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ABSTRACT

My work seeks to investigate students’ perceptions of and experiences in higher education

computer science (CS) courses in order to inform efforts to broaden participation in comput-

ing (BPC). In the U.S., people who identify as women, Black/African American, Hispanic,

Latina/o/x/*, Native American, Native Alaskan, Native Hawaiian, Pacific Islanders, and/or

disabled are considered historically underrepresented in computing. I refer to these groups as

historically underrepresented groups, or HUGs. Individuals from HUGs are not proportion-

ally represented in the CS educational system or in the computing workforce; BPC efforts

aim to recruit and retain students from HUGs in order to address this inequity. Prior work

has identified many factors that may affect students’ recruitment and retention in CS. Of

particular interest to this dissertation are the influences of students’ prior perceptions of

computing and of their experiences once they are in the field. This dissertation consists of

four studies investigating aspects of students’ perceptions and experiences in computing and

how they relate to important outcomes for recruitment and retention in the field.

The first study investigated students’ perceptions of specializations within the field of CS,

specifically artificial intelligence (AI) and cybersecurity, before they have personal experience

in these specializations. This qualitative study examined students’ expressed beliefs about

AI and cybersecurity that may affect their interest in pursuing these fields. Understanding

these perceptions may inform efforts to bolster students’ interest in AI and cybersecurity

towards the goal of increasing participation of students from HUGs in these specializations.

The second study in this dissertation addressed the experiences students from HUGs may

have regarding understanding the expectations of a doctoral CS program. Through inter-

views with PhD students, we found that students’ initial expectations of graduate school

were often incomplete or inaccurate, and that policies such as formal mentorship systems may

positively impact PhD students’ experiences and ability to succeed, thereby increasing their

retention in CS. The third study examined undergraduate students’ computing self-efficacy,

i.e., students’ beliefs that they can achieve desired outcomes in their computing courses. We

found that identifying as Asian, Black, Native, Hispanic, non-binary, and/or a woman were

statistically significantly associated with lower computing self-efficacy, even when control-

ling for prior CS experience. This work further used an intersectional approach to show that

identifying as Asian and non-binary correlates with lower computing self-efficacy. The fourth

study investigated whether self-efficacy and sense of belonging correlate with instructional

transparency, which aims to make course’s learning goals, evaluation criteria, and path to
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success clear and accessible to students. Our findings show group differences in students’ per-

ception of transparency, as students who identify as women, first-generation college students,

and/or disabled reported perceiving less transparency. We also demonstrate that perception

of instructional transparency has a positive correlation with students’ self-efficacy and sense

of belonging in computing while controlling for important confounding variables, such as

prior CS experience.

As a whole, my work aims to investigate students’ perceptions of and experiences in CS

education in order to inform and support BPC efforts. Collectively, this research provides

insights into the kinds of institution-level policies and classroom-level practices that may

contribute to diversity, inclusion, and equity efforts. Findings from each of the studies suggest

particular policies and practices, such as a formal mentorship system for PhD students and

using transparent teaching in CS classrooms, as well as avenues for future research that may

shed further light on how to recruit and retain students from HUGs in computing.
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To Austin – you were right, it is “our” PhD!

iv



ACKNOWLEDGMENTS

I am immensely grateful to so many people for so much support over the course of my

PhD. Those named here are really only scratching the surface; a big, blanket thanks to all

the friends, acquaintances, and coworkers who have helped me get to this point.

First and foremost, thank you to Colleen Lewis, whose influence on me and my career

probably cannot be overstated. Since my first research experience with you ten (!) years

ago, I feel incredibly lucky to have been able to learn so much about how to be a teacher,

researcher, and mentor from you. I would also like to thank Craig Zilles, Katie Cunningham,

and Chris Hovey. In your roles as members of my dissertation committee and as research

mentors more generally, you have all taught me a lot about academia and academic life,

and my work is so much stronger for all of your feedback. Speaking of feedback, many

other members of the CS Education area at Illinois have provided me with so much helpful

feedback on endless research ideas, paper drafts, and practice talks over the years. Thank

you to Luther Tychonievich, Yael Gertner, Geoffrey Herman, Paul Bruno, and all other

faculty and students who have supported my growth as a teacher and researcher during my

PhD.

To all members of my lab: teamwork makes the dream work, and I have no idea where I

would be without you all. Many, many thanks go to Kari George; your expertise in topics

from higher ed to quantitative research methods, as well as your support over the years,

have been beyond valuable. To Mariam Saffar Perez, Kathleen Isenegger, Chris Perdriau,

and Andrea Watkins, I’m grateful for all the ways you have all influenced me. I am so

lucky to know you, to be inspired and informed by your work, and, most importantly, to be

your friend. The same goes for our original CS Ed PhD crew: Morgan Fong, Max Fowler,

and Seth Poulsen. You’re all the best colleagues and friends I could have hoped for in grad

school. I’m truly thankful to have been able to work and spend time with all of you these

past few years, and I have no intention of stopping that anytime soon.

Shout out to the #QUAD for so much PhD support over the years. Max Hlavacek,

Annisa Dea, and especially Cherie Ho, it’s bizarre that all four of us ended up in PhDs, but

I couldn’t be more grateful to have had you all to swap stories with and vent to this whole

time. Thanks also to all Mudd friends, who have continued to be such an important part of

my life years after graduation.

As has always been the case in my life, I can’t thank my family enough for all their love,

encouragement, and support. My parents, Alok and Sumedha Ojha, have never doubted

v



my ability to pull off even the most harebrained of ideas, whether it was moving across the

world to a new country for college, or moving across that country for grad school. Thanks

to my brother Vivaswat Ojha for being possibly even more enthusiastic about my becoming

Dr. Ojha than I am. I’m grateful also to my in-laws, Kwang and Keum Rhan Shin, who, in

the past few years, have made me feel like I’ve always been a part of the family. Finally, to

Austin Shin. Thanks for all the nights you made dinner because I was too stressed; for all

the convoluted research methods you let me talk through; for all the commas you’ve tried

to edit in my writing; for all the things I can’t even remember right now because you took

care of them all. I genuinely couldn’t have done it without you.

vi



TABLE OF CONTENTS

CHAPTER 1 INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Summary of Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Significance & Broader Impacts . . . . . . . . . . . . . . . . . . . . . . . . . 5

CHAPTER 2 PERCEPTIONS OF AI & CYBERSECURITY . . . . . . . . . . . . 6
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.2 Previous Research . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.6 Implications for Practice . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.7 Limitations and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.8 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

CHAPTER 3 PHD EXPECTATIONS . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.2 Previous Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
3.3 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.4 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
3.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.7 Limitations & Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
3.8 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

CHAPTER 4 SELF-EFFICACY . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
4.2 Previous Research . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
4.3 Research Question and Hypotheses . . . . . . . . . . . . . . . . . . . . . . . 36
4.4 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
4.5 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
4.6 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
4.7 Discussion and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
4.8 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

vii



CHAPTER 5 INSTRUCTIONAL TRANSPARENCY . . . . . . . . . . . . . . . . . 47
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
5.2 Background: Transparent Teaching Practices . . . . . . . . . . . . . . . . . . 49
5.3 Previous Research . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
5.4 RQ0: Theoretical Framework . . . . . . . . . . . . . . . . . . . . . . . . . . 53
5.5 Research Questions and Hypotheses . . . . . . . . . . . . . . . . . . . . . . . 57
5.6 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
5.7 Measures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
5.8 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
5.9 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
5.10 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
5.11 Discussion & Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
5.12 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

CHAPTER 6 CONCLUSION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
6.1 Intellectual Merit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
6.2 Broader Impacts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

REFERENCES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

APPENDIX A PERCEPTIONS OF AI & CYBERSECURITY INTERVIEWQUES-
TIONS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
A.1 Math . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
A.2 Narratives within CS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
A.3 Perceptions of AI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
A.4 Perceptions of Cybersecurity . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

APPENDIX B PERCEPTIONS OF AI & CYBERSECURITY CODING SCHEME 92
B.1 Category: Perception of AI . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
B.2 Category: Perception of Security . . . . . . . . . . . . . . . . . . . . . . . . 93
B.3 Category: The Hardest Subfield . . . . . . . . . . . . . . . . . . . . . . . . . 94
B.4 Category: The Prestigious Subfield . . . . . . . . . . . . . . . . . . . . . . . 94

APPENDIX C PHD EXPECTATIONS INTERVIEW QUESTIONS . . . . . . . . . 95
C.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
C.2 Advisor Relationship . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
C.3 Expectations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95
C.4 Learning/Acquiring Skills . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96
C.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

APPENDIX D PHD EXPECTATIONS CODING SCHEME . . . . . . . . . . . . . 97
D.1 Category: Positive Advisor Actions . . . . . . . . . . . . . . . . . . . . . . . 97
D.2 Category: Negative Advisor Actions . . . . . . . . . . . . . . . . . . . . . . . 97
D.3 Category: Expectations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
D.4 Category: Pre-Grad School Experience . . . . . . . . . . . . . . . . . . . . . 98

viii



D.5 Category: Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98
D.6 Category: Measuring Progress . . . . . . . . . . . . . . . . . . . . . . . . . . 98
D.7 Category: Impact of Identity . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
D.8 Category: Advisor Relationship . . . . . . . . . . . . . . . . . . . . . . . . . 99
D.9 Category: Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

APPENDIX E CATEGORIZATION OF DATA BUDDIES SURVEY ITEMS . . . . 100
E.1 Categorization of Prior Computing Experience . . . . . . . . . . . . . . . . . 100
E.2 Categorization of Institutional CS Requirement . . . . . . . . . . . . . . . . 100
E.3 Student Disability Options . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
E.4 Categorization of Students’ Majors . . . . . . . . . . . . . . . . . . . . . . . 101

APPENDIX F SELF-EFFICACY CORRELATIONS . . . . . . . . . . . . . . . . . 103
F.1 Correlations Between Self-Efficacy and Nominal Variables . . . . . . . . . . . 103
F.2 Overlap Between Nominal Variable Categories . . . . . . . . . . . . . . . . . 104

APPENDIX G INSTRUCTIONAL TRANSPARENCY FACTORS . . . . . . . . . 106

APPENDIX H INSTRUCTIONAL TRANSPARENCY CORRELATIONS . . . . . 108
H.1 Correlations Between Continuous Variables . . . . . . . . . . . . . . . . . . . 108
H.2 Correlations Between Continuous and Nominal Variables . . . . . . . . . . . 109
H.3 Overlap Between Nominal Variable Categories . . . . . . . . . . . . . . . . . 109

ix



CHAPTER 1: INTRODUCTION

1.1 MOTIVATION

The focus of my PhD research has been on broadening participation in computing (BPC),

with the goal of fostering greater representation, equity, and inclusion for students from

historically underrepresented groups (HUGs) in computing. In the US, HUGs in computing

include people who identify as women, Black/African American, Hispanic, Latina/o/x/*,

Native American, Native Alaskan, Native Hawaiian, Pacific Islanders, and/or disabled [1].

Individuals from HUGs are not proportionally represented in the computer science (CS)

educational system [2, 3, 4, 5] or in the computing workforce [6, 7]. As recently as 2021-2022,

women earned only 21.3% of the bachelor’s degrees in computer and information sciences [8],

despite representing 50.4% of the U.S. population [9]. In terms of racial and ethnic identities,

of the recipients of bachelor’s degrees in computer and information sciences in 2022, 7.2%

were Black students, 13.1% were Hispanic students, and 0.34% were Native students [8],

despite constituting 13.6%, 19.1%, and 1.6% of the U.S. population, respectively [9]. Prior

work has documented the need to broaden the participation of individuals from HUGs and

has identified many factors that may affect their recruitment and retention into the field of

CS, including their socio-cultural identities, background, and goals (e.g., [2, 10, 11, 12, 13,

14]).

The lack of representation has several consequences for technological growth, the field of

computing, and individuals from HUGs. First, the above patterns of underrepresentation

lead to a loss of the potential contributions that individuals from HUGs would make in

computing. As a result, the problems technological leaders choose to address, and the

solutions they create, may not align with the needs and values of communities not represented

by those individuals. It is particularly important for individuals from HUGs to have a say

in the direction of technological growth as computing becomes increasingly ubiquitous and

impactful in daily life [15]. Second, within computing higher education, institutions are

failing to produce enough computing graduates to fulfill predicted market demand in the

workforce [4] and in academia [16, 17]. The dearth of qualified graduates is exacerbated

by the lack of representation from underrepresented groups [4, 5]. Broadening participation

from currently underrepresented groups is crucial for increasing the number of qualified

professionals in the field. Thirdly, at an individual level, computing is a source of high-

paying jobs [18] and therefore a key opportunity for social mobility. For these reasons, it is

incumbent upon the field of computing to broaden the participation of people from HUGs.
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The motivation behind my work is to inform efforts to broaden participation in computing

by investigating students’ perceptions of and experiences in CS.

1.2 SUMMARY OF WORK

A growing body of work has sought to understand the unique experiences of students from

HUGs in CS higher education. From this work, it is clear that students’ recruitment and

retention in CS is impacted by their prior perceptions of the field and by their experiences

once they are in the field (e.g., [11, 19, 20, 21, 22, 23, 24, 25]). My dissertation work,

presented in the following four chapters, consists of four studies that investigate different

aspects of students’ perceptions and experiences in computing. Each paper is presented with

minor edits from its final published (or currently submitted) form.

1.2.1 Chapter 2: Perceptions of AI & Cybersecurity

The first study investigated students’ pre-existing perceptions about specializations within

the field of CS, specifically artificial intelligence (AI) and cybersecurity [26]. AI and cyberse-

curity are in-demand skills, but little is known about what factors influence CS undergradu-

ate students’ decisions on whether to specialize in AI or cybersecurity and how these factors

may differ between populations. In this study, we interviewed undergraduate CS majors

about their perceptions of AI and cybersecurity. Qualitative analyses of these interviews

showed that students have narrow beliefs about what kind of work AI and cybersecurity

entail, the kinds of people who work in these fields, and the potential societal impact AI and

cybersecurity may have. Specifically, students tended to believe that all work in AI requires

math and training models, while cybersecurity consists of low-level programming; that in-

nately smart people work in both fields; that working in AI comes with ethical concerns; and

that cybersecurity skills are important in contemporary society. Some of these perceptions

reinforce existing stereotypes about computing, such as beliefs that work in computer science

requires innate brilliance [20, 27], is only for men [13, 28], and is not conducive to benefiting

society [11, 28, 29]. These beliefs may disproportionately deter the participation of students

from groups historically underrepresented in computing. Our key contribution is identifying

beliefs that students expressed about AI and cybersecurity that may affect their interest in

pursuing the two fields and may, therefore, inform efforts to expand students’ views of AI

and cybersecurity. Expanding student perceptions of AI and cybersecurity may help correct

misconceptions and challenge narrow definitions, which in turn can encourage participation

in these fields from all students.
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1.2.2 Chapter 3: PhD Expectations

The second study in this dissertation addresses the experiences students from HUGs may

have in trying to understand the expectations of a doctoral CS program [30]. Previous

research shows that one key factor affecting the rate of degree completion among doctoral

students is a clear understanding of what is expected of them in order to complete the

program [22, 31, 32]. These expectations may concern requirements from the department or

from a student’s advisor, who has an important say in awarding a doctoral degree. In this

paper, we investigated the different sources that students use to form their expectations,

and how each of these sources provides different kinds of guidance. Our research team

conducted a survey and semi-structured interviews with doctoral students from HUGs at a

large institution with high research productivity. Our analysis found that participants had

three primary sources from which they deduce what they are expected to do, and how to do

it: research experience prior to beginning their program, their PhD advisor, and their peers.

Many students began the program anticipating more hands-on support from their advisor,

but instead found themselves relying more on their labmates and peers. We also found that

students’ initial expectations of what graduate school would entail did not always provide

a complete picture, often giving them incomplete or inaccurate expectations. To address

these issues, we suggest developing lab-based mentorship systems and encouraging clear

communication between advisors and students not only on high-level goals, but on the daily

tasks needed to accomplish them. Policies of this kind may positively impact PhD students’

experiences and ability to succeed, thereby increasing their retention in CS.

1.2.3 Chapter 4: Computing Self-Efficacy

The third study pertains to undergraduate students’ computing self-efficacy [33]. Self-

efficacy refers to an individual’s belief that they can act in ways that will lead to a de-

sired outcome [34, 35] and has been shown to contribute to student retention in comput-

ing [36, 37, 38, 39]. Therefore, investigating computing self-efficacy may help to improve the

persistence of students from HUGs in computing. Previous research has shown that comput-

ing self-efficacy is positively correlated with prior computing experience [40, 41, 42, 43], but

negatively correlated with some demographic identities (e.g., identifying as a woman) [38,

39, 44, 45, 46]. However, existing research has not demonstrated these patterns on a large

scale while controlling for confounding variables and institutional context. In addition, there

is a need to study the experiences of students with multiple marginalized identities through

the lens of intersectionality [24, 47]. Our goal was to investigate the relationship between
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students’ computing self-efficacy and their prior experience in computing, demographic iden-

tities, and institutional policies. We conducted this investigation using a large, recent, and

multi-institutional dataset with survey responses from 31,425 students. Our findings con-

firmed that more computing experience positively predicts computing self-efficacy. However,

identifying as Asian, Black, Native, Hispanic, non-binary, and/or a woman were statistically

significantly associated with lower computing self-efficacy. The results of our work point to

several future avenues for self-efficacy research in computing.

1.2.4 Chapter 5: Instructional Transparency

The fourth study included in this dissertation investigates the relationship between stu-

dents’ perceptions of instructional transparency in their CS courses and their self-efficacy and

sense of belonging in computing [48]. Instructional transparency makes a course’s learning

goals, evaluation criteria, and path to success clear to students, with the goal of improving

equity in higher education [49, 50]. Increased transparency may improve equity by bolster-

ing students’ self-efficacy and sense of belonging in computing [49, 51], both of which are

correlated with persistence in the field [38, 39, 52, 53, 54]. We aim to understand whether

there are group differences in how students perceive and benefit from instructional trans-

parency. We are additionally interested in understanding whether perceiving instructional

transparency can positively influence students’ self-efficacy and sense of belonging and, there-

fore, contribute to the persistence of students from historically underrepresented groups in

computing. To investigate these relationships, we used linear regressions to analyze survey

responses from 11,046 undergraduate students from 203 institutions. We found that there

are group differences in students’ perception of transparency in their CS courses: students

who identify as women, first-generation college students, and/or disabled reported perceiv-

ing less instructional transparency than their peers. We also found that perceiving more

transparency has a positive correlation with students’ self-efficacy and sense of belonging

in computing while controlling for important confounding variables, such as prior CS ex-

perience. We further demonstrated that this relationship is different for certain groups of

students: first, for Black students and first-generation college students, perceiving trans-

parency has a larger positive impact on their self-efficacy, and second, for Hispanic students,

perceiving transparency has a smaller positive impact on their sense of belonging. Our work

constitutes one of the first empirical, multi-institutional investigations of the perceptions and

benefits of transparency in CS classrooms that focuses on group differences. Our work also

includes a theoretical articulation of the mechanisms through which transparent teaching

practices may influence students’ self-efficacy and sense of belonging in computing. Taken
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together, our empirical findings and theoretical argument provide important evidence for the

benefits of instructional transparency in CS courses, particularly as it relates to improving

equity in computing.

1.3 SIGNIFICANCE & BROADER IMPACTS

As a whole, my work aims to investigate students’ perceptions of and experiences in CS

education in order to inform and support BPC efforts. In particular, my research provides

insights into the kinds of institution-level policies and classroom-level practices that may con-

tribute to diversity, inclusion, and equity efforts. My investigation of students’ perceptions

of computing reaffirms that many students have incomplete and inaccurate beliefs about the

field (and its subfields) and that these beliefs deter the participation of students from HUGs

(see Chapter 2). Concretely, these findings underscore the need for practices that demon-

strate to students the breadth of opportunities available in computing, such as by inviting

speakers whose work benefits society. Further, my work investigated a number of different

experiences students may have in CS spaces, namely the process of navigating expectations

during a doctoral program (Chapter 3), how their identities and backgrounds may relate to

their computing self-efficacy (Chapter 4), and the impact of transparent teaching practices

in CS classrooms (Chapter 5). Findings from each of these studies suggest particular policies

and practices, such as a lab-based mentorship system and using transparent teaching, as well

as avenues for future research that may shed further light on how to support students from

HUGs in computing.

Understanding students’ perceptions and experiences, and assessing resultant policies and

practices, may lead us to suggested best practices that bolster the recruitment and retention

of students in computing, particularly those from HUGs. In future work, I intend to further

investigate these and other policies and practices in order to further the goal of inclusive

excellence in computing.
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CHAPTER 2: PERCEPTIONS OF AI & CYBERSECURITY

2.1 INTRODUCTION

Artificial intelligence (AI) and cybersecurity are growing fields: individuals with expertise

in AI, cybersecurity, or both are increasingly in-demand for roles in industry and govern-

ment [55, 56, 57]. Current research suggests that there are insufficient numbers of individuals

with appropriate expertise to fulfill this increasing demand, particularly in cybersecurity [56]

and in applying AI to cybersecurity [58]. A significant number of occupations in the tech-

nology industry require AI or cybersecurity skills, a number that is likely to increase in the

near future [55]. Jobs in cybersecurity already exceed the number of qualified profession-

als to fill them: according to Cyberseek, a website providing data on the cybersecurity job

market, “[o]n average, cybersecurity roles take 21% longer to fill than other IT [information

technology] jobs” because employers cannot find workers with appropriate qualifications [56].

