UG physics program PhD

Highest physics degree offered

Year of applying

Proposed Research Area

Verbal GRE score

Quantitative GRE score

Grade Point Average

Physics GRE Score

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Rank

F
ea

tu
re

0.00

0.25

0.50

0.75

1.00
Fraction of Trials

Figure 5.5: Proportion of the 125 hyperparameter combinations in which each feature had a given
rank for data set 1a. Notice that the plot is mostly diagonal and that physics GRE score and GPA
are almost always the top two features.
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Figure 5.6: Comparison of the testing AUC when A) Data Set 0 is used to train the model and B)
when Data Set 1a is used to train the model. Training refers to the training AUC for the model. All
error bars are 1 standard error. Results were averaged over 30 trials.
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Figure 5.7: Comparison of the testing accuracy when A) Data Set 0 is used to train the model and
B) when Data Set 1a is used to train the model. The null accuracy is shown in cyan with the shorter
in height error bars. All error bars are 1 standard error. Results were averaged over 30 trials.

null accuracy while the data set 1a test accuracy is smaller than the data set 1a null accuracy. These

metrics suggest that the data set 0 model fits data set 0 well but does not fit data set 1a well and

therefore, that the process might have changed.

Looking at Figure 5.6B, we see that none of the metrics are especially good. The test AUCs are

both in the poor range, suggesting that the model built from data set 1a does not fit that well in the

first place. It is then not surprising that the model does not predict data set 0 well. Given that the

initial model did not fit the data well, we cannot use the result to make a claim about whether the

process changed.

5.4.3 Data Set 1b

Given that after the implementation of the rubric applicants are rated on the rubric constructs,

perhaps using the rubrics constructs instead of the application data in a model would lead to better

performance. Yet, that wasn’t the case. We find that the testing AUC was 0.664 ± 0.007 and the

testing accuracy was 0.675 ± 0.007 (null accuracy 0.553 ± 0.006). Given that not all applicants had

sufficiently complete applications to be reviewed by faculty and those with incomplete applications

102



Alignment with Faculty

All Other Coursework

Math Coursework

Community contributions

General GRE Scores

Variety/Duration of Research

Physics Coursework

Diversity contributions

Academic Honors

Initiative

Technical Skills

Research Dispositions

Alignment of Research

Conscientiousness

Perseverance

Achievement Orientation

Quality of work

Physics GRE Score

0.00 0.01 0.02 0.03 0.04 0.05
AUC Mean Importance

F
ea

tu
re

Figure 5.8: Averaged conditional feature importances over 30 trials for the models of data set
1b. Physics GRE score and quality of work, appearing in orange, were the factors found to be
meaningful and hence predictive of being admitted.

tended to be not admitted, the null accuracy is smaller for models of data set 1b than the models of

data set 1a

When we looked at the feature importances, the results showed similarities to the importances

from the models of data set 1a. From Fig 5.8, we notice that physics GRE score is still the

top feature. However, measures of GPA such as physics coursework, math coursework, and all

other coursework tended to be in the lower half of the rankings, alignment of research (the closest

construct to proposed research area) was toward the middle of the rankings, and general GRE scores

was toward the bottom despite GPA, proposed research area, and general GRE scores being top

ranking features under the models of data set 1a.

From the figure, we also notice that measures related to research (quality of work, research
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Figure 5.9: Averaged conditional feature importances over 30 trials for the models of data set 1b.
Physics GRE score and achievement orientation, appearing in orange, were the factors found to be
meaningful and hence predictive of being admitted once correlations were accounted for.

dispositions, and technical skills) are ranked in the upper half as are measures of noncognitive skills

(achievement orientation, perseverance, and conscientiousness) while measures of fit (diversity

contributions, community contributions, and alignment with faculty) are ranked in the bottom half

of features.

When performing the backward elimination, we find that only physics GRE score and quality of

work are selected, suggesting that only these two features are needed to produce similar predictive

performance as using all 18 features.

We then repeated the analysis taking correlations between features into account. The result is

shown in Fig. 5.9. We notice that the top features are similar, though the rank of quality of work

decreased to fourth. Now, physics GRE score and achievement orientation were found to be the
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Table 5.3: Minimum, median, and maximum values of the metrics obtained over the 125 hyperpa-
rameter combinations for the models of data set 1b

metric min median max
Train AUC 0.711 0.767 0.791
Test AUC 0.654 0.669 0.686
Test Accuracy 0.660 0.678 0.696
Null Accuracy 0.559 0.561 0.586
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Figure 5.10: Proportion of the 125 hyperparameter combinations in which each feature had a given
rank for models of data set 1b. Notice that the plot is mostly diagonal and that physics GRE score,
achievement orientation, and quality of work are always the top three features.

meaningful and hence predictive features.

Finally, we performed hyperparameter tuning to determine if we could create a model with

acceptablemetrics. Unfortunately, we could not. Even the best AUC among the 125 hyperparameter

tuning combinations did not exceed 0.7. The full results are shown in Table 5.3.

Looking at the feature ranks, we again see a diagonal pattern toward the upper left of the

plot (Fig. 5.10, suggesting the same few features are selected as the most predictive. Regardless

of our hyperparameter choices, the top three features are the physics GRE score, achievement

orientation, and quality of work. However, the pattern becomes less diagonal toward the bottom

right, suggesting that these features are more or less noise in the model.
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Table 5.4: Metrics when using Tomek Links and MICE for each of the three data sets

Data Set 0 Data Set 1a Data Set 1b
Cases Dropped 11%-14% 15%-18% 12%-17%
Training AUC 0.880 ± 0.004 0.760 ± 0.015 0.779 ± 0.010
Testing AUC 0.809 ± 0.009 0.670 ± 0.015 0.704 ± 0.014

Testing Accuracy 0.806 ± 0.009 0.775 ± 0.012 0.717 ± 0.012
Null Accuracy 0.539 ± 0.006 0.699 ± 0.009 0.575 ± 0.010

5.4.4 Tomek Links

Given the limited ability of the conditional inference forest to model data sets 1a and 1b, we

used Tomek Links to remove boundary cases. As we were removing cases, we did not compute

importances and focused on themodelmetrics instead. The results are shown in Table 5.4. AsMICE

generates new values for each imputation and hence, affects which cases are nearest neighbors, the

percent of cases dropped for each trial varies.

First, we notice that for data set 0, using Tomek Links increased the testing AUC and testing

accuracy by 0.05 over the original model reported in Chapter 2. In fact, the testing AUC is now

about 0.8 which is considered “good” as compared to “fair” for the original model [93].

Likewise, using Tomek Links also results in an approximately 0.05 increase in the testing AUC

and testing accuracy for data set 1a. However, the AUC is still in the poor range and the testing

accuracy is only slightly better than the null accuracy.

For data set 1b, using Tomek Links increases the testing AUC and testing accuracy by approxi-

mately 0.04. This time, the increase to the testing AUC is enough for the model to be classified as

“fair”.

To better understand what Tomek Links were doing in the modeling process, we investigated

how removing the boundary cases affected the decision boundary. In order to plot the results, we

only used the physics GRE score and undergraduate GPA to make a simple model for data sets 0

and 1a. To compute the Tomek Links, we used MICE to create a complete data set first and then

found the Tomek Links. As all the data in data set 1b was categorical, a 2D plot of the decision

boundary would have yielded limited insight and hence, we did not do so. The results of a single
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Figure 5.11: Plot A shows data set 0 with the decision boundary for a model with just the physics
GRE score and undergraduate GPA (Fig 2.3) while plot B shows the data with the Tomek Links
removed and the resulting decision boundary for the 2D model. Plot C shows the overlap of the
admitted regions.

trial are shown in Figures 5.11 and 5.12.

From the figures, we see that removing the Tomek Links does affect the boundary. In the case

of Figure 5.11, we see the area with limited data in the lower right switches to not admitted and in

general, the overfitting is reduced. In addition, the decision boundary matches closer to what we

might expect anecdotally and based on Chapter 3 in that having a higher physics GRE score and

107



Figure 5.12: Plot A shows data set 1a with the decision boundary for a model with just the physics
GRE score and undergraduate GPA. Plot B shows the data with the Tomek Links removed and the
resulting decision boundary for the 2D model. Plot C shows the overlap of the admitted regions.

GPA is more likely to result in admission as opposed to having only one of those being stellar.

Likewise, in Figure 5.12, we again see reduced overfitting in the decision boundary. We also

see that higher physics GRE scores and GPA are predicted to result in admission as was the case

before the implementation of the rubric. However, the threshold for what counts as a high physics

GRE score and GPA seems to be higher after the implementation of the rubric based on the decision
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boundaries.

5.5 Discussion

Here, we first provide answers to our research question and then use those answers to address the

larger question of whether our department’s admissions process changed.

5.5.1 Research Questions

How do admissions models before and after the implementation of the rubric differ in terms of

predictive ability and meaningful features when our models are based on the data contained in

applications?

While we were able to model the data before the implementation of the rubric to an acceptable

degree, we were unable to do so for the data after the implementation of rubric. Even after

hyperparamter tuning, we were unable to achieve a testing accuracy more than a few percentage

points above the null accuracy or a testing AUC above 0.7, suggesting a poor model.

In terms of the meaningful features for data sets 0 and 1a, they were more or less the same. For

data set 0 presented in Chapter 2, we found the applicant’s physics GRE score, quantitative GRE

score, and GPA to be the meaningful features while for data set 1a, we found the physics GRE score,

GPA, quantitative GRE score, verbal GRE score, and proposed research area to be meaningful.

After taking correlations into account only the physics GRE score and proposed research area

were found to be meaningful. However, because conditional inference forests will always return

importance values regardless of how well the model fits, we should interpret the data set 1a results

with a degree of caution.

Furthermore, if the top features were the same before and after the implementation of the rubric,

we would expect a model trained on either data set 0 or data set 1a to work equally well on the

other. Yet, that wasn’t what we found. Instead, we found that the model trained on data set 0 did

not predict data set 1a well while the model trained on data set 1a did not predict either of the data

sets well.
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How does using the data produced by faculty when rating applicants using the rubric affect our

ability to create admissions models?

While using the rubric features does result in increased metrics compared to the traditional

features for the data collected after the implementation of the rubric, the metrics are still outside

of the acceptable range. The testing AUC was still below 0.7 but the testing accuracy was greater

than the null accuracy by a larger amount than the model created from data set 1a. However, that

result may be explained by data set 1b having a less imbalanced outcome.

To see if that was the case, we created a model using the data in data set 1a that corresponded

to the applicants in data set 1b. When we did so, we found that the metrics were comparable, but

the original test data set 1b model slightly outperformed this new model ( 0.02 increase in testing

AUC and accuracy). Thus, while some of the improvement in metrics might be attributable to the

more balanced data set, using the rubric constructs also provided some benefit.

In terms of the features, we noticed some similarities and some differences. For the models of

data set 1b, the physics GRE was still the top feature. However, measures of the GPA and general

GRE scores were ranked in the lower half, suggesting they might not have been as important.

Instead, measures of research ability and experience and noncognitive skills tended to be ranked

towards the top. Again however, we should interpret the data set 1a results with a degree of caution

as the model does not fit the data especially well.

How does using Tomek Links affect our ability to model the admissions data, both before and

after the implementation of the rubric?

Using Tomek Links resulted in improved model performance for all three data sets. For data

set 0, using Tomek Links increased the testing AUC over 0.8, which is considered “good,” and for

data set 1b, using Tomek Links increased the testing AUC over 0.7, which is considered “fair.”

However, while using Tomek Links for data set 1a did improve the testing AUC, it did not do so

enough for the model to be considered acceptable.

When looking at the decision boundaries for data sets 0 and 1a with and without Tomek Links

removed, we found that overfitting appeared to be reduced, suggesting that even if the metrics are
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not largely improved, there still may be benefits from using Tomek Links.

Thus, while the benefits were relatively small, these results suggest that Tomek Links are

a promising technique for modeling PER data, especially for data sets where we expect many

boundary cases or cases that go against the general trend. For example, if we were to predict who

passes an introductory class, Tomek Links might allow us to remove students who earned exam

scores around the minimum passing grade and thus might or might not have passed the course or

anomalous students who did poorly on the midterms but managed to earn a high grade on the final

to pass the class.

5.5.2 Addressing whether our process changed

Looking across the research questions, we can now address whether the introduction of the rubric

changed our department’s admissions process. Overall, the evidence points in the direction of the

process changing.

In terms of evidence for the process changing, we find that the models of data sets 1a and 1b do

not fit the data well. As we were able to fit the data set 0 models to an acceptable degree using the

conditional inference forest algorithm but not the models of data sets 1a or 1b, this result seems to

imply that there must be something different about the data sets. Because data set 0 and data set 1a

used the same features, it is hard to explain why we could model one well but not the other unless

the “true” models of the data were different and hence, the admissions process changed.

In addition, a model trained on data set 0 was better able to predict held-out data from data set

0 compared to data set 1a. If the process hadn’t changed, we would have expected the predictive

performance to be similar.

Finally, using Tomek Links to remove applicants who might have gone against the general trend

resulted in minimal increases in the metrics for the models of data sets 1a and 1b. If the process

did not change, we would expect that removing applicants who might have gone against the overall

trend would have led to a better model because we were able to model the admissions data before

the implementation of the rubric. Yet, that isn’t what happened, suggesting again there must be
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something different about the data collected after the implementation of the rubric.

5.5.3 Limitations affecting our ability to address whether the process changed

Looking at the results, it is possible that someone could instead believe the results suggest the

process did not change. We address those here.

In terms of evidence for the process not changing, our results show that the most predictive

features are similar regardless of which data set we used. When using data set 0, we found that

the physics GRE, quantitative GRE, and GPA were most predictive of admission. Likewise, when

looking at data set 1a, we found that the physics GRE, GPA, quantitative GRE, verbal GRE, and

proposed area of research were most predictive. Using data set 1b showed the most differences

in that the measures of grades and the general GRE scores were in the lower half of the rankings.

However, the physics GRE was still the top ranked feature. Yet, both models of the data after the

implementation of the rubric did not have acceptable testing metrics, suggesting that we should

interpret the feature importance orders with caution. Conditional inference forest models will

always produce feature importances regardless of how well the model fits the data. Because the

metrics to assess fit are relatively poor, we should not trust the conclusion that the most predictive

features are the same.

However, it is possible that the low metrics might be a result of the conditional inference forest

method not being suited for the data we have. Recent work suggests that the conditional inference

forest algorithm does not perform well with missing data [217]. However, when we used MICE to

impute the missing data, the models were still not able to produce testing metrics in the acceptable

range, suggesting that the missing data was not the issue.

In addition, while conditional inference forests were designed to better handle categorical data

than traditional random forests do, there could still be issues with categorical data. For example,

for data set 1b, there are only three possible values for each feature. Therefore, the model can

only split each feature 3 ways, which limits the depth of the trees and the fine tuning of the model.

However, when we used the section total (which could take on any integer between 0 and 8), the
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results did not substantially improve, suggesting that the scale of the data may not be to blame.

