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ABSTRACT

GENDER-RELATED EFFECTS OF ADVANCED PLACEMENT COMPUTER SCIENCE
COURSES ON SELF-EFFICACY, BELONGINGNESS, AND PERSISTENCE

By
Jonathon Andrew Good

The underrepresentation of women in computer science has been a concern of educators
for multiple decades. The low representation of women in the computer science is a pattern from
K-12 schools through the university level and profession. One of the purposes of the introduction
of the Advanced Placement Computer Science Principles (APCS-P) course in 2016 was to help
broaden participation in computer science at the high school level. The design of APCS-P
allowed teachers to present computer science from a broad perspective, allowing students to
pursue problems of personal significance, and allowing for computing projects to take a variety
of forms. The nationwide enrollment statistics for Advanced Placement Computer Science
Principles in 2017 had a higher proportion of female students (30.7%) than Advanced Placement
Computer Science A (23.6%) courses. However, it is unknown to what degree enrollment in
these courses was related to students’ plans to enroll in future computer science courses.

This correlational study examined how students’ enrollment in Advanced Placement
Computer Science courses, along with student gender, predicted students’ sense of computing
self-efficacy, belongingness, and expected persistence in computer science. A nationwide
sample of 263 students from 10 APCS-P and 10 APCS-A courses participated in the study.
Students completed pre and post surveys at the beginning and end of their Fall 2017 semester
regarding their computing self-efficacy, belongingness, and plans to continue in computer

science studies. Using hierarchical linear modeling analysis due to the nested nature of the data



within class sections, the researcher found that the APCS course type was not predictive of self-
efficacy, belongingness, or expectations to persist in computer science. The results suggested
that female students’ self-efficacy declined over the course of the study. However, gender was
not predictive of belongingness or expectations to persist in computer science. Students were
found to have entered into both courses with high a sense of self-efficacy, belongingness, and
expectation to persist in computer science.

The results from this suggests that students enrolled in both Advanced Placement
Computer Science courses are already likely to pursue computer science. | also found that the
type of APCS course in which students enroll does not relate to students’ interest in computer
science. This suggests that educators should look beyond AP courses as a method of exposing
students to computer science, possibly through efforts such as computational thinking and cross-
curricular uses of computer science concepts and practices. Educators and administrators should
also continue to examine whether there are structural biases in how students are directed to
computer science courses. As for the drop in self-efficacy related to gender, this in alignment
with previous research suggesting that educators should carefully scaffold students’ initial
experiences in the course to not negatively influence their self-efficacy. Further research should
examine how specific pedagogical practices could influence students’ persistence, as the
designation and curriculum of APCS-A or APCS-P alone may not capture the myriad of ways in
which teachers may be addressing gender inequity in their classrooms. Research can also
examine how student interest in computer science is affected at an earlier age, as the APCS
courses may be reaching students after they have already formed their opinions about computer

science as a field.



Copyright by
JONATHON GOOD
2018



This dissertation is dedicated to Maria, Greyson, and Genny—the center of everything | love.



ACKNOWLEDGEMENTS

| would like to thank Aman Yadav for the many opportunities to work at home and abroad, the
patience while waiting for me to see the errors of my ways, and the moments of kindness toward
my family. Jack Smith, for introducing me to Dewey and for the multiple years of writing
guidance. Jen Schmidt, for going above and beyond in being a resource for analysis and
interpretation, and for the having the patience that role required. Niral Shah, for reminding me to
consider how the work we do affects students and teachers. Punya Mishra, for encouraging me
to begin my journey, pushing me to embrace the half-formed idea, and all the multitude of ways
in which you continue to shepherd me along the way. John Bell, for the opportunities to develop
my skills and your humane guidance. CSEER group members past and present, for the shared
laughter, triumphs, and food. Deep Play group members and collaborators, for helping me get
my first work out the door, sharing stories, and occasionally keeping our meetings on topic.
STEM+C colleagues, for welcoming a different type of researcher, and the opportunity to engage
in unfamiliar and exciting methods of teaching. NASA Office of Education and Logistics and
Technical Information Division for the unique opportunities to broaden my experiences this past
year. My students past and present, for the privilege of learning from our time together. Rohit,
for all the fun, difficult, ridiculous, and serious moments from the first day of graduate school
and onward. Swati, for pushing me to think beyond the dominant narrative. Danah Henriksen for
mentoring me in the ways of Punya, teaching, and dragons. Sarah Gretter, for guidance on the
dissertation process, writing, and key insights into the workings of Aman. Alex Lishinski, for
endless statistical help and occasional outdoor adventures. Patrick Beymer, for statistical advice

and letting me sleep on a futon instead of the floor. Adams, Teeters-Whitlock, and Crosby

Vi



families, for the stress relief, childcare, car repairs, last minute assistance, musical interludes, and
help with the GREs. Jill Metzger, for helping us limp across the finish line.

Rich, Ray, and Tim, for the comic relief. Dad, for encouraging a dry sense of humor and buying
the T1 99/4 so long ago. Mom, for encouraging me to take bigger risks in life and convincing me
to stay in college 25 years ago. Genny, for saying things out loud that the rest of us needed to
hear, and the reminders to stay on task. Greyson, for long talks when we both should have been
sleeping, and the significant assistance with gender research. Maria, for your unwavering love,
supporting our family throughout this adventure, sharing the setbacks and victories, taking a big

leap of faith with me, and reminding me of the only things that matter.

vii



TABLE OF CONTENTS

LIST OF TABLES. ... bbbttt bbbt nes X
CHAPTER 1 : INTRODUCTION ...ttt ettt st 1
1.1 BACKGIOUNG ...t e bbb 1
1.2 Theoretical FrameWOIK .........coiiiiiiiiiii e 4
1.2.1  Persistence of Female Students in Computer SCIENCE ...........ccvvvveierieniienineseeen 4

IR T = T[] T 1 T 1= USSR 4
T I o =T VUSSP 5
1.5  Positionality StatemMENt.........ccceeiiiie i 6
1.6 PUPOSE STALEIMENT .....c.eiiiiiiiiiet e 8
CHAPTER 2 : LITERATURE REVIEW .....cooiiiii ettt 9
2.1 BEIONGINGNESS ...oecveeiiieite ettt ettt ste et e et e s e e ste et eeteeate et e saeenraeteereenreere s 9
2.1.1  Belongingness and Stereotype THreal...........ccooeiieieriiineniniseeeee e 11

2.2 SEIF-EFFICACY....cuiiiiie et 13
2.3 Broadening Participation in COMPULEr SCIENCE .......ceevveiverieriiireseeeeee s 19
2.3.1 Timing: Reach Students Before UNIVErSIty ..........cccocveveiiieiicie i 19

2.4 Structural Barriers for EQUITY ..o s 22
2.4.1 Representations of Computing DiSCIPIINES.........ccccevveveiiiiiicicce e 24

2.5  CoNteXt OF the STUAY ..o s 27
2.5.1  Advanced Placement COMPULEr SCIENCE .........coveiveirieiieiieieeie e 27
2.5.1.1  Advanced Placement COMPULEr SCIENCE A .......ooviiiiiiiirieiieieiesese e 28
2.5.1.2  Advanced Placement Computer Science PrinCiples...........cccovevvivieiicvecnnnn, 29

2.6 RESEAICN PUIPOSE ...ttt bbbttt bbbt 32
CHAPTER 3 : IMETHODS .......ooii ittt bbbttt bbb sneaneas 33
3L SAMPIING. ettt bbbttt bt 33
I . 4 ([0 o= 1| PSR 36
3.3 IVIBASUIES. ...ttt ettt ekttt b e e st e et e e Rt e e bt e e nbe e bt e e nbe e nat e e beenreeenne e 37
3.3.1  SEUABNE SUNVEYS ...ttt ettt te e aa e s be et e sneesreeneenne e 37
BeIONGINGNESS ...ttt ettt e b et e re e nreers 38
SBIT-BIICACY ...t 39
PISISTEICE. ...ttt bbbttt et e bbb bR e n bbb be b neene e 39

o o] T = To OSSR 40

3.3.2  TRACKNET SUINVEYS ...ciii ettt ettt ettt e e e s e e be e teeenbeennee e 40

B (0100 L1 -1 SR 40
KT AN 0 1 £SO USOPP PSPPSR 42
CHAPTER 4 : RESULTS ...ttt ettt sttt et e et saestesneeneaneas 44
4.1 DeSCrIPLIVE STALISTICS ...uiiviiiiecitie ittt e e e e be e s reeereea 44
4.2 Outcome Variable ChanGE ..o 47
4.3 Normality of OUtCOmME VariabIeS ..........ceciiiiiiiiie i 50
4.4 ANAlYSIS ANA RESUITS .....ovveiiiiei e 51



4.4.1  Self-Efficacy Analysis and ReSUILS...........cccevieiieiiiieerece e 51

4.4.2  Belongingness Analysis and RESUILS ...........cceieriiiiiiiiiiinieeeee e 54
4.4.3  Persistence Analysis and ReSUILS ..........cccveveiieiieie e 57
CHAPTER 5 : DISCUSSION.......coiiiiiiiiieiieie ettt sttt sbe st st nneas 61
5.1 IMPIICALIONS ...ttt b e 65
5.1.1  Implications fOr PraCliCe ........cccvcvuiiiieiieiie et 66
5.1.2 Implications for FUture RESEAICh..........c.cooviiiiiiieiecce e 68

5.2 LIMITALIONS ..ottt bbbttt ettt bt ns 70
ST B ©70] 0 [o] 131 o] o FO TSP 73
APPENDICES ...ttt bbbttt bbbt bbb bbb re s 75
APPENDIX A SUIVEY FOI STUABNTS ......eeiiiieiiieisie et 76
APPENDIX B Survey for Computer SCIience TeaChers .........cccccevveviiieiieiie e 83
REFERENCES ... ..ottt et bbbt b ettt ettt be b ne e 86



LIST OF TABLES

Table 1: Student Participant Summary DY Class.........cccccvveiiiiiiiiiieiece e 35
Table 2: Student Participant Summary by Gender and Grade Level...........cccccocevveveieiieieenene, 37
Table 3: Student Participant Summary by Race and COUrSe .........cccecviieiivereiieseece e 37
Table 4: Cronbach's Alpha for Belongingness SCale............ccooveiiiiiiiiiiincce e 39
Table 5: Descriptive Statistics for Self-Efficacy, Belongingness, Persistence, and Student Prior

GAUES ...ttt bbb b h bR R bR R R R R R Rt Rt et b b r e 44
Table 6: Self-Efficacy, Belongingness, Persistence, and Student Prior Grades Correlations ...... 45
Table 7: Frequency of Student Participants by Course and Gender ..........ccocceevveveereniniieniennenn 46
Table 8: Frequency of Teacher Gender DY COUISE ........ocvoiieiiieiieie e 46
Table 9: Frequency of Teacher Gender for Each Class Section by Course Type........c.ccccceuvenene. 47