A factor further exacerbating the gap between qualified professionals and available posi-

tions is that the workforce in computing in general, and cybersecurity in particular, lacks

proportional representation of people from different races, ethnicities, and gender identi-

ties [6, 7]. Specifically, in the U.S., people who identify as women, Black/African American,

Hispanic, Latina/o/x, Native American, Native Alaskan, Native Hawaiian, Pacific Islanders,

and/or disabled belong to historically underrepresented groups (HUGs) in computing [1].

These patterns of underrepresentation are also apparent in the educational system [2, 3, 4, 5],

suggesting that in order to broaden participation, it is important to understand how students

decide whether to pursue AI and cybersecurity, as these students go on to become qualified

professionals in the workforce.

Previous work suggests that, in general, computer science (CS) students make decisions

regarding specializations based on limited information [59], but little is known about specific

factors that may either increase their interest in AI or cybersecurity, or discourage them from

pursuing these fields entirely. A greater understanding of how students perceive these two

fields may lead to interventions that correct misconceptions and highlight factors likely to

draw students’ interest, especially students from HUGs. To this end, we address the following

research question:

RQ: How do undergraduate computing students perceive AI and cybersecurity?

We interviewed 17 students majoring or minoring in CS at a large, public university
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about their experiences and perceptions of AI1 and cybersecurity. Using qualitative analysis

methods, we identified patterns in students’ beliefs regarding the nature of the work in AI

and cybersecurity, the kind of people who work in the fields, and the societal impact such

work may have. Our results suggest that participants have narrow perceptions of AI and

cybersecurity. In particular, students tended to believe that all work in AI requires math

and training models, while cybersecurity consists of low-level programming; that innately

smart people work in both fields; that working in AI comes with ethical concerns; and that

cybersecurity skills are important in contemporary society.

Our key contribution is identifying beliefs that students expressed about AI and cyber-

security that may affect their interest in pursuing the two fields and may, therefore, inform

efforts to expand students’ views of AI and cybersecurity. Many of our participants’ beliefs

mirror existing stereotypes about the work and the people in computing at large. Some of

these stereotypes have been shown to impact participation of people from HUGs in com-

puting [11, 27], suggesting that they may play a similar role in AI and cybersecurity. In

addition, some of the beliefs expressed by students are not supported by experts in the field.

For example, participants suggested that all occupations in cybersecurity require low-level

programming, but there exist a wide variety of cybersecurity occupations in management,

analysis, policy, ethics, and software engineering [60]. These findings may provide partial

explanations for why students do not choose to pursue AI or cybersecurity and, as such, can

be used to create interventions to expand student perceptions of what these fields are and

who works in them.

2.2 PREVIOUS RESEARCH

Previous research has investigated how stereotypes about computing might affect stu-

dent decisions to pursue it, how students specialize within computing, and efforts to recruit

students into AI and cybersecurity courses.

2.2.1 Computing stereotypes

Understanding stereotypes about AI and cybersecurity is important as they may affect

student decisions to pursue the fields, especially since individuals working in these fields are

often represented in popular media [61]. Although we are not aware of work on stereotypes

specific to AI or cybersecurity, previous research has documented stereotypes that students

1As most of our participants equated AI and machine learning (ML), we combine the two and refer only
to AI for the remainder of this paper, excepting participant quotes.
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tend to have about the people and the work in science, technology, and mathematics (STEM)

fields generally [11, 13, 27, 62] and in computing specifically [20, 28, 29, 63].

Like in other STEM fields, people in computing are stereotyped as requiring innate bril-

liance. For instance, in a study by Lewis et al. [20], undergraduate computing students

seemed to believe that computing was an ability you were “just born with”. In a survey

study by Leslie et al. [27], respondents from STEM fields, including those in CS, were more

likely to agree with statements such as “Being a top scholar of [their discipline] requires a

special aptitude that just can’t be taught”. Endorsement of such beliefs was inversely cor-

related with the percentage of PhDs in the field awarded to women [27], suggesting that the

prevalence of this stereotype may be particularly detrimental to broadening the participation

of women in computing.

Some students also stereotype people in computing as not working with or for the benefit

of others. In a survey of undergraduate students by Diekman et al. [11], respondents did

not believe that STEM fields, including computing, would allow them to positively impact

society. The perceived asocial nature of CS was also a theme identified by a Lewis et al. [28]

study, where they found that many students viewed having to work alone as a requirement

of the field. Beliefs about the ability of computing to benefit society have been shown to

affect the likelihood of an individual pursuing CS [11, 29].

Another stereotype that many students have about people in CS is that they are typically

men. When Lewis et al. [28] identified a list of factors that students used to assess their

fit in computing, they found that students included the perceived masculinity of the field.

This perception likely contributes to the relative lack of women pursuing computing. Indeed,

Cheryan et al. [13] suggest that the “masculine culture” of some STEM fields, such as CS,

contributes to the gender gap in these fields.

Our focus on AI and cybersecurity allows us to investigate the open question of whether

students have stereotypes particular to these fields and whether such beliefs impact their

decision to specialize in AI or cybersecurity.

2.2.2 How students pick CS specializations

Prior work has shown that students typically do not have clear goals when choosing

a specialization within computing. To understand how CS majors make these decisions,

Hewner interviewed computing students and advisors about how students choose courses [59].

Hewner’s resulting model suggests that computing majors did not begin their academic

careers with concrete goals and simply followed the curriculum until they encountered a

course experience that was markedly more or less enjoyable than other courses [59]. This
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experience then helped the students create more specific goals and pursue a newly-defined

interest [59]. This model suggests that students do not necessarily have clear preferences or

goals of specialization within the major at the outset of their degree program.

However, many students have likely encountered, for example, “hackers” or AI robots

in popular culture, which prior research has shown can lead to preconceived notions and

stereotypes about the kinds of people who work in cybersecurity or AI [61, 64, 65]. An

open question for our work to investigate is whether Hewner’s model is reflected in students’

experiences with AI or cybersecurity, where they may have already decided their level of

interest in the field based on prior cultural exposure.

2.2.3 Recruitment into AI and cybersecurity

In AI, prior research on recruitment into the specialization has focused on the need to

broaden the participation of people from HUGs in computing. A survey of undergraduates

by Barretto et al. [66] showed that students from HUGs were less likely to take an AI course:

the explanation proffered by many participants was that they lacked an interest in the field,

especially in the technical content. Another barrier to student recruitment into AI is that

students do not always have a clear understanding of what the content of the field really is.

For example, Ottenbreit-Leftwich et al. [67] interviewed 4th grade students about what they

thought AI was, and common answers referred to “robotic vacuums” and “search engines”.

Kreinsen and Schulz [68] found similar themes in their interviews with students from grades

7 through 10, where many interviewees centered their view of AI as being “the brain of

the robots”. These studies suggest that, at least prior to any exposure at the college level,

students are unlikely to have accurate or specific ideas of what work in AI looks like, which

may make it harder for students to decide to pursue the specialization.

In cybersecurity, prior work suggests that a lack of sufficient cybersecurity course offer-

ings may be contributing to the challenge of recruiting students to the specialization [69].

A study found that none of the 10 highest-ranked CS undergraduate programs require a

cybersecurity course and that most CS programs ranked in the top 50 offered fewer than five

cybersecurity electives [69]. This dearth of available courses makes it harder for students to

develop an interest in the field or learn what kind of work cybersecurity entails. Increasing

knowledge of cybersecurity may be a particularly important factor in attracting students

to the field, as suggested by the National Initiative for Cybersecurity Education (NICE)

Workforce Framework for Cybersecurity [70]. This framework was created to more precisely

describe cybersecurity work in support of the education of students and the recruitment of

employees. For example, the 52 “Work Roles” listed by the NICE Framework describe areas
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of cybersecurity that an individual may be responsible for, including occupations such as

“Cyber Legal Advisor” and “Technical Support Specialist” [60]. Students may not be aware

that such roles are examples of cybersecurity work, making it harder to attract those with

cybersecurity skills to these positions.

2.3 METHODS

2.3.1 Participant Recruitment

To understand students’ perceptions of AI and cybersecurity, we conducted a qualitative

study using semi-structured interviews with undergraduate students majoring or minoring

in CS. Following IRB approval, participants were recruited by asking leaders of CS-specific

student clubs to share our recruitment materials with their constituents. In particular, we

recruited from the institution’s chapter of the Association for Computing Machinery and

a club for women in CS. Of the respondents, we interviewed students who had completed

more of the degree program because these students were more likely to be taking advanced

electives and to have thought about which specialization they want to pursue. Students were

incentivized to participate with a $20 Amazon gift card.

In total, we conducted 17 interviews; these were conducted over Zoom, lasted an hour,

and were recorded. Of our participants, 16 were majoring and one was minoring in CS; 11

identified as women, five as men, and one did not share their gender identity; 12 identified

as Asian or Asian American, two as Caucasian or White, and three did not share their

racial/ethnic identity. We deliberately oversampled women due to our interest in broaden-

ing the participation of women in AI and cybersecurity. Each participant was assigned a

pseudonym by the research team. Individual participant identities are not shared due to

confidentiality concerns as well as because identifying differences between groups was not

the focus of our work. Instead, we hope to have captured student perceptions that can

later be used to identify such differences with the goal of broadening participation in AI and

cybersecurity.

2.3.2 Interview Protocol

Consistent with recommended practice [71], interview questions were updated throughout

data collection. Our initial protocol asked students about their CS background, their experi-

ences with internships, and their perceptions about AI and cybersecurity, such as what they

believe day-to-day work in these fields looks like. Based upon ongoing analysis, the interview
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protocol was refined three times to add questions where further detail was needed. We added

questions about stereotypes students may have about AI and cybersecurity; whether they

felt AI and cybersecurity should be required for all CS students; and beliefs about whether

certain computing specializations were more difficult, rigorous, or prestigious than others,

and their impact on society. The questions pertaining to AI and cybersecurity are provided

in Appendix A.

2.3.3 Data Analysis

Interview audio recordings were transcribed by a third-party service, Rev.com, and were

anonymized and corrected by the authors. Data analysis was conducted in Saturate, an

application for text-based qualitative analysis [72], using inductive approaches with no codes

determined ahead of time. After six interviews had been independently read by two team

members, we created an initial list of codes (words or phrases capturing some aspect of the

text) based upon patterns apparent in these interviews. Our codes used the principles of

concept and descriptive coding, i.e., were based on high-level ideas and descriptions in the

text [73]. The two team members used this initial list to each code three of the six interviews

and then met to refine the application of the codes. This formed the basis of the codebook

used to code all subsequent interviews. To increase the confirmability of the findings [74],

the team met weekly while coding the rest of the interviews. During these meetings, we

reviewed codes by category in order to ensure consistency in how codes were applied. We

added and removed codes as necessary, as well as resolved any conflicts or confusion regarding

the meaning of the codes. Finally, upon the completion of coding, the data for related codes

were reviewed to identify themes and variations in participants’ perceptions of the fields of

AI and cybersecurity. The coding scheme can be found in Appendix B.

2.4 RESULTS

Our findings are organized into four categories relating to student perceptions of AI and

cybersecurity that emerged from our analysis: their beliefs about (1) what skills are required

in the field, (2) what the day-to-day work looks like, (3) what kind of people are in the field,

and (4) what impact the field has on society. In all participant quotes, an ellipsis (“...”)

indicates omitted words, a dash (“—”) pauses, square brackets added or amended words for

clarity, and sic an error in the original quote.
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2.4.1 Skills required

AI Many participants expressed the belief that AI requires mathematical skill and, perhaps

for this reason, viewed the field as challenging and difficult. For example, Quincy believed

that AI is heavily mathematical and stated, when discussing the importance of math in

computing, that “I mean, I think all of AI/ML is essentially just math”. Other participants

shared similar views, such as Gail’s perception that “people who are good at statistics and

math and, you know, will be encouraged to go into the field [of AI]”. Among those who

endorsed this view, participants also seemed to agree that AI is difficult. They described

AI as “intimidating” (Diane) and “rigorous” (Parth) and highlighted the difficulty of the

AI course they had taken, which Mahir described as being “considered one of the most

challenging [courses], probably”. Mahir further noted that it “involved a lot of math and I

think that’s what contributed to its perception as being difficult”. It seems likely, therefore,

that the perception of AI as being difficult is tied to its perception as mathematical, and

that some students are choosing not to take AI courses at all because they think it would

be too hard. For instance, Kasey expressed a reluctance to take an AI course because of its

perceived difficulty: “I have [considered it], I’m just afraid that it will be too difficult”.

Cybersecurity Much like AI, participants seemed to view cybersecurity as a difficult

field, in this case due to the belief that it requires systems programming. When asked about

what parts of computing were rigorous, Gail said, “Just kind of with all the low-level, like

assembly stuff or like security, right now I’m taking security, I feel like it’s really rigorous

to be honest”. Other participants shared the perception that cybersecurity incorporates

low-level programming and is difficult. When Nora was asked what stereotypes she had

heard regarding work in cybersecurity, she expressed that “system[s] programming are (sic)

always really time consuming and tedious”. The reputation of cybersecurity as low-level also

appeared to deter Idris from exploring it further, as they note that this has made them less

interested in it: “I guess like, a lot of security is lower level than I like to work”.

Beyond its use of systems programming, participants seemed to suggest cybersecurity has

a reputation as unfriendly to newcomers. For instance, when asked about what kind of peo-

ple do cybersecurity, Gail recounted an experience attending a cybersecurity student club

meeting and feeling “out of place” because “everyone else kind of know (sic) what they’re

doing”, while she felt that “I don’t even understand what’s happening”. This experience

left Gail feeling “not good enough”, highlighting how discouraging the experience was for

her. Similarly, Diane, sharing her overall perspective of the field, explained that the cy-

bersecurity course at the institution is “notorious”, and that she has “felt that sense of
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intimidation and just never really wanted to explore it because it sounded like a heavy and

difficult course”. This sense of difficulty and intimidation may discourage students from

exploring cybersecurity.

2.4.2 Day-to-day work

AI When asked about what the day-to-day work of AI looks like, many participants de-

scribed their understanding of AI work as training models. Parth described his experience

during an internship, talking to coworkers who were engaged in AI work, as follows:

“They’re developing some model or something or the other with machine learning.

So they take a bunch of derivatives and then they use that to figure out, how should

the model look like? And then they write that and then they train it or—yeah,

they train it and then they try to vary the parameters of that model to best fit it.

And then they call it a day.”

This general view, that AI work involves training models with data, was repeated by other

participants, but very few of them had concrete explanations of what this process looked

like. For instance, when asked what she thought the day-to-day work of AI looks like, Lillian

suggested “I guess it’d be like reading research papers or like just training models”.

Cybersecurity Participants’ conception of cybersecurity was that the work often entails

“hacking” into systems or defending against attacks. For example, when Henry was asked

what he thinks the daily work of cybersecurity looks like, he explained that he did not

have first-hand experience, but added his perception that “I guess there’s like white-hat

hacking, that’s a thing, right. Where hackers like try to find vulnerabilities for companies,

not to actually hack into them, but so that they can fix them”. On the defensive side, Gail

recounted having heard her cybersecurity professor talk about “the adversarial mindset” and

“think[ing] from the perspective of [an] attacker”. She went on to say that the specific skills

depend on what kind of cybersecurity work one wants to do, but that “in general, it’s the

ability to be able to think from the perspective of my attacker. . . com[ing] up with a way

to defend against the attacker for [a] system”. These perspectives suggest that, among our

participants, cybersecurity had a narrow, specific definition related to adversarial hacking,

a definition they are likely using in deciding whether it is something they want to pursue.
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2.4.3 Perception of people in the field

AI Participants expressed the belief that the people pursuing AI are seen as “cool” and

highly intelligent. For example, while discussing which specializations within CS are consid-

ered prestigious, Nora noted that “AI/ML is really trending. So if you do that, then people

think you’re really cool”. The idea of AI being “cool” is also seen in Quincy’s response to the

same question about prestigious specializations, where he listed the current “buzzwords”:

“Today’s buzzwords are AI, ML, VR, future, crypto, blockchain or whatnot. Yeah. Um, so

obviously that’s gonna attract a lot of buzz towards the AI/ML courses”. Nora and Quincy’s

comments suggest that, for some students, feeling that people who do AI are “cool” and

prestigious may contribute to an interest in pursuing AI. People studying or working in AI

were also viewed as particularly knowledgeable and capable, likely related to the belief of

it being a highly challenging field. Kasey, when asked about any stereotypes of those who

do AI, responded simply, “That they’re really smart”. Other participants expressed similar

sentiments, such as Diane describing the field as “intimidating”. In response to a question

regarding what kind of person is encouraged to do AI, Idris identified that “they’ve been

coding for ages, and they know all the software things”, and Nora felt that “strong-minded”

people are encouraged to go into AI. These quotes suggest the belief that, to pursue AI, one

must be very intelligent and capable, a suggestion that may deter less confident students.

Cybersecurity Among our participants, the primary perception of the people who work

in cybersecurity was that they are also very intelligent and are usually men. For instance,

Farah noted that “cybersecurity seems like one of those fields where you have to be super

duper smart to succeed”. Students seemed to believe that you must be particularly intelligent

to do cybersecurity because mastering the content of the field is inherently impressive. Gail

suggests this when she reported hearing the stereotype that “security people are like super

smart because you can do security”. A second stereotype Gail mentioned encountering is

that cybersecurity is “very male-dominated”. Other participants shared this impression,

such as Esha, who explained that her mother had told her that cybersecurity is “in terms of

gender, [an] imbalanced field”. Mahir also acknowledged having heard a similar stereotype

when asked what kind of person is encouraged to go into cybersecurity, pointing out that

cybersecurity has the same “bias towards men” that he described as existing in computing

generally:

“Well, besides, you know, the bias towards men in general in computer science,

I don’t think any other biases exist [in cybersecurity] that I’m aware of. . . Yeah,

I think there [is] this new connection between like, [a] hacker is a man usually,
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which is, I guess, unnecessary, cause it’s really quite accessible or it should be

accessible to anyone.”

In pointing out that cybersecurity “should be accessible to anyone”, Mahir appears to be

highlighting that this is not the current perception of the field.

Notably, cybersecurity was not as popular among our participants as AI and lacked the

perception of being “cool”.

2.4.4 Impact on society

AI Some of our participants cited the belief that they could use AI to solve a large variety

of problems, indicating a large potential for impact on society. For Idris, this was a specific

reason for their decision to take courses in AI, because the problems they wanted to work

on “can be solved with AI. . . I think AI has the ability to solve a lot of really interesting

problems”. Although they do not specify which problems these are, it is clear that they see

AI as a field that can be applied to many different contexts. Similarly, Parth explains that

“[AI and ML] is like a very applicable (sic) and like, every business is trying to see how they

can leverage machine learning to make their lives easier and produce more profit”. In Parth’s

view, not only can AI be used in many different contexts, but this utility is the reason it is

an in-demand skill among employers.

However, several participants also expressed concern about the societal impact AI could

have. Henry described these as “moral gray areas” in his discussion of what stereotypes he

had heard about AI:

“I don’t know if it’s really a stereotype, but there’s a lot of negative effects that

AI can have, whether it’s reinforcing prejudice on like Google and stuff or, well,

Tesla self-driving cars running into people, but yeah, there’s a lot of moral gray

areas when it comes to AI.”

In this quote, Henry pointed to bad societal outcomes that could happen as a result of

working in AI, which are likely to factor into his decision-making when determining whether

he wants to work in the field himself. Concern about AI’s societal impact is also suggested

by Farah’s apparent frustration when sharing her perception of the ethical concerns with

using AI and the people who work in it:

“I feel like people are, like, yeah, we want to eliminate bias from AI and all this

stuff. But like, I think the other thing that they have to acknowledge is that

humans are biased, and, if you’re training an algorithm or model or whatever it

is, it’s also going to be biased.”

15



Other participants shared similar concerns about the use of AI, such as when Parth said that

AI “can and has, intentionally and inadvertently, been harmful”. Although our participants

did not cite these ethical concerns as a reason to avoid pursuing AI, it is likely that many

of them are weighing the impact of AI on society in their own decision of whether to pursue

the field.

Cybersecurity Multiple participants explained that cybersecurity is a useful skill because

of the importance of secure data in the world today, highlighting cybersecurity’s potential

for societal impact. Lillian, when asked whether cybersecurity should be a required course

in the undergraduate CS curriculum, responded that “I do see its utility. In the future—I

mean, already data privacy is so important”, suggesting that cybersecurity’s utility is tied

to the value it can bring people or companies, by keeping their data private. This value is

especially important as technology becomes more prevalent in daily life, as Gail suggested

when asked about why she felt that cybersecurity is an important field. She noted that

“it’s very important to make all the system[s] secure because a lot of things are moving

online, like credit card[s], online transaction[s], e-commerce”. Similarly, Henry believed

that cybersecurity is a “fairly well-regarded area because it’s protecting the security of the

internet”. His suggestion that cybersecurity is valued “because” of “the security of the

internet” further reinforces the idea that cybersecurity skills are valued because they can

significantly impact society.

We note participants did not express ethical concerns about cybersecurity work as they

did about AI, despite multiple references to “hacking”.

2.5 DISCUSSION

Our findings extend prior work and indicate several ways in which student perceptions

of AI and cybersecurity may hinder efforts to broaden the participation of students from

HUGs.

Our results suggest that students have similar preconceptions about AI and cybersecurity

as about computing in general. In particular, participants’ beliefs reflected stereotypes about

the innate brilliance and masculine culture needed to participate in AI and cybersecurity.

These beliefs have been shown to deter students from HUGs from computing [13, 20, 27].