Even if the number of categories does not matter, the fact that some of the categorical data

are discretized continuous features (e.g. physics GRE score, physics coursework) could create

problems. Prior work has shown that binning continuous features can lead to a loss of information

and over- or under-estimation of effect sizes [218, 219]. It is possible that such an effect is present

in our data. However, models built from data sets 1a and 1b both found the physics GRE score to

be the top feature even though the physics GRE score was discretized in data set 1b. Because the

model metrics were not great (the testing accuracy was only a few percentage points above the null

accuracy an the testing AUC was less than 0.7), this rebuttal should be treated with caution. On the

other hand, the fact that models of data set 1a where discretization wasn’t an issue still had poor

metrics suggests that it cannot fully explain the models’ low metrics.

It is also possible that the low metrics are not a result of how we handled the data we had, but

rather what data we had. It is possible that committee members were using something not included

in our data to evaluate applicants and if we had that data, our models of data set 1a and 1b would

improve. While such an explanation seems possible for data set 1a, it seems unlikely for data set

1b because members of the department decided what qualities they wanted to evaluate applicants

on and added them to the rubric.

Finally, it is possible that the low metrics might not be caused by the data or the model and

instead, the low metrics could be caused by the admissions process itself. The goal of the rubric

is to rate applicants along multiple dimensions, and hence in a holistic manner. If applicants were

actually assessed holistically, we would expect that the model would not generalize well because

there is no single underlying process. Instead there might be multiple routes an applicant could

take to gain admission and hence, the model might encounter difficulties modeling this process.

The fact that hyperparameter tuning and Tomek Links did not increase the testing metrics to an

acceptable range for models of data set 1a and barely did so for the models of data set 1b supports

such an interpretation. However, claiming the process is more holistic based on these results alone

is premature, especially given the relatively small number of applicants in data set 1b. Instead,
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results from other modeling attempts would either need to show poor predictive ability or show

evidence of multiple routes to admission to support such a claim.

5.6 Future Work

In order to better address the limitations and consider whether our admissions process became most

holistic, future work should examine alternative techniques for analyzing the data.

First, instead of taking a predictive approach in our analysis, we could take an explanatory

approach where we try to understand what inputs may have caused the outcome. Under this

approach, whether a feature is related to the outcome is determined by statistical significance rather

than its predictive ability [62]. Logistic regression is a common example of this technique in PER.

The results of such future work would provide greater insight into why the models did not fit data

sets 1a and 1b well.

Second, to determine if the process is more holistic, future work could analyze the data using

cluster analysis or latent class analysis. While such methods are becoming popular for analyzing

learning environments (e.g. see [220, 221]), to our knowledge, such methods are less common

in studies of graduate admissions processes. To our knowledge, clustering-like techniques have

only been used to understand admissions strategies based on surveys of faculty on admissions

committees [45]. If the process is more holistic, such methods might be able to identify clusters of

applicants who were admitted for similar reasons. For example, some applicants may be admitted

due to stellar academic credentials, others may be admitted due to their research background, while

others may be admitted based on which faculty members are seeking new students. Finding or not

finding such a result would provide greater clarity as to how the process may have changed. To do

so however, would likely require a larger data set, especially if there are a large number of driving

results for why an applicant is admitted.

Finally, future work could take amixedmethods approach by considering qualitative approaches

to investigating how our admissions process might have changed. Such qualitative approaches

could allow us to observe the admissions process itself (similar to the studies Posselt conducted as
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documented in [46]) and understand how faculty are evaluating and discussing applicants in real

time. In addition, a qualitative approach would allow us to avoid many of the modeling limitations

related to the scale of the data and metrics.

Alternatively, future work could directly ask faculty who have served on the admissions com-

mittee both before and after the implementation of the rubric about their perception of the process

at each time. However, we must be careful of faculty’s potential biases when recalling how things

were done in the past (see Muggenburg for an overview [222]). For example, given the greater

emphasis on diversity and equity in higher education now, faculty’s recall may suffer from post-

rationalization [223] where they justify their decisions using reasons that weren’t available at the

time but are consistent with their current self image or social desirability [224] where past events

may be distorted to conform to current attitudes and norms.

5.7 Conclusion

Overall, the results of this initial investigation are suggestive that our admissions process did

change after the implementation of the rubric. We were able to model the data from before the

implementation of the rubric to a sufficient degree but not the data after the implementation of

the rubric. In addition, the model of the admissions process before the implementation of the

rubric does not do well predicting the data collected after the implementation of the rubric and

vice versa, suggesting that the underlying process did change. However, there are still numerous

limitations that need to be addressed before we can make a definitive conclusion, including how

we characterize the data and how we model the data.

Furthermore, the models of the data following the implementation of the rubric performing

poorly suggests that the process might be holistic. In order to make such a conclusion, however, we

would need either evidence in favor of the occurrence holistic admissions or stronger evidence that

the current admissions process is not easily modeled by known techniques. Such evidence could

be obtained through a variety of quantitative or qualitative approaches.

In terms of the modeling approaches, Tomek Links seem like a promising technique for future
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PER studies. While their use was not enough to provide a more conclusive answer to the question

of whether our admissions process changed, their use did provide evidence that the data collected

after the implementation of the rubric may be modelable to an acceptable level, leaving open the

possibility that other methods may be able to model the data and hence, should be explored.

Finally, to truly get a sense of whether admissions processes change after the implementation

of a rubric or merely use a new tool to do the same process, studies such as these need to be

completed in other physics departments. By doing so, we will have a better idea of how rubric-

based admissions might change admissions processes and how well our results generalize to other

programs.
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CHAPTER 6

UNDERSTANDING THE BIASES AND LIMITATIONS OF COMPUTATIONAL
MODELS: A SIMULATION STUDY

This chapter has been submitted to a journal and is currently under review. The working manuscript

version includes Marcos D. Caballero as the second author. Following the Contributor Roles

Taxonomy (CRediT) [76], my roles for this project include conceptualization, formal analysis,

methodology, software, validation, visualization, and writing the original draft.

6.1 Introduction

When working with educational data, we often encounter imbalanced binary input and outcome

features, by which we mean the variable is not equally split into its two categories. For example,

demographics in science, technology, engineering, and mathematics (STEM) are often imbalanced

due to historical and ongoing injustices. While data mining with imbalanced data has been studied

extensively [225], less attention has been paid to the types of imbalanced data that appear in

discipline-based education research (DBER) and educational data mining (EDM) studies.

For example, educational data sets might consist of a single course on the order of a hundred

students (and hence a hundred data points) to the entire university or even multiple universities,

resulting in hundreds of thousands of data points. Furthermore, educational data often includes

continuous, categorical, and binary variables. As a result, an educational data set might contain

many features with different imbalances. For specific examples of these occurring in the DBER

and EDM literature, we refer the reader to the following papers [65, 226–238].

In the context of logistic regression, which is a popular EDM technique [239] andwas a common

technique used in the previously cited studies, much work has focused around outcome imbalance

and how to work with such data. When the outcome is imbalanced, the regression coefficients

and the probabilities generated from the logistic regression model are biased [240]. To correct for

these biases, various techniques such as Rare Events Logistic Regression [240], Firth penalized

117



regression [241], and introducing a log-F distributed penalty [242] have been proposed, which we

explain in depth in Sec. 6.2.

More recently, machine learning techniques have become popular in educational research. One

example is random forest [91, 239]. Just as logistic regression has biases that might be relevant to

EDM and DBER data, random forest is also known to have such biases. In particular, random forest

ranks categorical features with many levels [92] and continuous features higher than categorical

features with fewer levels [243] when determiningwhich features aremost predictive of an outcome.

Most interesting for the context of this paper is a study by Boulesteix et al. [244] building on

the work of Nicodemus [243]. In their paper, they systematically varied the amount of predictive

information that each binary feature contained as well as the feature imbalance and then used

random forest as well as a variant better suited for categorical features, conditional inference

forest, [92] to compare how well the algorithms could detect the informative features from the

noise. Their key finding was that features with higher imbalances were ranked lower than features

with lower imbalances even when they had the same “built-in” amount of predictive information.

A later study [245] extended the work by including continuous features as well as binary features

but only examined the case when none of the features contained predictive information. These

studies suggest that when modeling data, our results might be measuring spurious properties of the

features rather than their predictive information.

In this study, we seek to extend this line of work by considering the data typical of DBER and

EDM studies. That is, data that includes a mix of continuous, categorical, and binary features with

varying degrees of predictive or explanatory ability, and a binary outcome feature that might be

imbalanced. In addition, new techniques for ranking random forest features have been developed,

such as the AUC-importance [94], which are designed for imbalanced data sets and hence, might

prove fruitful for DBER and EDM research. Finally, we wish to extend the work to regression

techniques commonly used for educational data and explore how these biases might manifest in

these techniques.

Specifically, we ask three research questions:
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1. How might known random forest feature selection biases change when the outcome is im-

balanced as is often the case in EDM and DBER studies, and does the AUC-permutation

importance affect those biases?

2. How might known machine learning biases manifest in traditionally explanatory techniques

such as logistic regression?

3. How might penalized regression techniques successfully applied in other disciplines be used

in EDM and DBER to combat any discovered biases?

It should be noted that our overarching goal is to compare existing approaches to analyzing data

typically found in DBER and EDM research and not to introduce our own new promising method

for analyzing such data.

The rest of the paper proceeds as follows. In Sec. 6.2, we provide an overview of the algorithms

and approaches we mentioned in the introduction and that we use in the rest of the paper. In

Sec. 6.3, we explain howwe constructed our simulation data and carried out our neutral comparison

simulation study [246]. In Sec. 6.4, we provide the results of our simulation study. In Sec. 6.5,

we apply what we learned in the simulation study to a graduate admissions data set from United

States universities. In Sec. 6.6, we provide answers to our research questions, compare our findings

with similar studies, and consider how our choices might have influenced the results. In Sec. 6.7,

we propose future directions for this work, both in terms of the data and algorithms. Finally, in

Sec. 6.8, we provide the conclusions from our study and outline a set of recommendations.

6.2 Background

Here, we introduce the two paradigms of statistical modeling and then provide an overview of the

algorithms we used in our study.
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6.2.1 Paradigms of Statistical Modeling

When discussing modeling data, there are two prominent paradigms, both of which are used in

DBER and EDM: prediction and explanation [74,247]. Shmueli [62] provides an overview of these

approaches and we summarize the key points here.

Explanatory modeling or explanation is focused on the causal effect of some set of inputs - on

some outcome. . That is, given some data set, explanation is concerned with which inputs produce

a statistically significant effect whenmodeling the outcome. Traditional logistic or linear regression

are examples of explanatory models. Under this approach, models are evaluated based on how well

they fit the data using some statistic. In the case of logistic regression or linear regression, common

statistics are Pseudo-'2 and '2.

In contrast, prediction is focused on generating a model for analyzing new data and determining

the outcome and not necessarily the causal effect. Under this paradigm, having two sets of data,

one to train the model and one to test the predictive capabilities of the model, is essential as to

provide an estimate of the model’s predictive ability.

Because prediction is not focused on the causal effects, statistical significance has no role

in assessing features in predictive models. Instead, features are assessed based on whether they

improve predictions of the model. While a feature with a small effect might be statistically

significant, it might not have predictive power because a predictive model might perform just as

well without the feature as with it.

As a corollary to this, we should not expect a model with high explanatory power to necessarily

have high predictive power or vice versa, and hence, features with high explanatory power might

not have high predictive power.
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6.2.2 Explanatory Methods

6.2.2.1 Traditional Logistic Regression

When the outcome, . , is binary, logistic regression is the standard technique for explanatory

modeling. Under this approach, the probability, ?, of finding the outcome of . = 1 is given by

log1
?

1 − ? = V0 + V1G1 + V2G2 + ... + V=G= (6.1)

when G1, G2, .., G= are the input features and the V are the coefficients. Under this formula,

logistic regression has a similar form as linear regression.

We can rearrange the equation to solve for the odds which becomes

>33B(G1, G2, ..., G=) =
?

1 − ? = 1 (V0+V1G1+V2G2+...+V=G=) (6.2)

where 1 is traditionally the natural base, 4.

Under this formulation, it makes sense to talk about the odds ratio (OR) or the change in odds

as a result of increasing an input feature G 9 by 1 unit. More formally,

$'G 9 =
>33B(G1, G2, ...G 9 + 1, .., G=)
>33B(G1, G2, ...G 9 , .., G=)

= 4V 9 (6.3)

which means that the exponentials of the coefficients correspond to the odds ratio for each

feature. Notice that the odds ratio is independent of the value of G 9 .

Because a V of 0 means no effect, an odds ratio of 1 is equivalent to no effect [63]. Likewise,

an odds ratio greater than 1 means an increase in the odds while an odds ratio less than 1 means a

decrease in the odds.

An important caveat to this is what a unit increase is and what the odds ratio is in reference

to. Often, continuous features are normalized so that the mean is 0 and the variance is 1 or scaled

so that an increase of a unit has a tangible meaning. For example, SAT scores are only reported

in multiples of 10 so scoring one point higher on the SAT is meaningless. Instead, the researcher
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would want to adjust the scale of the scores so that an increase of 1 unit corresponded to 10 points

better on the test (or another meaningful increment).

For continuous features, what the odds ratio is in reference to is answered by the scale choice.

For categorical features, especially unordered categorical features, the answer is nontrivial. An

increase of 1 unit might not be meaningful or even possible (e.g., what would an increase of 1

unit of race mean?). In that case, it is customary to use one-hot encoding and create separate,

binary features for each label. For example, for race, we could create 6 features: white, Asian,

Black, Latinx, Native, Multi-racial. Under this approach with binary features, an increase of a unit

corresponds to changing categories, such as Black compared to non-Black student, which depends

on the arbitrary choice of which label is assigned G 9 = 1 and which is assigned G 9 = 0. As [63]

notes, it is often preferable to invert the odds ratios which are less than 1 to easily compare all odds

ratios, which is equivalent to swapping our label for G 9 = 0 and G 9 = 1.

6.2.2.2 Penalized Regression

When the data contains issues that might make modeling difficult (i.e., small sample size, cor-

relations, and more features than data points), adding a penalty to logistic regression might be

beneficial. This idea is based on the bias-variance trade-off in which we can increase the bias of

the coefficient to reduce its variability or vice versa [248]. As a result, penalized regression can be

useful for feature selection, which is often an important first step in EDM [239]. Because logistic

regression does not have a closed-form solution while linear regression does, we will present the

penalized algorithms in the context of linear regression.

For typical least squares linear regression with < features and = cases, we are trying to solve

the expression

argminV ( | |. − -) V | |2) (6.4)

where . is a = × 1 vector of the outputs, V is a vector of the < × 1 vector coefficients, and - is

a < × = matrix of the input data.
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When we use penalized regression instead, we add a penalty, P, that might depend on the

coefficients or data.

argminV ( | |. − -) V | |2 + P(V, -)) (6.5)

In this study, we consider two types of penalization for explanatory methods, Firth and Log-F

penalization, although many more exist. See Ensoy et al. [249] for an overview of methods often

used in cases of separation, where an input feature perfectly predicts the outcome, or rare events.