Table 10: Descriptive Statistics for Self-Efficacy by Student Gender, Course, and Teacher

Table 11: Summary Statistics for Belongingness by Student Gender, Course, and Teacher
(C =T 0o [T OSSO 49

Table 12: Summary Statistics for Persistence by Student Gender, Course, and Teacher Gender 50

Table 13: Outcome Variable SKew and KUIOSIS..........cccoiiiiiiiiiiiesccee s 51
Table 14: Self-Efficacy Hierarchical Linear Model Analysis ..........ccccooevveiiiieiecce e, 54
Table 15: Belongingness Hierarchical Linear Model Analysis ............cccoovveiiiieieeie e, 57
Table 16: Persistence Hierarchical Linear Model AnalysiS..........ccccocvveiieiiiiiece e 60



CHAPTER 1: INTRODUCTION
1.1 Background

Within the United States of America and across the globe, computer science education is
enjoying a renaissance in interest from both the general public and policymakers (Code.org,
2017; Obama, 2016; Partovi, 2013; Trump, 2017). This resurgence in interest in computer
science education is bolstered by a combination of factors, such as the increasing focus on STEM
(Science Technology Engineering Mathematics) education, a shortage of programmers, and
computer science being perceived as a path for economic advancement (Google Inc. & Gallup
Inc., 2015). While the overall enroliment numbers in CS are increasing, the share of female
students earning bachelor degrees in CS has fallen from a high of 37% in 1984, to 17.5% in 2015
(U.S. Department of Education, 2017). Women now earn 57% of all bachelor’s degrees, and
roughly half of science and engineering degrees as defined by the National Science Board
(2016). Within this range of science and mathematics majors, though, a few majors continue to
produce a low proportion of female graduates: computer science, engineering, mathematics, and
statistics.

The number of female students participating in computer science at the K-12 level also
remains abysmal. In 2016, female students in the United States only accounted for 23.2% of
students taking the high-school course Advanced Placement Computer Science A (APCSA)
exam (The College Board, 2016b). In Mississippi and Montana, no female students took the
APCSA exam in 2016. Enrollment of women in APCSA is abysmal when compared to another
AP course such as AP Calculus AB, which has comparable demands and preparatory courses;
female students comprised 49.4% of students taking the AP Calculus AB exam in 2016 (Ericson,

2014; The College Board, 2016b). These trends of low participation of women in computer



science reverberates in the workforce, where the culture of computing does not always provide
women with a sense of belongingness (Aspray, 2016; DuBow, Kaminsky, & Weidler-Lewis,
2017; Margolis, 2013; Margolis & Fisher, 2003). DuBow, Kaminsky, and Weidler-Lewis (2017)
found that women find that receiving respect, encouragement, and support from classmates and
colleagues is a significant factor in helping them persist within the computing field.

All students need to be provided equal opportunity and support to enter and persist in
computer science. On a macro-economic level, the need to have gender equity is highlighted by
the fact that countries and industries with a gender imbalance in the workplace suffer an
economic cost to their efficiency and overall production (Dollar & Gatti, 1999; Plantenga, 2015).
On a micro level, computer scientists and software developers bring their own experiences and
perspectives to the design of software and hardware, often testing the products themselves and
trying to anticipate what a user needs or will do. A largely male workforce often develops
products that appeal to male consumers and continues to perpetuate the male-dominated
environment (Crowell, 2016; Oudshoorn, Rommes, & Stienstra, 2004; Rommes, Oost, &
Oudshoorn, 1999). Oushoorn, Rommes, & Stienstra (2004) provided a case study of an online
community, which used primarily male designers, and as a result the hardware and software
design choices led to further gender bias in participation. For these reasons, and for social justice
concerns, we should be working to increase the proportion of women in CS programs. One way
to do this is to engage female students in computing within K-12 classrooms with the intent to
both recruit and retain female students that currently are not persisting in computer science
fields. As scholars have tried to address the problem of gender equity within computer science

education, they have pursued multiple approaches.



One approach that educators have taken to broaden the appeal of computer science to
female students is to present how computer science plays a role in multiple disciplines, focus on
non-computing application of computer science principles, and encourage pedagogical strategies
shown to support gender equity (Goode, 2008; Kafai & Burke, 2014; Margolis & Fisher, 2003;
Ryoo, Goode, & Margolis, 2015; Yadav, Gretter, & Good, 2017). In an example of one such
effort to increase the number of female students in computer science, College Board recently
introduced the Advanced Placement Computer Science Principles (APCS-P) course that portrays
computer science as a broader discipline. College Board developed the APCS-P in an effort to
“appeal to a broader audience, including those often underrepresented in computing” (The
College Board, 20164, p. 4). In contrast with APCSA, which is largely a traditional
programming course with programming lab assignments and assessments in a single language,
the APCSP framework allows teachers to decide on which language to use for the course,
encourages students to submit projects more physical in nature, and focuses on the overall “big
ideas” of computer science. While the number of students taking the AP exams in 2017 show an
increase in the percentage of female students in APCSP (30.7% female, 69.3% male) when
compared to APCSA (23.6% female, 76.4% male) (College Board, 2017; The College Board,
2016b), this is only the first step in increasing gender equity within computer science. Until
future enrollment and attrition rates in undergraduate CS programs become available, we will not
have a direct measure of whether enrollment in the APCSP course will result in sustained interest
in computer science at the college level and beyond. What can be done in the interim to gain
insight into whether these curricular efforts are likely to show promise in addressing the gender

equity issues within the computer science field?



1.2 Theoretical Framework

1.2.1 Persistence of Female Students in Computer Science

While recruiting female students into computer science remains a major area of focus, we
also need to examine how their experience in CS might influence their persistence. Even if
efforts to increase female students’ enrollment in computer science achieve equal parity with
male students, their experiences have to be meaningful and rewarding for female students to
want to persist (Google Inc. & Gallup Inc., 2014; Kafai & Burke, 2014; Margolis & Fisher,
2003). Historically attrition of female undergraduates from CS is higher than that for male
students and a significant factor in the lower number of degrees awarded to women (Chen, 2013;
Cohoon & Lord, 2006; Hamilton et al., 2016). Prior work in other academic subjects has
suggested that belongingness and self-efficacy are significant predictors of persistence (Beyer,
2014; Good, Rattan, & Dweck, 2012; Lent, Brown, & Larkin, 1986).
1.3 Belongingness

Baumeister and Leary (1995) framed belongingness as “human beings have a pervasive
drive to form and maintain at least a minimum quantity of lasting, positive, and significant
interpersonal relationships” (p. 497). Deci and Ryan (2000a), within the framework of self-
determination theory, described belongingness as a component of an individual’s fundamental
psychological needs to guide them toward more competent and socially integrated behavior.
Good, Rattan, and Dweck (2012) examined belongingness in students’ study of mathematics,
how it evolved over time, and affected persistence in the discipline. They found that while male
students’ sense of belongingness remained similar over time, women’s sense of belongingness

was eroded when exposed to an environment that reinforces negative stereotypes about female



mathematicians (e.g. women are not good mathematicians) or the belief mathematic ability is a
fixed trait.

Similarly, Lewis et al. (2016) found that female students’ sense of belongingness in
physics was more impactful for women with STEM careers than men. If a student continues to
encounter situations that reinforce existing negative stereotypes, the probability of experiencing
“domain disidentification” rises in which the student has a reduced sense of belonging and
likelihood to pursue further studies in the field (Cundiff, Vescio, Loken, & Lo, 2013; Steele,
1997). Within computer science education, Cheryan et al. (2009) found that removing
stereotypically male-identified objects from a computer science classroom—such as Star Trek
posters and video games—resulted in a high sense of belongingness for female students while
having little to no effect on male students. While there has been some research on how CS
classroom environment can influence students’ belongingness, there is limited research on how
their sense of belongingness influences their self-efficacy in CS as well as their persistence in
CS.

1.4  Self-Efficacy

Bandura (1997) described self-efficacy as “beliefs in one’s capabilities to organize and
execute the courses of action required to produce given attainments” (p. 3). Considerable
research has been done on the relationship between self-efficacy and student learning outcomes
and academic performance (Bandura, 1977, 1986, 2002; Lent, Brown, & Hackett, 1994; Lent et
al., 1986). Research has also suggested that self-efficacy’s predictive value holds across cultures
and domain self-efficacy is predictive of career choice (Bandura, 2002). Lent and colleagues
(1994, 1986; 2002) incorporated Bandura’s general social cognitive theory into the social

cognitive career framework and argued that domain self-efficacy was a main predictor of career



choice and persistence across multiple fields of work. Pajares and Valiante (1997) found that
writing self-efficacy contributed to fifth-grade students’ essay writing performance, playing a
mediating role for existing writing ability, and thus suggested that teachers should pay close
attention to not only students’ performance, but also students’ beliefs about their performance as
these are predictive of future academic choices. Within computer science and related fields, the
same relationship can often be found in the literature with self-efficacy being tied to higher
performance, persistence, choice of academic majors, and career aspirations (Beyer, 2014;
Blaney & Stout, 2017; Cohoon & Lord, 2006; Lishinski, Yadav, Good, & Enbody, 2016). Thus,
self-efficacy becomes a useful indicator for predicting not only academic performance, but also
of the students’ persistence in the field.

Prior work in computer science education has examined the role of physical classroom
space as well as participation in introductory computer science courses on students’
belongingness and self-efficacy (Beyer, 2014; Cheryan et al., 2009; Lishinski et al., 2016).
However, there is limited research on how presenting computers science as being applicable to
larger problem solving, across multiple disciplines, has an effect of self-efficacy and
belongingness, especially at the K-12 level.

1.5 Positionality Statement

| am a researcher of computer science education with a focus on equity, having formerly
worked as a teacher and technology coordinator in PreK-12 settings. My personal and
professional background both limits and informs my work in computer science education and
provides a lens | bring to equity issues. | worked at two private and independent schools over the
span of 12 years in Virginia and Ohio. As a result, | worked with students with financial means,

with some students from middle and lower income families, who were provided financial aid to



be able to attend the school. The school in Virginia was a rural boarding school, grades 8-12,
with both boarding and daily commuting students. The technology classes at this school often
had all male students, or extremely low (e.g., 15:1) ratios of male to female students. I also
found the classes to be overwhelming populated by white males and male international students
from eastern Asia. The other school | taught at in Ohio was an all-female day school, located in
an affluent suburb.

Both schools led me to question the gender and racial composition of the schools, along
with how gender and racial imbalance appeared exacerbated in my computer science and
technology classes. Being a white male, | bring my own biases in what | noticed and did within
a classroom. Particularly at the school in Ohio, which to its credit had a strong focus on issues of
social justice, I noticed how the contrast in gender balance between the two schools seemed to
influence how students engaged with the subjects. | had also now had two children of my own
and became increasingly aware of sexist assumptions in my own daily life and work that
troubled me. | adjusted my teaching methods to attempt to address some of these issues, but
found the recommendations given to me sometimes conflicting or confusing. The engagement |
saw in my female students encouraged me, particularly because it contrasted with the narratives |
was hearing from other schools regarding female students and technology. The students were
excited to engage with the difficult technical problems of robotics and programming, appeared to
be comfortable displaying technical proficiency, and openly rejected the idea of technology
being a domain they were discouraged from entering.