In addition, the perception that AI requires mathematical skill may have a particularly

detrimental effect on the participation of women: prior research has documented that women

have lower math self-efficacy than men and that this difference affects their interest in

pursuing math [75]. Participants’ concerns about AI’s unintentional negative societal impact
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may align with the belief that work in computing does not satisfy the goal of having a positive

impact on society, which is a goal more often endorsed by students from HUGs [11]. This

suggests that students with goals to help society may be less likely to pursue AI due to

their belief that working in AI could have a more negative societal impact. Taken together,

our work extends our collective knowledge about field-specific perceptions and suggests a

particular need to highlight the ways in which work in AI and cybersecurity extends beyond

stereotypes of requiring innate brilliance, involving math, and having a negative impact on

society.

Our findings align with prior work that students at the undergraduate level understand-

ably do not have complete or accurate knowledge of specializations within computing, as

some of their beliefs about AI and cybersecurity are not supported by experts. For ex-

ample, participants strongly associated cybersecurity with systems programming, but the

NICE Framework lists a number of cybersecurity “work roles” whose responsibilities include

computing skills that are not systems programming, such as the Warnings Analyst, who

“[c]ollects, processes, analyzes, and disseminates cyber warning assessments” [60]. Similarly,

although participants suggested that the main work of AI is training models, AI hiring

managers report that this is a relatively small subset of the work [76]. Expanding student

perceptions of the skills required by and the work of AI and cybersecurity may be crucial to

broadening participation in these fields, because systems programming and training models

may seem disconnected from societal impact, a factor shown to be important to students

from HUGs when selecting a field to pursue [11].

Participants’ perceptions of AI and cybersecurity are inconsistent with student experiences

reported by Hewner, wherein students did not seem to have preconceived notions about

a field prior to taking a course in it [59]; rather, many of our participants had narrow

views of what AI and cybersecurity were like even before taking a course in them. A

possible explanation is that prior exposure to these fields in media may be shaping student

perceptions, as documented in prior work [61, 64, 65]. Our results also suggest that expanding

student views of cybersecurity and AI cannot only take place in courses covering those

subjects, as not all students will enroll in those courses.

2.6 IMPLICATIONS FOR PRACTICE

The results of our work suggest that many of participants’ beliefs about AI and cyberse-

curity are likely to differentially impact students from HUGs, as these views mirror existing

stereotypes that have been shown to deter students from HUGs in computing. Thus, in order

to broaden participation in these fields, there is a need to expand students’ views of what
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AI and cybersecurity entail. Our work suggests that interventions to expand these views

cannot be restricted to AI or cybersecurity classrooms and indicates a need to explore venues

such as student clubs, conferences, introductory CS courses, and other places where students

who do not have a preexisting interest in AI and cybersecurity may be found. Strategies to

enhance students’ exposure to the breadth of career options in these two fields could include

inviting speakers whose work does not fit the stereotype of AI or cybersecurity, showcasing

projects that highlight how these fields can benefit society, and sharing the NICE Frame-

work in courses. In addition, future work in research and teaching may aim to challenge

the existing stereotypes about these fields and computing generally, such as an intervention

in a CS1 course designed to encourage a growth mindset, the belief that intellectual ability

is not fixed and can grow [77], which could dispel the belief that these fields require innate

brilliance.

2.7 LIMITATIONS AND FUTURE WORK

We note that our work is limited due to the influence of the institution’s specific course

offerings, which are likely to shape students’ perceptions. The cybersecurity course at this

institution requires a systems programming course as a prerequisite, which may explain stu-

dents’ beliefs that cybersecurity work is closely tied to systems programming; this belief may

not be shared by students at other institutions. The lack of sufficient cybersecurity course

offerings and its impact on student perceptions is a previously documented concern [69], as

most of these courses focus primarily on building secure systems rather than the full depth

of cybersecurity such as risk analysis & management, policy & law, penetration testing, and

secure software engineering [60].

An additional limitation of our work is that participant responses to our questions may

have been influenced by their unwillingness to share a perspective that may not appear to be

socially desirable, such as a stereotype based in racial/ethnic identities. In order to mitigate

this, our interview questions allowed for the conflation of participants’ own views with beliefs

they had heard expressed by others; as a consequence, our findings may reflect participants’

impression of popular beliefs, rather than their own perceptions of AI and cybersecurity.

Our work’s relatively small sample size limits our ability to conduct comparisons between

groups, such as comparing views held by men versus women. However, we note that the

existence of these perceptions and stereotypes impacts broadening participation efforts re-

gardless of who expresses these views.

Future work in this area may investigate whether the beliefs held by our participants are

shared by students at different institutions, such as those attending institutions that offer a
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greater number and variety of cybersecurity courses.

2.8 CONCLUSION

In this study, we interviewed computing undergraduate students in order to investigate

their perceptions of AI and cybersecurity, particularly regarding the work, people, and so-

cietal impact of these fields. We found that student views did not always reflect the reality

of working in AI or cybersecurity as described by experts and often reinforced stereotypes

about computing. Our work suggests that there is a need to expand students’ views of what

working in AI and cybersecurity could be like, such as by demonstrating that they can be

used for societal good. This need is particularly important in any effort to broaden the par-

ticipation in these fields of students from HUGs, as many of the beliefs students held have

been shown to exacerbate the existing inequitable representation of gender and racial/ethnic

groups in computing.
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CHAPTER 3: PHD EXPECTATIONS

3.1 INTRODUCTION

In the field of computer science (CS), educational institutions are failing to produce enough

computing graduates to fulfill predicted market demand. This is the case not only at the

undergraduate level [4], but also at the doctoral level, where institutions are unable to hire as

many faculty as they need [16]. As recently as 2017, a survey of 155 institutions found that

18% of tenure-track faculty searches in CS failed to hire any faculty at all [16], indicating

that not enough PhD candidates are pursuing faculty positions, at a time when surges in

computing course enrollments across the U.S. [17] require more faculty than ever. In part,

this may be due to the fact that PhD programs in computing have higher rates of attrition

than other STEM fields [78]; not enough students are completing their doctoral programs to

meet the demand for faculty positions. In addition, women, persons with disabilities, and

individuals from racial and ethnic minority groups are significantly underrepresented in CS

at all levels [3]. This lack of representation among computing degree-holders exacerbates

the challenge of producing enough computing doctorates to fill required faculty positions.

In this paper, we investigate the experiences of doctoral computer science students who

self-identify as belonging to historically underrepresented groups (HUGs) in computing with

the goal of understanding how to support their persistence. Our provided definition of

students from HUGs includes, but is not limited to, individuals from racial minorities (in

computing), women of all races, people with disabilities, and individuals across a variety

of gender and sexual orientations.2 Understanding these students’ perspectives is crucial

to retaining students from HUGs in doctoral CS programs and may offer insight into why

the field fails to sufficiently support and retain these students. Although we focus on this

particular group of students, our findings can be used to support all PhD students in CS,

and thereby enable more students to complete their degrees.

Previous research shows that one key factor affecting the rate of degree completion among

doctoral students is a clear understanding of what is expected of them in order to complete

the program [22, 31, 32]. These expectations may concern requirements from the department

or from a student’s advisor, who has an important say in awarding a doctoral degree. We

focus on two kinds of expectations: what tasks the student is expected to complete, and

how they are expected to complete them. The former category encompasses higher-level

2Participants were asked whether they self-identify as a member of a group underrepresented in comput-
ing, and this definition was provided as a non-exhaustive guideline.
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goals, such as the publication of a paper, while the latter focuses on the lower-level, daily

tasks needed to complete the overarching goal, such as debugging the code being used in a

publication. In this paper, we aim to investigate the different sources that students use to

form their expectations, and how each of these sources provides different kinds of guidance.

To investigate these topics, our research team conducted a survey and semi-structured

interviews with doctoral students from HUGs at a large institution with high research pro-

ductivity. These methods of investigation were chosen given the exploratory nature of this

work. In particular, conducting semi-structured interviews allowed us to gather student

perspectives on a variety of issues that they considered to be relevant. In this paper, we

present our analysis of the interviews. Although all our participants identified as members

of HUGs, our results do not aim to compare their experiences to their peers or identify

experiences unique to students from HUGs. Rather, our work elevates the experiences of

students from HUGs because of the particular importance of broadening participation in

computing from HUGs. In addition, we note that these experiences may not generalize to

all CS doctoral students from HUGs, as they likely have a wide variety of different experi-

ences. Our analysis found that students had three primary sources from which they deduce

what they are expected to do and how to do it: research experience prior to beginning their

program, their PhD advisor, and their peers. Each of these sources helps students under-

stand different kinds of expectations, with advisors providing primarily high-level guidance

on what tasks to accomplish, and peers helping each other with lower-level tasks. Many

students began the program anticipating more hands-on support from their advisor, and in-

stead found themselves relying more on their labmates and peers. We also find that students’

initial expectations of what graduate school would entail did not always provide a complete

picture, often giving them incomplete or inaccurate expectations. To address these issues,

we suggest developing lab-based mentorship systems, and encouraging clear communication

between advisors and students not only on high-level goals, but on the daily tasks needed

to accomplish them.

3.2 PREVIOUS WORK

Prior research has identified a number of factors that lead to doctoral program completion,

many of which involve clear communication of student expectations. In a meta-analysis of

163 empirical articles regarding completion, achievement, and well-being in PhD education,

Sverdlik et al. [22] found that students’ understanding of what their advisor (or supervisor)

wanted them to do was an important contributor to student outcomes, with the authors not-

ing that “open, supportive, and frequent communication with [their] supervisor was found to
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be essential for student success and satisfaction”. The authors also noted that poor commu-

nication of departmental requirements may lead to a discrepancy between the student’s and

the department’s expectations of what the student needs to do [22]. Such a discrepancy can

lead to the student insufficiently integrating into their institution and discipline, resulting

in a decreased likelihood of degree completion [31]. In addition, clear communication of

expectations may impact students in more ways than simply completing the program. For

example, a survey of graduate students by Fisher et al. [32] found that a clear understand-

ing of their department’s expectations contributed to lower levels of distress in women and

minority (defined as Black, Latinx, and American Indian/Alaska Native) graduate students

and indirectly affected students’ publication rates.

Apart from communication of expectations, much of the existing body of work on this

topic has found that advisors are one of the most important factors affecting doctoral degree

completion [22, 79, 80, 81]. The role of the advisor may be so important in shaping doctoral

student experiences because they are the primary source for students’ understanding of

what is expected of them. In addition to helping set expectations, good advising has many

facets: according to Posselt [23], successful advisors provide holistic support, with “academic,

psychosocial, and sociocultural dimensions, which faculty enact through specific behaviors”.

This kind of supportive advising is not experienced by all doctoral students [31, 81, 82],

and the impact of poor quality advising may differentially impact students from groups

underrepresented in computing due to the discrimination they may face [83].

Doctoral attrition rates are generally higher in CS than other STEM fields, with com-

puting having the lowest 10-year degree completion rate and highest attrition rate among

STEM fields for students beginning their program in the 90s [78]. In addition to the al-

ready low number of PhDs awarded in computing due, in part, to high attrition, few of

these degrees are awarded to students from HUGs. The 2020 Taulbee survey found that

only 21.7% of the PhDs awarded in computing by the surveyed institutions were earned by

students who identified as women, and 13.4% of them by domestic students who did not

identify as white [3]. Part of this disparity in doctoral degree attainment between majority

and underrepresented groups may be due to the challenges students from HUGs continue to

face in higher education. For instance, Cohoon et al. [84] found that computing graduate

programs can feel unwelcoming to women and that their continued persistence in the face

of adversity may depend upon the use of several coping mechanisms. Students from HUGs

may also encounter a lack of supportive mentors [82], which may increase their likelihood of

attrition. In a qualitative study of African American undergraduate and graduate computing

students, Charleston [85] highlighted the importance of mentors such as advisors in navigat-

ing challenges, noting that many participants “described how they considered withdrawing
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from computing science programs if not for the intervention of a mentor”.

Taken together, prior work suggests that computing doctoral students are less likely to

complete their programs, and also that students from HUGs face different and additional

challenges compared to their majority3 peers, which may further decrease their likelihood

of completion. In this paper, we seek to better understand these compounded challenges by

investigating how doctoral computing students from HUGs understand what is expected of

them and how to do it.

3.3 RESEARCH QUESTIONS

RQ1: How do students from HUGs form expectations of their CS PhD programs?

RQ2: What sources do students from HUGs rely on to form expectations of their CS PhD

programs?

RQ3: How do students from HUGs in CS PhD programs learn how to meet these expectations

in order to complete their degree?

3.4 METHODS

In order to answer the above research questions, our research team conducted a survey

and follow-up interviews with CS doctoral students at a large institution with high research

productivity. Participants for the survey were recruited by soliciting doctoral students in

the Computer Science department who self-identified as being part of an underrepresented

community in computing. We chose to recruit only students from HUGs in order to highlight

their voices and experiences. As a result, we do not have equivalent data from majority

students, and thus do not make any comparative claims.

Recruitment occurred through email lists and a graduate student Slack channel. Our

survey received 29 respondents, of whom 19 identified as women, and 14 identified as racial

and ethnic identities other than white. After completing the survey, participants were invited

to participate in an optional follow-up interview. In this paper, we discuss the findings from

the resulting 14 interviews.

The interviews were conducted and recorded over Zoom due to the COVID-19 pandemic.

Interviews lasted no more than an hour. The protocol was semi-structured in nature and

consisted of questions across three sections: the participant’s relationship with their advisor,

3This refers to groups that are well-represented in computing, that is, white and Asian men.
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their expectations during the PhD, and their experiences learning and acquiring new skills

in graduate school. A copy of the interview questions is provided in Appendix C.

Of the 14 interview participants, eight were in either the first or the second year of their

PhD program. Table 3.1 provides a list of the pseudonyms used for our participants, along

with their seniority within their doctoral program. Due to the relatively small number of

individuals involved, we do not provide demographic or otherwise identifying information

about the interview participants.

Table 3.1: The interview participants by degree seniority, using researcher-
assigned pseudonyms.
Early stage (1st or 2nd year) Middle to late stage (3rd year+)
Anthony Anna
Glen Diane
Kurt Hannah
Mia Patricia
Nora Robert
Phoebe Tom
Tracy
Yvonne

After all of the interviews had been completed, the audio recordings were sent to a third-

party service to be transcribed. These transcriptions were further reviewed by the authors to

remove any identifying information. The authors then analyzed the anonymized transcrip-

tions using a qualitative coding process. Due to the exploratory nature of the work, coding

was conducted inductively, with no codes determined a priori [73]. Each team member in-

dependently coded one of the interviews in order to identify initial key ideas and themes.

A preliminary codebook was developed based on these observations and used to code the

remaining interviews. The authors met regularly during the coding process in order to con-

tinue iterating on the codebook, adding and removing codes as necessary, and resolving any

conflicts or confusion regarding the application of the codes. At the end of the first pass of

coding, the authors listed and discussed findings relating to themes and variations observed

in the data. In this paper we discuss only those findings which are relevant to our research

questions regarding expectations. A second round of coding was conducted on the subset of

codes relevant to this paper in order to ensure all evidence regarding the findings of interest

to this work had been identified. This subset of codes is provided in Appendix D.
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3.5 RESULTS

We note that the results presented here are a subset of our findings, restricted to those

that pertain to forming and fulfilling expectations. Within this scope, we find that partici-

pants did not typically refer to experiences specific to their social identities when discussing

expectations. Thus, our results are not specific to students from HUGs, but can be used to

better understand and improve the experiences of all PhD students.

Our analysis identified three key sources from which students appear to form their expec-

tations: (1) students’ prior research experiences, (2) their PhD advisor, and (3) their peers

in the doctoral program. Notably, each of these sources provides different types of support

and advice. We describe each type of source and what students learned from them below.

In the quotes used in this section, we have used square brackets (i.e., [added text]) to

indicate words added for clarification, and three dots (i.e., ...) to indicate a removal of text.

3.5.1 Prior Research Experiences

Mentors and peers from before graduate school help shape expectations. Many

participants reported engaging in research experiences prior to attending graduate school.

During these research experiences, some participants encountered key mentor figures and

peers that often formed their expectations of what graduate school would look like. For

instance, when Anthony was asked about the source of his expectations for what he “should

be doing” in graduate school, he discussed attending conferences as an undergraduate, and

observing the graduate students “not only attending, but also actively involved in making

some contribution, or organizing”. Anthony went on to describe treating these individuals as

“kind of a role model”, indicating that he adopted these behaviors as a blueprint for what to

do during the doctoral program and how to be “active” in the research community. Similarly,

Mia reported that the professors at her undergraduate institution formed her view of what

graduate school would look like, providing advice regarding “what you need to do in order

to be successful in a PhD program”. In Mia’s case, mentors from her prior experience not

only helped her understand what she would need to do in graduate school, but also shaped

her perception of what success in the program might look like. Most of our participants

discussed engaging in research before entering graduate school, and it is reasonable for those

interactions to form their initial expectations regarding what they would need to do in a

PhD.
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Prior expectations can be incomplete. Despite these prior research experiences, many

participants reported being surprised by aspects of research once in graduate school. For

instance, a few participants discussed being surprised by the importance of writing and

presenting the results of a study, and the relative lack of focus on programming. As Patricia

explained, “it’s not the system you build that is the big part of the research, but it’s after,

when you get the results back” (emphasis added). Phoebe realized that time management

during the PhD was more challenging than she had anticipated. She expected coursework to

play a minimal role in the degree program, but found instead that it was difficult to balance

both research and coursework. For many students who felt that they knew what needed

to be done coming in, learning how to complete those tasks still felt challenging. Yvonne

struggled to find a compatible advisor and felt that although it was clear that finding an

advisor was important, there was little guidance on how to go about it. She reflected that,

in retrospect, it would have been better to have a particular advisor in mind before applying

to the program. Thus, in Yvonne’s case, even though she came in with expectations of

graduate school based on prior experience, these expectations were incomplete, helping her

understand what needed to be done, but not how to do it.

3.5.2 Advisors

Advisors tend to provide high-level guidance. Once in the PhD program, students

often based their expectations of what to do on the recommendations of their advisors,

particularly regarding what big-picture steps to take to complete their degree. Most partic-

ipants indicated that their meetings with their advisors were conducted at an abstract level,

discussing research directions, status updates, or degree progress, and that they received

advice on how to proceed on those topics. For example, Tom described their meetings as

including “career advice, internship advice, and just general research things”, highlighting

that he primarily received advice on the big-picture goals he needed to pursue. Discussions

of what to do in the PhD often operated on the same level: for instance, when asked what his

advisor expects him to achieve during the degree program, Kurt responded that his advisor’s

expectations are “totally the same requirements as the department’s to obtain the PhD: pass

the qual exam, do your thesis”. Another participant, Robert, described his advisor as being

“more like a sage rather than a teacher”, explaining that the kind of guidance he received

from his advisor did not help him understand how to do research on a daily basis. Milestones

and advice of this kind represent a clear expectation of what the student needs to do, such

as publish a paper or pass an exam, but does not necessarily inform students how these

tasks are accomplished.
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Advisors expect students to “figure it out on [their] own”. Although their respec-

tive advisors guided our participants towards the milestones they were expected to achieve,

most of our participants indicated that their advisor did not help them solve lower-level,

everyday issues. Two of our 14 participants indicated that their advisors had helped them

debug code; the others described their meetings as covering only big-picture topics. In fact,

Glen reports that after the first few challenges, he realized that his advisor “really didn’t

have time to actually get into weeds to help me out with something”. The relative inde-

pendence advisors expect from their students was a surprise to some of our participants.

For example, Patricia says that she came in thinking that she would be assigned to work

on an existing project, but instead found that “it was my job to figure out a research idea

and then work on that”. Her advisor was willing to guide her, but was “pretty hands off”

when it came to her understanding what she needed to do on a daily basis. Patricia, and

other participants reporting similar experiences, had to find a different source to help them

understand the daily tasks required to conduct research.

Advisors recommend asking peers for help. Of the participants that mentioned that

their advisor did not have time to help with low-level issues, many noted that their advisors

usually suggested talking to a labmate in order to resolve the issue. Diane describes her

advisor pairing her with a senior PhD student in her lab as a first year in order to work on

her first project, and describes the senior student as “sort of like a mentor”. This mentor-

like relationship included relying on the senior student for feedback and on project ideas

and “general grad school things... like housing”. Both through the recommendation of their

advisor and their own initiative, many of our participants relied on peers’ help in the PhD

program, as discussed below.

3.5.3 Peers

Students often reach out to peers for help. Interactions with peers were another key

source from which students formed expectations and understood how to fulfill them. Partic-

ipants often reported turning to other students in the same lab for help. These instances of

asking for help came both from their own initiative and from their advisors suggesting that

they ask a labmate for help. For instance, Glen describes seeking out advice from his senior

labmates about his timeline for achieving a PhD, and finding out that he “should probably

get a paper by my second year”. This piece of advice highlights peers’ ability to help convey

what students need to do, not just the how. Glen added that he felt more comfortable

talking with other graduate students who had similar experiences instead of his advisor,
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who always seemed busy. In addition to receiving such high-level advice, students often

sought out peers for more lower-level help. When planning out her thesis, Anna reached out

to former labmates who had graduated for help in how to organize it and asked for copies

of their theses to read. By doing so, she was able to develop her thesis structure without

relying on her advisor. In another example, Nora notes that when she asked her advisor for

help with a new concept, he suggested that she reach out to one of his other students who

had experience with the tools she needed. Nora and Anna are both examples of cases where

peers were able to help our participants figure out how to achieve a particular task.

Observing peers can help students form expectations. Although many students

reported actively seeking out peers for help, it is also worth noting that many of them

formed expectations for graduate school simply based on their observations of other students.

These expectations often concerned the high-level goals students felt like they ought to be

achieving. For example, Anna recollects that she felt pressured to publish more after “seeing

how often they [peers] publish” and that this was a source of her “standards” for how often

PhD students should publish. Other participants similarly mention using other students’

research output and behavior as a comparison to their own. Hannah also describes that she

better understood what kind of work graduate school entails by observing her peers, although

these expectations did not necessarily concern a task required to complete the degree. She

notes that after some time in graduate school, her understanding of what research work in

academia looked like “really comes down to my peers and what I see them working on”.