Under Firth penalization, we try to combat the asymptotic bias of the coefficient estimates,

which inversely depend on the sample size to some power. Specifically, the Firth method adds a

penalty that removes the asymptotic bias to order O(=−1), making it especially useful for small

data sets [241]. It does so by penalizing the Jeffreys invariant prior [250], which is inversely

related to the amount of information in the data. That is, the penalty is larger the less the data

allows us to determine the coefficients. For a simple one-feature model, the penalty is equivalent to

adding 0.5 to each cell of the 2x2 contingency table of the feature and the outcome [251], making

this penalization especially useful in the case of separation. In theory, this penalization should

then shrink the confidence intervals of the features with more imbalance because more uncertainty

would have resulted in a higher penalty.

The Jeffreys invariant prior is not without issues, such as being dependent on the data, which are

summarized in Greenland and Mansournia [242]. To overcome these, Greenland and Mansournia

proposed a log-F(<, <) distributed penalty. The penalty has a tuning parameter, m, that controls

the amount of penalization with a higher < providing more accurate estimates of smaller V but less

accurate estimates of larger V. When little is known about the data, Greenland and Mansournia

recommend taking < = 1 to allow for a wider range of possible values. For a single parameter

model, the choice < = 1 makes the Log-F penalty equivalent to the Firth penalty.

In addition to overcoming issues with the Jeffreys prior, the log-F penalty can be implemented

via data augmentation, meaning that any software capable of performing logistic regression can

also do Log-F penalization. For a chosen <, the researcher adds < pairs of rows to their data for
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Table 6.1: Log-F data augmentation example for a two feature and m=1 example. The last four
rows are the augmented data.

Outcome Feature 1 Feature 2 Intercept Weight
1 0.748 0.10 1 1
... ... ... ... ...
1 1 0 0 1/2
0 1 0 0 1/2
1 0 1 0 1/2
0 0 1 0 1/2

each feature, where one row has outcome . = 1 and the other has outcome . = 0. In the pair of

rows, the researcher then selects one feature to have value 1 and all of the other features to have

values of 0, with the choice of feature unique to each pair of rows. The weights for each row are

set to be </2 and any intercept feature should be set to 0 in these added rows. An example of this

for a 2-feature model with < = 1 is shown in Table 6.1.

It should be noted that despite similarity in name, log-F penalized regression has no relation to

the recently proposed LogCF framework [252].

6.2.3 Predictive Methods

6.2.3.1 Penalized Regression

In addition to using penalized logistic regression as an explanatory method, there are also penalties

designed for using regression as a predictive tool. Two of the most common are Ridge and Lasso,

which are described in detail in Hastie, Tibshirani, and Friedman [248]. Again, we present the

penalties in the context of linear regression.

Ridge penalization adds a penalty to the regression equation proportional to the square of the

Vs.

argminV ( | |. − -) V | |2 + _ | |V | |2) (6.6)

Equivalently, it requires the sum of the squared V coefficients to be less than some value.
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argminV ( | |. − -) V | |2) (6.7)

subject to
<∑
9=1

V2
9 ≤ C (6.8)

Here, _, or equivalently C, controls the degree of penalization, with a higher value associated

with a stronger penalty.

Ridge penalization is often used in cases of multi-collinearity because it reduces the variability

of the coefficients. That is, for two correlated features without penalization, one could be extremely

positive and the other extremely negative to offset each other. With the squaring of the coefficients

under Ridge penalization, the coefficients can no longer offset each other and hence, must shrink.

Mathematically, Ridge penalization is equivalent to scaling each V by 1
1+_ .

Instead of penalizing based on the squared V, we can penalize based on the absolute value of

the V; this is the premise of Lasso penalization. Mathematically, Lasso penalization seeks to solve

argminV ( | |. − -) V | |2 + _ |V |) (6.9)

Equivalently, it requires the sum of the absolute value of the V coefficients to be less than some

value.

argminV ( | |. − -) V | |2) (6.10)

subject to
<∑
9=1
|V 9 | ≤ C (6.11)

Again, _ controls the amount of penalization. Here though, the Lasso penalty is designed for

feature selection because it shrinks some V to zero while shifting the values of the others.

Lasso is not designed for correlated features, and hence, it can encounter issues in those cases.

For example, if two features are correlated, either could be shrunk to zero without reducing the

accuracy of the model. Therefore, Lasso can exhibit variability concerns under correlation.
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One way around this is to combine the penalties into a single penalty, which is the idea between

Elastic net [253]. Mathematically, the Elastic net penalty is

argminV ( | |. − -) V | |2 + _(U | |V | |2 + (1 − U) |V |)) (6.12)

.

where _ controls the overall penalization and U controls the amount of mixing of the Lasso and

Ridge penalties, with the special case U = 0 reducing to Lasso penalization and U = 1 reducing to

Ridge regression.

While these algorithms are typically used for prediction, various methods for using these

algorithms in an explanatory manner have been developed along with corresponding p-values or

other feature selection techniques [254–258]. We will only use these algorithms as predictive tools,

but we include references to these approaches here for completeness.

6.2.3.2 Forest Methods

Random forest is an ensemble method of decision trees based on the Classification and Regression

Trees (CART) framework [91]. For each decision tree, a subset of features, often noted <CAH,

is randomly selected and used to predict the outcome. To grow the tree, features are split into

two groups with the specifics of the splits determined by which ones minimize the Gini Index, a

measure of variance, the most. After all trees have been grown, the algorithm uses some method

of aggregating results, such as a majority vote of the trees, to determine what the overall prediction

is. Because the features are split, categorical features do not need to be one-hot encoded like they

would in logistic regression.

To determine which features are relevant to the prediction, the features are often assessed by

the mean decrease in the Gini Index across all trees, with a larger value meaning the feature is

more predictive of the outcome. However, Strobl et al. showed that the Gini Index is biased toward

continuous features and features with many categories [92]. That is, because continuous and

features with many categories have many possible split points (infinite in the case of continuous),
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it more likely the algorithm can find an ideal split than the algorithm could for a binary feature that

has only 1 split point. Therefore, these features will be viewed as more important because they

appear to better separate the classes.

As a result, alternativemeasures such as accuracy permutation importance have become popular.

To use accuracy permutation importance, each feature is randomly permuted one at a time and the

change in predictive accuracy is recorded. The idea is that when a feature that is more predictive of

the outcome is permuted, the predictive accuracy will decrease more than when a feature with less

predictive information is permuted. As a result, the changes in predictive accuracy can be used to

rank the features in the model qualitatively. More recently, an alternative based on the AUC, which

is the probability that the positive case ranks higher than the negative case over all possible pairs

of positive and negative cases, has been proposed by Janitza et al. [94]. This AUC-permutation

importance is claimed to perform better than the accuracy permutation importance measure when

the outcome is imbalanced. It is important to note that both these importances only make sense in

the context of the model and relative to each other.

Because the Gini Index is also used to create feature splits, the entire algorithm can be biased

when the data contains binary, categorical, and continuous features (as is often the case in DBER

and EDM). To correct this problem, Strobl et al. proposed conditional inference forests [92], which

are based on the conditional inference framework [259]. Rather than minimize the Gini Index to

find ideal splits, conditional inference forests use the conditional inference independence test to

determine which feature to split and how to split it. Simulation studies by Strobl et al. have found

that using conditional inference forests with subsampling without replacement does in fact, correct

the biases shown by traditional random forest [92].

For more details about these algorithms, see appendix A.
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6.3 Methodology

6.3.1 Data Creation

To conduct our simulation study, we first needed to generate our simulated data. To create binary

features with varying degrees of imbalance and information, we considered a 2x2 contingency

table, Table 6.2. We used labeling conventions similar to those of Olivier, Bell, and Rapallo for the

reader’s convenience because we reference their formulas here [260].

For some binary feature G 9 , let the fraction of cases with G 9 = 0 be c+0 and the fraction of cases

with G 9 = 1 be c+1. Likewise, for the binary outcome feature . , let the fraction of cases with . = 0

be c0+ and the fraction of cases with . = 1 be c1+. Then the feature imbalance is represented by

the ratio c+0 : c+1 and the outcome imbalance is represented by c0+ : c1+. We pick G 9 = 1 and

. = 1 to be the minority classes, though the choice is arbitrary.

To quantify the amount of information contained in a feature for predicting or explaining the

outcome, we will use the odds ratio which is $' =
c00/c01
c10/c11

=
c00c11
c10c01

using the notation in Table 6.2.

By specifying the feature imbalance (in the form of c+1), the outcome imbalance (in the form of

c1+) and the odds ratio, we can uniquely express the values in the 2x2 table. Furthermore, any one

of the three can be changed while the remaining two can be held constant, allowing us to manipulate

the feature imbalance, the outcome imbalance, and the odds ratio systematically. An example with

counts for a hypothetical data set with 1000 samples is shown in Table 6.3.

To determine the values in the 2x2 table, we can rearrange the formula for the odds ratio in

Table 6.2: 2x2 contingency table of fractions for generic binary feature.

G 9 = 0 G 9 = 1 Total
. = 0 c00 c01 c0+
. = 1 c10 c11 c1+
Total c+0 c+1 1.0
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Table 6.3: Examples of changing only one of the feature imbalance, outcome imbalance, or odds
ratio for an N=1000 dataset.

(a) Reference table

G 9 = 0 G 9 = 1 Total
. = 0 300 200 500
. = 1 300 200 500
Total 600 400 1000

(b) Changing only the feature imbalance

G 9 = 0 G 9 = 1 Total
. = 0 400 100 500
. = 1 400 100 500
Total 800 200 1000

(c) Changing only the outcome imbalance

G 9 = 0 G 9 = 1 Total
. = 0 450 300 750
. = 1 150 100 250
Total 600 400 1000

(d) Changing only the odds ratio

G 9 = 0 G 9 = 1 Total
. = 0 360 140 500
. = 1 240 260 500
Total 600 400 1000

terms of c+1, c1+, and c11 found in the literature to solve for c11 [260]. Doing so, we find that

c11 =
1 + (c+1 + c1+) ($' − 1) −&

2(& − 1) (6.13)

where

& =
√
(1 + (c1+ + c+1) ($' − 1))2 + 4$'(1 −$')c+1c1+ (6.14)

In the case that $' = 1, that is the feature contains no predictive or explanatory information

for the outcome, the expression for c11 is indeterminate. In that case, the feature and outcome are

independent so c11 = c+1c1+.

Once we know c11, we can use Table 6.2 to compute the remaining values. That is

c10 = c1+ − c11 (6.15)

c01 = c+1 − c11 (6.16)

c00 = 1 + c11 − c1+ + c+1 (6.17)
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Figure 6.1: Distribution of binary features in the simulated c1+ = 0.5, # = 1,000 model.

Tomodel continuous features, we assumed the featureswere normally distributedwith a separate

distribution for each outcome class. For . = 0, we modeled the feature as N(0, 1) and for . = 1,

we modeled the features as N(`, 0) where ` was a parameter we controlled. By increasing `, the

distributions would have less overlap, and hence, the value of a specific point would provide more

information about the outcome.

For our study, we choose the same feature imbalances and odds ratio as found in Boulesteix et

al., which correspond to c+1 = {0.5, 0.4, 0.25, 0.1, 0.05} and $' = {3, 1.5, 1}, creating 15 binary

features [244]. We then created five continuous features with ` = {0.75, 0.50, 0, 0, 0}, for a total

of 20 features. As the number of features in DBER and EDM studies are on the order of 10, we

choose to keep the total number of features on the order of 10 rather than on the order of 100 as in

the Boulesteix et al. study [244].

We then generated these features for five outcome imbalances, c1+ = {0.5, 0.4, 0.3, 0.2, 0.1},

and three sample sizes, # = {100, 1, 000, 10, 000} for a total of 15 simulated data sets. A visual

depiction of the binary features in the c1+ = 0.5 and # = 1, 000 case is shown in Fig. 6.1 and a

visual depiction of the continuous features in that same case are shown in Fig. 6.2.
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Figure 6.2: Distribution of continuous features in the simulated c1+ = 0.5, # = 1, 000 model.

6.3.2 Procedures

6.3.2.1 Forest Algorithms

To analyze our data set using forest algorithms, we first randomly selected 70% of the cases for

the training set and kept the remaining 30% of the data set for the testing set. Our prior work with

random forest suggests that the size of the train/test split did not qualitatively affect the conclusions

around variable importance and selected features [65]. We then used the randomForest function

from the randomForest package [261] to create random forest models and the cforest function

from the party package [92, 96, 259] to create conditional inference forests in R [99].

For both models, we set the number of trees to 500 as that is the default in the cforest

algorithm and simulation studies of random forest have found that errors rates level off on the order

of a few hundred trees [101]. For the number of features per tree, we picked √? where ? is the

number of features, which is also aligned with the recommendations of Svetnik et al. [101]. We
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have called this < previously to distinguish from probability in the logistic model but use ? here

because it is the common symbol in the random forest literature.

For the random forest algorithm, we then computed the Gini importance. For the accuracy per-

mutation importance and the conditional inference algorithm, we computed the AUC permutation

importance and accuracy permutation importance. We repeated this procedure of splitting the data,

running the model, and calculating the importances 30 times so that the resulting distribution of

the importances would be approximately normal according to the central limit theorem [262].

Next, we determined the rank of each feature based on its average value over the 30 runs, where

the feature with the largest importance value would have rank 1. This type of approach is often

used in screening studies to determine relevant features, which is what we are doing here [95].

To evaluate bias in the Boulesteix et al. paper, they approached bias as the difference from

the expected value of zero in the null case and argued that bias when the features have odds ratios

different 1 was not well defined [244]. Because we are interested in selecting features, we can

create a definition of bias based on the rank of the feature. If a forest algorithm is biased, we would

expect to see that features with higher imbalance should have larger rank (i.e. be farther from 1)

than features with identical odds ratios but smaller imbalances.

Using these ranks, we can also define bias in terms of the features detected by the algorithm.

Assuming no bias, features with identical odds ratios should be detected at the same rate, regardless

of their imbalance.

To determine if a feature was detected, we adopt the convention that detected means different

from noise. We define detected as being ranked above the first noise feature, which has $' = 1

or ` = 0. We picked this convention so that it is somewhat analogous to the definition statistically

significant, which for explanatory models, is that the probability of obtaining a result at least

as extreme as the result observed under the assumption of the null hypothesis is less than some

threshold, typically 0.05.
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6.3.2.2 Regression Algorithms

To use logistic regression in an explanatory manner, we did not use a train/test split as that approach

is characteristic of a predictive approach and instead, used all of the data as is customary for

explanatory modeling. To create a logistic regression model, we used the glm function that is

part of base R with the option family=’binomial’ to use logistic instead of linear regression.

Because log-F is based on data augmentation, we also used glm for that approach. Prior work

suggests that a choice of < = 1 performed better than a choice of < = 2, and < = 1 is a good

starting choice when nothing is known about the size of the odds ratios [242, 263]. Even though

we “know” the true values of the odds ratios because we built them in, we want to approach the

problem as if it were real data and we do not have any prior information about the features. We

then used the default weights of </2 for the log-F model.

To run the Firth penalization, we used the brglm function from the brglm package [264,265].

Per the function’s documentation, the choice of pl is irrelevant for logistic regression so we left it

at its default value.