Having the background and experiences as a teacher informed my selection of research
topics in computational thinking, computer science education, and related efforts in gender

equity in K-12. | recognize the limitations of my own experiences, particularly being male and



white, and how those limitations influence conducting research that includes perspectives beyond
my own. | carry the preconceptions that come from my background, social status, and privilege
in these systems. Similar to my examining of my own teaching while in the K-12 environment, |
struggle to examine how my research methods may have overlooked other perspectives . My
hope is that my research, through these acknowledgements and resulting adjustments, will
provide some insight for researchers, teachers, and students of varied backgrounds to address
equity issues in computer science.
1.6 Purpose Statement

The purpose of this study was to examine how enrollment in two different Advanced
Placement Computer Science (APCSA vs APCS-P) courses relate to high school students’ sense
of belongingness, self-efficacy, and persistence within computer science, and how student gender
may interact with that relationship. These variables of interest were chosen for their relationship
to the likelihood of a student choosing to pursue computer science in the future, including at the

undergraduate level as well as persist within the field.



CHAPTER 2 : LITERATURE REVIEW

While recruiting females into computer science remains a major area of focus in the
computer science education field, we also need to examine how students’ experiences influence
their persistence in CS. If we want to increase female student enrollment in computer science to
parity with male students, we need to provide meaningful and rewarding experiences for female
students to want to persist (Good et al., 2012; Google Inc. & Gallup Inc., 2014; Kafai & Burke,
2014; Margolis & Fisher, 2003). Historically, attrition of female undergraduates from CS is
higher than that for male students and a significant factor in the lower number of degrees
awarded to women (Chen, 2013; Cohoon & Lord, 2006; Hamilton et al., 2016). Prior work has
suggested that belongingness and self-efficacy are significant predictors of persistence and
academic achievement, in general (Goodenow, 1993; Hausmann, Schofield, & Woods, 2007;
Pittman & Richmond, 2007) as well as in computer science (Lishinski et al., 2016).
Understanding what influences both belongingness and self-efficacy in computer science
classrooms, and how computer science educators may create an environment that bolsters
students’ sense of both, can possibly aid in the retention and persistence in computer science.
2.1 Belongingness

Baumeister and Leary (1995) stated that the need for belonging has two criteria: frequent,
pleasant interactions, and a stable context of concern for each other’s welfare. Deci and Ryan
(2000Db) presented the need for belongingness as a motivational basis for learning, with
belongingness aiding in the transfer of group knowledge to the individual. Picket, Gardner, and
Knowles (2004) found that belongingness developed through verbal and visual social cues, and
could affect basic cognitive functions. Good, Rattan and Dweck (2012) examined belongingness

in the context of mathematics education, how it evolved over time, and affected student



persistence in the discipline. The authors used a measure of belonging with five factors
(Membership, Acceptance, Affect, Desire to Fade, and Trust) to examine college students’ sense
of belongingness while enrolled in a calculus course. They found while both male and female
students’ plans to persist in mathematics were significantly predicted by their sense of
belongingness, women’s sense of belongingness eroded when exposed to an environment that
reinforces negative stereotypes about female mathematicians (e.g. statements that women are not
good mathematicians) or the belief that mathematic ability is a fixed trait. Lewis et al. (2016)
provided practical recommendations for addressing gender equity for physics educators based
upon review of empirical studies on female students’ sense of belongingness in physics. They
suggested instructors: (1) temper the use of cultural references that reinforce a “geek culture”
within the field, (2) focus on and reward hard work over “natural talent”, (3) explicitly state to
students that feelings of not belonging in the domain are normal at first and fade over time, (4)
use cooperative pedagogical strategies, such as a jigsaw activity model, to encourage meaningful
social interaction within the classrooms, and (5) and to tie the course content to a larger social
context outside of the classroom to help affirm the value of what is being learned.

Within computer science education, Cheryan et al. (2009) conducted a series of four
studies examining female undergraduate students’ sense of belongingness in computer science
and their classroom environments. In the first study, the authors developed a list of objects likely
to be found in the office of a stereotypical computer scientist from two separate groups of
undergraduate students. The researchers then decorated three classrooms, one with stereotypical
objects (e.g. Star Trek posters), one with non-stereotypical object (e.g. nature posters), and one
without decorative objects, where they conducted surveys of undergraduates about their

likelihood to major in computer science. The researchers found that while male student interest
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in majoring in computer science did not vary across rooms, female students in the non-
stereotypical room had a higher level of interest in majoring in computer science than females in
the stereotypical and bare room. In their second study, the researchers described to
undergraduate women two potential workplaces, both with similar salaries and an all-female
team of coworkers, that differed only in the types of objects (stereotypical and non-stereotypical)
found in their workplace. The students reported a lower sense of belonging in the stereotypical
office than the non-stereotypical office, in spite of the presence of an all-female team. In the third
study, undergraduate students of both genders were given descriptions of gender-balanced
workplaces with similar salaries, one described using the stereotypical objects and one without.
Male students were more likely than female students to choose the stereotypical workplace,
however, overall males and females preferred the non-stereotypical workplace. Finally, the
fourth study used a similar design to the third study, but the workplace was described as a web
development company. The authors found that male students preferred the stereotypical
environment over the non-stereotypical, while female students preferred the non-stereotypical
environment. These findings point to not only the importance of environment in determining
students’ sense of belongingness, but how that environment can be a stronger influence that
gender composition of the workplace, and how certain computing disciplines (e.g. web design)

can convey gendered messages for students.

2.1.1 Belongingness and Stereotype Threat.

Belongingness is often intertwined with concerns about stereotype threat (Steele, 1997) in
that both involve students being aware of how aspects of their own identity, such as race or
gender, relate to their own conceptions of who does—or does not—become a member of a given

field/domain. Steele described negative stereotypes as typecasting a group of people, such as
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“female students are not good mathematicians”. Stereotype threat is when a member of a
negatively stereotyped group is faced with the “[predicament] that the existence of such a
stereotype means that anything one does or any of one's features that conform to it make the
stereotype more plausible as a self-characterization in the eyes of others, and perhaps even in
one's own eyes.” (p. 797). Managing this predicament, while also completing the normal tasks
required in that domain, such as completing homework or preparing for tests, can have a
negative effect on one’s performance in comparison to peers without this burden. Their reduced
performance is due to the mental energy spent upon trying to avoid being perceived as an
example of a negative stereotype (Murphy, Steele, & Gross, 2007; Steele, 1997; Steele &
Aronson, 1995). Stereotype threat appears to only negatively affect members of groups with a
negative stereotype. While white males may be aware of a stereotype (e.g. “white males are the
typical programmer”), they do not suffer the same detrimental effects of that stereotype as a
woman or person of color might (Steele, 1997). Inzlicht and Ben-Zeev (2000) found that female
undergraduate students assigned to both single gender and mixed gender three-person work
groups performed better in mathematics and verbal assessments in all-female work groups.
Inzlicht and Good (2005) suggested that the percentage of a student’s class that matches his/her
gender, race, and ethnicity can affect the strength of stereotype threat, with its effects being more
pronounced when students perceive themselves to be outnumbered in the classroom. This is
further exacerbated when there is a mismatch between the teacher and student demographics in
the classroom (Marx & Roman, 2002). The teacher may be perceived as another indicator of who
works in a particular field or discipline, and thus can either reinforce or help counteract a
negative stereotype. As a student continues to encounter situations that reinforce existing

negative stereotypes, the probability of experiencing “domain disidentification” rises in which
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the student has a reduced sense of belonging and likelihood to pursue further studies in the field
(Cundiff et al., 2013; Steele, 1997). Smith et al. (2015) similarly found that undergraduate
female physics students identified greater stereotype threat than biology students, resulting in
lower sense of identification with the field, and likelihood to continue in the field. Eccles et al.
(1999) also showed that choice of major and courses at the university level can be affected for
members of a group described by a negative stereotype. Tellhed et al. (2017) found that female
high school students’ lower interest in STEM careers, a field identified as more masculine,
correlated with lower STEM self-efficacy and sense of belongingness. Meanwhile, male
students’ lower sense of belongingness in health and education careers, fields seen as more
feminine, was also predictive of lower interest in entering those fields. While there has been
some research on how CS classroom environment can influence students’ belongingness, there is
limited research on how their sense of belongingness influences their self-efficacy in CS as well
as their persistence in CS.

2.2 Self-Efficacy

Bandura (1997) described self-efficacy as “beliefs in one’s capabilities to organize and
execute the courses of action required to produce given attainments” (p. 3). He proposed that
there were several sources of self-efficacy including mastery experience, vicarious experience,
persuasion, and arousal.

Mastery experience can be thought of as the successful completion of a task or challenge,
leading to a heightened sense of self-efficacy in that particular task. For example, in a computer
science context, this may be that a student successfully compiles their code without errors for the
first time, and the positive experience with that task helps bolster their self-efficacy. Inversely,

they could spend a significant amount of time searching for a syntax error that is preventing code
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from compiling, only to give up out of frustration. This could lead to a lessened sense of self-
efficacy as a programmer and deter them from continuing their efforts.

Vicarious experience, learning from observing someone else complete the task, could
also increase one’s sense that they too could complete the task. For example, students may
experience this by watching peers solve coding problems that they were unable to do
independently. Using the syntax error example from above, a student may seek out assistance,
watch how their peer uses a method to find the syntax error and as a result feel that they could
also use this technique to solve the issue. Likewise, if they seek out help and their peers’
methods for solving the problem is beyond the student’s comprehension, this may reinforce the
negative effect on their self-efficacy in programming.

Persuasion is the act of other persons encouraging you to complete a task, in a
constructive manner, that bolsters self-efficacy to complete the task. For example, teachers may
encourage a student to persevere in finding the syntax error that is frustrating them or
congratulate them on successfully completing a difficult task. This persuasion may also come
from peers that try to convince them that this is a difficult task, their level of effort is normal, and
that they should keep working on the problem. Self-efficacy is again bolstered if the student
receives these messages to persevere. In a negative example, a teacher or student could send a
message that the tasks is exceedingly easy and that they should have finished earlier, and thus
adding to the negative effect on the student’s self-efficacy.

Finally, arousal is largely concerned with any physio-emotional state, such as
nervousness or confidence, that results in changing the person’s sense of self-efficacy regarding
their ability to complete the task. For example, if a student experiences stress and frustration, it

may be interpreted by the student as a sign of their lack of skill or ability, which could lead to
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lower self-efficacy. However, if a student is in a more positive emotional state, such as in a
classroom that is devoid of distraction or negative imagery, they are more likely to have higher
self-efficacy.