The result was that “the vision that I had at the beginning of what academia would be like

didn’t really live up to what it actually was, for me, anyway”. Observing her peers allowed

Hannah to form a clearer picture of what academia looked like, and in her case, realize

that it was something she did not want to pursue further. The phenomenon of students

using peers’ work as a tool for comparison and clarification highlights the importance of

peer relationships in graduate school, as they are the first source students turn to when

expectations from other sources are not clear enough.

3.6 DISCUSSION

Our research questions aimed to investigate how students’ expectations of a PhD program

are formed, what sources they tend to rely on to form these expectations, and how they learn

to meet them. We were interested in expectations of two kinds: expectations surrounding

what work they will do, and how they will do it. In the first category, we include discussions

around what goals they need to achieve (e.g., publishing a paper, passing an exam) in order
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to complete the degree. The second category describes the actions students must take to

achieve these goals, such as building software or writing the results of a study. Although

students’ own definition of success plays a role in determining expectations, we narrow our

definition here to tasks participants perceived as necessary to complete the degree. Although

all our participants identified as members of HUGs, our results do not aim to compare their

experiences to their peers or identify experiences unique to students from HUGs. Rather, our

work elevates the experiences of students from HUGs because of the particular importance

of broadening participation in computing from HUGs. In addition, we note that these

experiences may not generalize to all CS doctoral students from HUGs, as they likely have

a wide variety of different experiences. We found that students have three sources that they

use to form expectations of the doctoral program: prior research experiences, their advisor,

and their peers.

One key finding from our work is that for our participants, although they used their prior

research experiences to form expectations of the doctoral program, their experiences did

not fully or accurately reflect what graduate school would look like. This finding is espe-

cially worth noting given that our participants attend a highly-ranked CS PhD program and

had sufficient prior research experience to make them competitive enough to be admitted.

Despite this, they expressed surprise about aspects of research in graduate school. In partic-

ular, our participants were surprised by the daily work that goes into research, such as the

amount of writing and the time-management required. It is possible that the surprise our

participants felt is because undergraduate research experiences do not aim to perfectly pre-

pare students for graduate school, but rather give an introduction. However, prior research

experience is highly valued in the PhD admissions process, which may be why students were

surprised to find that previous research did not give them accurate or complete expectations

of the doctoral program. This highlights the importance of advisors and students needing

to calibrate their expectations together, rather than assuming prior experience will provide

a complete picture.

Our results further suggest that students encountered more obstacles in understanding how

to accomplish a particular task, rather than understanding what they needed to do. Some

participants felt that they did not have enough support in how to do the things required of

them, such as finding an advisor. These findings imply that clear communication between

students, advisors, and the department requires not only stating what the goals are, but also

providing step-by-step support to students in achieving that goal.

Another major contribution of our analysis is to emphasize the importance for students

to have a support network. As discussed above, advisors tend to provide guidance at a high-

level, and often do not have the time to “get into the weeds” with each of their students
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individually. Therefore, advisors may attempt to redirect their students to other resources,

such as more senior students in their lab. This allows students to expand their support

network and learn the independence needed to succeed in graduate school. In addition,

even when advisors do not direct students to do so, we find that they often choose to turn

to their peers for help. Taken together, these results point to the need for students to be

able to support each other with smaller-scale issues in a systematic way, so that they do

not have to spend time searching for those relationships themselves. In particular, advisors

could create a mentoring system within their labs, wherein senior students support their

more junior labmates. Such a system may be beneficial in developing the support structure

a newer student may need without relying solely on their advisor. A mentoring system

has the added benefit that students may be more comfortable talking to their peers than

their advisor. It also provides each new student with a designated mentor to ask for help,

rather than the new students wondering who to talk to. Given the qualitative nature of

our study, we recommend that additional work is undertaken to further explore such a

recommendation. Implementation of a mentoring system may require training students

and faculty in how to be inclusive and effective mentors. For resources regarding inclusive

mentorship, we suggest the National Academies of Science, Engineering and Medicine’s

Guide to Effective Mentoring [86], the MentorFirst project [87], and the Center for the

Improvement of Mentored Experiences in Research [88].

3.7 LIMITATIONS & FUTURE WORK

Our work is limited in a number of ways. First, it is worth highlighting that this work

was conducted with students currently attending a highly-ranked program and institution,

meaning that they are more likely to have had more access to research opportunities before

graduate school. In addition, since they are persisting in the program, we do not know

what other factors may affect students’ decisions to leave their programs, which may be

a possible avenue for future work. A majority of our participants were early-stage PhD

students (eight out of 14 were in their first or second year); as a result, experiences of students

later in the degree progression are not as well-represented. While there is a heavy focus on

early-stage students, we note that the early years are a key period during which students

transition to and become socialized within PhD programs, and are thus of particular interest

in understanding how their expectations are formed. We also note that for these early-stage

students, a majority (if not all) of their experience in graduate school has occurred during

the COVID-19 pandemic. This has likely impacted their interactions with their advisors,

peers, and the department. One possible avenue for future work would be to conduct a
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longitudinal study, encompassing the changes in perspectives students may undergo over

time, in order to better understand how their expectations may have changed throughout

their graduate school career.

We also note that students’ expectations are likely to be interwoven with their own per-

ception of what it means to be successful in graduate school. For this reason, we have chosen

here to focus primarily on expectations that relate to requirements set by either the depart-

ment or the advisor, as these connect directly to degree completion. However, it is difficult

to separate which expectations stem from the advisor and which of them are impacted by

the student’s own sense of what they need or ought to accomplish. In the same vein, it is

conceivable that students’ expectations of themselves are affected by their background and

their social identities. Future work studying this question can engage specifically with the

question of how students conceptualize success, whether this connects to aspects of their

identity, how this conception interacts with their expectations of what they need to do, and

how these notions may change over the course of the degree program.

A final limitation we wish to acknowledge is that the members of the research team identify

as belonging to HUGs themselves and were also familiar with some of the participants. This

may affect our analysis in ways we cannot accurately measure.

We focused the sample and analysis of this paper on student voices, in particular students

from HUGs, in order to highlight their voices and identify strategies that can be used to

support these populations and benefit all graduate students. Although our analysis does not

identify experiences unique to students from HUGs, we feel that this approach is valuable in

understanding the challenges these (and other) students may face. However, a more complete

picture of the graduate school experience requires an understanding of the perspectives of the

department and the faculty. While this was not the aim of this study, we believe future work

in this area can investigate how expectations are being communicated from the department

and faculty perspective, as well as the experiences of majority students.

3.8 CONCLUSION

Our study sought to investigate the experiences of students from HUGs in CS PhD pro-

grams and to better understand how they determine what is expected of them in order to

complete the program. We were interested in what sources students rely on to form these

expectations, as well as how they learn to meet them. We limited our work to those goals

which were necessary in order to complete the degree, which includes tasks set by the de-

partment and by the student’s advisor. Understanding how students from HUGs form and

fulfill expectations is particularly important in the field of computing, where attrition rates
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are higher than those in other STEM fields, and the PhDs awarded do not proportionally

represent the population of the US.

In our investigation, we found that our participants had three primary sources from which

their expectations were formed: prior research experience, their PhD advisor, and their peers

in the degree program. We find that students learn about different types of expectations

from different sources, with advisors primarily helping them understand what their big-

picture goals should be and peers helping them with smaller research tasks. However, we

also find that students were surprised by certain aspects of how graduate school differs

from their research experiences as an undergraduate, including their advisors being available

largely for high-level support. To address this issue, we suggest that clear and successful

communication between students, advisors, and the department should include not only what

goals the students need to achieve, but also support on how to achieve them. Developing

a lab-based mentorship system, where more senior students can provide lower-level help to

their junior labmates, may also be one mechanism by which to provide such support.
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CHAPTER 4: SELF-EFFICACY

4.1 INTRODUCTION

Computing self-efficacy is an important factor in shaping students’ motivation, perfor-

mance, and persistence in computer science (CS) courses [36, 37, 38, 39, 52, 89]. Self-

efficacy refers to an individual’s belief that they can act in ways that will lead to a de-

sired outcome [34, 35] and has been shown to contribute to student retention in comput-

ing [36, 37, 38, 39]. Understanding factors that impact computing self-efficacy may help in

improving the retention of students from historically underrepresented groups in CS. In the

US, women, disabled people, Black, African American, Hispanic, Latina/o/x, and/or Native

American people are underrepresented among CS students and professionals compared to

their representation in the US population [3, 4, 5]. The lack of proportional representation

of people from these groups exacerbates the dearth of skilled individuals to fill the growing

number of computing positions [4] and, more importantly, represents the loss of important

potential insights, innovation, and contributions. Our goal with this work is to deepen our

understanding of computing self-efficacy in order to pursue greater diversity, equity, and

inclusion in computing.

Our work aims to understand the factors that may predict computing self-efficacy in un-

dergraduate students enrolled in CS courses. Previous work has shown that prior experience

with computing contributes positively to students’ self-efficacy [40, 41, 42, 43]. Students’

identities have also been shown to relate to their computing self-efficacy. In particular,

women tend to report lower self-efficacy in computing than men [38, 39, 44, 45, 46], which

may be related to the fact that women tend to have less experience in and exposure to

computing than men prior to college [19, 90, 91, 92]. A similar phenomenon may occur for

students who identify as Black, Native, and/or Hispanic, collectively referred to in this paper

as historically underrepresented racial/ethnic groups (HUREGs), who also tend to have less

access to computing [2, 5, 93]. In this study, we aim to quantify the relationship between

these identities and computing self-efficacy while controlling for prior experience.

We also aim to understand the unique experiences of those at the intersection of multiple

of these marginalized identities, using the lens of intersectionality [24, 47, 94, 95, 96]. In

addition, we know that institutional policies can affect students’ computing self-efficacy [46];

in this paper, we investigate the policy of requiring a higher proportion of students to take

a CS course. To this end, our research question is:

RQ: How is the computing self-efficacy of students enrolled in CS courses predicted by stu-
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dents’ prior experience in computing, demographic identities, and institutional poli-

cies?

We answer this research question using data from 31,425 student responses across 262

institutions to a large, multi-national survey from 2018 to 2021. Using this multi-institutional

sample, we performed linear regression in order to determine the role played by the different

factors discussed above. The scale of our data permits analyses that may not otherwise

be possible due to an insufficient sample size, such as including a variable representing

non-binary gender identities. The results of our models confirm previous work that more

experience with computing predicts higher computing self-efficacy. However, identifying as a

member of a HUREG, Asian, non-binary, and/or a woman were all statistically significantly

associated with lower computing self-efficacy. Our findings demonstrate that, even with

recent data, gender- and race-based differences in student experiences continue to exist, and

further investigation is required to understand why some of these patterns exist. We point

to several avenues for future research in self-efficacy with the overarching goal of broadening

participation in computing.

4.2 PREVIOUS RESEARCH

4.2.1 Computing Self-Efficacy

Self-efficacy is a measure of an individual’s belief that they can act in ways that will lead to

a desired outcome [34, 35]; in the context of CS, these outcomes may include, for example,

writing a complete computer program from scratch or successfully passing a CS course.

Scholars have studied different goals that students may be trying to achieve in computing,

resulting in naming different types of computing self-efficacy. For instance, “computer” self-

efficacy refers to an individual’s perceived ability to use computers and software packages [97],

while “programming” self-efficacy measures students’ fluency with a particular programming

language, such as C++ [98]. In a study by Lin [99] on different types of computing self-

efficacy, “learning” self-efficacy referred to an individual’s perceived ability to accomplish

academic tasks in their CS courses. Learning self-efficacy is the type of computing self-

efficacy most closely aligned with our work. In this paper, we are interested in student’s

perceptions of their ability to master computing concepts and pass their computing courses.

For more information on how self-efficacy was measured in our study, see Section 4.4.2.

In his seminal work, Bandura [35] suggested that self-efficacy may correspond with stu-

dents’ persistence and final performance at a task. Indeed, subsequent research has found
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that self-efficacy positively predicts academic interest and persistence in a career in different

science, technology, engineering, and mathematics (STEM) majors [89] and in computing

specifically [52]. In computing, researchers have shown the importance of self-efficacy in

students’ persistence in a computing major, finding that high self-efficacy predicts increased

motivation and desire to continue pursuing a CS degree [25, 36, 37, 38, 39]. As a result, study-

ing computing self-efficacy may be valuable for retaining the participation of students from

historically underrepresented groups, who tend to have higher rates of attrition in STEM

fields than their peers [100]. Although most computing education research has focused on

self-efficacy for students pursuing CS majors, we believe it is important to understand the

self-efficacy beliefs of all students in computing courses, as the workplace demand for tech-

nology skills is growing substantially even in non-computing jobs [101].

4.2.2 Factors Related to Computing Self-Efficacy

Prior work has documented that women tend to have lower computing self-efficacy than

men [38, 39, 44, 45, 46]. A study by Wilson et al. [102] highlighted that this gender difference

is particularly notable in CS, being one of only three STEM fields where there was a sta-

tistically significant gap in self-efficacy between men and women. There are several possible

explanations for this gender difference, such as the perception of computing as a masculine

field [21, 103] or the pattern whereby women have less prior experience with computers and

programming coming into college [19, 90, 91, 92]. Existing work investigating the relation-

ship between gender and self-efficacy has made use of a gender binary, treating students

as either men or women. With emerging societal understanding of the complexity of gen-

der [104], we note the importance of additionally investigating the experiences of individuals

who identify outside of the gender binary. Given that self-efficacy predicts motivation and

persistence in a computing major [39], understanding the relationship between gender and

computing self-efficacy may suggest opportunities for broadening the participation of women

and non-binary individuals in computing.

Students from HUREGs in computing may also experience lower self-efficacy than their

peers due to underrepresentation and marginalization in the field of CS [2, 93] as well as a

lack of same-race mentors [105, 106]. For instance, Nguyen & Lewis [46] found that Black,

Latinx, and Asian4 students have lower computing self-efficacy than their white peers. Of

particular interest to our work is the theory of intersectionality, which posits that individ-

uals with multiple marginalized identities experience unique forms of discrimination and

4Asian students are not considered underrepresented in computing in the US, but may still experience
discrimination and bias based upon their race.
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bias [47]. In light of calls to investigate the complexities associated with multiple axes of

oppression (e.g., [14]), our work investigates individuals who identify as either women or

non-binary and as a member of a HUREG. Scholars have begun to study the experiences

of students from HUREGs in computing through an intersectional lens [24, 94, 95]; our

work contributes to this growing field by investigating the quantitative relationship between

multiple marginalized identities and computing self-efficacy.

Importantly, evidence suggests that prior experience with computing may predict students’

computing self-efficacy. Existing research has shown that students’ computing self-efficacy

is influenced by their familiarity with programming [40, 43] and with computers [41, 42].

Furthermore, more computing experience may create more opportunities for self-efficacy-

enhancing experiences, such as interactions with faculty, shown by Blaney & Stout [39] to

positively predict students’ computing self-efficacy. It is likely that successful experiences

with computing contribute to greater self-efficacy and to a student’s choice to major in

computing [20]. We add to this body of literature by examining the relationship between

prior experience and self-efficacy while controlling for students’ gender and racial/ethnic

identities.

4.2.3 Institutional CS Course Requirement

There is evidence that institutional policies can also predict student outcomes such as

self-efficacy. In particular, Nguyen & Lewis [46] demonstrated that competitive enrollment

policies negatively predict students’ self-efficacy. In our work, we investigate the relationship

between students’ computing self-efficacy and an institutional policy requiring a greater

proportion of students to take a CS course. This is motivated by emerging research questions

on the impact of mandatory computing courses on affective student outcomes such as sense

of belonging and self-efficacy [107]. We hypothesize that requiring more students, not just

CS majors, to take a computing course will contribute to the belief that everyone can do

computing, which will in turn contribute to students’ self-efficacy.

4.3 RESEARCH QUESTION AND HYPOTHESES

RQ: How is the computing self-efficacy of students enrolled in CS courses predicted by:

(i) the student’s prior computing experience,

(ii) the student’s gender identity,

(iii) the student’s racial/ethnic identities,
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(iv) the computing requirement at their institution, and

(v) the intersection of their gender and race/ethnicity?

Based on prior literature [39, 40, 42, 43], we hypothesize that students’ prior experience in

computing will have a positive relationship with their computing self-efficacy. Additionally,

we hypothesize that women will tend to have lower self-efficacy than men [38, 39, 44, 45, 46].

Although we are not aware of research exploring the computing self-efficacy of non-binary

students, we expect that they too will tend to have lower self-efficacy than men due to the

masculine culture of computing [21]. We hypothesize that students who identify as members

of a historically underrepresented racial/ethnic group (HUREG) in computing will have lower

self-efficacy than their white or Asian peers because of their underrepresentation and lack of

same-race mentors in computing [2, 93], a factor shown to be important in retaining students

in a field [105, 106]. In the case of institutional computing requirements, we hypothesize

that attending an institution that requires more of their students to take a computing course

will positively predict computing self-efficacy. Finally, our work regarding intersectionality

is exploratory. Existing work in intersectionality emphasizes the importance of investigating

the unique experiences of students with multiple marginalized identities [24, 47, 94, 95].

4.4 DATA

4.4.1 Sources

Student Data Our student data is from the Computing Research Association’s (CRA)

Data Buddies survey for undergraduates, a large, multi-institutional survey of students en-

rolled in CS courses [108]. The CRA distributes the survey to computing departments across

the US and Canada, who then distribute the survey to students enrolled in their CS courses.

Most institutions have a response rate of less than 20%5 [108]. Our dataset contained 31,425

student responses across 262 institutions from the years 2018-2021. Students may appear in

the dataset multiple times, but our data does not permit tracking a student between years.

We do not have data regarding students’ year in their program when completing the survey.

Institutional Data Data on an institution’s computing requirement policy was gathered

from the Enrollment Survey administered by the CRA to computing departments at the

beginning of the 2015-2016 academic year. Of the institutions attended by students in

5Although these response rates raise concerns regarding self-selection in our data, we are unaware of any
other survey with comparable institutional participation that has a higher response rate.
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our participant pool, 98 completed the department survey. In the dataset provided by the

CRA, institutional data was appended to the individual student data. Institution type, size,

location, and other identifying information were all removed by the CRA in creating the

dataset.

4.4.2 Measures

Below, we describe how the variables relevant to this work were measured. Correlations

between these variables are provided in Appendix F.

Students’ Computing Self-Efficacy In order to create a measure of students’ computing

self-efficacy, we used student responses to the following survey items:

• I am confident that I can pass my computing courses.

• I am confident that I can learn the foundations and concepts of computing.

• I am confident that I can quickly learn a new programming language on my own.

Survey respondents rated each of these items on a 5-point Likert scale between “Strongly

disagree” and “Strongly agree”. We computed Cronbach’s alpha for the three self-efficacy

items and found that the items are internally consistent, with a Cronbach’s alpha of 0.76

(α > 0.7), indicating good reliability [109]. Prior to beginning our data analysis, we examined

our data and found that on each of the three self-efficacy items, less than 14% of the responses

were missing. We shifted the values such that “Strongly disagree” corresponded to a −2 and

“Strongly agree” to a 2. A student’s computing self-efficacy was then computed by taking

an average of all the self-efficacy items they responded to. In our dataset, students’ mean

self-efficacy on a scale from −2 to 2 was 1.28, with a standard deviation of 0.72.

Student Demographics Responses to the student survey were also used to identify stu-

dents’ gender and racial/ethnic identities.

Respondents chose one of the following for their gender identity: Man; Woman; Genderqu

eer/non-conforming; Non-binary; Agender6; Self-identify. Students who selected genderquee

r/non-conforming, non-binary, agender, or self-identify were grouped together as non-binary.

In our participant pool, 59% of students identified as men, 31% identified as women, and

2.5% identified as non-binary. The remaining 7.5% did not provide their gender.

6The Agender option was only available in the 2021 survey.
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Students were able to indicate identifying as one or more races, which we grouped as:

Asian, Black, Native7, and white8. Further, respondents could indicate whether they identi-

fied as being of Hispanic ethnicity. In our dataset, 10% of students identified as Hispanic, 2%

as Native, 6% as Black, 36% as Asian, and 50% as white. Each student may be represented

in one or more of these groups.

Students’ Prior Computing Experience To create a measure of students’ comput-

ing experience before college, we used responses to the following question in the survey:

Which of the following experiences did you have prior to entering an undergraduate pro-

gram? Select all that apply. The research team categorized these experiences as evidence

of substantial experience, some experience, or no experience. Experiences categorized as

substantial prior experience included taking AP CS, whereas an example of some prior ex-

perience was attending computing workshops. Since students could select multiple options,

their final categorization was based on the “highest” of the three categories that any of their

selections were in. For a list of all possible responses and how each was categorized, see our

pre-registration [111] or Appendix E. 77% of our respondents were categorized as having

substantial prior experience, 4.1% as having some prior experience, and 19% as having none.

Students who did not complete this question were not included in our analysis.

Major(s) In the student survey, students select their major(s) from a list of options.

Options were coded into one of the following categories: a CS major, a non-CS STEM

major, or a non-STEM major. 84% of our respondents were categorized as CS majors,

5.6% as non-CS STEM majors, 0.02% as non-STEM majors, with the remainder not having

provided their major. The complete list of majors and their categorisation can be found in

our pre-registration [111] or in Appendix E.