For all three approaches, we used the confint function to compute the confidence intervals. For

the Firth penalization, we picked ci.method to be ’mean’ as the brglm documentation suggests

it is a less conservative approach. We then say that a feature was detected or statistically significant

if zero is not in the confidence interval or in the case of odds ratios instead of the raw coefficients,

1 [266].

To get a sense of how the odds ratio varied based on the data, we also ran a bootstrapped

simulation. That is, we randomly selected 80% of the cases and ran the standard logistic regression,

Firth penalization, and log-F penalization models on that data. We did this 10,000 times.

To create the Lasso, Ridge, and Elastic net models, we again used a train/test split because these

algorithms are designed for prediction rather than explanation. To align with the bootstrapping

procedure, we used 80% of the cases for the training data and 20% for the testing data. Because

Lasso and Ridge have a single tuning parameter, _ that controls the amount of penalization, we

used the cv.glmnet function to find the optimal value of _. We then used the glmnet function to
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train the Lasso and Ridge models with their respective best value of _ [267]. We again repeated

this process 10,000 times.

Finally, we used the train function from the caret package to find the best values of U and

_ for Elastic net and create the model [268]. We again did this 10,000 times with 80% of the data

used as training cases.

To analyze the bootstrapped results and generate confidence intervals for the values of the odds

ratios, we used the percentile bootstraps [269]. Under this approach, all of the bootstrap estimates

are sorted smallest to highest. For a given U, the bootstrap confidence interval is interval lying

between the 100× U
2 and 100× (1− U

2 ) percentiles. We chose U = 0.05 to form a 95% bootstrapped

confidence interval.

6.3.3 Neutral Comparison Study Rationale

Following the call of Boulesteix, Lauer, and Eugster for neutral comparison studies in the computa-

tional sciences, we address these three criteria and why we believe we have met their criteria [246].

A. The main focus of the article is the comparison itself. It implies that the primary goal of

the article is not to introduce a new promising method. As stated in the introduction, we are not

introducing a method that we have developed and the focus of our paper is on comparing different

methods rather than showing the usefulness of a certain method.

B. The authors should be reasonably neutral. We have not developed any of the algorithms or

techniques used in this study and hence, we have no stake in which method might perform best.

We also have experience using predictive and explanatory methods and have used these techniques

in our previous work.

C. The evaluation criteria, methods, and data sets should be chosen in a rational way, Our

methods and simulated data are based on a previously published simulated study, so we believe

they are rational. We believe our evaluation criteria for detecting is rational because it is intuitive,

objective, and based on prior approaches. We acknowledge that other approaches do exist and we

address those in the discussion.
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6.4 Simulation Results

6.4.1 Forest Algorithm Results

When looking at a subset of the results in Fig. 6.3, we see similar results to Boulesteix et al. [244].

That is, for the Gini importance, represented by plot A, continuous features are ranked higher

than binary features regardless of whether they are noise features or not. For the permutation

importances, we see that more balanced features tend to have larger importances than less balanced

features even when they have the same odds ratios. For example, when looking at Fig. 6.3D, we

see that the features OR=3, 60/40 and OR=3, 50/50 have much higher importances than the OR=3,

90/10 and OR=3, 95/5 features. Similar trends are shown in plots B and C.

To compare across outcome imbalances, we aggregated all 3 sample sizes and 5 outcome

imbalances into a single plot for each importance method. The results are shown in Fig. 6.4.

Again, the Gini importance, Fig. 6.4A, shows a preference toward continuous features and

against binary features for all sample sizes and outcome imbalances. More specifically, there

was not a single sample size or outcome imbalance in which any of the categorical features were

detected.

For the permutation algorithms, the results are similar regardless of whether the accuracy-based

or AUC-based permutation method is used. Regardless of outcome imbalance and sample size,

more balanced features with smaller imbalances tend to rank higher than less balanced features

with identical odds ratios. This result is reflected in the plots by the decreasing dot size from top

to bottom in any of the rectangles formed by the dotted lines. In cases of high outcome imbalance,

moderately imbalanced features might rank higher than the balanced feature (e.g. the Binary OR=3

features for the N=10,000 90/10 case in Fig. 6.4D), but the most imbalanced features never rank

higher than the balanced feature with the odds ratio. In fact, theOR=1.5 50/50 feature ranks higher

than the OR=3, 95/5 feature for some of the models.

When looking at sections of columns of the plots in Fig. 6.4, we notice that most informative

features cannot be detected for # = 100, regardless of which algorithm is used. In fact, only the
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Figure 6.3: Importance values for a subset of the random forest models. Feature names shown in
black were constructed to be informative while feature names in grey were constructed to be noise.
Plot A shows the N=1000 70/30 outcome imbalance case with the standard random forest algorithm
and Gini importance, plot B shows the N=1000 50/50 outcome imbalance case with the standard
random forest algorithm and accuracy permutation importance, plot C shows the N=100, 50/50
outcome imbalance case with the conditional inference forest and AUC-permutation importance,
and plot D shows the N=10,000 60/40 outcome imbalance case with conditional inference forest
and accuracy-permutation importance. For all of the permutation importances, features with less
imbalance tend to have larger importances than more imbalanced features for identical odds ratios.
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Figure 6.4: The ranks of the informative features for the four importance measures, grouped by the
sample size and outcome imbalance. Noise features are not shown and any feature ranked below
a noise feature was assigned a rank of 0. Here, a larger circle reflects a higher rank, meaning the
feature was more predictive of the outcome. Overall, features with lower imbalance rank higher
than features with higher imbalance for a given odds ratio and the result is not affected by the
outcome imbalance or the specific permutation importance or forest algorithm used.
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less imbalanced OR=3 features and the more predictive continuous feature can be detected and

even then, that depends on the level of outcome imbalance.

For the # = 1000 case, most of the OR=3 features can be detected. However, only the

less imbalanced OR=1.5 features are detected in most cases. Across the three permutation-based

importances, there does not appear to be a consistent pattern for whichOR=1.5 features are detected

based on the outcome imbalance.

For the # = 10, 000 case, nearly all of the features can be detected, with the exception being

the highly imbalanced OR=1.5 95/5 feature. Again, there is not a consistent pattern as to when

this feature will not be detected based on the outcome imbalance. While the OR=1.5, 95/5 feature

is never detected in the 50/50 outcome imbalance, it is sometimes detected in the 70/30 and 90/10

outcome imbalance cases, making a pattern difficult to generalize based on the outcome imbalance.

6.4.2 Logistic regression results

In addition to detecting features, logistic regression provides an estimate of the odds ratio, which

can give us an idea of how accurately algorithms are modeling the built-in odds ratios. Because

the odds ratios and confidence intervals determine detection, we present those first. The odds ratio

results are shown in Fig. 6.5.

From the # = 100 case, plot A, we see that the 95% confidence intervals for most features span

at least an order of magnitude regardless of the feature imbalance or outcome imbalance. However,

the width of the confidence interval tends to increase with both increasing feature imbalance and

increasing outcome imbalance. For example, for the OR=3 90/10 and OR=3 95/5 features with a

90/10 outcome imbalance, the confidence intervals are too wide to fit on a plot that spans 6 orders

of magnitude. In some cases, the width of the confidence interval for a balanced feature with a

highly imbalanced outcome can be comparable to a highly imbalanced feature with a balanced

outcome such as OR=1.5 60/40 with a 90/10 outcome imbalance and OR=3; 95/5 with a 50/50

outcome balance.

Given the width of the confidence intervals, our built-in value of the odds ratio is always
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contained in the confidence intervals. However, when looking at the actual estimate of the odds

ratio, we see varying degrees of accuracy. For some features, like OR=1.5; 50/50, the 80/20

outcome imbalance was the most accurate estimate while for OR=3; 60/40, the 60/40 outcome

imbalance was the most accurate imbalance. In general, there was no specific trend where the

discrepancy between the estimated value and the built-in value varied with increasing feature or

outcome imbalance. In addition, there was no consistent trend where the estimated odds ratio over-

or under-estimated the built-in value.

For the # = 1, 000 and # = 10, 000 cases, we notice that the confidence intervals have

considerably shrunk and now span on the order of a single magnitude. This is true even for most

imbalanced features with the most imbalanced outcome. Nevertheless, the width of the confidence

intervals still tend to increase with both increasing feature imbalance and outcome imbalance.

As with the # = 100 case, the built-in values are included in the confidence intervals and there

is no consistent trend as to whether the estimated odds ratio over- or under-estimates the built-in

value. We note that there is an exception to this for cont; noise2 and 50/50 outcome imbalance on

the # = 10, 000 plot where the noise feature is found to have an odds ratio less than 1.

Next, we can conduct an analysis similar to what we did with the forest algorithms and determine

which features are detected by logistic regression. Here, because we are using logistic regression in

an explanatorymanner, we use the p-value to determinewhether a feature is detected, with statistical

significance meaning less than a chosen cutoff, U. Because we are conducting multiple tests of

statistical significance, we should control for false positives. Therefore, we present the results with

and without a Holm-Bonferroni correction [195], which is less conservative than the traditional

Bonferroni correction and has been used in DBER work before [270–272]. The correction is

applied within each data set because for a study with real data, we would only have one data set.

The results are shown in Fig. 6.6

For # = 100, when we apply the Holm-Bonferroni correction, the continuous feature with the

largest ` is the only one to be detected and even then, only for minor outcome imbalances. If

instead we do not apply any corrections, logistic regression is able to detect a few of the OR=3
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Figure 6.5: Values of the odds ratios and 95% confidence intervals found by logistic regression
models compared by outcome imbalance. Our built-in value is represented by the circled plus. Plot
A is a sample size of # = 100, plot B is a sample size of # = 1, 000 and plot C is a sample size of
# = 10, 000. Confidence intervals that span beyond the scale are removed from the plot. Note the
log scale on the horizontal axis.
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Figure 6.6: Analog of Fig. 6.4 but using logistic regression as the algorithm and statistical signifi-
cance as the criteria for detection, U = 0.05. Plot A uses the Holm-Bonferroni correction to control
for multiple tests while plot B uses the uncorrected p-values.

features however these tend to be the ones with lower imbalances. That is, even with a generous

definition of statistical significance, logistic regression is unable to detect features with moderate

odds ratios or features with large odds ratios but higher imbalances.

For # = 1000, logistic regression is able to detect both continuous features and most of the

OR=3 features regardless of whether we applied a correction to the p-values or not. Unlike the

# = 100 case, we are able to detect some of the OR=1.5 features though only features with

lower imbalances and this depends on whether we apply a correction or not. When we apply the

correction, we were only able to detect two of the OR=1.5 features across any of the five outcome

imbalances, while if we did not apply the correction, we could detect ten.

Finally, for # = 10, 000, we were able to detect all of the informative features, regardless of

whether we applied a correction or not. However, one of the continuous noise features was marked

as statistically significant in the 50/50 outcome imbalance and the 70/30 outcome imbalance cases.

One of these disappeared when we applied the p-value correction while one did not, suggesting

that with enough data, random variations in the data might appear as signals.
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6.4.3 Penalized regression results

Given the result from Sec. 6.4.2 that most features are detected for # = 10, 000 even without

correction, we chose to focus on the # = 100 and # = 1000 cases as areas where penalized

regression might offer a benefit. To get a representative picture of how penalized regression might

help, we then applied the algorithms to the 50/50, 70/30, 90/10 imbalanced outcome data sets,

representing no imbalance, medium imbalance, and high imbalance.

6.4.3.1 Confidence interval approach

Because Firth and Log-F penalized regression are designed for explanatory approaches, we can

use them to generate confidence intervals. The results for the # = 100 data sets are shown in

Fig. 6.7 and the results for the # = 1000 data sets are shown in Fig. 6.8. Here, we only present

the uncorrected 95% confidence intervals because if we do not find a benefit on the uncorrected

confidence intervals, we would not find one on the corrected versions.

For the # = 100 case, we notice that the Firth and Log-F penalizations tend to have smaller

confidence intervals and in many cases, are closer to the built-in odds ratio than traditional logistic

regression is.

For the 50/50 case, all three algorithms produce similar confidence intervals for more balances

features such asOR=3; 50/50. For the highly skewed features such asOR=3; 95/5, Firth and Log-F

penalizations do shrink the confidence interval with Log-F appearing to offer a greater benefit.

However, none of the shrinking makes a difference as to whether the feature would be statistically

significant or not compared to traditional logistic regression.

When we instead look at the moderately imbalanced 70/30 case, we see similar results. That

is, the Firth and Log-F penalizations appear to provide a greater benefit in terms of shrinking the

confidence interval for features with greater imbalance, though again, the benefit is not enough to

change whether a feature would be detected.

For the highly imbalanced 90/10 case, both penalizations reduce the confidence intervals

regardless of the feature’s imbalance. The benefits are most clear however for the most imbalanced
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Figure 6.7: 95% confidence intervals for Firth penalized, traditional, and Log-F penalized logistic
regression for the # = 100 data sets. Plot A shows the 50/50 outcome imbalance, plot B shows the
70/30 outcome imbalance, and plot C shows the 90/10 outcome imbalance. Confidence intervals
that span beyond the scale are removed from the plot. For higher outcome imbalance, Firth and
Log-F penalizations can considerably shrink the confidence intervals.

features. For example, for OR=3; 90/10, Log-F penalization reduces the width of the confidence

interval by nearly 3 orders of magnitude compared to the traditional logistic regression. As in

the 50/50 and 70/30 cases, the penalizations do not affect whether a feature would be statistically
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Figure 6.8: 95% confidence intervals for Firth penalized, traditional, and Log-F penalized logistic
regression for the # = 1000 data sets. Plot A shows the 50/50 outcome imbalance, plot B shows
the 70/30 outcome imbalance, and plot C shows the 90/10 outcome imbalance. For higher outcome
imbalance, Firth and Log-F penalizations can shrink the confidence intervals.

significant, but the penalizations still do produce more accurate estimates of the built-in odds ratios

than traditional logistic regression does.

Looking at the # = 1000 results in Fig. 6.8, we notice that the confidence intervals of the

penalized regression methods are similar in length to those of traditional logistic regression. This
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result is true regardless of the feature imbalance or the outcome imbalance.

When it comes to estimating our built-in odds ratio, the penalized methods do not offer much

of an improvement over traditional logistic regression. Indeed, for lower imbalanced features, all

three methods tend to provide similar estimates, while for higher imbalanced features, there is no

clear trend as to which method will provide an estimate closest to that of the built-in value.

6.4.3.2 Bootstrap approach

In addition to only considering whether the algorithm detects a feature, we can also get a sense

of what range the estimated odds ratio will fall in using the five different penalization approaches.

The results from the # = 100 data sets are shown in Fig. 6.9 and the results from the # = 1000

data sets are shown in Fig. 6.10.

From the # = 100 plot, we see that spread of the estimated values varies between the dif-

ferent methods. For higher feature imbalances, traditional logistic regression and Firth penalized

regression often have the widest distributions. Because Lasso shrinks the coefficients to zero (or

equivalently, odds ratios to 1) and Ridge reduces the variance of the estimate, these two methods

often have the most compact distributions.

Likewise, in terms of the median estimate of the odds ratio, we see variation between the

methods. Because Lasso shrinks estimates and Ridge scales estimates, these two underestimate the

built-in odds ratio. We also find this behavior with Elastic net, which is a middle group between

the two. However, Elastic net often includes the built-in odds ratio within its interval even when

Lasso and Ridge do not. This result is especially true for higher feature and outcome imbalances.