Of these four influences on self-efficacy, mastery experiences are often believed to be the
most powerful (Bandura, 1977, 1986, 1997) as they are most authentically experienced by the
subject. Considerable research has been done on the relationship between student self-efficacy
and their academic performance (Bandura, 1977, 1986, 2002, Lent et al., 1994, 1986). Bandura’s
(1977, 1986) work on social cognitive theory suggested that self-efficacy was a strong predictor
of performance on tasks of varying difficulty. Bandura (1977) described how adults with a fear
of snakes watched a boa constrictor being handled by an assistant in various manners, while
building up to handling the snake themselves. By surveying the participants’ self-efficacy
beliefs regarding the handling of snakes throughout the process, he found that the direct
experiences where participants handled the snake themselves were more powerful in increasing
their self-efficacy than watching the assistant handle the snakes. Research has also suggested that
self-efficacy in a particular domain is predictive of career choice (Bandura, 2002).

Chemers and colleagues (2011) surveyed 665 undergraduates, graduate students, post-
doctoral fellows, and recent graduates associated with a professional science organization for
Chicano and Native American students. The researchers were investigating how personal
psychological traits (e.g. self-efficacy, personal identity) mediated the influence of science
support experiences on students’ commitment to science careers. Results from the path analysis
suggested that the effects of research experience, community involvement, and mentoring on a
students’ commitment to a science career was mediated by their science efficacy, leadership

efficacy, and identity as a scientist. The mediating effects were present in both undergraduate
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and recent graduate, yet even stronger in the graduate and postdoctoral participants. This points
to a need for instructors to understand more advanced students’ sense of self-efficacy in order to
ensure that support experiences (e.g. mentoring) are more effective in improving the retention of
students within their field.

Pajares and Miller (1994) surveyed 350 undergraduate students regarding their
mathematic self-efficacy, perceived usefulness of mathematics, mathematic anxiety, mathematic
self-concept, and prior experience. Immediately after completing the survey, students then were
asked to complete a mathematic problem instrument as a measure of performance. The
researchers found that mathematic self-efficacy had the strongest effect on mathematic problem
solving and also mediated the effect of gender and prior experience on mathematic self-concept,
perceived usefulness of mathematics, and mathematic problem-solving performance. This points
to self-efficacy as one possible influence to counteract any negative performance concerns
related to student gender and experience.

In another study, Pajares and Valiante (1997) examined 518 fifth graders’ self-efficacy as
it related to their writing performance. Students completed a survey regarding their self-efficacy,
perceived usefulness of writing, and writing apprehension in a single class period and then in
another session completed a 30-minute essay writing task. Teachers were also asked to rate
students’ writing aptitude toward the end of the first semester, prior to students’ completion of
the essay task. The researchers found that writing self-efficacy contributed significantly to fifth-
grade students’ essay writing performance, had an effect in reducing writing apprehension, and
increasing students’ perception of usefulness of writing. Writing self-efficacy also partially
mediated the effects of existing writing aptitude and student gender on students’ writing

apprehension, perceived usefulness of writing, and writing performance. These findings
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emphasize the significant role self-efficacy can play in a students’ performance in the writing,
leading to the researchers’ suggestion that teachers should pay close attention to not only
students’ prior performance, but also students’ beliefs about their performance as these beliefs
mediate the predictive power of past performance on future performance.

Within computer science and related fields, similar relationship can be found with self-
efficacy being tied to higher performance, persistence, choice of academic majors, and career
aspirations (Beyer, 2014; Blaney & Stout, 2017; Cohoon & Lord, 2006; Lishinski et al., 2016).
For example, Beyer (2014) surveyed 1319 first-year students of all majors across three years
regarding their demographic information, stereotypes regarding CS, computer self-efficacy and
experience, personality variables, and experience in CS courses. Student enrollment and grades
in CS courses were tracked for their first year for 128 students, who enrolled in a CS course.
The researchers found that first- year undergraduate male students had higher levels of
computing self-efficacy than female students, female students rated their own CS ability lower
than their male counterparts, and that female students were more likely than male students to
believe that women have as much ability as men in CS. As for predicting the likelihood to enroll
in a CS course, the strongest predictors were computer self-efficacy, high interest in CS, low
family orientation, low openness to experiences, and low conscientiousness. Again, boosting
computing self-efficacy could offer a manner in which to address disparities in whether a female
student is likely to enroll in computer science courses.

Blaney and Stout (2017) collected data from 2184 undergraduate students enrolled in
introductory computing courses across 65 universities regarding their computing self-efficacy,
sense of belongingness in computing, and perceived instructor inclusivity. The researchers were

primarily interested in how self-efficacy and belongingness may differ in these courses between
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first-generation college students and their peers, and how these differences appeared across
gender. Students’ sense of belongingness and self-efficacy had a positive correlation with their
level of interaction with faculty in class and student perception of inclusivity. Female students
reported less interaction with their instructors both inside and outside of class. The implications
the researchers offered is that instructors must make an effort to provide interaction (e.g. group
discussion) within their courses for all students, encourage students to attend office hours to
introduce themselves, and use explicitly inclusive language in the classroom (e.g. she/he,
him/her) as they describe working in computing.

Lishinksi et al. (2016) collected data from 346 undergraduate students enrolled in a CS1
course. The researchers’ interest was in the relationship between students’ self-efficacy to their
programming performance, and how the relationship changed over the span of the semester. The
authors found that while male and female students performed similarly in the course, female
students adjusted their self-efficacy beliefs to more accurately match their performance earlier in
the course than male students, possibly internalizing early failures, which further lowered their
self-efficacy beliefs. Male students were slower to adjust their self-efficacy beliefs to match their
performance, often overestimating their abilities before eventually reaching a higher correlation
between self-efficacy and performance later in the course. The authors argued that differences in
the way that male and female students adjust their self-efficacy beliefs can be especially
impactful because self-efficacy beliefs can form a feedback loop with performance, where
performance impacts self-efficacy, which further impacts future performance. One possible
solution to this may be that instructors can examine their pedagogical choices to ensure students
are not initially facing tasks that are too difficult or they run the risk of disproportionately

lowering self-efficacy of female students over their male counterparts.
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Considering the existing findings above (Beyer, 2014; Blaney & Stout, 2017; Cohoon &
Lord, 2006; Lishinski et al., 2016), measuring self-efficacy becomes a useful measure for
predicting not only academic performance, but point to the likelihood of a student continuing in
their field.
2.3 Broadening Participation in Computer Science

Interest and research in gender equity within computer science over multiple decades has
examined when we can best intervene in the educational pipeline, how we can remain aware of
and address structural inequities in the existing school systems, and how we present computer
science as a discipline to students. Given the importance of belongingness and self-efficacy in
students’ academic outcomes and persistence, it is important to examine how we can alter
existing curriculum and classroom practice to better address gender inequality within computer
science at the K-12 level.
2.3.1 Timing: Reach Students Before University

Prior work on increasing gender diversity in STEM fields has suggested that we need to
engage women in high school and earlier (Google Inc. & Gallup Inc., 2014; Shapiro et al., 2015).
Shapiro et al. (2015) surveyed 1189 (414 male, 775 female) middle school students to examine
students’ confidence, gender role beliefs, career aspirations, and exposure to STEM career
options. Four hundred and seventy-five female students identified as girl scout members and 299
identified as not being girl scouts. The authors found that Girl Scouts had higher exposure to
STEM career options than the non-Girl Scouts, along with being more likely to voice STEM
career aspirations. The authors found that gendered notions of career paths had already been
identified in the students’ responses, with female students (both Girl Scouts and non-Girl Scouts)

anticipating taking a break from their career to care for children, and boys being more likely to
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state that men are better at some professions than women. The researchers pointed to the higher
exposure to STEM experiences as Girl Scouts as possibly counteracting the negative effect of
gendered carecer beliefs on the students’ career aspirations.

Google & Gallup (2014) surveyed 1600 participants (600 male, 1000 female) that
included pre-college students, college students, and recent graduates. The respondents were 50%
pre-college and 50% were currently attending or had recently graduated from college. Fifty
percent of the all respondents were interested in or currently studying computer science or a
related subject, while the remainder voiced no such interest. Results suggested that four factors
accounted for 60.5% of the variance in female student’s decision to major in CS. These factors -
social encouragement, self-perception, academic exposure, and career perception - had largely
been determined before female students entered the university and were less malleable after high
school. Social encouragement was the strongest predictor of the decision to major in CS,
accounting for 28.1% of the variance in the explainable factors. In addition, career perception of
CS graduates was the second strongest predictor of students choosing to pursue a CS degree
accounting for 27.5% of the variance in explainable factors. Results suggested that exposure to
computer science courses in high school accounted for 22.4% of the variance in explainable
factors. Lastly, Self-perception accounted for 17.1% of the variance in explainable factors
affecting the decision to pursue a CS undergraduate degree.

Social encouragement included positive feedback from parents, teachers, and peers when
pursuing an academic goal. Self-perception was comprised of both a female student’ interest
and perception of her proficiency in mathematics and problem-solving. Students exhibited this
through a “passion for, an interest in ... puzzles, problem-solving and tinkering” (Google Inc. &

Gallup Inc., 2014, p. 5). Academic exposure referred to a student’s opportunity to take a
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Computer Science course in high school, the existence of computing in the high school curricula,
or access to computing-related extracurricular activities. Female students who had completed an
Advanced Placement Computer Science course were found to be 38% more likely to pursue a
Computer Science degree. Lastly, career perception included having knowledge of the wide
application of computer science beyond stereotypical views of CS as a solitary programming
endeavor. Also included in career perception were the possible personal and professional
benefits of a computing career. This was seen as not only combating media stereotypes of what
a career in computing looks like, but also knowing that the work can have an effect on personal
and social causes that relate to the student’s interests. The Google & Gallup (2014) study also
found that other factors, such as having a family member in the CS field, geography, early
exposure to technology, and natural aptitude, had little or no influence on the likelihood for a
student to enter into CS. With social encouragement, self-perception, academic exposure, and
career perception being easier for teachers and parents to influence, these results were interpreted
as a positive finding. The report suggested that these factors are malleable and recommended a
number of steps for parents and educators.

Considering that students in the United States do not formally choose a specialization
until they reach university presents an opportunity to reach them at the secondary level or even
earlier. The more a student has the opportunity to experience success in mathematics and
computer science in high school, the likelier they are to continue in computer science as an
undergraduate (Google Inc. & Gallup Inc., 2014, p. 2014). While CS does not count towards
high school graduation requirements in most states, twenty states have begun requiring schools
to allow CS courses to count for some portion of students’ math, science, or language graduation

requirements (Zinth, 2016). A student’s identification of computer science as a field of study,
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and possibly a career path, coincides with these first exposures in high school (A. Lee, 2015;
Mclnerney, DiDonato, Giagnacova, & O’Donnell, 2006). This rise in support for CS as a
college-preparatory course, coupled with research showing secondary level as the critical time
for students to prepare for a CS pathway (Google Inc. & Gallup Inc., 2014, p. 2014; A. Lee,
2015; Mclnerney et al., 2006), makes it increasingly important to examine which of the current
efforts show the greatest promise in increasing gender diversity in CS.