Institutional CS Course Requirement To determine an institution’s CS requirement

policy, we used the following question from the departmental survey: Does your institution

require a computing course for any non-computing major? Institutions were classified into

three groups based on which students were required to take CS: all students, some non-CS

majors, or no non-CS majors. For the options available on the department survey and how

each was categorized, see our pre-registration [111] or Appendix E. 4% of students attended

7We included those who identified as American Indian/Alaska Native, Indigenous or First Nations, and/or
Native Hawaiian/Pacific Islander as Native.

8White students included those who identified as Caucasian/white and/or Arab/Middle Eastern. This
is in accordance with the US Census, although many individuals of Arab/Middle Eastern descent may not
identify as white [110].
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institutions that require all students to take CS and 46% attended institutions where some

non-CS majors were required to take CS.

4.5 METHODS

4.5.1 Regression Models

We used linear regression to examine whether the independent variables in our research

question predict students’ computing self-efficacy. We created six models and added new

variables in each to be able to isolate the changes due to the inclusion of new variables.

Variables were added based on the strength of the evidence regarding their relationship with

computing self-efficacy or related constructs (see Section 4.3) in the following order:

Model 1: Prior computing experience

Model 2: Gender identity

Model 3: Racial/ethnic identities

Model 4: Institutional computing requirement

Model 5: Intersection of gender and racial/ethnic identities

Model 6: Major and response year (fixed effects)

Not all students in our dataset responded to every question. As a result, each subsequent

model contains responses from fewer students. The equation for our complete model is shown

below.

SEs = β0 + β1subsExps + β2someExps

+ β3womans + β4nonBinarys

+ β5blacks + β6natives + β7hispanics + β8asians

+ β9allReqi + β10someReqi (4.1)

+ β11(HUREGs × womans) + β12(asians × womans)

+ β13(HUREGs × nonBinarys) + β14(asians × nonBinarys)

+ γy + µ+ ϵs

40



In this equation, SEs refers to students’ computing self-efficacy. subsExps and someExps

indicate whether a student had substantial or some prior computing experience. Stu-

dents with no prior computing experience were therefore the reference group. womans,

nonBinarys, blacks, natives, hispanics, and asians capture the student’s gender, race(s),

and ethnicity, with men and white students as reference groups. We note that students may

be represented in multiple racial/ethnic groups. allReqi and someReqi represent whether

the student’s home institution required all non-CS majors to take a CS course, or only some;

institutions with no CS requirement were the reference group.

Finally, we have four variables to represent the intersection between the student’s gender

and racial/ethnic identities. The abbreviation HUREG refers to historically underrepre-

sented racial/ethnic groups, i.e., groups of students who identify as Black, Native, and/or

Hispanic9. Therefore, any student who identifies as Black, Native, and/or Hispanic would

have a value of 1 for the variable HUREGs. By multiplying this binary value with ei-

ther womans or nonBinarys, we construct binary variables that have a value of 1 only for

those students who identify as both members of HUREGs and women/non-binary. These

intersectional variables allow us to capture how the experiences of individuals with multiple

marginalized identities differ from individuals who share only one of those identities. For

example, a Black woman’s experiences are not a simple sum of the experiences of Black

people and women.

We accounted for which year the student’s survey response is from (γy) and their major

(as categorized in Section 4.4.2; µ) as fixed effects in our model. Fixed effects are variables

included to represent different groups among our data (e.g., major and response year) in order

to control for unobserved variation between the groups. ϵs is the error term per student.

Standard errors were clustered by institution because responses from students attending the

same institution may not be independent of one another.

4.5.2 Limitations

We note that linear regression indicates correlational relationships between variables and

does not provide evidence for causal relationships. In addition, our findings are limited by

the data, as we could not measure all the factors we believe may relate to computing self-

efficacy. Notably, we think self-efficacy could be affected by students’ (1) performance in

their current CS course(s), (2) perception of their performance relative to their peers, and

(3) years completed in their program and in CS. There is also the possibility of self-selection

9These groups were combined due to low numbers in their intersection with women and non-binary
students.
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in students who opt to take a voluntary survey about their experiences in computing. Our

dataset also contains duplicate participants, who cannot be tracked from year to year, and

uneven subgroup sizes. Social norms may impact students’ responses; for example, women

self-assess themselves as lower in computing ability than men with the same grades [25].

Despite these limitations, we believe our work points to patterns that are likely to affect

students’ persistence and performance, and merit further investigation.

4.6 RESULTS

Our regression model findings are shown in Table 4.1.

4.6.1 Prior Computing Experience

In line with our hypotheses, our results confirm previous work that prior computing expe-

rience positively predicts computing self-efficacy, even when controlling for students’ gender,

race, ethnicity, and major. Although having substantial prior experience remained a statisti-

cally significant predictor of self-efficacy in all models, having some prior experience was no

longer a significant predictor once our model controlled for gender, race, and ethnicity. We

note that only 4.1% of our respondents were categorized as having some prior experience.

In our model, some prior experience was defined as participation in computing workshops,

student groups, or projects, whereas substantial prior experience referred to completing a CS

course or independently learning a programming language. Therefore, our findings suggest

that limited exposure to computing concepts prior to attending college is not sufficient to

significantly predict students’ computing self-efficacy.

4.6.2 Gender Identity

Consistent with previous research, in all models, identifying as a woman had a statistically

significant and negative relationship with students’ computing self-efficacy. We know of

no prior research investigating the computing self-efficacy of non-binary individuals. We

found that the relationship between identifying as non-binary and computing self-efficacy

was negative and statistically significant. The coefficients indicating identifying as non-

binary had similar magnitudes to those indicating identifying as a woman.
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4.6.3 Race and Ethnicity

Identifying as Black, Native, and/or Hispanic predicted significantly lower computing self-

efficacy, supporting previous work. However, contrary to our hypotheses, identifying as Asian

also predicted significantly lower computing self-efficacy in all models. This finding suggests

that underrepresentation and a lack of same-race models is not a sufficient explanation for

the relationship between race/ethnicity and computing self-efficacy, as Asian students are

not typically considered underrepresented in computing in the US.

In addition, we note that the coefficients corresponding to Hispanic students were smaller

in magnitude than those corresponding to Black, Native, and Asian students. Although we

did not have hypotheses regarding the relative magnitude of the coefficients, we believe this

to be a surprising result worth further investigation.

4.6.4 Institutional CS Course Requirement

Our results indicated that an institution’s CS course requirement was not a significant

predictor of students’ self-efficacy. In addition, the coefficients for both variables, although

not statistically significant, had the opposite sign from our hypotheses; we had hypothesized

positive coefficients for students attending institutions that require more of its students to

take a computing course.

4.6.5 Intersections of Gender and Race/Ethnicity

Only one variable representing intersectional groups, the one representing Asian non-

binary students, was statistically significant in any of our models. The negative coefficient

indicates that identifying as a non-binary Asian person predicts lower computing self-efficacy,

in addition to the already demonstrated negative relationships of identifying as Asian and

as non-binary separately.

4.7 DISCUSSION AND FUTURE WORK

Our work shows that prior computing experience positively predicts computing self-efficacy,

while identifying as Black, Native, Hispanic, Asian, non-binary, and/or a woman all nega-

tively predict computing self-efficacy. An important contribution of our work is the investi-

gation of groups who are not typically represented in large enough numbers for inferential
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analysis, such as students who identify as non-binary or with multiple marginalized identi-

ties.

The positive relationships between prior computing experience and computing self-efficacy

aligns with previous research [40, 41, 42, 43] and our hypotheses. Specifically, having sub-

stantial computing experience (e.g., taking AP CS or independently learning a program-

ming language) predicts an increase in students’ computing self-efficacy. Notably, however,

having only some computing experience did not significantly predict self-efficacy after ac-

counting for gender, race, and ethnicity. This is a concern as not all students have access

to substantial computing opportunities due to existing inequities in the K-12 educational

system [2, 19, 91, 92]. These findings underscore the importance of equity and access in

computing, particularly if we hope to positively impact students’ self-efficacy in computing

and, consequently, their motivation and persistence [36, 38, 39].

Non-binary identities predicting lower computing self-efficacy confirms our hypothesis, but

further work is required to understand what causes this relationship. This pattern may be

related to the masculine culture of CS [21, 103] or to the discrimination and bias those with

non-binary identities may face in STEM fields [112] and in daily life [113]. In addition, our

models indicate that identifying as both non-binary and Asian negatively predicts computing

self-efficacy, demonstrating that we cannot estimate the change in self-efficacy for non-binary

Asian students by summing the coefficients for Asian students and for non-binary students.

Future work may seek to investigate the unique experiences of these students in order to

better understand and address this effect.

Our findings regarding race and ethnicity confirm some of our hypotheses and refute others:

identifying as Black, Native, and/or Hispanic negatively predicts computing self-efficacy, as

expected, but so does identifying as Asian, counter to what we had hypothesized. In the

US, Asian students are not typically considered underrepresented in computing, meaning

that a lack of same-race models may not be the explanation for their lower self-efficacy.

However, we note that Asian students may identify with a large number of national and

ethnic groups, some of which may be underrepresented [114]. Additionally, representation

does not preclude Asian students from experiencing race-based discrimination and bias in

computing spaces, which may contribute to their lower computing self-efficacy. Further

investigation into the experiences of Asian students ought to incorporate a greater level of

nuance in their national and ethnic origins than our data permitted, as well as explore their

experiences of discrimination and bias.

Our findings regarding CS course requirements were not significant, but the negative

coefficients suggest that requiring CS courses does not predict higher computing self-efficacy,

contrary to our hypotheses. Additional exploratory work with students attending such
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institutions may explain why. One possible explanation is that at institutions where a CS

course is not required, only students with relatively high computing self-efficacy would opt

to take one.

While the results of our intersectional analyses were not all statistically significant, we

encourage additional research into the experiences of students who identify as both members

of HUREGs and as women/non-binary.

4.8 CONCLUSION

Using a large, recent, and multi-institutional dataset, this study investigated the extent

to which prior computing experience, gender, race, ethnicity, and their institution’s require-

ment of CS courses for non-CS majors predict the computing self-efficacy of undergraduate

students. Self-efficacy is an important outcome for broadening participation in computing

as it predicts improved academic performance, motivation, and persistence [36, 38, 39, 52].

We found that substantial prior experience with computing positively predicts computing

self-efficacy. However, identifying as Black, Native, Hispanic, Asian, non-binary, and/or

a woman had a significant, negative relationship with computing self-efficacy. Our results

point to patterns in student self-efficacy that require further investigation to understand

why these trends exist and how to address them. These findings are important for better

understanding and improving the experiences of students identifying with these identities in

computing spaces in order to promote their retention and well-being. Although our results

were not all significant, we encourage further research into the unique experiences of individ-

uals with multiple marginalized identities, as they may differ from their peers in important

ways, and into the role institutional policies may play in computing self-efficacy and other

student outcomes.
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CHAPTER 5: INSTRUCTIONAL TRANSPARENCY

5.1 INTRODUCTION

Instructional transparency, or simply transparency, makes a course’s learning goals, eval-

uation criteria, and path to success clear to students [49, 50]. Practices to support instruc-

tional transparency, known as transparent teaching practices, were developed by Winkelmes

et al. [49] with the goal of improving equity by making expectations explicit and providing

all students with clear guidelines for success in the course. Using such practices in CS courses

may also contribute to improving equity by supporting the success of students from histori-

cally underrepresented groups: these students are likely to have less exposure to computing

coming into college [5] and therefore may benefit most from making the path to success

transparent.

Scholars have found that students’ perception of transparency may predict two important

outcomes: students’ confidence of succeeding in the course [49, 51], which is related to

self-efficacy, and students’ sense of belonging [49, 51]. Self-efficacy, a measure of students’

confidence that they can achieve their goals in computing, is itself a predictor of students’

motivation, performance, and persistence [38, 39, 52]. Sense of belonging, the extent to

which students feel that they are legitimate members of a field, has similar relationships with

motivation and persistence [53, 54]. Instructional transparency could improve students’ self-

efficacy and sense of belonging in computing, and, correspondingly, contribute to students’

persistence in computer science (CS).

By improving student persistence in computing, instructional transparency may play a role

in efforts to broaden participation in computing. In the US, people who identify as women,

Black/African American, Hispanic/Latina/o/x/e, Native American, Native Alaskan, Na-

tive Hawiian, Pacific Islanders, and/or having a disability are underrepresented in com-

puting [1, 115, 116]. We refer to these groups as historically underrepresented groups

(HUGs) in computing. Individuals from HUGs are underrepresented in computing at all

levels [1, 115, 116], including in the K-12 educational system [5, 8]. Students from HUGs

face barriers in accessing computing instruction and resources in K-12 [117, 118, 119, 120]

and may, as a result, arrive in college less familiar with strategies for success in computing

courses. Transparency in college CS courses aiming to make instructions and expectations

clear to all students may, therefore, particularly benefit students from HUGs and encourage

their persistence in computing. Because prior experience, knowledge, and background differ

between students, it is important to understand whether students vary in their perception
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of instructional transparency. Therefore, we aim to understand whether there are group

differences in how students perceive and benefit from instructional transparency. We are

additionally interested in understanding whether perceiving instructional transparency can

positively influence students’ self-efficacy and sense of belonging and, therefore, contribute

to the persistence of students from HUGs in computing.

Although existing evidence suggests a relationship between instructional transparency and

both self-efficacy and sense of belonging, there remain gaps in our knowledge that this study

aims to fill. First, there has not yet been a theoretical articulation of how transparency

may contribute to students’ self-efficacy and sense of belonging. Second, prior work has not

investigated whether group differences exist in either students’ perception of transparency or

in any benefits that may result from greater instructional transparency. Third, the empirical

relationships between transparency and self-efficacy or sense of belonging have not been

examined at a large scale, across institutional contexts, while controlling for other variables

known to impact self-efficacy and sense of belonging. Our work aims to address these gaps

by answering the following research questions:

RQ0: What are the theoretical mechanisms through which instructional transparency may

influence (a) self-efficacy and (b) sense of belonging?

RQ1: Does the extent to which students perceive instructional transparency in their CS

courses differ by their gender, race, ethnicity, disability status, first-generation student

status, and prior computing experience?

RQ2: To what extent is students’ computing self-efficacy predicted by their perception of

instructional transparency in their CS courses?

RQ3: To what extent is students’ sense of belonging in computing predicted by their per-

ception of instructional transparency in their CS courses?

To address RQ0, we provide a theoretical argument connecting a seminal set of transparent

teaching practices, known as the purpose-task-criteria template (described in Section 5.2),

to self-efficacy and sense of belonging in Section 5.4. By making this argument, we seek to

illuminate possible pathways that may explain the influence of instructional transparency

on self-efficacy and sense of belonging, but do not aim to articulate all ways in which this

influence may occur or argue that all of these possible pathways will be equally relevant

for all students. We include this argument because it provides theoretical support for the

potential benefits of transparent teaching practices and may, therefore, further encourage

adoption of these practices. To answer RQs 1-3, we conducted linear regressions using data
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acquired from a multi-institutional survey of undergraduate students enrolled in computing

courses. Using 11,046 undergraduate student survey responses from 203 institutions, we

created three regression models to answer research questions 1, 2, and 3, respectively.

We found that there are group differences in students’ perception of instructional trans-

parency in their CS courses. Students who identify as women, first-generation college stu-

dents (i.e., their parents or guardians did not attain a college degree), and/or disabled

reported perceiving less instructional transparency than their peers. We also found that

perceiving more transparency positively predicts students’ self-efficacy and sense of belong-

ing in computing while controlling for important confounding variables, such as prior CS

experience. We further demonstrated that this relationship is different for certain groups of

students: first, for Black students and first-generation college students, transparency has a

larger positive impact on their self-efficacy, and second, for Hispanic students, transparency

has a smaller positive impact on their sense of belonging. We note that our results are

limited by the lack of access to students’ performance data and information regarding how

transparent teaching practices were implemented, as addressed in Section 5.9. However, we

are able to demonstrate patterns in students’ perception of transparency, self-efficacy, and

sense of belonging that highlight the value of transparent teaching practices as an interven-

tion.

Our work constitutes one of the first empirical, multi-institutional investigations of the

perceptions and benefits of transparency in CS classrooms that focuses on group differ-

ences. Our work also includes a theoretical articulation of the mechanisms through which

transparent teaching practices may influence students’ self-efficacy and sense of belonging in

computing. Taken together, our empirical findings and theoretical argument provide impor-

tant evidence for the benefits of instructional transparency in CS courses, particularly as it

relates to improving equity in computing.

5.2 BACKGROUND: TRANSPARENT TEACHING PRACTICES

For our theoretical argument addressing RQ0, we use the purpose-task-criteria template,

which is a common example of transparent teaching practices (e.g., [49, 51, 121, 122]). The

template was created as part of the Transparency in Learning and Teaching in Higher Edu-

cation (TILT Higher Ed) project by Winkelmes et al. [49]10, which aims to use transparent

teaching practices to promote equity in higher education [123]. This template describes

three components (the purpose, task, and criteria) that instructors can include in their

10We note that neither we nor our study are affiliated with the TILT Higher Ed project.
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assignments as well as discuss with students to promote instructional transparency.

Transparency in purpose refers to sharing with students how the assignment supports the

course learning goals. Specifically, Winkelmes et al. [49] recommend articulating which skills

are being developed and what particular knowledge is learned by completing the assignment.

Winkelmes [50] argues that sharing the purpose of an assignment before students begin work

allows them to better understand how the assignment serves their learning goals and plan

their approach.

Transparency of the task refers to providing students with clear instructions regarding

“what to do” and “how to do it” [49, p. 33]. Winkelmes [50] notes that clear instructions

help students to monitor their progress. In addition, Winkelmes [50] contends that students

likely spend less time having to understand the task and more time learning, as they are

told ahead of time what they are supposed to do.

Finally, providing transparent criteria entails giving students a detailed rubric and anno-

tated examples of prior work for each assignment [49]. Winkelmes [50] argues that instructors

should discuss the examples of prior work with students to determine how well these exam-

ples meet the criteria described in the rubric. According to Winkelmes [50], such a discussion

aims to give all students the same starting knowledge to attempt the assignment and also

demonstrates to them multiple ways of successfully fulfilling the criteria.

Researchers have demonstrated several benefits of implementing these transparent teach-

ing practices, which we describe further in Section 5.3.1 below.

5.3 PREVIOUS RESEARCH

5.3.1 Transparent Teaching Research

The purpose-task-criteria template was developed by Winkelmes et al. [49] as part of a

teaching intervention with the goal of improving equity in higher education. In this interven-

tion, faculty at seven institutions used the template to alter assignments given to students

in one section of a course [49]. These faculty additionally agreed to discuss the purpose,

task, and criteria for each of the altered assignments in class prior to students working on

the assignment [49]. Another section of the same course served as a control, where students

received unaltered assignments, but Winkelmes et al. [49] noted that the faculty participants

“struggled to keep the intervention cleanly out of their control courses” due to its perceived

effectiveness. Their analyses reflect this concern: instead of analyzing differences between

the control and treatment courses, the authors separated students into those who reported

perceiving higher-than-average transparency in their course and those who perceived lower-
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than-average transparency in their course [49]. When comparing students who perceived

high vs. low transparency, the results showed that students reporting high-transparency

also reported a higher sense of belonging and higher academic confidence [49]. Winkelmes et

al. [49] reported that students who were first-generation college students, not white, and/or

from lower socioeconomic backgrounds (i.e., in the lowest quartile for income) addition-

ally benefitted from instructional transparency. However, they did not conduct statistical

comparisons between student groups in order to investigate whether transparency has a dif-

ferential impact for students from HUGs. Our work aims to fill this gap by investigating the

impact of students’ identities on their perception of transparency, self-efficacy, and sense of

belonging.

Other scholars have also found evidence that using the purpose-task-criteria template

benefits students. For example, Peplow et al. [121] found that using the purpose-task-

criteria template led to students asking fewer questions about assignments, reporting less

test anxiety, and reporting improved personal organization skills in a variety of courses at

their institution. Ou [51] also implemented the purpose-task-criteria template and found

an improvement in students’ ability to learn independently, their confidence in their success

in the field (which is related to self-efficacy), and their sense of belonging. In another

study, Howard et al. [122] found that assignments designed using the purpose-task-criteria

template can help mitigate typical learning challenges associated with online learning. In

particular, they found that learning outcomes for students in online courses that implemented

the purpose-task-criteria template were comparable to those of students taking in-person

courses with traditional teaching methods [122]. Howard et al. [122] highlight the value of

this result for equity efforts, as students from HUGs tend to achieve lower grades in online

courses [124, 125, 126].

Although such relationships have been identified empirically, previous work has not pro-

vided a theoretical explanation for the relationship between instructional transparency and

self-efficacy or sense of belonging. We provide a possible explanation in Section 5.4.

5.3.2 Hidden Curriculum

Transparency may also address the need to make visible what scholars have called the

hidden curriculum. Giroux and Penna [127] defined the hidden curriculum as the “unstated

norms, values, and beliefs” that are conveyed to students but are not part of the official

curricula. Understanding these norms and values provides “insider knowledge” that may

affect students’ ability to participate in the “formal” curriculum [128]. Therefore, it is

important to make the hidden curriculum transparent to all students [128, 129, 130]; indeed,
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it has been shown that making expectations explicit and accessible to all students is beneficial

to their learning [130, 131].

Students from HUGs may particularly benefit from revealing the hidden curriculum in

computing. In K-12 education, students from HUGs experience barriers in accessing com-

puting instruction and resources [117, 118, 119, 120], and so may arrive in college less familiar

with the hidden curriculum in computing than their majority peers. Greater instructional

transparency may be one way to reveal the hidden curriculum, as transparency, by design,

aims to make the path to success in a course clear to all students.

5.3.3 Self-Efficacy

One of the outcomes of interest to this work is students’ self-efficacy. In this section, we

review prior research on self-efficacy and its implications for our study.