Log-F penalization on the other hand often takes a middle ground on both estimates and

distribution width. Regardless of the feature or outcome imbalance, Log-F does not consistently

over- or under-estimate the built-in odds ratio and does not have the widest distribution of the

estimates.

From the # = 1000 results shown in Fig. 6.10, we see that the six methods tend to produce

similar results for more balanced features, even at higher outcome imbalances. The exception
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Figure 6.9: 95% percentile bootstraps of the odds ratio for Elastic net, Firth, Lasso, Log-F, no,
and Ridge penalizations on the # = 100 data. Dots represent the median value. Plot A shows the
50/50 outcome imbalance, plot B shows the 70/30 outcome imbalance, and plot C shows the 90/10
outcome imbalance

is the Firth penalization for higher imbalance features (e.g. OR=3; 90/10). For these higher

imbalance features, the Firth penalization estimates can be nearly an order of magnitude larger than

the estimates produced by other methods.

As in the # = 100 case, we find that Lasso and Ridge tend to underestimate the built-in odds
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Figure 6.10: 95% percentile bootstraps of the odds ratio for Elastic net, Firth, Lasso, Log-F, no,
and Ridge penalizations on the # = 1, 000 data. Dots represent the median value. Plot A shows
the 50/50 outcome imbalance, plot B shows the 70/30 outcome imbalance, and plot C shows the
90/10 outcome imbalance

ratio for the # = 1000 case. Unlike the # = 100 case, however, the built-in value is included in the

bootstrapped confidence interval.

In most cases, Elastic net, Log-F, and logistic regression tend to have similar distribution widths

and have the built-in odds ratios within their intervals. While Elastic net under-predicts the built-in
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value, Log-F penalized and traditional logistic regression do not show a consistent pattern as to

whether they over- or under-predict the built-in value.

6.5 Application to Real Data

In this section, we apply the results of our simulation study to a graduate admissions data set.

Our data set comes from the application records of over 5,000 applicants to 6 Big Ten or

Midwestern universities over a two-year period. The data includes the applicant’s GRE scores,

undergraduate GPA, undergraduate university, demographics such as binary gender, race, domestic

status, whether the applicant made the shortlist, and whether the applicant was admitted to the

program. Details about these features can be found in Posselt et al. [54].

We can then treat each university as a separate case study, which is an approach we have used

in our previous work [75]. Doing so allows us to vary the sample size and the outcome imbalance.

For the six programs in the data set, the smallest program had # = 140 applicants over the two year

period while the largest had # = 1228. When considering whether the applicant made the shortlist

or was admitted, the outcome imbalance ranged from 53/47 to 83/17, which means that the sample

size and outcome imbalances are on the same scale as the data we used in our simulation study.

We then selected four of the twelve possible combinations of shortlist or admit and the six

programs that represent a small and medium data set with a more balanced and less balanced

outcome. Specifically, we modelled school 1’s admission (N=140, 59/41), school 2’s shortlist

(N=431, 78/22), and school 3’s shortlist and admission (N=1228, 60/40 and 78/22) respectively.

In the initial paper using this data, Posselt et al. analyzed shortlist and admissions separately and

hence, we do so here [54].

6.5.1 Methods

To analyze the real data, we used five approaches. First, we use logistic regression and random

forest with the Gini importance as they are the “default” methods. Based on the results of the

simulation study, we then choose to use Log-F, as it performed either better or no worse than
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Table 6.4: Feature and outcome imbalances for the binary features from actual graduate school
admission data

Feature School
School 1
Admit

School 2
Admit

School 3
Shortlist

School 3
Admit

Outcome 59/41 83/17 59/41 76/24
Gender 79/21 81/19 85/15 85/15
Domestic NA 71/29 50/50 50/50
Year 57/43 55/45 51/49 51/49

Race=Asian 87/13 64/36 52/48 52/48
Race=Black 96/4 99/1 99/1 99/1
Race=Latinx 81/19 91/9 99/1 99/1
Race=Multi 96/4 97/3 93/7 93/7
BinaryNoise1 60/40 60/40 60/40 60/40
BinaryNoise2 75/25 75/25 75/25 75/25
BinaryNoise3 90/10 90/10 90/10 90/10
BinaryNoise4 95/5 95/5 95/5 95/5

N 140 431 1228 1228

Firth, Elastic net, as it performed better than Lasso or Ridge and retains the benefits of both, and

conditional inference forest with the AUC importance, as all of the permutation based importance

measures performed similarly.

To mimic the simulation study and know which features were certainly noise, we added four

binary noise features (imbalances of 60/40, 75/25, 90/10, and 95/5, which we refer to as Bina-

ryNoise1, BinaryNoise2, BinaryNoise3, BinaryNoise4) and three continuous noise features. The

binary features and their imbalances for the four data sets are shown in Table 6.4.

To run the models, we used the same R packages as in the simulation study. However, for real

data, we should be interested in how well the model fits and hence, need to include some measure

of that. For the logistic regression based methods, we used the standard McFadden pseudo-'2

implemented in the DescTools package via the PseudoR2 function [273], where a good value

is between 0.2 and 0.4 [274]. While other choices of pseudo-'2 exist, Menard suggests that

there is little reason to prefer one over another, but McFadden’s might be preferable because it is

intuitive [275].
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Table 6.5: McFadden Pseudo '2 values for the explanatory models

School 1 School 2 School 3 shortlist School 3 admit
Logistic Regression 0.256 0.215 0.199 0.203

Log-F 0.252 0.215 0.199 0.203

Table 6.6: AUC values for the various models on the four data sets

School 1 School 2 School 3
shortlist

School 3
admit

Logistic Regression 0.826 0.806 0.790 0.799
Log-F 0.825 0.805 0.790 0.799
Elastic (Train) 0.830 0.807 0.785 0.799
Elastic (Test) 0.690 0.734 0.771 0.779
Random Forest (Train) 0.547 0.529 0.688 0.613
Random Forest (Test) 0.564 0.521 0.686 0.616
Conditional Inference Forest (Train) 0.749 0.517 0.793 0.674
Conditional Inference Forest (Test) 0.594 0.500 0.681 0.597

To connect the forest methods with the logistic regression methods, we also computed the AUC

for each model, which follows the recommendation of Aiken et al. [74]. To do so, we used the AUC

function from the ModelMetrics package [276]. We interpreted an AUC of at least 0.7 as a good

model [93].

For the predictive methods, Elastic net, random forest, and conditional inference forest, we

used the same procedure as in the simulation study except now used a 80/20 train/test split for all

methods and calculated the AUC on both the training and testing data sets.

6.5.2 Results

First, we present the metrics used to assess our model, which are shown in Table 6.5 and Table

6.6. We notice that except for school 3 shortlist, all of the pseudo '2 are within the accepted range

(≥ 0.2).

When looking at the AUC values, we notice that the regression models outperform the forest

models and in most cases, the forest models do not produce an AUC in the acceptable range. A

review of physics education research literature found that less than 10% of papers reported out-of-

sample metrics, so we cannot say if these results are typical for this type of data [74]. As our goal
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Figure 6.11: Comparison of the odds ratio (A), Gini importance (B), and AUC-permutation
importance (C) for the features in school 1. Notice that RaceLatinx has a similar odds ratio as
RaceBlack and RaceMulti according to (A) but only RaceLatinx is detectable in (C). RaceLatinx
is less imbalanced than RaceBlack and RaceMulti.

is not to make the best model but rather to extract features, we did not do any parameter tuning for

the forests. We discuss more about these metrics in the discussion.

Because the conclusions from the four data sets are similar, we share only the results of school 1

and provide plots for the other data sets in Appendix G for completeness. The results of algorithms

applied to the school 1 data set are shown in Fig. 6.11.

When looking at plot A, we notice that Log-F noticeably shrinks the confidence interval for

highly skewed features like RaceBlack. In exchange though, the estimate of the odds ratio is shrunk

closer to $' = 1 for nearly all the features.

Even though Elastic net is showing the percentile bootstrapped confidence interval instead of

the statistical confidence interval, the results tend to be aligned with the other methods. That is,

the median value is on the same order of magnitude of the other estimates and the end points of the

confidence interval are also on the same order of the magnitude as the other estimates.

When comparing the different methods, we see that none of the three algorithms would have led

to different conclusions about which features are statistically significant or not. From plot A, the

statistically significant features would be VGRE, UGPA, RaceMulti, RaceLatinx, RaceBlack, and

BinaryNoise1. In the case of BinaryNoise1, which is supposed to be a noise feature, we note that

due to the random nature of generating the feature, the odds ratio was smaller than 1 and hence, the
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algorithms appear to have detected that small difference.

When we move to plot B, we note that the continuous features are all ranked above the binary

features as expected. As a result, all features except for one rank lower than the first noise feature.

Finally, when we move to plot C, we notice that only four features are detected, which is

smaller than the regression approaches. Because prediction and explanation have different goals,

we would not expect them to identify the same features. Yet, multiple approaches identifying the

same features suggest that these features are in fact, distinct from noise.

One interesting point to note is that we see some ranking issues based on imbalance. For

example, using a 2x2 contingency table to calculate the theoretical odds ratios, RaceMulti should

have an odds ratio of 2.96 while RaceLatinx should have an odds ratio of 2.25. However, because

RaceLatinx has an imbalance of 80/20 while RaceMulti has an imbalance of 96/4, RaceLatinx is

detected by the AUC-permutation importance while RaceMulti is not.

6.6 Discussion

Here we address our research questions and consider how our choices and approaches might have

impacted the conclusions we can draw from this study. We include a summary of the advantages

and disadvantages of each algorithm based on our study and prior work in Table 6.7.

6.6.1 Research Questions
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Table 6.7: Summary of advantages and disadvantages for each algorithm used in this study

Method Advantages of algorithm Disadvantages of algorithm
RF + Gini -Default choice for many random forest

implementations
-Biased in favor of continuous features, regardless
of whether they are informative of the outcome or
not

RF + accuracy
permutation importance,
CIF + accuracy
permutation importance,
CIF+ AUC permutation
importance

-Can be used with continuous & categorical features
-Categorical features do not need to be binarized
-Comparable performance to logistic regression for
feature selection without needing to check any
assumptions

-Ability to detect features decreases with
increasing feature imbalance and outcome
imbalance
-Questionable performance for small N

Logistic Regression -standard algorithm for classification, implemented
in most software
-odds ratios have a “real-world” interpretation

-Width of confidence interval increases for
increased outcome and feature imbalance and can
become infinite in some cases

Firth penalization -Able to shrink confidence intervals for imbalanced
features in small N situations

-Not widely implemented in software
-Advantages compared to logistic regression
disappear for larger N

Log-F penalizations -Able to shrink confidence intervals for imbalanced
features in small N situations
-Based on data augmentation so no special software
needed
-Coefficient estimates are similar to those of
traditional logistic regression

-Advantages compared to logistic regression
disappear for larger N

Lasso -Shrinks some coefficients to zero which can be
useful for feature selection

-Less able to detect less informative features from
noise compared to other algorithms in the study

Ridge -Effective at shrinking the width of the distribution
of estimated odds ratios

-All coefficients are scaled by the same amount
and are underestimated

Elastic Net -Combines the benefits of Lasso and Ridge
penalizations, often performing better than either
approach individually

-Requires hyperparameter tuning to determine the
ideal amount of mixing between Lasso and Ridge
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Howmight known random forest feature selection biases changewhen the outcome is imbalanced

as is often the case in EDM and DBER studies, and does the AUC-permutation importance affect

those biases? When we vary the outcome imbalance as well as the feature imbalance, we still

observe the same general trend as seen in Boulesteix et al. [244]. That is, features with higher

imbalance are less likely to be detected compared to features with lower imbalances but the same

odds ratio. In fact, the bias might become worse for high outcome imbalances because it is harder

to train a “good” model when most of the cases have the same outcome.

In opposition to the claims of Janitza et al, [94], we do not find the AUC permutation importance

to outperform the accuracy permutation importance. In fact, we find that the AUC permutation

importance and the accuracy permutation importance perform similarly, regardless of the outcome

imbalance. Further, we did not find any consistent differences in terms of the features detected

by either random forest or conditional inference forest even though conditional inference forest is

supposed to be better suited for categorical data [92].

We also see this preference for features with smaller imbalances in the real data. For example,

for school 1, we saw that the more balanced RaceLatinx was detected over the less balanced

RaceBlack and RaceMulti even though the theoretical odds ratio of RaceLatinx was smaller than

that of the other two features.

Across the real data and simulated data, we see the expected bias with the Gini importance in

which the continuous features are ranked higher than any of the categorical features. This result is

most noticeable in Fig. 6.4 plot A where only continuous features are detected and Fig. 6.11 plot B

where all of the continuous noise features outrank all but one feature.

How might known machine learning biases manifest in traditionally explanatory techniques

such as logistic regression? We see similar biases in logistic regression as we see in the random

forest for feature selection. For a sample size of # = 100with a multiple comparison correction, we

are unable to detect most features and even without correction, we can only detect low imbalance

OR=3 features. The uncorrected results are similar to those of the permutation importances for the

forest algorithms.
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For # = 1000, we can detect most OR=3 features and without correction, low imbalance

OR=1.5 features. Again, the uncorrected logistic regression results resemble those of the forest

algorithms but seem to bemore aligned with the conditional inference forest results than the random

forest results.

Once we get to a large sample size, # = 10, 000, we can detect nearly all features, just as we can

for the forest algorithms. However, for logistic regression, we also get an occasional false positive.

Given the size of the data, it is not unreasonable that the logistic regression model might be picking

up on minor differences in the noise features which it treats as a signal.

With explanatory techniques like logistic regression, we could also investigate how well they

estimated the built-in odds ratio. We found that while the built-in value is almost always in the

confidence interval, this has more to do with the width of the intervals than the ability of the

algorithms. In general, confidence interval width increases with feature and outcome imbalance

and decreases with sample size. The decrease in width as the sample size increases corresponds to

what we would expect based on the conclusions of Nemes et al. [277].

We also observed the same general trend for the real data. Features with higher imbalances

tend to have the widest confidence intervals, which can span several orders of magnitude.

How might penalized regression techniques successfully applied in other disciplines be used in

EDM and DBER to combat any discovered biases?

While none of the five techniques we tried, Firth penalization, Log-F penalization, Lasso, Ridge,

or Elastic net, corrected the bias, they did show promise for use in future EDM and DBER studies.

For explanatory methods, Firth and Log-F were found to shrink the confidence intervals,

especially for highly imbalanced features and highly imbalanced outcomes. While Firth can still

show wide confidence intervals, the Firth confidence intervals were found to be smaller than those

of traditional logistic regression. On the other hand, Log-F provided at worst similar performance

to Firth penalization and for higher imbalances, seemed to shrink the width of the confidence

interval more than Firth penalization did. We found that both of these methods were most useful

for smaller data sets, # = 100, while for the medium and larger data sets, their performance was
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similar.