High school is often one of the first settings in which students may take a course devoted
entirely to the study of computer science, but many primary and middle schools are introducing
programs such as the Hour of Code and Computer Science Unplugged to reach younger students
(CS Education Research Group, 2014). For example, Project Lead the Way has successfully
offered professional development and curriculum for K-8 teachers, thus preparing students for
the program’s AP Computer Science courses that are offered later in high school (Brown, 2015).
These efforts prior to high school are part of an overall strategy in addressing inequity in CS, and
provide an area for further study, yet this study is focused on the high school level due to the
immediate availability of consistent CS curricula across a wide set of participating high schools.
2.4  Structural Barriers for Equity

In addition to research discussed above on engaging female students in computer science,
significant work has been done to understand how structural issues, such as disparate funding
across educational systems, varied access to technology in the home, and prevalent gendered
beliefs, result in lack of access to STEM and CS offerings for historically marginalized groups
(Goode, 2008; Goode, Margolis, & Chapman, 2014; Margolis, 2008, 2013). Margolis (2008)
examined three schools with varied resources and demographics in California to discover the

root causes for differing gender, racial, and ethnic inequality in CS enrollment. The three
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schools varied in the number of computing courses offered, the depth of the computing
curriculum, and the computing resources available to students during non-class times. With
funding disparities across the different schools, the authors found that computing courses were
vulnerable to cuts as they were not a graduation requirement, the quality of computing
equipment varied, and students had access to resources for longer hours in the more affluent
schools. The authors also identified problems with teachers’ perceptions of innate student ability
and teaching approaches that privileged students with prior experience with technology. The
teachers’ initial perception of innate student ability, whether students had a predisposed talent for
computer programming, was especially problematic in that it appeared to be influenced by
gender, race, and ethnicity of the students. The researchers also found that teachers would often
privilege the knowledge and classroom interaction of students that already had prior experiences
with technology, allowing their needs and questions to steer class discussion, thereby not giving
all students equal opportunities and support to construct their own understanding of the material.
Students also had unequal access to computers at home and stated their own racial and gendered
beliefs regarding the typical “coder”. The authors also identified gender inequity as female
students encountered sexist interactions with classmates in CS courses, teacher and student
beliefs that male students had more inherent coding ability, and a lack of other female students to
form a support network. The authors also found that the lack of computer science as a required
course, such as mathematics or science, put the impetus upon teachers and students to recruit and
maintain enrollment within computing courses. Some students and teachers were still successful
in recruiting female students, yet this was arguably limited by students’ and teachers’

personalities and resources.
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In another study, Margolis and Fisher (2003) found that while both female and male
students were motivated to major in CS as a result of enjoying programming, female students
were also motivated by how computer science was applicable to other fields such as, science and
math. This points to the need for CS curriculum to make these connections to other disciplines
and computing as part of addressing gender equity. Despite efforts to increase female students’
participation in computer science, there is limited research on what specific psychological
factors, such as belongingness, influence female students to pursue computing disciplines. Given
the existing declines in overall enrollment of female students (U.S. Department of Education,
2017; Zweben, 2013; Zweben & Bizot, 2016), additional research is needed to identify factors
likely to influence female students’ participation in CS.

2.4.1 Representations of Computing Disciplines

In addition to the efforts discussed previously to broaden participation in CS, a growing
body of work has also examined how CS curriculum can be more inclusive and showcase
multiple ways in which computer scientists choose to work (Kafai & Burke, 2014; Kafai, Fields,
& Searle, 2014; Searle, Fields, Lui, & Kafai, 2014; Turkle, 1997). Turkle (1997) interviewed
multiple female programmers and found that traditional approaches to teach programming,
reflected by a focus on linear problem solving and defining a program, were not reflective of the
full range of programming styles. She argued that these traditional methods were a reflection of a
male-dominated field. Turkle and Papert (1990, 1992) proposed the concept of programmers
using a form of bricolage, which was not linear and required the programmer to pull from
various resources and media, much like an artist; yet still resulting in the end with a program as
valid as any other. The programmers using this method reported a somewhat chaotic process, not

always driven by a clear plan, in which they jumped around to work on code in various parts of a
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program until they were satisfied with the overall result. This new type of work was between
what one would call traditional programming, with a text editor and compiler, and design work
previously done in an analog fashion. Part of this bricolage approach was that the contexts in
which computing was applied were more than just on the screen, producing physical artifacts or
products that were integrated with the computing technology. The authors saw this approach to
computing as a pathway to making the topic more relevant to students (Turkle & Papert, 1992).
Similar to Turkle and Papert’s interest in the non-traditional contexts for applying
computing, Kafai and colleagues (Kafai & Burke, 2014, 2015; Kafai, Lee, et al., 2014; Kafai,
Peppler, & Chapman, 2009) have done extensive work with physical computing involving
textiles and circuitry, often with a focus on extending the appeal of CS to female and historically
marginalized students. Students are exposed to new contexts for using computing skills by
working with these physical projects, engaging in the social experience of programming, and
expanding their conceptions of who can be a computer scientist. The rise of maker education
(Blikstein, 2013; Dougherty, 2012; Halverson & Sheridan, 2014; Sheridan et al., 2014) has also
introduced students to computing ideas from a broader perspective. The results from these
alternative approaches to learning and defining CS have pointed to greater participation and
collaboration (Kafai, Fields, et al., 2014), increased interest in computing (Searle et al., 2014)
among female and underrepresented minority students, and the development of computational
thinking skills as a result of engaging in making (Wagh, Gravel, & Tucker-Raymond, 2017)
Kafai et al. (2014) conducted a qualitative study with 15 high school students (7 female,
8 male) in a 10-week physical computing module integrated into an existing computer science
course. This module was comprised of lessons that used LilyPad Arduino circuits, a popular

platform for programming that controls and interacts with sensors, lights, and other electronics.
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These electronic components were integrated into working with textiles to create an artifact that
was presented at the conclusion of the module. The researchers reported that students found an
increased sense of relevance for their computing skills, an increased ability to envision
themselves as computer scientists, and an expanded idea of what computing tasks can include as
valid work. The researchers also noted that girls and boys that were not typically attracted to
computing were equally participating in the projects, while the use of a non-competitive format
for exhibiting final projects also increased engagement with computing concepts.

Searle and Kafai (2015) also conducted a qualitative study looking at a three-week unit
delivered as part of a female-only Native Studies course for American Indian girls aged 12-14 at
a tribal charter school. The course focused on student-driven textile projects that integrated
circuitry with clothing (hoodies) that were shared at the end of the session. Students were
encouraged to take the projects home with them to gain advice regarding sewing and crafting
from knowledgeable friends and family. The researchers found that the focus on community and
crafting of decorative clothing resonated with the cultural norms of the American Indians girls,
increased their interest in computing, and gave them an expanded sense of their own capabilities.

Wagh et al. (2017) provided a case study of four 11th and 12th grade students (3 female,
1 male) engaged in making an interactive water fountain that reacted to musical tones with
various lighting effects. The project was integrated with the use of Arduino circuit boards and
LEDs, along with typical crafting supplies. Over the course of three weeks, the researchers
repeatedly interviewed the participants in situ and documented the progression of the project via
photographs and field notes. The team identified instances where the students had naturally
engaged in, and further developed, the computational thinking skills of problem decomposition,

debugging, troubleshooting, and sense making. The researchers pointed to how the use of a
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project personally important to students, the collaborative nature of the project, and the instant
feedback from code to LEDs allowed students to more effectively develop and use these
computational thinking skills.

These findings suggest that incorporating more of these non-traditional computing
activities and approaches that go beyond typical programming courses into the CS curricula may
help attract and retain students in computer science. This is supported by other research arguing
that how we represent CS (Yadav et al., 2017) and student misconceptions about CS (Grover,
Pea, & Cooper, 2014) has the potential to influence who participates in the field. It is important
that we represent the computer science discipline in a way that broadens participation of
traditionally underrepresented groups, including female students.

2.5 Context of the Study

Computer science curriculum efforts in K-12 are varied and difficult to match across
schools, states, or regions. In an effort to establish a more consistent curriculum across
geographical and pedagogical divides, we chose to use the existing Advanced Placement

Computer Science courses as a context for both curricular structure and sampling of students.

2.5.1 Advanced Placement Computer Science

The AP Computer Science courses (AP Computer Science Principles and AP Computer
Science A) are a set of courses offered in high schools throughout the United States which
culminate in students taking a standardized test for each course. The College Board developed
these courses with the input of both high school teachers and university faculty. The AP CS
frameworks include a progression of topics and activities that teachers can rely upon.
Considering the variation in how various states enact other computer science standards, the AP

courses offer an opportunity to sample students across geographical settings. Currently, there are
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two AP CS courses —Advanced Placement Computer Science A (APCS-A) and Advanced
Placement Computer Science Principles (APCS-P). The two courses reflect two differing
approaches to the teaching of computer science — the APCS-A course focuses primarily on Java
programming while the APCS-P course takes a broad view of computing. This provides an
opportunity for us to examine how a broad view of computer science influences student
outcomes in CS. While specifics regarding our sample and location are covered in the
methodology section, it is first important to understand the form and history of these two
courses.
2.5.1.1 Advanced Placement Computer Science A

The College Board has offered APCS-A in some form since 1984. This course has
historically been conceptualized and organized as a traditional programming course, with a focus
on one specific language, programming lab exercises, and paper-based classroom tests. The style
of work is largely individual in nature, although certainly instructors provide students the
opportunity to work together at times. The course description provided by the College Board
(2014) organizes the curriculum by programming constructs such as variables, methods,
iteration, and classes. This course was intended to be the equivalent of an undergraduate
introductory CS course (CS101) taken during the first semester (The College Board, 2014),
although APCS-A typically is done over the course of the entire academic year. The
programming language, currently Java, is chosen by the College Board, with all official AP
exams and materials reflecting only this language. The final APCS-A exam consists of questions

regarding programming concepts and typical code-centric tasks, again in Java.
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2.5.1.2 Advanced Placement Computer Science Principles

The College Board recently introduced the APCS-P course, partially in an effort to
“appeal to a broader audience, including those often underrepresented in computing” (The
College Board, 20164, p. 4). This course was developed with the intent to broaden the appeal of
computer science by focusing on seven big ideas of computing, including exposing students to
computational thinking concepts and practices, and allowing students to examine how computing
affects the world they live in (The College Board, 2016a). The Seven Big Ideas of computing are
creativity, abstraction, data and information, algorithms, programming, the internet, and global
impact. The APCS-P curricular framework uses computational thinking throughout the course
using six CT practices: connecting computing, creating computational artifacts, abstracting,
analyzing problems and artifacts, communicating, and collaborating.