Self-efficacy is a measure of an individual’s belief that they can act in ways that will

achieve their goals [34]. According to the original conceptualization of self-efficacy by Ban-

dura [34], an individual’s perceived self-efficacy can impact outcomes and behaviors such as

the effort they put into a task and their persistence in the face of challenges [34, 35, 132].

Computing self-efficacy has been shown to have a positive relationship with student reten-

tion and motivation in CS courses [37, 38, 39, 52]. The positive relationships between these

outcomes and self-efficacy inspires our investigation into whether perceiving transparency

can improve students’ self-efficacy.

Prior research has also demonstrated that aspects of students’ identities and experiences

have a relationship with their computing self-efficacy. In particular, greater prior experience

with CS predicts higher computing self-efficacy [33, 40, 43]. On the other hand, computing

self-efficacy is negatively predicted by identifying as a woman [33, 39, 46], non-binary [33], a

first-generation college student [39], and/or a member of an underrepresented racial/ethnic

group [33, 46]. Previous work also suggests a relationship between self-efficacy and disability

status11: scholars have found that students with physical [133] and learning disabilities [134]

may have different perceptions of their self-efficacy than their peers without disabilities. We

include all of the above aspects of students’ identities in our models predicting computing

self-efficacy, as described in Section 5.8.2.

11We note that people with disabilities encompass a wide variety of individual experiences and needs. As
such, groups of disabled people should be expected to be heterogeneous. We provide a description of we
categorized students as having a disability in Section 5.7.2.
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5.3.4 Sense of Belonging

The second outcome of interest to this study is students’ sense of belonging in computing.

We review relevant literature and its implications for our work below.

Sense of belonging for undergraduate students is defined by Strayhorn [135] as their “per-

ceived social support on campus. . . the experience of mattering or feeling cared about,

accepted, respected, valued by, and important to the group” [135, p. 28-29]. Positive rela-

tionships between sense of belonging and positive outcomes have been demonstrated in the

field of computing. For example, prior work has demonstrated a positive relationship between

belonging and students’ perceived CS ability [136], interest in pursuing computing [53], and

performance in CS courses [54]. As a result, understanding whether transparency positively

predicts students’ sense of belonging in CS may be a valuable insight for promoting student

success.

In higher education settings, students’ sense of belonging has been shown to be related to

aspects of their identities, such as gender, race, and disability status, and their prior expe-

riences. Identifying as a woman or as a member of an underrepresented racial/ethnic group

predicts a lower sense of belonging [137, 138], as is identifying as a first-generation college

student [139, 140]. Similar patterns have been found for students with disabilities: Blaser

and Ladner [141] found that students with disabilities reported “feeling like an outsider”

more than their male peers without disabilities, indicating that disability status may also

predict sense of belonging. Finally, in the field of computing, scholars have identified that

prior experience in CS may contribute to students’ sense of belonging in the field: Veilleux

et al. [136] found that students’ sense of belonging was closely related to their perception

of their own ability, which is likely to be tied to their level of experience in computing.

We include all of the above aspects of students’ identities in our models predicting sense of

belonging, described in Section 5.8.2.

5.4 RQ0: THEORETICAL FRAMEWORK

In this section, to address RQ0, we use existing theory from educational psychology to ar-

gue that transparency, operationalized as the purpose-task-criteria template, may positively

influence (a) students’ self-efficacy and (b) sense of belonging in computing. Existing work

has not focused on providing a theoretical explanation for the benefits of instructional trans-

parency. Thus, an important contribution of our work is an articulation of the mechanisms

that connect instructional transparency to students’ self-efficacy and sense of belonging. Our

goal is to illustrate possible pathways that may explain the influence of instructional trans-
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parency on self-efficacy and sense of belonging, but we do not aim to articulate all ways in

which this influence may occur or argue that all of these possible pathways will be equally rel-

evant for all students. We include this argument because it provides theoretical support for

the benefits of transparent teaching practices and may, therefore, further encourage adoption

of these practices. We note that there may be other benefits to instructional transparency,

such as decreasing students’ cognitive load; however, our work focuses on self-efficacy and

sense of belonging due to our focus on students’ wellbeing.

5.4.1 Self-Efficacy

As introduced in Section 5.3.3, self-efficacy is a measure of an individual’s belief that

they can act in ways that will achieve their goals [34]. For students enrolled in CS courses,

their goals might include mastering CS concepts or passing their computing courses. Our

work aims to investigate whether there is a relationship between students’ perception of

transparency and their computing self-efficacy; below, we provide a theoretical argument for

why this may be the case.

Bandura [34] detailed four possible sources of information individuals draw upon when de-

termining their self-efficacy in a particular domain. One of these sources, “verbal persuasion”

from others [34], does not feature in our argument. The first source of self-efficacy informa-

tion relevant to our work comes from the individual’s “performance accomplishments”, i.e.,

succeeding at tasks in the domain of interest [34]. Bandura [34] argued that succeeding at a

task increases an individual’s expectations of continued success, while failing at tasks lowers

their expectations of success in the future. Initial success is especially important as it can

build sufficient self-efficacy for later failures to have a diminished negative impact [34]. The

second source is “vicarious experience”, which is the observation of peers succeeding at tasks

in the domain [34]. By observing that others can persevere and be successful, an individual

can believe that this success is possible for themself too [34]. The third source of self-efficacy

information is described by Bandura [34] as “emotional arousal” and refers to the level of

stress and anxiety felt by the individual during the tasks. Negative reactions such as exces-

sive stress and anxiety may lead an individual to avoid the tasks and/or perform worse; on

the other hand, Bandura [34] argues, lower stress and anxiety during a task correspond to

an increase in self-efficacy.

We argue that a relationship between transparency and self-efficacy is supported by Ban-

dura’s theory of self-efficacy. Each element of the purpose-task-criteria template can act

as one or more of the above sources of self-efficacy information and, therefore, may bolster

self-efficacy. These relationships are pictured in Figure 5.1. First, knowing the explicit pur-
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Figure 5.1: A graphical representation of our theoretical argument connecting the purpose-
task-criteria template [49] to self-efficacy [34].

pose of each assignment may motivate students to put in the effort required to eventually

complete the task. In particular, knowing how the task pertains to their overall goals in

the course may increase the value students see in it, which may increase their motivation to

complete the task. This relationship between perceived value and motivation is known as

expectancy-value theory [142]. Increased motivation is likely to result in greater effort and

thus a greater likelihood of achieving a “performance accomplishment” [34]. Second, provid-

ing detailed instructions on how to complete the task may affect self-efficacy by increasing the

likelihood that students accomplish the assignment successfully and gain “performance ac-

complishments” [34], as well as by diminishing the stress and anxiety caused by not knowing

what to do. Third, sharing the evaluation criteria may contribute to students’ self-efficacy in

three ways: sharing criteria may clarify to students what the standards are, making it easier

for students to achieve them; the ability to use these criteria to self-assess may diminish

students’ uncertainty and therefore their anxiety; and showing examples of past students’

work may act as “vicarious experience” of others’ success [34]. In summary, based on the

ways the purpose-task-criteria template contributes to the sources of self-efficacy informa-
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tion described by Bandura [34], we hypothesize that transparency may bolster students’

self-efficacy.

5.4.2 Sense of Belonging

As discussed in Section 5.3.4, for undergraduate students, sense of belonging is defined

by Strayhorn [135] as their “perceived social support on campus. . . the experience of

mattering or feeling cared about, accepted, respected, valued by, and important to the

group” [135, p. 28-29]. Belonging is not only important for students’ well-being as a basic

human need [135, p. 31], but also because of the role it plays in fostering positive academic

outcomes [53, 54, 136]. Therefore, it is valuable to investigate what educators can do to

bolster students’ sense of belonging in computing, and we provide a theoretical argument

below that instructional transparency may do so.

Vaccaro and colleagues have developed a theoretical framework that identifies four factors

that contribute to sense of belonging [143, 144, 145, 146, 147, 148]. Two of the factors in their

model, the campus environment and students’ community involvement [148], are not directly

relevant to our study; we describe the relevant factors below. The first factor relevant to our

work is described by Vaccaro and Newman [148] as “academic success and/or mastery of the

student role”. This factor was described by students as including earning good grades as

well as being treated as a “legitimate student” and “blending in”, rather than being treated

as different from their peers [148]. The second factor relevant to our work is the relationships

students have with their peers and educators, which includes receiving “task-related” and

affective support [148]. Vaccaro and Newman [148] noted that it is particularly valuable for

students from HUGs to be able to build relationships that felt authentic and supportive.

We use the theoretical framework developed by Vaccaro and Newman [148] to argue that

instructional transparency may influence students’ sense of belonging. Specifically, we con-

tend that instruction using the purpose-task-criteria template impacts two of the sources of

sense of belonging discussed above: students’ perceived mastery of the student role and their

relationship with peers and educators. We illustrate these arguments in Figure 5.2. Firstly,

by explicitly stating the purpose of each assignment in a course, instructors are providing

students with clarity and an understanding of why the course is designed the way it is,

potentially improving students’ relationships with and trust in their instructors (i.e., edu-

cators). Secondly, detailed task instructions may make it easier for students to successfully

complete the task, contributing to their “academic success and/or mastery of the student

role”. These instructions may also be considered “task-related” support, which Vaccaro

and Newman [148] describe as a component of students’ relationships with their educators.
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Figure 5.2: A graphical representation of our theoretical argument connecting the purpose-
task-criteria template [49] to sense of belonging [148].

Thirdly, providing the assignment’s criteria and examples of past work may increase the

likelihood of students succeeding at the task, contributing to their “academic success” [148].

In addition, sharing the evaluation criteria may also enhance students’ belief that their in-

structors are preparing them for success, contributing to a better relationship with their

educators. Based upon these relationships between the purpose-task-criteria template and

the sources of sense of belonging theorized by Vaccaro and Newman [148], we hypothesize

that increased perception of instructional transparency will correspond with an increase in

students’ sense of belonging.

5.5 RESEARCH QUESTIONS AND HYPOTHESES

Building upon our theoretical argument above in response to RQ0, we address the following

remaining research questions:

RQ1: Does the extent to which students perceive instructional transparency in their
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CS courses differ by their gender, race, ethnicity, disability status, first-generation

student status, and prior computing experience?

RQ2: To what extent is students’ computing self-efficacy predicted by their perception

of instructional transparency in their CS courses?

RQ3: To what extent is students’ sense of belonging in computing predicted by their

perception of instructional transparency in their CS courses?

Our first research question aims to explore whether any of the listed factors predict per-

ceptions of instructional transparency. We hypothesize that prior computing experience may

lead to students perceiving greater transparency in their CS courses, because familiarity with

computing concepts may lead them to readily perceive learning goals and task requirements

that their less experienced peers do not.

For our second and third research questions, we hypothesize a positive relationship between

perception of instructional transparency and each outcome variable investigated, i.e., self-

efficacy and sense of belonging in computing. We also hypothesize that students’ identities

will moderate the relationships between their perception of transparency and self-efficacy

or sense of belonging; that is to say, that students from HUGs will have an additionally

positive relationship between their perception of transparency and their self-efficacy or sense

of belonging in computing. This hypothesis stems from the documented barriers students

from HUGs encounter in participating in computing [5, 117, 118, 119, 120]: we hypothesize

that students from HUGs will have had fewer opportunities to learn the hidden curriculum

in computing, and will, as a result, benefit more from instructional transparency.

Our research questions, hypotheses, and methods were pre-registered [149].

5.6 DATA

The data used in this study was provided by the Computing Research Association from

their Computing Education Research Pipeline’s undergraduate Data Buddies survey [108].

The survey is provided to computing departments in the US and Canada, who share the

survey with students in their computing courses. The response rate to the survey is below

20% at most participating institutions [108]. Data for this study is drawn from the surveys

administered in the academic years ending in 2021 and 2022, encompassing 11,046 student

respondents from 203 institutions. Because not all students responded to all relevant survey

items, our models for self-efficacy and sense of belonging use different subsets of the data
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used in the larger model for instructional transparency. In particular, our model for self-

efficacy uses data from 10,973 students, and our model for sense of belonging uses data from

10,982 students. While some students may have responded to the survey in both years, our

data does not permit tracking individual students.

5.7 MEASURES

Below, we describe how the measures used in our models were created. Correlations

between these measures are provided in Appendix H.

5.7.1 Perception of Instructional Transparency, Self-Efficacy, and Sense of Belonging

We used the procedure described below to create three measures, one for each of our

three student outcomes of interest: perception of transparency, self-efficacy, and sense of

belonging. Each measure was constructed using the relevant survey items, provided below

in Sections 5.7.1, 5.7.1, and 5.7.1.

To verify that each set of items measured a related construct, we conducted Exploratory

Factor Analyses. Based on a low factor loading, we excluded one of the items under percep-

tion of instructional transparency, “My instructors provide students with annotated exam-

ples of past students’ work”. All other items had factor loadings above 0.4 in their respective

measure, which is a typical cutoff point for inclusion in a factor [150], and were therefore

included in calculating that particular measure. (Factor loadings for all items are provided

in Appendix G.) Cronbach’s alpha for each set of the resulting items was above 0.7, which

is considered acceptable reliability [151].

Students were excluded from a model if they did not respond to all of the items used in

that particular model. Each student’s value for each measure was then calculated by taking

an average of a student’s rating (i.e., a value from 1 to 5) to all the items pertaining to that

factor. For ease of interpreting results, the values were then standardized to have a mean of

0 and a standard deviation of 1.

Perception of Instructional Transparency. To calculate students’ perception of in-

structional transparency, we used the following question: Think about the computing courses

you are taking. Please assess the following statements and indicate how many of your com-

puting courses they apply to. For each item under this question, students could select one of

the following options: (1) None of my courses; (2) Less than half of my courses; (3) About

half of my courses; (4) More than half of my courses; (5) All of my courses. The items were:
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• In these courses, I know the purpose of each assignment.

• My instructors identify a specific learning goal for each assignment.

• Each assignment includes a detailed set of instructions for completing it.

• I know how my work would be evaluated.

Prior to standardization, students’ mean perception of transparency was 4.1 (out of 5) with

a standard deviation of 0.83. Cronbach’s alpha for these items was 0.71.

Computing Self-Efficacy. Students’ computing self-efficacy was measured using their

agreement with the three items given below. Students could indicate one of the following

Likert scale options: (1) Strongly disagree; (2) Somewhat disagree; (3) Neither disagree nor

agree; (4) Somewhat agree; (5) Strongly agree.

• I am confident that I can learn the foundations and concepts of computing.

• I am confident that I can quickly learn a new programming language on my own.

• I am confident that I can pass my computing courses.

Students’ mean computing self-efficacy prior to standardization was 4.2 out of 5 with a

standard deviation of 0.79. These items had a Cronbach’s alpha of 0.77.

Sense of Belonging in Computing. To measure students’ sense of belonging in com-

puting, we used their agreement to to the following items on the same 1-5 Likert scale as for

the self-efficacy items:

• I feel like I belong in computing.

• I feel like an outsider in computing. (Reverse-coded)

• I feel welcomed in computing.

Prior to standardization, students’ mean sense of belonging was 3.6 out of 5 with a standard

deviation of 0.94. Cronbach’s alpha for this measure was 0.79.

5.7.2 Student Demographics

For details regarding how student responses were categorized for each category below,

please refer to our pre-registration [149]. We provide details of how many students identified

with each of these groups in Table 5.1.
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Gender. For each student, the survey data included a binary variable indicating whether

the respondent identified as either a man or a woman, and an additional variable indicating

whether they identified as gender non-binary. Unfortunately, our participant pool included

few non-binary students (n = 68); since our analysis would be underpowered, we did not

include students who indicated only a non-binary gender identity in our models.

Race and Ethnicity. The data provided to us indicated each student identifying as one

or more of the following racial/ethnic identities: Asian, Black, Native, Pacific Islander,

Hispanic, Arab/Middle Eastern, and white. Due to low numbers, we combined students who

identified as Native and those who identified as Pacific Islanders into one group, “Native”. In

accordance with the US Census [110], we combined students who identified as Arab/Middle

Eastern with those who identified as white. Each participant may be represented in multiple

of the above groups.

Disability Status. Our dataset included a variable where the respondent could indicate

identifying as having one of 14 disabilities, more than one disability, or no disability. The 14

options included, for example, cognitive disorders (e.g., attention deficit disorder), learning

disabilities, and sensory impairments (e.g., visual disability). Because we did not have

specific hypotheses related to the kind of disability students indicated having, we grouped

all students who indicated having one or more disabilities as disabled.

First-generation Status. The dataset also included a variable indicating whether stu-

dents identified as the first generation in their family to attain a college degree.

5.7.3 CS Experience & Major

In response to the question Which of the following experiences did you have prior to en-

tering an undergraduate program? Select all that apply, respondents were able to indicate

having participated in computing experiences prior to college. Based on the activities they

selected, our research team categorized students as having substantial prior computing ex-

perience, some prior computing experience, or no prior computing experience in high school

(HS). Experiences that were categorized as substantial experience included taking an AP

CS course and learning a programming language. Some experience included participating in

computing-related student groups. For a complete list of possible responses and how they

were categorized, see our pre-registration [149].
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Table 5.1: Descriptive statistics of participants in our dataset.
Number of students Percent

Women 3,963 36%
Men 7,083 64%
First-generation 2,842 26%
Disabled 2,206 20%
Black 892 8%
Native 194 2%
Hispanic 1,293 12%
Asian 4,585 42%
White 5,663 51%
CS majors 10,029 91%
Intro CS completed 9,057 82%
Within 2 years of graduation 6,068 55%
Substantial HS CS experience 7,463 68%
Some HS CS experience 608 6%
All participants 11,046 100%

Note: These numbers represent participants included in our largest model,
Model 1. The participants included in the other models are subsets of this
group.

Students indicated their major(s) from a list of options. We categorized each of these

options as either a CS major, a non-CS STEM major, or a non-STEM major. For a complete

list of possible major options and their categorization, please see our pre-registration [149].

Descriptive statistics of students’ CS experience categorization and their majors are pro-

vided in Table 5.1.

5.8 METHODS

We answered each of our research questions using linear regression models.

5.8.1 RQ1: Predictors of Perception of Instructional Transparency

RQ1 aimed to examine whether students’ perception of instructional transparency in their

CS courses is predicted by their identity or prior experience. To this end, the equation for

Model 1 was as follows:
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transparencys = β0 + β1womans + β2firstGens + β3disableds

+ β4blacks + β5natives + β6hispanics + β7asians

+ β8substantialExps + β9someExps

+ γy + µ+ ιs + ϵs

(5.1)

In this model, transparencys is the measure of a student’s perception of instructional

transparency in their CS courses. womans indicates whether a student identifies as a

woman, with students who identify as men being the reference group. firstGens repre-

sents whether the student indicated being a first-generation college student (compared to

continuing-generation students), and disableds represents whether they indicated having

a disability (compared to those who indicated not having a disability). blacks, natives,

hispanics, and asians capture whether the student identifies with each of those racial and

ethnic identities. Students who identify as white are the reference group. As students may

identify with multiple racial and ethnic identities, each student may be represented in multi-

ple of the categories above. substantialExps and someExps represent how much experience

the student had with computing prior to college, as described in Section 5.7.3; students with

no experience prior to college are the reference group. We used fixed effects to control for

the differences between students completing the survey in each year (γy), students pursuing

different categories of major (µ; as defined in Section 5.7.3), and students attending different

institutions12 (ιs). ϵs represents the error term per student.

5.8.2 RQ2: Predictors of Self-Efficacy and RQ3: Predictors of Sense of Belonging

To answer RQ2 and RQ3, we created four linear regression models. Two of these models,

which we called “a” models (Models 2a and 3a), included only the main effects we were

investigating, while in the “b” models (Models 2b and 3b), we added variables representing

possible moderating effects. The equation for the “b” models is given below; the equation

for the “a” models differs in that it does not include any of the moderation effects (i.e.,

interaction terms that include transparency).

12Due to an oversight, we omitted including the institution the student attends as a fixed effect in our
pre-registration [149]. We include it in our analysis regardless due to the importance of controlling for
differences in the perception of instructional transparency among students at different institutions.
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outcomes = β0 + β1transparencys

+ β2womans + β3firstGens + β4disableds

+ β5blacks + β6natives + β7hispanics + β8asians

+ β9substantialExps + β10someExps

+ β11(transparencys × womans) + β12(transparencys × firstGens)

+ β13(transparencys × disableds) + β14(transparencys × blacks)

+ β15(transparencys × natives) + β16(transparencys × hispanics)

+ γy + µ+ ιs + ϵs

(5.2)

In each model in the form of the above equation, outcomes represents each of the outcome

variables we are interested in predicting:

Model 2: students’ self-efficacy in CS (selfEfficacys), and

Model 3: students’ sense of belonging in computing (belongings).

The following variables, representing the same constructs as in Equation 1, were included

in the model due to their previously documented relationship with computing self-efficacy

and sense of belonging: womans, firstGens, disableds, blacks, natives, hispanics, asians,

substantialExps, and someExps.

We also anticipated the possibility of moderation effects between perceptions of trans-

parency and students’ identities. In particular, Winkelmes et al. [49] noted a greater effect

of instructional transparency on self-efficacy and sense of belonging for students who iden-

tified as first-generation college students, of lower socioeconomic backgrounds, or not white,

although the authors did not conduct between-group comparisons. Given the data we have

available, we tested for whether identifying as a member of a HUG moderates the effect of

perceiving transparency by including moderating effects between perception of transparency

and students’ identities as Black, Native, Hispanic, and/or a first generation college student.

We further included moderating effects with women and with students with disabilities, as

these groups are underrepresented in CS [115]. These moderation effects investigate whether

perception of transparency has a differential impact on self-efficacy and sense of belonging

for different groups.