When it came to the distributions of the estimated odds ratios, Log-F often showed a smaller

distribution. While the results were comparable for the small data sets, for medium data sets

and features with high imbalance, Firth penalization overestimated the odds ratio and had more

variability. Conversely, Log-F produced more accurate and less variable distributions.

For predictive methods, Lasso, Ridge, and Elastic net were only used in a bootstrap, so we

cannot cannot discuss the confidence interval width. We can however discuss the distribution of

estimated odds ratios.

For Lasso and small data sets, we find that many of the features are shrunk to zero, especially for

higher imbalances. For example, even for a small, balanced sample, many of the OR=1.5 features

were shrunk to zero while the other methods did not treat them as consistent with noise. Elastic

showed similar results although the effect was not as severe.

For Ridge and small data sets, the distribution of the estimated odds ratio was often the smallest

for a given data set. Given that Ridge is designed to shrink the variability of the estimates, this

finding is not surprising.

For medium data sets, Lasso, Ridge, and Elastic net performed similarly to the other methods

in terms of the distribution of estimated odds ratios.

While our results generally agree with other studies, a true comparison is difficult because each

study used its own subset of the algorithms, including ones we used in our study as well as ones we

did not. Therefore, which algorithm performed best and under what circumstances depends just as

much on the algorithms it was compared to as the algorithm itself.

In general, other studies have tended to find that Firth penalization does outperform logistic

regression in the case of outcome imbalance [251,278–280] and Log-F penalization shows promise

when working with imbalanced data and can outperform Firth-penalization [263,281].

Likewise, studies like Pavlou et al. have found that Ridge penalization works well except when

there are many noise features while Lasso performs better when there are many noise features but

limited correlations, which is consistent with our results Pavlou et al. [282]. Their study also found
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that elastic seemed to perform well in all cases, which generally matches what we found.

In terms of our finding that none of the methods fixed the issues around feature or outcome

imbalance, Van Calster reported a similar finding for shrinkage techniques [283]. Specifically,

they found that despite working well on average, shrinkage techniques often did not work well on

individual data sets, even in cases where the techniques could have provided the most benefit such

as in small sample size or low events per variable cases. Even though the techniques did not solve

any of the issues in our study, they still showed promise for reducing the scale of the confidence

intervals and warrant greater adoption by the DBER and EDM communities.

6.6.2 Limitations and Researcher Choices

In this section, we shift our focus from the results of the research questions and instead consider

how our choices around constructing the simulated data, tuning or not tuning our models, defining

“detected features,” and assessing the models might have impacted the conclusions we can draw

from this study.

6.6.2.1 Our data sets

For our simulation study, we used the same levels of information as in the Boulesteix et al. study

which we wished to extend [244]. We followed their convention that $' = 3 corresponded to

a large effect while $' = 1.5 corresponded to a moderate effect. However, Olivier noted that

what constitutes a large, medium, or small odds ratio depends on the feature imbalance, outcome

imbalance, and correlations [260]. Therefore, even though we are using the same odds ratios

for the different imbalances, they might not necessarily contain the same amount of predictive or

explanatory power in a “large”, “medium”, or “small” sense.

One noticeable difference between our study and the Boulesteix et al. study was the number of

features [244]. While we argued that DBER and EDM studies usually have the number of features

on the order of 10 rather than 100, one could argue that we still had too many features based on our

sample size. For example, a rule of thumb is that there should be at least 10 cases of the minority
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outcome for each feature in the model, referred to as the events per variable [284,285]. In that case,

we would have needed at least a sample size of 400 for the 50/50 outcome imbalance and a sample

size of 2,000 for the 90/10 outcome imbalance case.

However, recent work has called into question whether this rule of thumb is supported by

evidence [278]. Van Smeden et al found that events per variable did not have a strong relation to

predictive performance of models and instead, recommended that a combination of the number of

predictors, the total sample size and the events fraction be used to assess sample size criteria [286].

Likewise, Courvoisier et al. found that logistic regression can encounter problems even if the events

per variable were greater than 10 and concluded that there is no single rule for guaranteeing an

accurate estimate of parameters for logistic regression [287]. Even if the rule of thumb were true

for logistic regression, Pavlou et al. claims that penalized regression is effective when the events

per variable is less than 10 [288].

6.6.2.2 Hyperparameter tuning

For our simulation study, we did not do extensive hyperparameter tuning for the forest algorithms.

We did this because 1) Probst, Wright, and Boulesteix found that random forest is robust against

hyperparameter specification, its performance depends less on the hyperparameters than other

machine learning methods, and its default choice of hyperparameters are often good enough [289]

and 2) Couronné, Probst, and Boulesteix state that for a method to become a standard tool (as

random forest is in EDM and is becoming in DBER), it needs to be easy to use by researchers

without computational backgrounds and cannot involve complex human interaction, which is not

true of hyperparameter tuning [290] .

In addition, we only do hyperparameter tuning for Lasso, Ridge, and Elastic because testing

multiple values for _ is built in to the glmnet algorithm that we used to run the models. Even then,

recent work suggests that optimizing _ for small or sparse data sets results in substantial variability

of the coefficients and the found _ might be negatively correlated with the optimal values, meaning

that hyperparameter tuning might not have been advisable for our data in the first place [291].
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However, for completeness and to minimize computation time needed, we did experiment

with multiple choices for the number of trees in the forest, =CA44, and the number of features

used for each tree, <CAH. For the conditional inference forests with the AUC importance, a

sample size of # = 1000 and outcome imbalances of 50/50, 60/40, 70/30, 80/20, and 90/10,

we tried =CA44 = {50, 100, 500, 1000, 5000} and <CAH = {1, ?/3,√?, ?/2, ?} where ? is the total

number of features in the model. We did not find any meaningful differences in which features

were selected and no set of the hyperparameters consistently performed better than the default

(=CA44 = 500, <CAH = √?). Therefore, we used the default choices for throughout the study.

6.6.2.3 Determining Detected Features

For the forest algorithms, we chose to use the simple and intuitive method of whether the feature

ranked above the first noise feature to determine which features were detected. We were able to do

this because we knew which features were noise and in the case of the real data, we added features

we created to be noise. We could have, however, used a variety of other methods to detect features

though each has its own limitations in the context of our study. See Hapfelmeier and Ulm for an

overview of different approaches, some comparisons, and their own novel method [292].

In general, the techniques for feature selection in forest algorithms fall into two broad categories.

First, there are elimination techniques that pull out a subset of the features based on criteria. For

example, Díaz-Uriarte and Alvarez de Andrés used a recursive backward elimination technique that

removes a certain fraction of features until only 2 remain [97]. The technique then selects the model

with the fewest features that performs within 1 standard error of the best model using whatever

metric the researcher chooses. These type of methods are not appropriate for this study because

they can restrict the features too much. That is, by having some cutoff or elimination procedure,

features which contain only a small amount of predictive information could be eliminated even

though they are in fact predictive.

The second common approach is to use some type of permutation test to generate a p-value.

Under this approach, either the outcome or each individual feature is permuted and then run through
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the model to produce some metric. This is then done a large number of times to get a distribution of

the metric. Then the unpermuted data is run through the model to get the actual value of the metric.

The p-value is then the fraction of cases where the permuted metric is as extreme as the actual value

of the metric [293]. This approach has been used in various random forest studies [294, 295] and

has been extended into the PIMP heuristic for correcting the Gini importance bias [296]. While

these methods provide an analogous method for comparing with explanatory methods, they can be

computationally intensive as they require the distributions to be conducted from scratch for each

model.

As a way to reduce the computational complexity, Janitza, Celik, and Boulesteix proposed that

the negative importances, which are assumed to be noise features because they are making the

predictions worse, could be used to construct a null distribution [297]. Under this approach, the

distribution of the negative importances are reflected across the axis to give create the distribution

for positive values. The same procedure as above can then be used to calculate the p-values. While

this procedure is computationally feasible, DBER and EDM studies often have on the order of 10

features, whichmeans there are a limited number of features which could have negative importances

and thus, mirroring the distribution would be of little use.

6.6.2.4 Assessing Our Models

For our real data, we noticed that many of the models did not produce out-of-sample AUCs in the

acceptable range of at least 0.7. Here we try to address that.

First, we acknowledge that one type of model should not always perform better than another;

this is the basis of the “no free lunch theorems” for optimization [298]. Various studies comparing

logistic regression and random forest find a similar result where which algorithm performs best

depends on the data set [290,299,300]. Therefore, the fact that logistic regression models perform

better than the forest models is not necessarily a problem. In fact, by comparing multiple models

and finding that some work better than others, we can have greater confidence that our results are

detecting a signal in the data and not just modeling the random variations in the data.
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Second, we need to acknowledge that overfitting is happeningwith theElastic net and conditional

inference forests. This overfitting can be detected by looking for differences in the training and

testing set AUCs, where a higher training AUC is characteristic of overfitting. The amount of

overfitting seems worse for the smaller data sets as shown in Table 6.6. This result is not unexpected

because with smaller data sets, there are fewer cases to learn from. The noise in the model might

then be seen as a signal and treated as though it contains predictive information.

If we look at the other models and their results in Table 6.6, we notice that the forest models and

Elastic net perform best on the school 3 data sets, which correspond to the medium sized data sets

in the simulation study and largest of the real data sets. For the forest algorithms specifically, they

perform best on the school 3 shortlist data set, which happens to have a smaller outcome imbalance

than school 3 admit. This result suggests that to effectively use the predictive approach, the data

set should not be too imbalanced and based on the results for school 1 and school 2, the amount of

data should be on the order of 1,000 cases.

Additionally, the higher AUC for logistic regression and Log-F might be thought of as their own

type of overfitting. Due to the train/test procedure of the predictive paradigm, these two methods

are working with the full data set rather than just 80% of the cases, corresponding to a 25% increase

in data to work with and hence, learn from. With the “extra” data, these models might be better

able to detect trends in the data and separate them out from noise.

While there do exist techniques for detecting overfitting in logistic regression, many of them use

some type of testing or validation data set. For example, the Copas test of overfitting recommends

splitting the data in half, using one half of the data to develop the regression model, using that

model with the other half of the data to make predictions of the outcome, and then perform a linear

regression with the predictions and actual values, testing whether the coefficient is different from

1 [301]. If it were, that would provide evidence of overfitting. However, this approach is nearly

equivalent to using logistic regression in a predictive manner rather than the way it is traditionally

used in DBER and EDM.

For a technique that aligns the explantory nature of logistic regression, we can examine the
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residual plots. Because, logistic regression produces discrete residuals, using binned residual plots

instead might be helpful [302]. Under this approach, cases are divided into bins and the average

value in each bin is plotted against the average residual in that bin. This approach allows the

otherwise binary residual to take on any value of the form 8
=18=

where =18= is the number of cases in

the bin and {8 ∈ Z : −=18= ≤ 8 ≤ =18=}.

When implemented via the arm package [303], 95% confidence intervals are generated and we

can get an idea of how good the model is by examining what fraction of the binned residuals fall

within the intervals. When we do so, we find that the fraction of residuals falling outside of the

confidence intervals are between 0.20 for School 3 shortlist and 0.34 for School 3 admit, suggesting

the models might in fact, not fit well. There does not appear to be a pattern based on the sample

size or outcome imbalance. The plots are shown in Fig. G.4 in appendix G.

6.7 Future Work

While we considered six approaches to logistic regression, two machine learning algorithms, and

three importance measures, these are not the only approaches we could have used. Indeed, these

are not even the only logistic regression or random forest techniques we could have used but chose

these algorithms as a starting point. Future work could then consider how other modifications of

logistic regression or random forest might improve upon the problems we have identified here.

For example, for logistic regression algorithms, Puhr et al. proposed two modifications to

Firth penalization, a post-hoc adjustment of the intercept and iterative data augmentation, that

showed promise in their simulation study [304]. Based on their results, they recommend using

their methods or penalization by Cauchy Priors [305], which we did not include in this study, as

better options than Log-F when confidence intervals were of interest. Furthermore, a later study

comparing logistic regression, Firth penalization, and the modifications to Firth penalization found

that the modifications to Firth’s method worked best in terms of parameter estimation bias for rare

events and small sample cases [306].

In terms of forest algorithms, there are several variants that might be useful for the data we
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encounter in DBER and EDM. For example, Balanced Random Forest and Weighted Random

Forest have been developed for working with imbalanced outcomes [307] and Oblique Random

Forests have been developed to allow for diagonal cuts in the feature space rather than the horizontal

or vertical cuts allowed under traditional random forest algorithms [308]. In their study, Menze

et al. found that Oblique Random Forests outperform traditional random forest when the data is

numerical rather than discrete, which might show promise for our data depending on the ratio of

numerical features to categorical or binary features [308].

Alternatively, there are non-CART-based approaches to random forest [309]. Loh and Zhou

conducted a simulation study of various approaches to random forest and variable importance [310],

finding that forests grown using the GUIDE algorithm, which is implemented for both classification

[311] and regression [312], was unbiased while the random forest and conditional inference forest

approaches we used here were not. In their study, a method was unbiased “if the expected values

of its scores are equal when all variables are independent of the response variable,” which would

correspond to a case in our study where the odds ratios were 1 for all features. Nevertheless, such

an approach might still be worth looking into.

There are also newer importance measures that show promise. In a simulation study, Nembrini,

König, and Wright proposed a modification of the Gini importance, which they claim removed

its bias toward features with more categories and the biases observed here regarding feature

imbalance [245]. However, their simulated studies with feature importance only considered null

cases in which none of the features were predictive of an outcome. Nevertheless, further study of

this approach might be fruitful.

In contrast to the algorithms used to analyze the data, future work should also explore how

changes to the data itself might affect algorithm performance. For example, we could use the risk

ratio to encode the level of information in a feature instead of the odds ratio. In theory, risk ratio

provides a more intuitive way to quantify the amount of information in a feature because it is based

on the ratio of probabilities rather than a ratio of odds. Zhang and Yu proposed a method to convert

the odds ratio to a risk ratio [313], though more recent work has called this approach into question
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and suggests alternatives [314, 315]. Because these two measures are related but not the same,

there might be additional insights related to which features are detected based on how we define

the amount of “predictiveness” they have.

To better replicate real DBER and EDM data, future work could also explore how the amount

of correlation between the features affects the results. In the case of correlated features, new issues

with permutations emerge, including the model needing to extrapolate to regions where the model

was not trained to calculate a feature importance [95]. Various approaches have been developed

for correlated data with forest algorithms [95, 96, 316], which warrant future study, especially for

the type of data we see in DBER and EDM studies.

Additionally, future work can extend the data beyond binary features and include categorical

features. While logistic regression often requires categorical features to be binarized, doing so

can cause a loss of information. For example, treating exam responses as correct or incorrect

hides information about the specific incorrect answer the student chose and possible patterns [317]

and combining demographics into a single “underrepresented” category can hide the struggles

of students of different races and ethnicities [318]. As random forest implementations can often

handle categorical features directly, future work can consider how the biases explored in this study

might manifest in categorical data and how aggregating or segregating features might introduce its

own biases.

Finally, future work can consider how both the data and algorithms affect how features are

detected. Recently, Pangastuti et al. found that a combination of bagging, boosting, and SMOTE

improved random forest’s classification ability on a large, imbalanced educational data set [319].