APCS-P was first officially offered to high school students in the 2016-2017 academic
year. Similar to APCS-A, the APCS-P course was intended to be the equivalent of a first
semester computing course at the undergraduate level. While the APCS-A course has also made
some changes over the years to appeal to a larger audience of students, the APCS-P course was
intended to be fundamentally different from APCS-A in its approach. Its content is not only new
but contains more flexibility in its implementation and format than the APCS-A course. The
instructor can choose the language they prefer to use, with activities and exams being “language
agnostic”. Programming is still used to varying degrees in the course, but activities have been
added that differ from the traditional, solitary programming lab assignments. APCS-P provides
non-programming exercises in the form of reports and group discussions about social issues tied

to computing, such as conducting data collection of consumers and the larger implications of
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doing so. Possibly the largest change, though, is that students are expected to create two projects
of their own design: an “Explore Performance Task” and a “Create Performance Task”.

The explore performance task involves researching a computing innovation of the
student’s choice (i.e. virtual reality), producing a “computational artifact” that explains the
innovation and its impact, and replying in written form to a series of prompts regarding their
chosen topic. The artifact must be documented and submitted as part of the AP exam. The
create performance task involves the student creating a program to solve a problem of their own
choosing. Students are heavily encouraged to work collaboratively with other students, and must
use advanced logical and mathematical capabilities of their chosen programming language. The
create performance task must be documented with video of the program running, written
responses to prompts regarding their project, and submission of the final materials in an online
AP digital portfolio. These tasks are completed over the duration of the course and not intended
as an end-of-course assessment.

There is still a traditional end-of-course AP exam, but in place of using a prescribed
language (e.g. Java), only pseudocode is provided so the student is not dependent on learning a
specific language. Pseudocode is a term used to describe draft versions of a program written in
natural language, not restricted to a formal programming language syntax, and used to describe
the logical flow of a program without being concerned with exact structure and syntax. The
remaining questions on the test are presented as traditional multiple choice word problems
related to computer science principles and the relationship between computing and the world .

In determining the final AP score for the course, which is graded on a 1 to 5 scale, the
“explore performance task accounts for 16% of the score, the “create performance task”

accounts for 24% of the score, and end-of-course exam accounts for 60% of the score. The
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reduced emphasis on the final exam and the lack of a prescribed programming language are a
reflection of the purpose of the course to broaden representations and contexts for the use of
computer science. This expansion of the course content beyond only programming constructs,
along with the expanded form of assessment beyond paper tests, is what distinguishes the APCS
Principles course from the more traditional APCS-A course.

The College Board intends for the Principles course to aid with efforts to broaden
participation in CS (The College Board, 2016a). This is not the only goal of the Principles
course, but a significant claim in College Board materials and related popular press (Anderson,
2018; The College Board, 2016a). The course was chosen by the researchers as a setting not
only for these claims, but more importantly for the curricular choices available in APCS-P that
are tied to the research addressing gender inequity. The APCS-P framework requires students to
apply computer science to authentic problems, outside of the context of a computer science
classroom, which matches with research showing this increases students’ engagement and sense
of belonging in a computing classroom (Blaney & Stout, 2017; Searle et al., 2014; Searle &
Kafai, 2015). The use of computational thinking concepts adds to this cross-disciplinary reach of
computer science, allowing for students to see the relevance of CS ideas to solving problems in
other fields. While APCS-P is not an all-inclusive representation of all the efforts to address
gender inequity through curriculum, the inclusion of computational thinking, a broad
representation of computer science, and addressing personally relevant problems are significant

enough components to reasonably expect changes in students’ self-efficacy and belongingness.
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2.6 Research Purpose

Considering the two Advanced Placement Computer Science courses and the intended
purpose of APCS-P to broaden participation in computer science, this study addressed the
following research questions:

1.) How do Advanced Placement Computer Science A and Advanced Placement Computer
Science Principles courses associate with students’ sense of belongingness, self-efficacy, and
persistence?

1b.) How does student gender interact with the associations between course type and
students’ sense of belongingness, self-efficacy, and persistence?

2.) How do classroom gender proportions, and teacher gender in AP computer science courses

associate with students’ sense of belongingness, self-efficacy, and persistence?
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CHAPTER 3 : METHODS
This chapter provides a summary of the methodology used for this study, including the

sampling, participants, measures, procedures, and statistical analysis. The study was conducted
with a correlational, predictive design (Creswell, 2008), using cross-sectional survey
methodology. The purpose of this design choice was to examine the correlation between
students’ belongingness, self-efficacy, and belongingness with their APCS course taken and their
gender
3.1 Sampling

Students enrolled in APCS-A and APCS-P were recruited through teachers who belonged
to professional Computer Science organizations such as the Computer Science Teachers
Association (CSTA), Michigan Association for Computer Users in Learning (MACUL), social
media groups for AP CS instructors, and personal contacts. Both teachers and students were
expected to participate in the study for a class section to be included in the analysis. Participants
were spread across a diverse range of locations within the United States. The initial email to the
teachers included a request to complete a preliminary survey about their teaching experience and
eligibility of classes to take part in the study. As this study included minors, teachers served as
the primary conduit through which students were recruited, assent/consent materials collected,
and survey links distributed. Using the recommendation from Kreft and de Leeuw (1998)
regarding proper sample sizes for hierarchical linear modeling analysis, the researcher recruited
at least 20 classes to participate in the study.

Forty-eight teachers responded to the initial recruitment survey, of which 39 were eligible
to take part in the study. Teachers were sent paper consent and assent forms for both the teachers

(N=39) and the students (N=981) enrolled in their APCS classes. An additional 15 teachers and
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their classes were dropped from the study for various reasons (withdrawal, non-response to
emails, lack of consent, school policies), resulting in a total of 24 teachers (male = 12, female =
12). Concerns about including smaller class sizes for hierarchical linear modeling as described
by Maas and Hox (2004) led to the removal of classes with less than five students, with a final
total of 17 teachers (8 male, 9 Female) and 20 class sections (10 APCS-A, 10 APCS-P).

Of the 17 total teachers, 7 teachers taught APCS-A only, 7 teachers taught APCS-P only,
and 3 teachers taught sections of both APCS courses concurrently. Specific number of student
participants by gender for course sections are reflected in Table 1. Note that these are only study

participants and do not reflect the total enrollment for each of the class sections.
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Table 1: Student Participant Summary by Class

Class ID Teacher Course To_tal I\_/Iqle F‘?”_‘a'e
ID Participants  Participants Participants
1 1 APCS-A 5 3 2
2 2 APCS-A 10 6 4
3 2 APCS-P 27 19 8
4 3 APCS-A 11 7 4
5 4 APCS-P 6 3 3
6 5 APCS-A 8 8 0
7 6 APCS-A 7 2 5
8 7 APCS-A 19 14 5
9 7 APCS-P 14 8 6
10 8 APCS-P 14 10 4
11 9 APCS-P 9 7 2
12 10 APCS-A 5 ) 0
13 11 APCS-A 22 17 5
14 11 APCS-P 48 37 11
15 12 APCS-P 5 5 0
16 13 APCS-P 12 4 8
17 14 APCS-A 10 8 2
18 15 APCS-P 17 10 7
19 16 APCS-A 6 6 0
20 17 APCS-P 8 6 2
Total 263 185 78
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3.2 Participants

Data was collected from a nationwide sample of 547 responses to the initial student
survey. Participants were mostly from the Midwest region of the United States, with students
from Arizona, Illinois, Indiana, Maryland, Michigan, New York, Ohio, Oklahoma, Pennsylvania,
South Carolina, Texas, Vermont and Wisconsin taking part in the initial surveys. However, 242
responses were removed due to duplicate entries, attrition, lack of consent/assent, lack of a post-
survey, enrollment in both CSA and CSP concurrently, and withdrawal. An additional 37
students were removed from analysis due to less than five participants within their respective
individual class sections (Maas & Hox, 2004). Given the focus of research on gender
differences, five students who did not provide their gender were also removed from the analysis.
Final sample included 263 students with 185 male students and 78 female students. Students
taking either of the two APCS course ranged from being in 9th to 12th grade, but the majority
were in 11th or 12th grade, as are students in AP courses nationally (see Table 2 for detailed
demographics on participants).

Racial demographics of the students (see Table 3) who self-identified were 189 White, 27
Asian, 22 multi-racial, 17 Black or African American, 2 Native American or Native Alaskan, and
6 as Other. There were 103 students in APCSA course (27 females and 76 males) and 160

students in APCSP course (51 females and 109 males).
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Table 2: Student Participant Summary by Gender and Grade Level

Grade Grade Grade Grade Grade Grade Grade Grade

Courses 9 9 10 10 11 11 12 12 Total
Male Female Male Female Male Female Male Female

APCSA 9 2 6 1 34 13 27 11 103

Only

APCSP 2 0 20 8 28 13 59 30 160

Only

Total 11 2 26 9 62 26 86 41 263

Table 3: Student Participant Summary by Race and Course

Race All Total Total Male Female Male Female

APCS APCSP APCS APCS APCS APCSP
A A A P

White 189 79 110 60 19 69 41

Asian 27 6 21 6 0 16 5

Multiple Race 22 6 16 2 4 12 4

Black or African American 17 8 9 5 3 8 1

Native American or Alaska 2 2 0 2 0 0 0

Native

Other 6 2 4 1 1 4 0

Total 263 103 160 76 27 109 51

3.3 Measures

3.3.1 Student Surveys
A survey was used to collect data on student (Appendix A) demographic information,

sense of belongingness in computer science, self-efficacy in computer science, and persistence
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within computer science. Teachers also completed a survey (Appendix B) regarding
demographics, computer science courses offered at their school, courses they were currently

teaching, and APCS class gender composition.