64



5.9 LIMITATIONS

Our work constitutes a large-scale investigation of the relationships between students’

perception of instructional transparency and their self-efficacy and sense of belonging, as

well as of group differences in these relationships. However, our study and its implications

have a number of limitations.

First, we do not know what, if any, transparent teaching practices were intentionally

implemented in the courses students were enrolled in. The survey questions we use in

our measure for transparency are specifically about students’ perception of instructional

transparency in their CS courses. Therefore, our claims are limited to concerning how

students’ perception of instructional transparency predicts their self-efficacy and sense of

belonging, rather than the actual practices implemented in their courses.

Second, our methods indicate correlational relationships, but do not demonstrate whether

our hypothesized relationships are causal. We mitigate this concern by providing a theoreti-

cal argument for the mechanisms by which transparent teaching may affect self-efficacy and

sense of belonging in Section 5.4. Future work may seek to implement classroom interven-

tions to further investigate the impact of instructional transparency.

Third, we could not control for all factors we believe may be relevant. In particular,

students’ self-efficacy and sense of belonging in computing may be affected by factors that

we did not have data for, such as students’ current performance in the CS course(s) they

are enrolled in. There may also be self-selection in the students who agree to take the

survey. Different students may also interpret and/or respond to the questions differently; for

example, prior work suggests that women may report lower self-efficacy even when earning

the same grades as men [25].

5.10 RESULTS

5.10.1 RQ1: Predictors of Perception of Instructional Transparency

In RQ1, we investigated whether students’ gender, race, ethnicity, disability status, first-

generation status, and prior CS experience predicted students’ perception of instructional

transparency in their CS courses. We hypothesized that prior computing experience may

lead to students perceiving greater transparency in their CS courses. The regression table

for Model 1 is shown in Table 5.2.

Our findings show that identifying as a woman, a first-generation college student, or

disabled all predict a lower perception of instructional transparency. That is to say, compared
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Table 5.2: Regression Model 1 predicting perception of instructional trans-
parency.
Predictor of instructional transparency perception Model 1
Woman −0.08*** (0.02)
First-generation −0.07** (0.02)
Disabled −0.20*** (0.02)
Black −0.06 (0.04)
Native 0.07 (0.07)
Hispanic −0.05 (0.03)
Asian 0.01 (0.02)
Substantial experience 0.05* (0.02)
Some experience 0.05 (0.04)
Major (fixed effect) x
Data collection year (fixed effect) x
Institution (fixed effect) x

Number of respondents 11,046
Adjusted R-squared 0.04

Note: Standard errors are given in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001.
An x indicates that the variable was included as a fixed effect. Each coefficient represents
a change in perception of instructional transparency along a distribution with mean 0
and standard deviation 1.

to students who identify as men, continuing-generation, and not disabled, respectively, these

students express lower agreement that their CS courses had instructional transparency. In

addition, we confirm our hypothesis that a student’s reporting of more CS experience prior

to college predicts greater perception of transparency in their courses.

We note that the coefficient associated with students with disabilities had a magnitude

almost three times as large as the other statistically significant relationships. Recall that

this coefficient represents a difference in students’ perception of transparency, as defined

in Section 5.7.1, a distribution that was standardized to have a mean of 0 and standard

deviation of 1. The coefficient for disabled students, −0.20, means that compared to students

without disabilities, students with disabilities reported a lower perception of transparency by

0.20 standard deviations. Our definition of disabled students included those who identified

with one or more of 14 disabilities, including but not limited to cognitive disorders, learning

disabilities, and sensory impairments.

We also note that Model 1 has a relatively low adjusted R-squared, which is a measure

of how much of the variation in our dependent variable, perception of transparency, can be

explained by our independent variables. A low adjusted R-squared is not surprising, as we

expect that most of the variation in students’ perception of instructional transparency will

be due to the many different CS courses they are enrolled in and the extent to which those
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courses implement transparent teaching practices. As our work does not aim to predict an

individual student’s perception of transparency, but rather to find statistically significant

patterns in students’ perceptions more broadly, we do not believe this R-squared value is a

cause for concern.

Table 5.3: Regression Models 2a (main effects only) and 2b (with moderating effects)
predicting computing self-efficacy.
Predictor of self-efficacy Model 2a Model 2b
Transparency perception 0.24*** (0.01) 0.22*** (0.01)
Woman −0.21*** (0.02) −0.21*** (0.02)
First-generation −0.14*** (0.02) −0.14*** (0.02)
Disabled −0.12*** (0.02) −0.12*** (0.02)
Black −0.20*** (0.03) −0.20*** (0.03)
Native −0.15* (0.06) −0.13* (0.06)
Hispanic −0.06* (0.03) −0.05 (0.03)
Asian −0.23*** (0.02) −0.23*** (0.02)
Substantial experience 0.29*** (0.02) 0.29*** (0.02)
Some experience 0.06 (0.04) 0.06 (0.04)
Transparency perception × Woman −0.02 (0.02)
Transparency perception × First-generation 0.05* (0.02)
Transparency perception × Disabled 0.01 (0.02)
Transparency perception × Black 0.11*** (0.03)
Transparency perception × Native 0.10 (0.06)
Transparency perception × Hispanic 0.02 (0.03)
Major (fixed effect) x x
Data collection year (fixed effect) x x
Institution (fixed effect) x x

Number of respondents 10,973 10,973
Adjusted R-squared 0.16 0.16

Note: Standard errors are given in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. An x
indicates that the variable was included as a fixed effect. Each coefficient represents a change in
self-efficacy along a distribution with mean 0 and standard deviation 1.

5.10.2 RQ2: Predictors of Self-Efficacy

RQ2 sought to investigate the extent to which students’ perception of transparency pre-

dicts their computing self-efficacy, while controlling for factors known to relate to self-efficacy.

To answer RQ2, we created two models, Model 2a and Model 2b. Model 2a included only

main effects, while Model 2b included moderating effects of underrepresented identities. We

hypothesized that perceiving more transparency will predict higher computing self-efficacy,

and that this effect will be stronger for students from HUGs, i.e., underrepresented identities
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will positively moderate the relationship between perception of transparency and self-efficacy.

The results of the regression analysis are shown in Table 5.3.

Findings from Models 2a and 2b indicated that perception of instructional transparency

has a significant, positive relationship with computing self-efficacy, as hypothesized. Specif-

ically, Model 2b predicts that students whose reported perception of transparency in their

CS courses was one standard deviation above the mean reported a higher computing self-

efficacy by 0.22 standard deviations. We additionally found two significant moderating

effects, demonstrating that for Black students and for first-generation college students, in-

structional transparency has a larger positive impact on their self-efficacy. These significant

moderating effects partially confirm our hypotheses that perceiving greater transparency is

additionally beneficial for students from HUGs, as we demonstrate the differential benefit

only for Black and first-generation students, and not for all students from HUGs.

The variables representing students’ gender, race, ethnicity, disability, and first-generation

status confirm prior work in having a negative relationship with self-efficacy. Having sub-

stantial prior CS experience predicted higher computing self-efficacy, also confirming prior

work.

5.10.3 RQ3: Predictors of Sense of Belonging

In RQ3, we examined the extent to which students’ perception of instructional trans-

parency predicted their sense of belonging in computing, controlling for known factors re-

lating to sense of belonging. As with Model 2, we created Model 3a with only main effects,

while Model 3b included moderating effects of underrepresented identities. We hypothesized

a positive relationship between perception of transparency and sense of belonging, with pos-

itive moderation effects of underrepresented identities. The regression table for these models

is shown in Table 5.4.

We found that students’ perception of transparency is significantly positively predicted

their sense of belonging in computing. Our model indicates that greater perception of

instructional transparency by one standard deviation above the mean predicts a greater re-

ported sense of belonging by 0.24 standard deviations above the mean. We found evidence

for one significant moderating effect: identifying as Hispanic negatively moderated the rela-

tionship between perceiving transparency and sense of belonging. This negative moderation

is contrary to our hypotheses that perceiving greater transparency would additionally benefit

students from HUGs.

Other variables included in Model 3 confirmed results from prior work in their relation-

ship to sense of belonging. We note, however, that even having some prior CS experience
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Table 5.4: Regression Models 3a (main effects only) and 3b (with moderating effects)
predicting sense of belonging in computing.
Predictor of sense of belonging Model 3a Model 3b
Transparency perception 0.24*** (0.01) 0.24*** (0.01)
Woman −0.47*** (0.02) −0.47*** (0.02)
First-generation −0.06** (0.02) −0.06** (0.02)
Disabled −0.17*** (0.02) −0.17*** (0.02)
Black −0.15*** (0.03) −0.15*** (0.03)
Native −0.10 (0.07) −0.10 (0.07)
Hispanic −0.05 (0.03) −0.06* (0.03)
Asian −0.12*** (0.02) −0.12*** (0.02)
Substantial experience 0.31*** (0.02) 0.31*** (0.02)
Some experience 0.15*** (0.04) 0.15*** (0.04)
Transparency perception × Woman −0.01 (0.02)
Transparency perception × First-generation 0.01 (0.02)
Transparency perception × Disabled 0.03 (0.02)
Transparency perception × Black 0.02 (0.03)
Transparency perception × Native −0.02 (0.06)
Transparency perception × Hispanic −0.06* (0.03)
Major (fixed effect) x x
Data collection year (fixed effect) x x
Institution (fixed effect) x x

Number of respondents 10,982 10,982
Adjusted R-squared 0.19 0.19

Note: Standard errors, given in parentheses, are clustered by institution. * p < 0.05, ** p < 0.01,
*** p < 0.001. An x indicates that the variable was included as a fixed effect. Each coefficient
represents a change in belonging along a distribution with mean 0 and standard deviation 1.

predicted an increase in sense of belonging, unlike self-efficacy, where only substantial prior

experience was a statistically significant predictor.

5.11 DISCUSSION & FUTURE WORK

Our work constitutes one of the first empirical, multi-institutional investigations of the per-

ceptions and benefits of transparency in CS classrooms that focuses on group differences. We

found that there are group differences in students’ perception of instructional transparency in

their CS courses. Students who identify as women, first-generation college students, and/or

disabled reported perceiving less transparency than their peers. We also found that perceiv-

ing more transparency positively predicts with students’ self-efficacy and sense of belonging

in computing while controlling for important confounding variables, such as prior CS ex-

perience. We further demonstrated that this relationship is different for certain groups of
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students: first, for Black students and first-generation college students, transparency has a

larger positive impact on their self-efficacy, and second, for Hispanic students, transparency

has a smaller positive impact on their sense of belonging. In this section, we contextualize

our findings in previous research, discuss its implications, and propose avenues for future

research.

5.11.1 RQ1: Predictors of Perception of Instructional Transparency

Our results for RQ1 indicate that, compared to their peers, women, first-generation college

students, and students with disabilities perceive less transparency in their CS courses. As

far as we are aware, these are the first findings to illustrate group differences in students’

perception of instructional transparency in their CS courses. We note that because we

controlled for the institution students attend using fixed effects in Model 1, this pattern

cannot be explained by people from different demographic groups attending institutions

that employ more or less transparency in their CS courses. However, it could be the case

that within an institution students from different demographic groups tend to select CS

courses that employ more or less transparency.

The effect size corresponding to disabled students indicated a larger effect than the other

statistically significant relationships. That is to say, students with disabilities report per-

ceiving less transparency in their CS courses than their peers with no disabilities. This

finding may signal that transparent teaching practices that “work” for non-disabled stu-

dents are less effective for disabled students. For instance, one of the survey items asked

whether students agree that they were provided a “detailed set of instructions” for an as-

signment (see Section 5.7.1); it is possible that what students without disabilities considered

“detailed instructions” are less clear for those with particular disabilities. Prior work has

documented the many challenges disabled students face regarding accommodations in higher

education [152, 153]; disabled students being denied accommodations may make it more

challenging for them to benefit from instructional transparency.

Our findings also suggest that instructional transparency may not be as apparent to

students who identify as first-generation college students, i.e., students whose parents or

guardians did not attain a college degree. A possible explanation may be that first-generation

college students are less likely to be familiar with the “insider knowledge” that is part of

the hidden curriculum at academic institutions [128] and may, therefore, need additional or

different forms of transparency than their continuing-generation peers. We note that this

finding cannot be explained by first-generation students tending to attend particular insti-

tutions that have high transparency in their CS courses, because our model controlled for
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students’ institutions.

Women also reported perceiving less transparency in their CS courses. A possible expla-

nation for this pattern may also relate to the hidden curriculum in computing: prior work

has noted the implicit masculine culture, values, and norms in computing [53, 154, 155],

which may lead to women perceiving the same instruction as less transparent than their

peers who are men.

Consistent with our expectations, having substantial prior CS experience positively pre-

dicted students’ perception of instructional transparency. This result suggests that prior

familiarity with computing concepts helps students more readily perceive learning goals and

instructions. Therefore, students with less prior CS experience may not perceive instruction

as transparent even when their more experienced peers do. Students from HUGs are less

likely to have had prior exposure to computing in their K-12 education [117, 118, 119, 120];

therefore, this patterns compounds the disadvantages students from HUGs face in accessing

instruction in CS.

5.11.2 RQ2: Predictors of Self-Efficacy

The regression model for RQ2 demonstrated that students who perceive greater instruc-

tional transparency in their CS course also report higher computing self-efficacy, as hy-

pothesized. Our findings in this regard are a notable contribution to the evidence for the

benefits of instructional transparency, as we are able to demonstrate this relationship across

institutional contexts and while controlling for confounding variables.

The results from these models also demonstrate that transparency has a differential pos-

itive impact on the computing self-efficacy of Black students and first-generation college

students. The significant moderating effects indicate that although transparency alone has

a positive relationship with self-efficacy, there is an even stronger relationship for Black stu-

dents and first-generation college students in our participant pool. Winkelmes et al. [49]

noted greater effects of transparency for students who were first-generation and for students

who did not identify as white, but did not conduct comparisons between groups; therefore,

we are able to fill this gap and demonstrate that instructional transparency may indeed

have a greater impact on self-efficacy for Black students and for first-generation college

students. However, we cannot confirm this relationship for students from other underrep-

resented racial/ethnic groups among our participants. An open question for researchers to

consider is why instructional transparency may be particularly effective for Black students’

and first-generation students’ computing self-efficacy.

It is possible that students’ overall attitude towards computing may positively influence
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both their self-efficacy and their perceived transparency, explaining the positive relationship

between the two found in our model. However, we note that attitude towards computing is

unlikely to affect the survey items used in our measure for perception of transparency, as

these were specific to practices seen in students’ courses, such as “each assignment includ[ing]

a detailed set of instructions for completing it”.

We note that the lack of other significant moderators may simply indicate that instruc-

tional transparency is equally useful for all other groups of students. Our results indicate

that students who identify as women, Native, Hispanic, and/or having a disability do not

differentially benefit from transparency, but for all students, perception of transparency still

positively predicts self-efficacy.

5.11.3 RQ3: Predictors of Sense of Belonging

In response to RQ3, we found that students’ perception of instructional transparency

predicted their sense of belonging, confirming our hypothesis. These statistically significant

results provide empirical evidence regarding the benefits of instructional transparency across

institutions while accounting for confounding variables.

Our regression models further demonstrated one significant moderating effect, but not in

the direction we hypothesized: identifying as Hispanic negatively moderated the relationship

between perception of transparency and sense of belonging. This means that for Hispanic

students, the positive relationship between perceiving transparency and sense of belonging

has a smaller effect size than for other students13. This result is inconsistent with claims

from prior work regarding the additional benefits of instructional transparency for students

from HUGs [49]. We encourage future research to investigate other factors that may affect

Hispanic students’ sense of belonging in computing.

A notable result is the significant relationship we found between having some prior CS

experience in high school and college students’ sense of belonging in computing. (We note

that some prior HS CS experience was defined as engaging in software/hardware projects,

attending a computing workshop, or being part of a computing student group.) In our

models for self-efficacy, we found that only substantial experience positively predicted self-

efficacy, in line with prior work [33]. This suggests that while some prior experience may

be insufficient to predict self-efficacy, it can be beneficial for students’ sense of belonging in

computing. Finding that even limited exposure to computing can predict sense of belonging

13The effect size of the main effect between perception of transparency and sense of belonging is 0.24, while
the effect size for the moderating effect for Hispanic students is −0.06. Therefore, for Hispanic students, the
overall effect remains positive, but is smaller than for other students.
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is a promising result, as sense of belonging itself predicts positive outcomes such as perceived

ability, interest, and performance [53, 54, 136].

5.12 CONCLUSION

This study aimed to investigate whether there are group differences in students’ percep-

tion of transparency in their CS courses, and whether instructional transparency predicts

students’ self-efficacy and sense of belonging in computing. Self-efficacy and sense of belong-

ing are important outcomes for equity in computing: both constructs predict persistence in

computing and can, therefore, support efforts to retain students from HUGs in computing.

Using undergraduate students’ responses to a large, multi-institutional survey, we conducted

linear regression to examine whether perception of transparency predicts self-efficacy and

sense of belonging. Our work constitutes one of the first empirical, multi-institutional inves-

tigations of the perceptions and benefits of transparency in CS classrooms that focuses on

group differences.

We found that there are group differences in students’ perception of transparency in

their CS courses. Students who identify as women, first-generation college students, and/or

disabled reported perceiving less instructional transparency than their peers. We also found

that perceiving more transparency positively predicts with students’ self-efficacy and sense

of belonging in computing while controlling for important confounding variables, such as

prior CS experience. We further demonstrated that this relationship is different for certain

groups of students: first, for Black students and first-generation college students, perceiving

transparency has a larger positive impact on their self-efficacy, and second, for Hispanic

students, perceiving transparency has a smaller positive impact on their sense of belonging.

Finally, our work also includes a theoretical articulation of the mechanisms through which

transparent teaching practices may influence students’ self-efficacy and sense of belonging

in computing. Taken together, our empirical findings and theoretical argument provide

important evidence for the benefits of instructional transparency in CS courses, particularly

as it relates to improving equity in computing.
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CHAPTER 6: CONCLUSION

This dissertation consists of work investigating graduate and undergraduate students’ per-

ceptions and experiences in computing in order to promote efforts to broaden participation

in computing. Below, I summarize this work’s intellectual merit and broader impacts.

6.1 INTELLECTUAL MERIT

My research contributes to the body of literature investigating students’ perceptions and

experiences of CS in numerous ways.

In Chapter 2, I investigated students’ perceptions about the specializations of AI and

cybersecurity to extend previous research documenting stereotypes and beliefs about the field

of computing. My findings demonstrate that students’ stereotypes about computing subfields

mirror stereotypes about computing more broadly and may dissuade students from those

subfields [26]. This work extends our collective knowledge about field-specific perceptions

and how they may relate to students’ participation in computing. The findings suggest

a particular need to highlight the ways in which AI and cybersecurity encompass more

than the stereotypes of requiring innate brilliance, involving math, and having a negative

impact on society [26]. It further suggests that more work is needed to understand how

students choose to specialize within computing, particularly if we hope to attain equitable

representation within impactful subfields such as AI and cybersecurity. While this study

identifies perceptions students may have about these subfields, it also illuminates a gap in

the existing research regarding how students form these perceptions and how those beliefs

can be expanded.

Chapter 3 investigated how doctoral students from HUGs understand expectations such

as what work they need to do and how to do it. Adding to prior findings that clear expecta-

tions contribute to student persistence [22, 31, 32], my work shows that students experience

challenges in understanding what these expectations are and how to fulfill them [30]. Despite

participating in research experiences as undergraduates, our participants expressed surprise

about many aspects of the PhD program, prompting future research questions about how

experiences in undergraduate programs can translate to preparation for graduate programs.

These findings add to our understanding of the challenges students face in graduate pro-

grams, such as being surprised by the lack of guidance on how to complete tasks, and suggest

possible strategies to address these challenges, such as formal mentorship programs [30].

The study in Chapter 4 contributes to the body of work on computing self-efficacy, an im-

74



portant facet of students’ experiences that is positively correlated with their persistence and

motivation, on a large scale and across institutional contexts. My analysis in this work repli-

cated prior results, demonstrating that identifying as a woman, non-binary, Black, Native,

Hispanic, and/or Asian correlates with lower self-efficacy when controlling for prior experi-

ence [33]. In addition, this study contributed to self-efficacy literature by including analyses

of students who identified as non-binary and students who identified with multiple marginal-

ized identities. As a result, we were able to demonstrate the novel results that identifying

as non-binary also correlates with lower computing self-efficacy, as did identifying as both

Asian and non-binary [33]. These findings highlight the value of an intersectional approach

to understanding students’ experiences; without this approach, experiences of students with

multiple marginalized identities, such as Asian non-binary students, may go unexamined. In

my future work, I hope to use qualitative research methods to investigate why some of these

patterns may be occurring.

Finally, in Chapter 5, I found that students’ perception of instructional transparency in

their CS classroom predicts their self-efficacy and sense of belonging in computing, even

when controlling for aspects of students’ identities known to impact those outcomes [48].

Although prior work has shown evidence for these relationships in a limited context, this work

contributes to the field by demonstrating the correlation across institutional contexts while

controlling for confounding variables. In addition, this study demonstrated that students’

perception of what teaching is transparent differs by their gender, first-generation status,

disability status, and by their prior experience, all novel results in the literature [48]. By

demonstrating these relationships, my work suggests possible questions to be investigated in

future research, such as how transparent teaching can be made more accessible and impactful

for all students.

6.2 BROADER IMPACTS

My PhD work has incorporated a variety of methods in conducting research across different

levels of higher education with the overarching goal of improving the experiences of students

from HUGs in computing. A greater understanding of these experiences can help support

the creation of more inclusive and supportive environments within computing departments,

which may help attract students and contribute to improved retention rates in CS programs.