We need to be careful with such approaches, however, because our data is not just data but represents

actual students. Therefore, we need to be certain that our conclusions are based on the student data

and not simulated students “created” to make the data easier to analyze.
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6.8 Conclusion and Recommendations

Our work suggests that for both predictive and explanatory models, feature and outcome imbalances

can cause algorithms to detect different features despite the same built-in amount of information.

We found this to be true for random forest, conditional inference forest, logistic regression, as well

as in various penalized regression algorithms. On a practical level, this means that if we are using

these algorithms for determining which features might be related to some outcome of interest, we

might be introducing false negatives into our results, potentially missing factors that are related to

the outcome.

Based on the results of this study, we propose three recommendations for DBER and EDM

researchers. First, for smaller data sets with highly imbalanced features, we recommend using a

penalized version of logistic regression such as Log-F. Even though Firth penalization was often

comparable to Log-F, Firth penalization is not implemented in all statistical software. Log-F

however can be used with any statistical software that can perform logistic regression because it is

based on data augmentation. If the outcome is also imbalanced, it is even more essential to consider

penalized approaches.

Second, for medium or large data sets (# ≥ 1, 000) traditional logistic regression and random

forest or conditional inference forest with a permutation importance perform similarly, so either

approach works. While the algorithms still do not perform perfectly, none of them provided a

consistent advantage over another. We recommend that researchers first consider whether the

research questions are best answered using predictive or explanatory techniques and then which

affordances of the algorithms are most relevant to the study.

Finally, we call on researchers to include information about their features in their publications,

including the features themselves, their distributions, and in the case of categorical or binary

features, their class frequencies as others outside the DBER and EDM communities have done in

the past [320]. A simple example of how this might be done is shown in Table 6.4. In addition, we

recommend that researchers include data set characteristics or so-called “meta-features” as well.

Some examples include sample size, the number of features, the number of numerical features,
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the number of categorical features, and the percentage of observation of the majority class or

outcome balance [290]. Just as there have been calls for increased reporting of demographics in the

DBER and EDM communities to understand how results might depend on the sample population

or generalize [13, 321], we are calling for the same with the explanatory and predictive models

we create, partially addressing some of the questions raised by Knaub, Aiken, and Ding in their

analysis of physics education research quantitative work [322]. By doing so, we hope for greater

acknowledgement of possible sources of bias or false negatives in feature selection as a result of

the data or algorithms used in DBER and EDM studies.

166



APPENDICES

167



APPENDIX A

RANDOM FOREST BACKGROUND

The following appendix comes from the supplemental material of Young et al. [65]. The published

version includes Grant Allen, John M. Aiken, Rachel Henderson, and Marcos D. Caballero as

co-authors. It is reproduced here without changes.

A.1 The Random Forest algorithm

A.1.1 Decision tree learning

Random forests have their roots in the decision tree learning [323]. Decision tree learning uses a set

of binary decisions to develop a model for the data set. For our purposes, we focus on classification

trees where the object of the model is a class label (i.e., a particular categorical outcome). The

decision tree algorithm is provided with the classes and the data that should predict the classes (i.e.,

input variables). Conceptually, the decision tree algorithm searches the input variables for the one

that best segregates the data into separate classes. That choice of “best” can be user specified, but

if left to the algorithm, it will be the variable for which a majority of members of a class appear

on one side of the decision (termed “branch”) and not on the other side. For input variables that

are continuous data, the algorithm further decides on the binary decision that best splits the data.

For example, if “age < 55” was the binary decision, the algorithm both chose “age” as the input

variable and “55” as the cut-off. The algorithm continues to make these decisions, splitting the

data into more and more branches until all branches terminate in a single class (termed “leaves”)

or until a user-specified level. Tracing the path back from any leaf (single class or multiclass) to

the starting point shows all the decisions that were made to obtain that leaf. In this sense, decision

tree learning is a glass-box algorithm – a researcher can see every step along the path.

Although the researcher can view all parts of the model and how it was constructed, any single

decision tree is strongly tied to the data used to construct it. This leads to overfitting of the
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data [323, 324]. That is, the decision tree algorithm can produce a model that exactly provides

unique classifications for the data it is given. As such, applying that model to predict classes in

a new data set will often produce false predictions as the model was so strongly tied to the initial

data set on which it was trained. Overfitting is a common problem in machine learning techniques

where a single analysis is conducted [325]. To deal with this, some decisions trees are pruned [248]

– reduced to a smaller size by removing leaves that predict only small classes. However, as

computational time has become less expensive, ensemble methods that develop a series of models

from random selections of data are a more common method for combating overfitting [326]. The

Random Forest algorithm is one such ensemble method, which grows out of decision tree learning.

A.1.2 Random decision trees

A Random Forest is grown from a set of random decision trees and stems from a technique known

as “tree bagging.” Tree bagging, or simply bagging, refers to running the decision tree algorithm a

specified number of times on a random selection of data with replacement [327]. Data selected to

be used in the algorithm is “bagged.” Each time the algorithm runs, it produces a decision tree from

a randomly selected set of data. The input variables are scored based on how well they classify

the data. Those that continually classify well earn higher scores, while those that do not are given

lower scores. The result is a set of input variables that have been tested on a variety of data sets so

that those input variables that are most important for classification can be found. Random forests

use the bagging technique, but also randomly select a subset of input variables [91]. That is, data

to develop the Random Forest model are randomly selected and only a subset of input variables

(again, randomly chosen) are used in the classification. The same scoring procedure for these

input variables is used. Both the bagging and Random Forest algorithms combat overfitting by

leveraging random selection as opposed to pruning. Conceptually, when randomly sampling data,

the trained model will sometimes produce a good model and at other times it will not. By checking

the quality of each decision tree model after each run, the algorithms ensure that consistently-

appearing predictors from good models are carried into the complete bagging or Random Forest
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model and others are not. Due to randomly selecting a subset of the input variables in addition to

a bootstrapped sample of the data, Random Forests have been shown to have significant advantage

over bagging alone [328].

A.1.3 Tuning Random Forest Parameters

Random forests have two tuning parameters that can be adjusted to obtain a reliable model, =8= –

the number of input variables selected at random, and =CA44B – the number of trees in the forest. A

review of how =8= can affect the predictions of a Random Forest has been conducted by Svetnik

et al. [101]. For a variety of choices of =8=, Svetnik et al. compared error rates (fraction of false

positives and false negatives) predictions and found that for most choices of =8= error rates were well

maintained between 20-25%. For lower =8=, the model does not develop enough robust comparisons

between different input variables to be reliable leading to slightly elevated error rates. While for

higher =8=, the model overfits the training data leading to higher scores for less important variables,

which again produce slightly higher error rates. For a given number of input variables, # , Svetnik

et al. suggested =8= include #/2, #/4, and
√
# where each is rounded up or down to the nearest

integer. They tested these suggested choices and found that all choices produce similar error rates

even as the number of input variables is varied between 3 and 100. After 100 variables, the choice

=8= =
√
# performs slightly better than the other choices, but only marginally so (2% difference in

error rates).

The number of trees in the forest, =CA44B, describes the number of times that the algorithm

randomly selects data and input variables to perform the classification task. Here, more is better,

but only up to a point, after which adding addition trees does not improve the classification. There

is no penalty for running the algorithm many times besides wasting computational resources. An

estimate of the model’s performance for a given number of trees is the Out-Of-Bag error (OOB

error). When the algorithm selects data to train, it leaves some data “out of the bag.” For any given

tree in the forest, we can predict the classifications for the data left out of the bag. The error rate

associated with that prediction is an estimate of the Out-Of-Bag error for that tree. The estimate
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Known Classes
Yes No

Model Yes #)% #�%
Predicts No #�# #)#

Figure A.1: The confusion matrix counts the number of each predicted classification by the model
and compares that to the what the data indicates. In this case, a two class system with binary
classifications leads to a 2 x 2 matrix. For " classes, the matrix continues to be square and grows
to be " x " .

for the total OOB error is the average across all the trees. In their work, Svetnik et al., found that

OOB error stabilized when =CA44B > 102. For 3 orders of magnitude beyond that the OOB error

remained flat at 0.2, that they found a ∼20% average misclassification of data left out of the bag for

any number of trees from 102 − 105.

It is common to determine the “best” parameters by using a grid search [329]. Here, a number of

random forests are constructed with different combinations of =8= and =CA44B to find the combination

with the strongest validation scores. Typically, one performs a coarse-grain search allowing the

tunable parameters to vary greatly. This is much like searching for the appropriate order of

magnitude for each parameter. Once a reasonable range is found for each parameter, a finer-grain

search is performed within the bounds determined from the coarse grained search. This search

can continue ad infinitum, but it is typically only done until reasonable estimates of the “best”

parameters are found given the expected error and available computational time.

A.2 Validating the Random Forest model

A Random Forest will develop a model of data, but that does not always mean that model is

meaningful. Moreover, because that model is developed from a random selection of data and input

variables, individual trees in the model might be terrible predictors. By abiding by suggested

parameter choices [101], one can be somewhat confident in the model. However, additional

validation of the model can be conducted to be able to provide evidence of that confidence. These

metrics and the associated curves are developed from how well the model predicts classifications

of the test data – that is, the data that was not used to train the model.
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FigureA.2: (a) Sample receiver operating characteristic (ROC) curves that demonstrate twomodels:
one that is better than chance (blue) and one that is worse than chance (green). These ROC curves
are plotted along with the chance line (orange dotted). Models that are demonstrably better than
chance have ROC curves that tend towards the upper-left corner of the space as the arrow indicates.
Models that are worse than chance tend towards the bottom-right corner. (b) For both models,
the area under the ROC curves (AUC) are shown (blue and green shading) and computed. AUC
provides a measure of the quality of the model. It is indicative of the probability of accurately
classifying a random sample from the data.

A.2.1 Confusion Matrix

The simplest tool for understanding how well the Random Forest model predicts classifications

in the new data set is the confusion matrix. Most other measures associated with validity of the

model are derived from the confusion matrix. Conceptually, the confusion matrix keeps track of

true positives (#)%), true negatives (#)# ), false positives (#�%), and false negatives (#�%). The

sum of all these measures is the total number of observations in the data set that is being tested

(#C4BC).

#C4BC = #)% + #)# + #�% + #�# (A.1)

For a two class system (e.g., Yes/No), these values can be organized into the 2 x 2 matrix where

the columns describe the known classes in the data set and the rows describe the classes predicted

by the model (Fig. A.1). The confusion matrix provides a quick check of the predictions of the

Random Forest model. Essentially a good model will have strong diagonal elements, that is, high
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numbers of true predictions, and small off-diagonal elements, low numbers of false predictions.

A.2.2 Associated measures

From the confusion matrix, a number of associated measures may be derived. Here we provide

those that are common to report in the Random Forest literature. Additional measures exist, but are

not reported here 1. The accuracy of the model (���) is the fraction of true predictions compared

to the total number of observations in the test data set,

��� =
#)% + #)#
#C4BC

. (A.2)

This accuracy of themodel can vary between 0 and 1, with 0.5 being equal to chance predictions.

A model that predicts worse than chance will have ��� < 0.5. The sensitivity, or the true positive

rate ()%') compares the number of predicted true positives to the total number of actual positives

appearing in the test data,

)%' =
#)%

#)% + #�#
. (A.3)

This rate varies between 0 and 1. For a good model of the data, we expect this number to

be closer to 1. The fall-out, or false positive rate (�%') compares the number of predicted false

positives negatives to the total number of actual negatives in the data,

�%' =
#�%

#�% + #)#
. (A.4)

This rate varies between 0 and 1. For a good model of the data, we expect this number to be

closer to 0. Pure guessing (i.e., chance) would yield 0.5 for both of these values. Taken together,

these values are plotted together for a range of discrimination thresholds in a receiver operating

characteristic curve, which indicate how much better (or worse) the model is than chance.
1In some publications, certain likelihood ratios (!'+ = )%'/�%' and !'− = �#'/)#'), odds ratios (!' +

/!'−), and the F1 score are reported, but ���, )%', and �%' are the most commonly reported metrics.
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A.2.3 Receiver operating characteristic curve

The receiver operating characteristic curve (ROC curve) provides a visualization of the quality of

a binary model [330]. In it, )%' is plotted against �%' for a variety of discrimination thresholds.

These thresholds vary from 0 to 1 and describe the probability above which an observation is

placed into one class compared to another. Conceptually, it determines, at a given probability of

classification, the expected rates of true positives compared to false positives.

A sample ROC for mock data is plotted in Fig. A.2(a). The chance line, in which )%' and

�%' are equal for all thresholds, is plotted in orange. The blue curve is the ROC curve for a model

that is better than chance. The humped-shaped of curve is common for good models as this shape

are indicative of )%' values above chance for all thresholds. On the other hand, the green curve is

the ROC curve for a model that is worse than chance. This shape is characteristic as well as it is

indicative of )%' below chance for all thresholds.

A quantitative measure of the quality of the model is the area under the ROC curve (AUC).

This measure is visually represented in Fig. A.2(b) where AUC for the better than chance model

is indicated by the blue and the green shading taken together. The AUC for the worse than chance

model is indicated by the green shading alone. AUC is indicative of the probability that model

will rank a randomly chosen positive instance higher than a randomly chosen negative one. From

Fig. A.2, the probability for the first model is approximately 0.71 while for the second it 0.29.

AUCs above 0.7 are typically considered reasonable models with 0.8 and above considered to be

good models [93]. A perfect classifier will have an area under the curve of 1 while the chance curve

will have an area under the curve of 0.5.

A.3 Feature selection

One of the more useful aspects of machine learning, and of the Random Forest algorithm in

particular, is the ability to determine which features are more important than other features in the

data. For classification tasks, that means finding the input variables that consistently separate the

results into classes. There is an analogy to regression analysis where the important input variables
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in a Random Forest classifier act as statistically significant correlates with the outcome variable.

However, because Random Forests are not rooted in traditional statistical analysis, the important

features do not arise from correlation – linear or otherwise.

Feature selection makes use of these important features to reduce the overall number of input

variables needed to classify the data. This is similar to using regression models of increasing

complexity to find the minimal model that explains the outcomes sufficiently. These important

features can be used as the sole input variables and the resulting model can be validated using the

techniques described in Sec. A.2. A good reduced model will maintain high accuracy, produce an

ROC curve that is still above the chance line for all thresholds, and have an AUC that is similarly

well above chance while using the minimum amount of features.

To determine the importance of an input variable (termed “feature importance”), the standard

Random Forest algorithm (CART) continuously compares how well each input variable in a single

decision tree separates the data set into classes. For the CART algorithm, the measure of how

well this occurs is either the Gini impurity or the information gain, depending on user selection

and choice of tool. For the simplest implementation of the Random Forest classifier, the feature

importance is related to the Gini impurity (��) [91], which is the total decrease in node impurity. ��

is computed for each input variable (node) and is then averaged for each input variable over all the

trees in the forest. Conceptually, �� for an input variable is probability of the input variable showing

up in a given class multiplied by the probability of a misclassification within that factor summed

over all classes [331]. Thus the higher �� for an input variable in a given tree, the less favorable

choice it is for splitting the tree. For example, a high �� input variable would not be selected as

the input variable for the first branch in a given tree. For this implementation, important features

are those which consistently produce the best splits for a large proportion of trees in the forest. The

feature importances are often distributed normally around some mean and are reported with error

that is inversely proportional to the square root number of trees in which the input variable was

randomly selected for use.
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A.4 Bias and improvements

While the CART algorithm and the associated Gini-based feature selection are commonly used in

Random Forest classification, both are subject to biases that for certain kinds of data (including

those analyzed in this paper) can lead to inaccurate models.