Belongingness

| measured students’ sense of belongingness in computer science using an adapted
version of the Math Sense of Belongingness Scale (Good et al., 2012). The adapted survey
included 28 items on an 7-point Likert-type scale (Strongly Agree to Strongly Disagree), which
were adapted for this study by changing item text portions from “mathematics” or “math” to
“computer science”. The scale was also adapted from Good et al. (2012) original 8-point scale to
a 7-point scale to ensure all of the measures had consistent scales, intended to avoid response
error. Good et al. (2012) found five factors related to students’ sense of belongingness in
mathematics: Membership (e.g., “I feel like I belong to the math community”); Acceptance (e.g.,
“I feel accepted”); Affect (e.g., I feel comfortable™); Trust (e.g., “I trust my instructors to be
committed to helping me learn”); and Desire to Fade (e.g., “I wish I could fade into the
background and not be noticed”). The belongingness composite score used in subsequent
analysis was calculated by taking the mean of all five factors’ respective means. Good et al.
(2012) achieved a Cronbach’s alpha of 0.81 for the composite belongingness score. For this
study, the composite belongingness score achieved a Cronbach’s alpha of 0.85. For the five
subscales, Good et al. (2012) achieved a Cronbach’s alpha ranging from 0.78 to 0.95. For this

study, the subscale alpha ranged from 0.77 to 0.94 (see Table 4).
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Table 4: Cronbach's Alpha for Belongingness Scale

Factor Good et al. (2012) Current Study
Membership 0.95 0.92
Acceptance 0.91 0.94
Affect 0.91 0.94
Desire to Fade 0.78 0.88
Trust 0.81 0.77

Composite Belongingness 0.81 0.85

Self-efficacy

The Self-Efficacy for Learning and Performance Scale, a component of the Motivated
Strategies for Learning Questionnaire (MSLQ) (Pintrich, Smith, Garcia, & McKeachie, 1991)
was used to assess students’ self-efficacy for the course. The self-efficacy scale was comprised
of eight items on a 7-point Likert-type scale (see Appendix A), of which a mean of the responses
was calculated to derive a self-efficacy composite score. Previously reported analysis of this
survey had excellent internal consistency reliability as measured by Cronbach’s alpha of(a =
0.93) (Pintrich et al., 1991). The scale has been used for assessing student self-efficacy in prior
computer science education studies (Lishinski et al., 2016). For this study internal validity was
assessed with Cronbach’s alpha (o = 0.96).
Persistence

In order to measure students’ persistence in computer science, | adapted a measure from
Yadav et al. (2014), which examined students’ interest and engagement in computing. The
original scale from Yadav et al (2014) was a four-point Likert-type scale, which | adapted to a

seven-point Likert-type scale for the purposes of this study to be consistent with other items in
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student survey. The eleven items in the persistence section are Likert-type scale items that were
adapted to examine students’ interest in continuing to study computer science topics, the value
they place upon computer science in relation to their future career, and their interest in pursuing
a career related to computer science. For this study internal validity of persistence scale was

assessed with Cronbach’s alpha (o = 0.96).

Prior Grades

Collecting students’ prior grades directly from the school systems was considered
unlikely and a source of further bias due to differing school records and GPA calculations for
students. As a measure of prior academic achievement, we adapted a self-reporting scale from
the National Education Longitudinal Study of 1988 (Ingels, 1990; NCES, 1988). Research has
established similar self-reported measures of academic achievement as acceptable and highly

correlated with actual student grades (Frucgt & Cook, 1994; Kuncel, Credé, & Thomas, 2005)

3.3.2 Teacher Surveys

An initial background survey was completed by teachers with items regarding their
gender, race/ethnicity, courses offered at their school, courses they were expected to teach, and
the gender composition of the CS course. A follow-up survey was completed after the semester
had finished to verify that they taught specific courses as initially expected, if any students had
dropped the course, and any reasons students may have given for dropping the course. The first
survey was composed of 17 items, while the second survey was composed of 8 items (see
Appendix B).
3.4 Procedures

Teachers were contacted via an email list for APCS-A and APCS-P instructors, personal

contacts of the researcher, and social media posts for APCS teachers asking for their
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participation and that of their students. Teachers completed an online recruitment survey to
ensure that they were teaching at least one APCS course, expected class enrollment totals, and
would start teaching the course in the fall semester. Teachers were compensated for taking part
in the study. Students were compensated through a random drawing for Amazon gift cards if
they completed all the forms and steps of the study. To avoid any concerns regarding coercion,
students that chose to not take part in the study, yet returned a consent form stating so, were also
included in the drawing pool for compensation. Compensation was sent directly to teachers,
along with gift cards for students that were selected in the drawing.

At the beginning of their fall semester, teachers that were teaching at least one APCS
course in the fall semester were sent a collection of paper consent forms for their students to
complete. Teachers were expected to collect and return these forms within the first two weeks of
their course. As their courses began and consent forms were gathered, teachers were then
emailed a link to both the student pre-survey and initial teacher surveys. The teachers were
encouraged to have students complete these surveys in a class setting to improve completion rate
by early-September at the latest. Due to significant weather events (multiple hurricanes) that
disrupted multiple schools, the deadline was extended to mid-September for all schools. The
schools varied in their start dates for fall semester, from late July to early September, so priority
was given to schools starting earlier when sending out the consent forms and links to surveys,
with an effort to have each school receive these within the first week of class. The student pre-
surveys gathered student background information, belongingness, self-efficacy, and persistence.
In order to examine any possible changes in students’ belongingness, self-efficacy, and

persistence, post-surveys were sent out in early December with a completion deadline of before
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holiday break. Due to unforeseen school schedule changes, weather, and unique school events,
the deadline was extended into mid-January for these surveys as well.

It is important to note that students were only halfway through their AP courses at the
time when the post surveys were taken. They likely had enough experiences to see the influence
of the curriculum on their belongingness and self-efficacy, as previous studies have shown
(Cheryan et al., 2009; Lent et al., 1986; Lishinski et al., 2016; Master, Cheryan, & Meltzoff,
2016; Walton, Logel, Peach, Spencer, & Zanna, 2015). Cheryan et al. (2009) and Master et al.
(2016) both found that women’s sense of belongingness fell after only a brief intervention in
which classroom or workplace décor was altered to be stereotypically male in nature. Lent et al.
(1986) found difference in participants self-efficacy and vocational interest across a 10-week
course. These studies all point to the likelihood that any changes in self-efficacy and
belongingness in this study can reasonably be expected to take hold within one semester.

During both the pre-survey and post-survey phases of the process, teachers were
contacted via email to make them aware of how many students had completed their respective
surveys, which consent forms had been returned, and if their own teacher surveys were not yet
complete. After the deadline for students’ post-survey had passed in mid-January, preliminary
analysis was conducted, and summary rosters sent to teachers for confirmation. Teachers replied
when necessary with any rosters inaccuracies, such as a student choosing the incorrect course
they were enrolled in, and any updates to course gender enrollment totals.

3.5 Analysis

Both APCS courses were likely affected by each class’ pedagogical, demographic, and

environment variables. This presented class sections as a possible contextual variable, with it

being likely that the sample of students would not be independent of each other and thus would
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have student outcomes correlating within their class section. With students nested within each
class section in the current study, three separate hierarchical linear modeling (HLM) analyses
were used on the data to examine whether the predictive powers of APCS course and student
gender on belongingness, self-efficacy, and persistence (each as an outcome in the model) varied
between classes. The use of HLM accounts for the within-group variance for each class section,
allowing for a more appropriate estimate of the effect of each variable than a simple multiple
regression on the entire collection of data would have provided. Intra-class correlation was
calculated to determine if HLM was the appropriate statistical method to use for the study data.
ICC could be interpreted as a percentage of the overall variance explained by the variance within
the class sections, with recommendations from 0.02 to 0.10 being common thresholds to begin
considering the use of HLM (Finch, 2014) over other methods. Multilevel analysis was
conducted for two levels: variables related to the individual student (Level 1) and variables
related to the class section (Level 2). The major analysis of the study was based on comparing
student outcomes (belongingness, self-efficacy, and persistence) between APCS-A and APCS-P,
while adjusting for differences between clusters on Level-1 (individual student) and Level-2
(class section) covariate characteristics. Level-1 covariates included student’s pre-test levels of
belongingness, self-efficacy, and persistence, along with student gender, and self-reported prior
academic performance. Level-2 covariates included teacher gender and class gender balance

percentages.
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CHAPTER 4 : RESULTS
This chapter describes the analysis and results conducted on the resulting data from the
student and teacher surveys described in Chapter 3.
4.1 Descriptive Statistics
Summary statistics (Table 5) and correlations (Table 6) for self-efficacy, belongingness,
persistence, and student prior grades can be found below.

Table 5: Descriptive Statistics for Self-Efficacy, Belongingness, Persistence, and Student Prior
Grades

Self Self Belong. Belong. Persist. Persist.  Student

Efficacy Efficacy Pre Post Pre Post Grades

Pre Post
N 263 263 263 263 263 263 263
Median 5.88 5.88 5.45 5.50 5.55 5.64 6.00
Mean 5.71 5.62 5.43 5.46 5.47 541 5.67
SD 1.08 1.15 0.86 0.88 1.16 1.25 0.62
Minimum 2.00 1.38 3.33 2.85 1.64 1.36 1.00
Max 7.00 7.00 7.00 7.00 7.00 7.00 6.00

Pearson correlations provide a preliminary indicator of how the pre and post scores for
self-efficacy, belongingness, and self-efficacy may be related. As such, the reader should note
that subsequent analysis using hierarchical linear modeling will provide more accurate results of
each variable’s influence. Results suggested that pre self-efficacy had positive correlations with
post self-efficacy (r=0.68, p<0.001) and student self-reported prior grades (r=0.20, p<0.01). Post
self-efficacy had a positive correlation with student self-reported prior grades (r=0.14, p<0.05).
Pre belongingness had a positive relationship with post belongingness (r=0.64, p<0.001). Results

suggested that pre persistence had a positive correlation with post persistence (r=0.73, p<0.001).

44



Table 6: Self-Efficacy, Belongingness, Persistence, and Student Prior Grades Correlations

Self Self Belong. Belong.  Persist. Persist.
Efficacy Efficacy Pre Post Pre Post
Pre Post

Self Eff. Pre
Self Eff. Post 0.68***

Belong. Pre 0.64*** 0.46***

Belong. Post 0.45*** 0.60*** 0.64***

Persist. Pre 0.40*** 0.30*** 0.47***  (0.32%**

Persist. Post 0.30*** 0.40%** 0.32%**  0.49***  (0.73***
Student Grades 0.20** 0.14* 0.02 -0.01 0.06 0.07

Notes * p<0.05 ** p<0.01 *** p<0.001

As shown in Table 7, APCS-P courses had a higher proportion of female participants
(female = 31.9%, male = 68.1%) than APCS-A courses (female = 26.2%, male = 72.8%). A chi
squared test of independence was conducted to examine whether there was a relationship
between the course taken and student gender. The relationship between these variables was not
significant (y%(1) = 0.71, p=0.40). It is important to keep in mind that these percentages are for
total participants in the study, which is distinct from the class gender percentages reported by

teachers which included both study participants and non-participants.
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Table 7: Frequency of Student Participants by Course and Gender

Female Male

Students Students
APCS-A 27 (26.2%) 76 (72.8%)
APCS-P 51 (31.9%) 109 (68.1%)
Total 78 (29.7%) 185 (70.3%)

As shown in Table 8, participants from APCS-P courses were more likely to have a female
teacher (female = 52.5%, male = 47.5%) than APCS-A courses (female = 32.0%, male = 70.0%).
A chi squared test of independence was conducted to examine whether there was a relationship
between the course taken and teacher gender. The relationship between these variables was
significant (x%(1) = 9.8, p=0.002), with students in APCS-P being more likely to have a female

teacher than students in APCS-A.