The need for such work is undeniable as the field of CS in the US continues to lose potential

contributions from millions of students and struggles to meet the increasing market demand

for qualified computing professionals. In addition, as technology becomes an increasingly

common part of daily life as well as a lucrative career, there is a social justice imperative
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to ensure that computing education is inclusive for all. Faculty, staff, and administrators in

CS departments across the country could use insights from my work to change policies and

create better systems that serve all students.

At the undergraduate level, my work suggests a need to account for how experiences out-

side of the classroom may affect students and their decisions within computing. For instance,

pre-existing conceptions of fields affect students’ decisions to pursue subfields within com-

puting which, in turn, exacerbate existing inequitable representation [26]. A key implication

of this finding is the need to broaden students’ perceptions of computing and its subfields,

both in classrooms and outside of them, as students may form their opinions before taking

a CS course. My work also demonstrates that students’ experiences prior to college and

their sociocultural identities influence important outcomes, such as their computing self-

efficacy [33], which affect their persistence in the field of computing. As such, educators

may consider implementing practices in their classrooms that are shown to positively cor-

relate with self-efficacy and other important outcomes. Transparent teaching practices are

one example, as my work illustrates a positive relationship between students’ perceptions of

transparency and their self-efficacy and sense of belonging in computing [48].

My work with doctoral students elevates the importance of creating clear expectations

within graduate programs in order to better support student success [30]. Some practical

implications of my work include highlighting the value of an official mentorship system within

graduate student labs and of interventions outside of classrooms to shift undergraduate

students’ perceptions of AI and cybersecurity. My research also has the potential to provide

more direct support to students by giving them the knowledge they may need to advocate

for themselves.

Across the dissertation, the planned impact of my work is to inform policies and practices

at CS departments across institutions. My work thus far has shown that policies and prac-

tices at different levels (e.g., affirmative action at a national level, lab-based mentorship at

an institutional level, transparent teaching at a classroom-level) may impact students in a

myriad of ways. Understanding these and other policies and practices may lead us to sug-

gested best practices that bolster the recruitment and persistence of students in computing,

particularly those from HUGs.
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APPENDIX A: PERCEPTIONS OF AI & CYBERSECURITY INTERVIEW
QUESTIONS

Note: Below, we provide only those questions from the interview protocol that were

relevant to our study.

A.1 MATH

• Which subfields of CS is math important in?

A.2 NARRATIVES WITHIN CS

• Which areas of CS have you heard called easiest and which are the hardest? Why?

• Which areas of CS have you heard called the most prestigious? Why?

• Which areas of CS have you heard called the most rigorous? Why?

• Which areas of CS are the most likely to help you have a positive impact on society?

Why?

A.3 PERCEPTIONS OF AI

• Would you take or have you taken [AI courses at our institution]?

– Why/why not?

• What does the day-to-day work of AI look like?

• What skills does it require?

• What stereotypes have you heard about the people who work in it?

– What type of person do you think would be encouraged to pursue AI?

– Where do you think you’ve heard this?

• Do you think AI should be a required course in your CS curriculum?

– If yes, which class would you remove to put in AI?
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A.4 PERCEPTIONS OF CYBERSECURITY

• Would you take or have you taken [cybersecurity courses at our institution]?

– Why/why not?

• What does the day-to-day work of cybersecurity look like?

• What skills does it require?

• What stereotypes have you heard about the people who work in it?

– What type of person do you think would be encouraged to pursue cybersecurity?

– Where do you think you’ve heard this?

• Do you think cybersecurity should be a required course in your CS curriculum?

– If yes, which class would you remove to put in cybersecurity?
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APPENDIX B: PERCEPTIONS OF AI & CYBERSECURITY CODING
SCHEME

Note: Below, we provide the categories and codes used in the qualitative analysis of

interview transcripts. We limit ourselves to the categories and codes relevant to and used in

this paper, rather than the broader study. For each code, we provide a brief description of

the types of excerpts that would be categorized with that code.

B.1 CATEGORY: PERCEPTION OF AI

• Chasing small gains: Participants expressing the belief that progress in AI is made in

very small increments.

• Cool/Popular: Participants expressing the belief that AI is cool, trendy, and/or pop-

ular.

• Everyone should know a bit: Participants expressing the belief that everyone would

benefit from understanding the basics of AI.

• Evil: Participants expressing the belief that AI has potential for “evil”.

• Impact on society: Participants discussing any aspects of how they perceive the impact

of AI on society.

• Intimidating: Participants expressing the belief that AI is intimidating.

• Lots of problems to solve: Participants expressing the belief that there are many prob-

lems that can be solved using AI, or discussing which problems these might be.

• Money: Participants expressing the belief that professionals can make a lot of money

working in AI.

• Needs creativity: Participants expressing the belief that work in AI requires creativity.

• Not for everyone: Participants expressing the belief that everyone cannot do AI.

• Requires background knowledge: Participants expressing the belief that studying AI

requires already having a lot of background knowledge, or discussing the background

knowledge they believe is required.
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• Smart: Participants expressing the belief that studying AI requires being inherently

smart.

• Stats/math: Participants expressing the belief that studying or working in AI entails

using mathematical or statistical knowledge.

• The average work day: Participants discussing any aspects of what they believed was

an average work day for an AI professional.

• “Trash papers”: Participants expressing the belief that research in AI produces papers

of low quality.

• Useful: Participants expressing the belief that AI can be useful, or discussing any

aspects of how AI can be useful.

• What is valuable: Participants discussing any aspects of what aspects of AI are useful

or valuable.

• Who does AI: Participants discussing any aspects of what kind of person (e.g., gender

or personality traits) does work in AI.

• Why it’s now cool Participants discussing why they think AI is cool/popular.

B.2 CATEGORY: PERCEPTION OF SECURITY

• Cool/Popular: Participants expressing the belief that cybersecurity is cool, trendy,

and/or popular.

• Everyone should know a bit: Participants expressing the belief that everyone would

benefit from understanding the basics of cybersecurity.

• Impact on society: Participants discussing any aspects of how they perceive the impact

of cybersecurity on society.

• Intimidating: Participants expressing the belief that cybersecurity is intimidating.

• Lots of jobs: Participants expressing the belief that there are many jobs available in

cybersecurity.

• Low-level: Participants expressing the belief that cybersecurity work is all low-level,

systems programming.
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• Not fundamental: Participants expressing the belief that cybersecurity knowledge is

not fundamental to computing.

• Requires background knowledge: Participants expressing the belief that studying cy-

bersecurity requires already having a lot of background knowledge, or discussing the

background knowledge they believe is required.

• Smart: Participants expressing the belief that studying cybersecurity requires being

inherently smart.

• Stats/math: Participants expressing the belief that studying or working in cybersecu-

rity entails using mathematical or statistical knowledge.

• The average work day: Participants discussing any aspects of what they believed was

an average work day for a cybersecurity professional.

• Time-consuming: Participants expressing the belief that work in cybersecurity is time-

consuming and/or tedious.

• Useful: Participants expressing the belief that cybersecurity can be useful, or discussing

any aspects of how cybersecurity can be useful.

• Who does security: Participants discussing any aspects of what kind of person (e.g.,

gender or personality traits) does work in cybersecurity.

B.3 CATEGORY: THE HARDEST SUBFIELD

• AI: Participants expressing the belief, or having heard others say, that AI is one of the

hardest subfields in computing.

• ML: Participants expressing the belief, or having heard others say, that ML is one of

the hardest subfields in computing.

B.4 CATEGORY: THE PRESTIGIOUS SUBFIELD

• AI: Participants expressing the belief, or having heard others say, that AI is one of the

most prestigious subfields in computing.

• ML: Participants expressing the belief, or having heard others say, that ML is one of

the most prestigious subfields in computing.
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APPENDIX C: PHD EXPECTATIONS INTERVIEW QUESTIONS

C.1 INTRODUCTION

• What year in your PhD are you? What kind of research do you do?

• What made you pursue a graduate degree?

C.2 ADVISOR RELATIONSHIP

• How often do you meet with your advisor? What is the format of these meetings?

(E.g. status updates, big-picture discussions about your degree progress, help with

debugging)

• How has this changed during the pandemic?

• Do you talk about non-academic things? E.g. things happening in the world, things

happening in your lives?

• In what ways does your advisor try to make your lab/research group an inclusive space?

• In what ways do you think aspects of your identity have affected your interactions with

your advisor?

• Have you ever had to discuss mental health issues with your advisor? If so, how did

that go?

C.3 EXPECTATIONS

• Are there differences between what you expect to achieve during your PhD, and what

your advisor expects?

• What would you say is the source of your expectations? (E.g. parents’ graduate

degrees, meeting grad students in undergrad, movies/books)

• Have any of the things you are expected to do during the PhD surprised you? (E.g.

didn’t think I would be expected to get a publication every year)

• What do you think it means to be a “good researcher”? How does this compare to

how your advisor defines it?

95



• How do you work towards becoming a “good researcher”?

• Are there differences in how you measure your own progress and how your advisor does

the same?

• Have these “standards” changed over time, e.g. during COVID?

C.4 LEARNING/ACQUIRING SKILLS

• In what ways has your advisor helped you pick up new skills, such as teaching and

research?

• Did they point you to specific resources?

• If not, how did you first learn about these resources?

C.5 CONCLUSION

• Is there anything else regarding your experience as an underrepresented CS PhD stu-

dent that you would like to bring up?
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APPENDIX D: PHD EXPECTATIONS CODING SCHEME

Note: Below, we provide the categories and codes used in the qualitative analysis of

interview transcripts. We limit ourselves to the categories and codes relevant to and used in

this paper, rather than the broader study. For each code, we provide a brief description of

the types of excerpts that would be categorized with that code.

D.1 CATEGORY: POSITIVE ADVISOR ACTIONS

• Academic: Participants sharing an action their advisor took that was helpful academ-

ically.

• Non-academic: ..Participants sharing an action their advisor took that was helpful

non-academically.

D.2 CATEGORY: NEGATIVE ADVISOR ACTIONS

• Academic: Participants sharing an action their advisor took that was unhelpful aca-

demically.

• Non-academic: Participants sharing an action their advisor took that was unhelpful

non-academically.

D.3 CATEGORY: EXPECTATIONS

• From yourself: Participants sharing expectations they have for themselves.

• From advisor: Participants sharing expectations their advisors have for them, either

explicitly stated, implied, , or based on observation.

• From family: Participants sharing expectations their family members have for them,

either explicitly stated or implied.

• From peers: Participants sharing expectations their peers have for them, either explic-

itly stated, implied, or based on observation.

• Surprises: Participants sharing aspects of the PhD and what they were expected to

do that surprised them.
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• Prior beliefs: Participants sharing what they had expected of the PhD prior to begin-

ning the program.

D.4 CATEGORY: PRE-GRAD SCHOOL EXPERIENCE

• Research experiences: Participants discussing research experiences they had prior to

beginning the PhD.

• Family role models: Participants discussing role models they had among their family

members as pertains to graduate school and/or research.

• Key mentors: Participants discussing important mentors they had prior to beginning

the PhD.

• Luck: Participants discussing the role of luck in their experiences prior to beginning

the PhD.

• Work experience: Participants discussing work/industry experiences they had prior to

beginning the PhD.

D.5 CATEGORY: CHALLENGES

• Academic: Participants discussing academic challenges they have faced during the

PhD.

• Non-academic: Participants discussing non-academic challenges they have faced during

the PhD.

D.6 CATEGORY: MEASURING PROGRESS

• Milestones: Participants discussing measuring their own progress, or that their ad-

visor measures their progress, by the milestone exams they have to take (qualifying,

preliminary, and final).

• Publishing papers: Participants discussing measuring their own progress, or that their

advisor measures their progress, by the publication of research papers.

• Weekly tasks: Participants discussing measuring their own progress, or that their ad-

visor measures their progress, by the completion of weekly tasks assigned to them.
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D.7 CATEGORY: IMPACT OF IDENTITY

A catch-all category used for any discussion of how students’ identities impact their ex-

periences in the PhD.

D.8 CATEGORY: ADVISOR RELATIONSHIP

• Inclusive lab: Participants indicating a belief that their lab is inclusive.

• Meeting dynamics: Participants discussing any aspects of the dynamics of their meet-

ings with their advisor.

• Shared identities: Participants discussing how sharing an identity with their advisor

(e.g., if student and advisor both identify as women) has affected their relationship.

• Identity disconnect: Participants discussing how aspects of their identity not shared

with their advisor (e.g., a Black student and an Asian advisor) affect their relationship.

• Changes over time: Participants discussing how their relationship with their advisor

has changed over time.

• Comfort: Participants discussing how comfortable (or not) they felt with their advisor.

• “Like a sage”: Participants indicating that their advisor provides them with high-level

guidance, rather than concrete support.

• Pressure: Participants indicating that they feel pressure from their advisor, both in-

tentional and unintentional.

D.9 CATEGORY: STRATEGIES

• Acquiring research skills: Participants discussing specific ways they tried to acquire

the skills to do research.

• Asking for help: Participants discussing reaching out to someone (advisors, peers, or

others) for support.

• Senior student mentor: Participants discussing reaching out to a specific senior student

who acted as a mentor for support.
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APPENDIX E: CATEGORIZATION OF DATA BUDDIES SURVEY ITEMS

E.1 CATEGORIZATION OF PRIOR COMPUTING EXPERIENCE

Survey question: Which of the following experiences did you have prior to entering an

undergraduate program? Select all that apply.

Table E.1: Survey options pertaining to students’ prior computing experience and their
categorization.

Survey options Category
Took AP Computer Science A

Substantial experience
Took AP Computer Science AB
Took AP Computer Science Principles
Completed an online course related to computing (e.g.,
MOOC)
Learned a computer programming language
Engaged in software or hardware related projects

Some experienceTook part in student groups related to computing
Attended a workshop or other training in computing
(e.g., through your local library, community center, etc.)
Took other AP courses

No experienceTook dual enrollment courses
None of the above

E.2 CATEGORIZATION OF INSTITUTIONAL CS REQUIREMENT

Survey question: Does your institution require a computing course for any non-computing

major?

Table E.2: Survey options pertaining to departments’ course requirement policies and their
categorization.

Survey options Category
All non-computing majors require a computing course Required for all
Some (not all) non-computing majors require a comput-
ing course Required for some
Computing course is not required, but is one of short
list of options to meet a requirement
Both of the above are true
We have no such requirement No requirement
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E.3 STUDENT DISABILITY OPTIONS

Survey question: What type of disability do you have? Please check all that apply.

Survey options:

• No disability

• Attention deficity

• Autism Spectrum Disorder

• Intellectual Disability

• Deaf/Hard of Hearing

• Mental health disability

• Mobility or Orthopedic Disability

• Speech or Language Disability

• Learning/Specific Learning Disability

• Traumatic Brain Injury/Head Injury

• Visual Disability

• Nerve Damage

• Other

• More than one disability

• Unknown disability

• Chronic illness

E.4 CATEGORIZATION OF STUDENTS’ MAJORS

Note: The Data Buddies survey contained different options for majors that students could

select in the different years of survey data. The table below captures the options from the

2020 survey onwards.
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Table E.3: Survey options pertaining to students’ major(s) and their categorization.
Survey options Category
Computer Science

CS Major

Computer Information Systems/Informatics
Computing and Business
Information Technology
Computer Engineering
Software Engineering
Electrical Engineering and Computer Science (EECS)
Electrical and Computer Engineering (ECE)
Other computing & technology major
Bioinformatics/Computational biology

STEM Major

Data Science/Data Analytics
Game Design
A biological science major
A mathematics major
A physical sciences major
Other engineering major
An arts and humanities major

Non-STEM Major

A business major
A professional major
A social science major
An education major
Other major
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APPENDIX F: SELF-EFFICACY CORRELATIONS

Below, we provide correlations between the variables used in our model. SE represents

students’ computing self-efficacy, a continuous variable. The remaining nominal variables

represent whether a student:

• has substantial prior experience (sbE),

• has some prior experience (smE),

• has no prior experience (noE),

• identifies as a woman (wm),

• identifies as non-binary (nb),

• identifies as a man (mn),

• identifies as Black (bk),

• identifies as Native (nt),

• identifies as Hispanic (hp),

• identifies as Asian (as), and

• identifies as white (wt).

F.1 CORRELATIONS BETWEEN SELF-EFFICACY AND NOMINAL VARIABLES

In Table F.1, we provide point biserial correlations between self-efficacy, SE, and all the

nominal variables used in our model.
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Table F.1: Point biserial correlations between self-efficacy and nominal variables used in our
models.

SE
sbE 0.20
smE −0.05
noE −0.19
wm −0.15
nb −0.03
mn 0.16
bk −0.06
nt −0.04
hp −0.02
as −0.08
wt 0.11

F.2 OVERLAP BETWEEN NOMINAL VARIABLE CATEGORIES

In Table F.2, for each column x and row y, we provide the proportion of students in

category x that are also in category y. For example, the cell in column wm and row sbE

represents the proportion of women who indicated having substantial prior experience. On

the other hand, the cell in column sbE and row wm represents the proportion of students

with substantial prior experience who indicated identifying as women. Thus, the column for

each category can be used to find the proportion of students in the intersection between

that category and every other category. Note that racial and ethnic groups are not mutually

exclusive, as students may identify with one or more races and ethnicities.
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Table F.2: Overlap between nominal variable categories used in our models.
sbE smE noE wm nb mn bk nt hp as wt

sbE 1 0 0 0.66 0.75 0.74 0.61 0.66 0.65 0.76 0.70
smE 0 1 0 0.05 0.05 0.05 0.08 0.05 0.07 0.04 0.06
noE 0 0 1 0.29 0.21 0.21 0.32 0.30 0.28 0.20 0.25
wm 0.32 0.34 0.42 1 0 0 0.36 0.25 0.30 0.41 0.30
nb 0.03 0.02 0.02 0 1 0 0.03 0.08 0.04 0.02 0.03
mn 0.65 0.63 0.55 0 0 1 0.61 0.67 0.67 0.57 0.66
bk 0.06 0.10 0.09 0.07 0.08 0.07 1 0.14 0.08 0.01 0.02
nt 0.02 0.02 0.03 0.02 0.07 0.02 0.04 1 0.09 0.01 0.02
hp 0.11 0.16 0.14 0.10 0.15 0.13 0.14 0.48 1 0.03 0.12
as 0.41 0.28 0.33 0.46 0.29 0.35 0.05 0.23 0.08 1 0.07
wt 0.54 0.61 0.58 0.49 0.64 0.58 0.17 0.56 0.58 0.10 1

Note: Each cell represents the proportion of students in the column category who also
identified with the row category. Categories representing experience level and gender are
mutually exclusive. For the names of each variable, please refer to the beginning of this
appendix.
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APPENDIX G: INSTRUCTIONAL TRANSPARENCY FACTORS

In Table G.1, we provide the survey items used in our measures of students’ perception of

instructional transparency, self-efficacy, and sense of belonging. For each item, we provide

its mean and standard deviation on a 5-point scale as well as its factor loading in the relevant

factor.
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APPENDIX H: INSTRUCTIONAL TRANSPARENCY CORRELATIONS

Below, we provide correlations between the variables used in our models. TP represents

students’ perception of instructional transparency, SE represents students’ computing self-

efficacy, and SoB represents students’ sense of belonging in computing, all of which are

continuous variables. The remaining nominal variables represent whether a student:

• has substantial prior experience (sbE),

• has some prior experience (smE),

• has no prior experience (noE),

• identifies as a woman (wm),

• identifies as a man (mn),

• identifies as a first-generation college student (fg),

• identifies as a continuing-generation college student (cg),

• identifies as disabled (db),

• identifies as not disabled (nd),

• identifies as Black (bk),

• identifies as Native (nt),

• identifies as Hispanic (hp),

• identifies as Asian (as), and

• identifies as white (wt).

H.1 CORRELATIONS BETWEEN CONTINUOUS VARIABLES

In Table H.1, we provide the Pearson correlation between students’ perception of instruc-

tional transparency (TP ), their self-efficacy (SE), and their sense of belonging (SoB).
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Table H.1: Pearson correlations between the continuous variables used in our models.
TP SE SoB

TP 1
SE 0.27 1
SoB 0.24 0.55 1

H.2 CORRELATIONS BETWEEN CONTINUOUS AND NOMINAL VARIABLES

In Table H.2, we provide point biserial correlations between perception of transparency

(TP ), self-efficacy (SE), sense of belonging (SoB), and all the nominal variables used in our

model.

Table H.2: Point biserial correlations between the continuous and nominal variables used in
our models.

TP SE SoB
sbE 0.03 0.24 0.25
smE −0.00 −0.04 −0.02
noE −0.03 −0.22 −0.25
wm −0.04 −0.15 −0.27
mn 0.04 0.15 0.27
db −0.09 −0.05 −0.10
nd 0.09 0.05 0.09
fg −0.04 −0.10 −0.03
cg 0.04 0.10 0.03
bk −0.02 −0.05 −0.02
nt −0.01 −0.03 −0.01
hp −0.04 −0.01 0.01
as 0.04 −0.02 0.01
wt −0.00 0.08 0.02

H.3 OVERLAP BETWEEN NOMINAL VARIABLE CATEGORIES

In Table H.3, for each column x and row y, we provide the proportion of students in

category x that are also in category y. For example, the cell in column wm and row sbE

represents the proportion of women who indicated having substantial prior experience. On

the other hand, the cell in column sbE and row wm represents the proportion of students

with substantial prior experience who indicated identifying as women. Thus, the column for

each category can be used to find the proportion of students in the intersection between

that category and every other category. Note that racial and ethnic groups are not mutually

exclusive, as students may identify with one or more races and ethnicities.
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