First, the Gini-based feature selection described above is not reliable when the input variables

vary in scale of measurement or in the number of categories (possible responses) [92]. This is

because variables with more categories can be split into two groups in more ways than variables

with less categories can and hence, it is more likely a favorable split could be found. Furthermore,

Gini-based feature importances can be biased if the variables are correlated [332]. In such cases,

accuracy-based permutation variable importances can be used [243,244].

Accuracy-based permutation variable importances are based on the idea that if a input variable

is associated with the outcome variable, then permuting the input variable should break that

association, and therefore, the accuracy (���) should decrease. The input variables that change

the accuracy the most are then said to have the largest variable importance.

However, these accuracy based variable importances are biased when the sample is unbalanced,

that is, the categories in the predicted variable do not occur in equal frequencies [94]. Janitza et al.

suggest modifying the accuracy-based permutation variable importances to be based on the AUC

instead of accuracy because accuracy is biased toward the majority class while the AUC is not.

When applying this modification, they found that the AUC-based permutation feature importances

are better able to discriminate between variables that are good predictors and variables that are

poor predictors than the accuracy-based permutation feature importances are when the sample is

unbalance. When the sample is balanced, they reported no significant different between the two

methods.

Because the Random Forest algorithm is based off classification and regression trees (CART)

[309] and CART uses the Gini impurity to determine the split points, the Random Forest algorithm

itself is biased for the same reasons the Gini-based feature importance is. This bias can be corrected

using conditional inference forests based on the framework proposed by Hothorn et al [92, 259].
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The conditional inference forest algorithm breaks the determining the split points into two steps,

unlike the Random Forest algorithm, which selects the input variable and its split point in a single

step. First, algorithm tests the global null hypothesis that there is no association between any of

the input variables and predicted variable at some predetermined level of significance. If this test

fails, the algorithm terminates. If the null hypothesis can be rejected, the algorithm selects the

input variable with the strongest association to the predicted variable as measured by its P value.

The algorithm then splits the input variable into two groups that maximizes a chosen test statistic.

Finally, the algorithm returns to the first step and retests the global null hypothesis and either

terminates or continues with the next input variable with the highest association to the predicted

variable. This revised version of the Random Forest algorithm has been found to be unbiased

even when the variables vary in scale of measurement or in the number of categories provided that

boostrapping is not used (subsampling must occur without replacement or the original biases are

still present) [92].

A.4.1 Determining “significant” features

While we have detailed various improvements to variable selection, none of these methods can by

themselves determine whether the variables are actually important, only how important they are

with respect to each other. Various approaches to determine the actual important variables have been

proposed such as selecting the top 10% of the variables ordered by an importance measure [333],

selecting all variables above the absolute value of the most negative importance values [328], using

recursive backward elimination to select the fewest number of variables that result in an OOB rate

within 1 standard error of the best OOB rate [97], generating a null distribution of each variable

and then assigning a p-value based on the fraction of null importances greater than the actual

importance value [292], and mirroring the distribution of negative importances to generate an

overall null distribution for the importances and again assigning a p-value based on the fraction of

null importances greater than the actual importance value [297]. Each of these approaches has its

own benefits and problems such related to ease of implementation and computation time required
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and to our knowledge, there is no standard choice of procedure. As we had a limited number of

negative importances and limited computational power, we used recursive backward elimination in

this study. Since these “significant” factors are not determined by tests of statistical significant but

rather by how much the model changes when they are removed, we refer to the selected factors as

meaningful factors.
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APPENDIX B

CHAPTER 3 ANALYSIS OF FEATURES

In this appendix, we describe the data used to answer research questions 2 and 3 to give the reader a

better idea of the distributions of physics GRE scores and GPA in the data set. Because the data are

skewed left and exhibit ceiling effects (many applicants have 4.0 GPAs or 990 physics GRE scores),

quartiles are used to describe the various features. To maximize the amount of information shown

about the data, we use raincloud plots [334, 335], which show the distribution, the density plot,

and traditional box plot. Kolmogorov-Smirnov tests suggest the distributions are not significantly

different whether we include applicants who may have applied to multiple schools in our data set,

so we include possible duplicates in our analysis.

Fig. B.1 shows the physics GRE scores and undergraduate GPAs of each applicant based

on whether they attended a large undergraduate physics program (top 25% nationally in yearly
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Figure B.1: Distribution of physics GRE scores & undergraduate GPAs by the size of the under-
graduate physics program & institutional selectivity for each applicant.
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Figure B.2: Distribution of physics GRE scores and undergraduate GPAs by gender and whether
the applicant identified as a member of racial or ethnic group currently underrepresented in physics.

physics bachelor‘s degrees) or attended a selective university (categorized as most competitive or

highly competitive based on Barron‘s Selectivity Index). We notice that the physics GRE score

distributions are shifted to the right for applicants from large physics departments or selective

institutions, signifying higher scores. Indeed, the median physics GRE scores of applicants from

large programs or selective institutions are nearly 100 points higher than those of applicants from

smaller or less selective institutions. However, in terms of GPA, the median GPA is approximately

the same, regardless of whether the applicant graduated from a larger or smaller physics department

or attended a more or less selective institution.

Fig. B.2 shows the physics GRE and undergraduate GPAs by gender and race. As expected,

men score higher on the physics GRE than women do and Asian and white applicants score higher

than Black, Latinx, Multiracial, or Native applicants, though the gaps appear larger than those

reported in [52].

When comparing GPAs, we find that men and women have similar GPAs, as recently reported
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in [156] when comparing men and women’s STEM GPAs. Likewise, our data also shows a

racial GPA gap with non-B/L/M/N applicants having a median GPA higher than that of B/L/M/N

applicants by 0.15.

When looking across both figures, we notice that the physics GRE score distributions of smaller

and less selective programs resemble the physics GRE distributions of women and B/L/M/N

applicants while the physics GRE score distributions of the largest and most selective programs

resemble the physics GRE score distributions of men and non-B/L/M/N applicants. To see if

gender and race are confounding variables in our analysis, we examined the fraction of women and

B/L/M/N applicants in each group. If this were the case, the smaller and less selective programs

should have a greater fraction of women and B/L/M/N applicants than the larger and more selective

programs.

However, we did not find this to be the case. Applicants from more selective institutions

were 16% women while applicants from less selective institutions were 18% women (15% and

14% respectively for B/L/M/N applicants). For institution size, applicants from larger institutions

were 16% women compared to 21% women from smaller institutions (14% and 17% for B/L/M/N

applicants respectively). Thus, it does not appear that differences in who attends (in terms of gender

and race) larger or more selective institutions are responsible for the observed differences in scores.
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APPENDIX C

CHAPTER 3 SUPPLEMENTAL FIGURES

In this appendix, we include plots that show institutional effects by gender and race. As we note

in the discussion, the programs included in this study were actively trying to increase the diversity

of their graduate programs. Thus, we are unable to determine from our data whether women were

admitted at higher rates than men were and B/L/M/N applicants were admitted at higher rates than

non- B/L/M/N applicants were because they stood out or if the admissions committees highlighted

these applicants from the start. Therefore, we do not comment on any possible interactions. For

completeness, the plots are shown here.
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Figure C.1: Admission fractions of applicants split by their gender and the selectivity of their undergraduate institutions.
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Figure C.2: Admission fractions of applicants split by their gender and the size of their undergraduate institutions.

184



Figure C.3: Admission fractions of applicants split by their race and the selectivity of their undergraduate institutions.
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Figure C.4: Admission fractions of applicants split by their race and the size of their undergraduate institutions.
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APPENDIX D

PHYSICS GRE SCORING PERCENTILES

The following data comes from the GRE Subject Test Interpretive Data [1]. It is included here for

readers who wish to see the scoring distribution of the test.

Between July 1st, 2017 and June 30th, 2020, 19,955 students took the physics GRE. The average

score was 717 with a standard deviation of 165. 23% of test-takers identified as women.

Scaled physics GRE score and the percent of applicants scoring lower than the scaled score are

shown in the table below. Blank cells means there were no test takers scoring below that scaled

score.

Table D.1: Scaled physics GRE score and percent of applicants scoring lower than that score.

Scaled score Percentile

980 95

960 92

940 88

920 85

900 81

880 77

860 74

840 70

820 67

800 64

780 61

760 58

740 54

720 51
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Table D.1 (cont’d)

700 47

680 43

660 39

640 36

620 32

600 28

580 24

560 20

540 16

520 12

500 9

480 7

460 4

440 3

420 2

400 1

380 1

360

340

320

300

280

260

240
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Table D.1 (cont’d)

220

200
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APPENDIX E

DEPARTMENT OF PHYSICS ADMISSIONS RUBRIC

This appendix includes the rubric used during the 2019 admissions cycle and defines the features

used in Chapters 4 and 5.
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Table E.1: Rubric used by our department for evaluating applicants. The criteria for a high, medium, and low score are shown.

Item Subitem High Medium Low

Academic

Preparation

(25%)

Physics Coursework GPA>=3.7 (A-) in all

core subjects: CM1&2,

EM1&2, QM1&2, SM1,

if not taken 2nd semester

courses yet are they plan-

ning on taking them?

GPA >=3.3 (B+) in all

core: CM1&2, EM1&2,

QM1&2, SM1; OR

GPA>=3.7 (A-) in CM1,

EM1, QM1, SM1 if no 2nd

semester courses taken

GPA>=3.7 (A-) in EM1

and CM1; GPA>=3.0 (B)

average in other advanced

courses; any grades <2.7

(B-) without explanation

Math Coursework Real and Complex Anal-

ysis, Group Theory with

GPA>=3.5 (A) grades

DiffEq, Linear, and a Math

Methods course, all with

>=3.5 (A) grades; or more

than thiswithGPA>=3.0 (B

or A) grades

Bare bones math prep (e.g.,

up toDiffEq), or low grades

regularly on math

Other Coursework Consistently 3.5 (A) grades Consistently 3.0 (B) grades

withnothing below a 2.5

(B-/C+)

One or more 2.5s (B-/C+)

Academic honors

and/or recognitions

multiple honors, e.g.,

Dept/University Honors;

Phi Beta Kappa, etc

one academic

award/recognition

No academic honors in col-

lege documented in the ap-

plication
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Table E.1 (cont’d)

Research

(25%)

Variety/duration two years in research one year in research; only

REUs

nothing more than course-

work laboratories

Quality of work multiple indications of ex-

cellence

clearly made significant

contributions to the project

limited intellectual or

technical contribution to

projects; "button pusher"

Technical skills a variety of experiment,

theory, and/or computa-

tional skills

has developed only one

class of skill (exp or theory

or comp)

nothing more than course-

work laboratories

Dispositions clear commitment to and

enthusiasm for research;

AND understands what the

process entails

clear commitment to and

enthusiasm for research;

OR understands what the

process entails

not clear if they know what

they are getting into with

a PhD; seems lukewarm

about research

Non-Cognitive

Competencies

(25%)

Achievement Orienta-

tion

Consistently strives to im-

prove or meet a high stan-

dard of excellence in all ar-

eas

Has demonstrated a high

standard of excellence in

selected areas

No evidence of striving for

excellence provided in ap-

plication or student record
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Table E.1 (cont’d)

Conscientiousness Takes responsibility for

personal performance, both

the good and the bad;

AND demonstrates effi-

ciency and organization

Takes responsibility for

personal performance, both

the good and the bad;

ORdemonstrates efficiency

and organization

No evidence of taking

responsibility for perfor-

mance AND minimal ev-

idence of efficient, orga-

nized work

Initiative Consistently seeks out or

acts on opportunities AND

takes leadership

Consistently seeks out or

acts on opportunities OR

takes leadership

Has not sought out or

taken advantage of oppor-

tunities AND does not have

a record of leadership

Perseverance Application clearly de-

scribes successful coping

with failures/obstacles

Basic or perfunctory de-

scription of overcoming

challenges

Application does not de-

scribe experience with fail-

ure/obstacles

Fit with pro-

gram (15%)

Research research interests align

with multiple faculty in

multiple subfields

research interests align

with multiple faculty in one

subfield

limited alignment between

student interests and faculty

expertise
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Table E.1 (cont’d)

Faculty someone wants to hire as

RA now and/or there is a

clear fit with current faculty

expertise

someone could supervise,

but interests do not directly

support a faculty member’s

work

faculty aligned with appli-

cant’s interests are not seek-

ing students

Community has clearly contributed pos-

itively to prior depart-

ment/school culture, and

would do the same for our

program

some evidence of partici-

pating in service activities

applicant only discusses

him/herself; no evidence of

engagement in department

or university activities

Diversity applicant has been an ac-

tive advocate for diversity

in physics

belongs to an underrepre-

sented identity group; first

generation in college or low

SES; and/or contributes to

another type of diversity

the department seeks

contributions to diversity

are unclear from the appli-

cation
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Table E.1 (cont’d)

GRE Scores

(10%)

General GRE Verbal(V) and Quantita-

tive(Q) scores >=75% (or

157 for V and 160 for

Q) AND Analytical Writ-

ing (AW) >=4.0

V & Q scores >=75% (or

157 for V and 160 for Q)

BUT AW<4.0

V or Q score <75% and

AW<4.0

Physics GRE >=75% 50-74% <49%
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APPENDIX F

CHAPTER 4 SUPPLEMENTAL FIGURES

Here we present figures showing the results split by admission status and gender, undergraduate

institution selectivity, and undergraduate physics program size. Given the relatively small sample

sizes, we did not conduct tests of statistical significance.
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Figure F.1: Faculty ratings of domestic applicants on 18 constructs split by whether the applicant
was male or female and whether they were admitted or not.
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Figure F.2: Faculty ratings of domestic applicants on 18 constructs split by whether the applicant
attended a more selective or less selective undergraduate university and whether they were admitted
or not.
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Figure F.3: Faculty ratings of domestic applicants on 18 constructs split by whether the applicant
attended a university with a larger or smaller physics program and whether they were admitted or
not.
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APPENDIX G

CHAPTER 6 SUPPLEMENTAL FIGURES

Here we provide the plots for the additional three data sets from Sec. 6.5 for completeness. The

plots show the same general results as discussed in the main manuscript. We also include the

residual plots from the discussion.

Figure G.1: Comparison of the odds ratio, Gini importance, and AUC-permutation importance for
the features in the school 2 admit data set.

Figure G.2: Comparison of the odds ratio, Gini importance, and AUC-permutation importance for
the features in the school 3 shortlist data set.
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Figure G.3: Comparison of the odds ratio, Gini importance, and AUC-permutation importance for
the features in the school 3 admit data set.
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Figure G.4: Plots of the Log-odds vs the average residual in each bin for the four schools. Across
all plots, between 20% and 34% of the points fall outside of the confidence intervals, suggesting
the logistic regression models might not be fitting the data especially well.
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