Table 8: Frequency of Teacher Gender by Course

Students with Students with

Female Teacher Male Teachers
APCS-A 33 (32.0%) 70 (68.0%)
APCS-P 84 (52.5%) 76 (47.5%)
Total 117 44.5%) 146 (55.5%)

As shown in Table 9, APCS-P classes had a higher proportion of female teachers (female =
60.0%, male = 40.0%) than APCS-A courses (female = 40.0%, male = 60.0%). A chi squared
test of independence was conducted to examine whether there was a relationship between the
course taken and teacher gender. The relationship between these variables was not found to be

significant (x?(1) = 0.2, p=0.655).
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Table 9: Frequency of Teacher Gender for Each Class Section by Course Type

Class Sections with Class Sections with
Female Teacher Male Teachers
APCS-A 4 (40.0%) 6 (60.0%)
APCS-P 6 (60.0%) 4 (40.0%)
Total 10 (50.0%) 10 (50.0%)

4.2 Outcome Variable Change

To analyze pre-post changes in each outcome variable, I calculated a pre-post change for self-
efficacy, belongingness, and persistence. This was calculated by subtracting pre scores from
post scores for each of the three outcome variables.

Table 10 (see below) offers a summary of the self-efficacy post scores by student gender,
course taken, and teacher gender to give an overview of how the different factors of interest
compare. Of note is the relatively small mean change in self-efficacy for all participants (M=-
0.10, SD=0.89). Female (M=-0.19, SD=0.96) and male (M=-0.05, SD=0.86) students both
showed a minor decrease in self-efficacy. APCS-A students show a minor increase in self-
efficacy (M=0.02, SD=1.01), while APCS-P students show a minor decrease in self-efficacy
(M=-0.17, SD=0.79). Students with both female teachers (M=-0.08, SD=0.86) and male teachers

(M=-0.11, SD=0.91) showed a decrease in self-efficacy.
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Table 10: Descriptive Statistics for Self-Efficacy by Student Gender, Course, and Teacher
Gender

N Self-Efficacy Pre Self-Efficacy Post Self-Efficacy Change

Mean SD Mean SD Mean SD

Student Gender

Female 78 5.31 1.12 5.12 1.32 -0.19 0.96

Male 185 5.88 1.02 5.83 1.00 -0.05 0.86
Course

APCS-A 103 5.43 1.18 5.46 1.25 0.02 1.01

APCS-P 160 5.89 0.98 5.72 1.07 -0.17 0.79
Teacher Gender

Female 117 5.63 0.97 5.55 1.10 -0.08 0.86

Male 146  5.77 1.16 5.67 1.19 -0.11 0.91
Total 263 5.71 1.08 5.62 1.15 -0.10 0.89

Table 11 (see below) offers a summary of the Belongingness post scores by student gender,
course taken, and teacher gender to give an overview of how the different factors of interest
compare. Of note is the relatively small mean change in belongingness for all participants
(M=0.02, SD=0.74). Both female (M=0.04, SD=0.63) and male (M=0.02, SD=0.78) students
experienced a minor increase in belongingness. APCS-A students showed a minor gain in
belongingness (M=0.12, SD=0.76) while APCS-P students showed a minor decrease (M=-0.04,
SD=0.72). Students in classes with female teachers experienced a very minor decrease in
belongingness (M=-0.01, SD=0.69), while those in classes with male teachers showed a minor

increase (M=0.02, SD=0.748.
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Table 11: Summary Statistics for Belongingness by Student Gender, Course, and Teacher
Gender

N Belongingness Pre Belongingness Post Belongingness

Change
Mean SD Mean SD Mean SD

Student Gender

Female 78 5.16 0.84 5.20 0.9 0.04 0.63

Male 185 5.54 0.85 5.56 0.84 0.02 0.78
Course

APCS-A 103 5.27 0.91 5.39 0.94 0.12 0.76

APCS-P 160 5.54 0.81 5.50 0.83 -0.04 0.72
Teacher Gender

Female 117 5.34 0.86 5.34 0.89 -0.01 0.69

Male 146 5.50 0.86 5.55 0.85 0.05 0.78
Total 263 5.43 0.86 5.46 0.88 0.02 0.74

Table 12 (see below) offers a summary of the Persistence post scores by student gender, course
taken, and teacher gender to give an overview of how the different factors of interest compare.
Of note is the relatively small mean change (M =-0.06, SD = 0.90) in persistence for all
participants. Female students showed a minor positive change in persistence (M = 0.02, SD =
0.78) while male students showed a minor decrease (M = -0.10, SD = 0.94). APCS-A students
also showed a minor increase in persistence (M=0.02, SD=0.72) while APCS-P students showed
a minor decrease (M=-0.10, SD=0.99). There was a minor decrease for students in classes with

both female teachers (M=-0.08, SD=0.73) and male teachers (M=-0.05, SD=1.01).
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Table 12: Summary Statistics for Persistence by Student Gender, Course, and Teacher Gender

N Persistence Pre Persistence Post Persistence Change
Mean SD Mean SD Mean SD

Student Gender

Female 78 5.14 1.26 5.17 1.34 0.02 0.78

Male 185 5.61 1.09 5.51 1.20 -0.10 0.94
Course

APCS-A 103 5.54 1.19 5.55 1.19 0.02 0.72

APCS-P 160 5.43 1.14 5.32 1.29 -0.11 0.99
Teacher Gender

Female 117 5.22 1.20 5.15 1.32 -0.08 0.73

Male 146  5.67 1.09 5.62 1.16 -0.05 1.01
Total 263 5.47 1.16 5.41 1.25 -0.06 0.90

4.3 Normality of Outcome Variables

An area of concern was the normality of the outcome variables, an assumption of the use of
hierarchical linear modeling. As seen in Table 13, the calculated standardized skewness
statistics for Self Efficacy Post (-6.215), Belongingness Post (-2.923), and Persistence Post (-
5.506) showed notable negative skew. This negative skew reflected the scores having been
consistently recorded toward the upper end of the 7-point Likert-type scales for each of the
measures for self-efficacy, belongingness, and persistence. A square transformation was

performed to bring the outcome variables within more acceptable ranges for analysis.
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Table 13: Outcome Variable Skew and Kurtosis

Self- Belong. Persist. Self- Belong. Persist.
Efficacy Post Post Efficacy Post Post
Post Post Squared Squared
Squared
N 263 263 263 263 263 263
Skewness -0.934 -0.439 -0.827 -0.349 -0.028 -0.260
SE of
Skewness 0.150 0.150 0.150 0.150 0.150 0.150
Kurtosis 0.894 -0.045 0.406 -0.661 -0.549 -0.867
SE of Kurtosis  0.299 0.299 0.299 0.299 0.299 0.299
Skew Std. -6.215 -2.923 -5.506 -2.326 -0.186 -1.728
Kurtosis Std. ~ 2.987 -0.151 1.357 -2.208 -1.834 -2.897

4.4  Analysis and Results

The analyses for the effects of student gender and course type (APCS-A vs. APCS-P) on
self-efficacy, belongingness, and persistence, using hierarchical linear modeling, are covered in
this section. A separate analysis was conducted for each of the outcome variables: self-efficacy,
belongingness, and persistence.
4.4.1 Self-Efficacy Analysis and Results

A null model with self-efficacy post scores, with intercepts allowed to vary by class
section, was examined to determine if hierarchical linear modeling (HLM) was necessary for
analysis. The intraclass correlation (ICC) was found to be 0.079, which suggested that 7.9% of
the variance in self-efficacy was between class sections. An ICC of this amount in hierarchical
data is considered sufficient to justify using hierarchical linear modeling methods(Niehaus,
Campbell, & Inkelas, 2014).

Level One variables were self-efficacy pre scores, student gender, and student prior
grades. Level Two variables were teacher gender, APCS course taken, and percentage of male

students in the class.
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Self-efficacy pre scores, student prior grades, and class percentage of male students were
centered and standardized to reduce any possible issues with multicollinearity (Finch, 2014),
using grand mean centering due to the course type (Level Two) variable being of primary
interest (Field, Miles, & Field, 2012). All models used maximum likelihood method for
generating parameter estimates. In step two of our analysis, the model was further developed by
individually adding the Level One predictors (self-efficacy pre scores, student gender, student
prior grades) as fixed effects. The addition of both self-efficacy pre scores (y2 (1) = 160.42, p <
0.001) and student gender (¥2 (1) = 6.007, p < 0.05) showed significant improvement in the
model. However, the additional of students’ prior grades to the model did not show a significant
improvement in model fit, yet was retained in the model as theoretically important as a covariate.
In step three, each of the Level Two variables (teacher gender, APCS course taken, and
percentage of male student in the class) were added as static slope, with none of the variables
significantly improving the fit of the model. Similar to how the Level One variables were
retained, the Level Two variables were retained as they were theoretically important for the
research questions and did not significantly worsen the model fit. In step four, each of the Level
One variables (self-efficacy pre scores, student gender, student prior grades) were tested
individually as a random slope, yet none of the variables produced a statistically significant
improvement to the model fit. Testing these variables as a random slope allowed me to test
whether the model is improved by allowing the variable to have a different slope value for each
of the class sections. As a result of the lack of model improvement, all the Level One variables
remained as fixed slope variables in the model. In step five, each Level Two variable was tested
as a random slope, just as the Level One variables were, yet none of the variables produced a

statistically significant improvement to the model fit. As a result, all the Level Two variables
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remained as fixed slope variables in the model. In the final step, an interaction effect was tested
between student gender and teacher gender, with the model at this point being unable to
converge. The inability of the model to converge suggests that this model was uninterpretable
and unusable model. The resulting best fit model from this process used only fixed slopes for the
predictor variables, but did allow the intercept to be random across classes. The model was as

follows,

Final Self-Efficacy HLM Model:
Level 1: Yij = Boj + Pj(SelfEffPre) + B2j(StudentGender) + Bsj(StudentGrades) + &ij

Level 2: Boj =yoo + yo1(TeacherGender) + yo2(APCSCourse) + yos(PercentMale) + uoj

Mixed Model: Yij= yoo + yo1(TeacherGender) + yo2(APCSCourse) + yos(PercentMale) +

v10(SelfEffPre) + y20(StudentGender) +yso(StudentGrades) + uoj +uzj(Class) + €ij

Effects found include a positive relationship for self-efficacy post scores with self-efficacy pre
scores (B=0.65, p <.001, ES = 0.67) and a negative relationship with student gender (B=-0.11, p
=0.02, ES = 0.02). This suggests a medium to large effect size for the self-efficacy pre scores on
the self-efficacy post score. A significant effect from student gender on self-efficacy post-scores
can be interpreted as female students experiencing a decline in self-efficacy over the course of
the study. The model failed to show any significance for students’ prior grades, teacher gender,
APCS course taken, and class percentage of male students. The resulting statistics are shown in

Table 14.

53



Table 14: Self-Efficacy Hierarchical Linear Model Analysis

Self-Efficacy Post

std.

B Beta SE P
Fixed Parts
(Intercept) 34.30 <.001
Self-Efficacy Pre 7.64 0.65 0.05 <.001
Female Student -2.89 -0.11 0.05 .020
Student Grades 0.41 0.03 0.05 490
Female Teacher -0.18 -0.01 0.06 .900
APCS-Principles -0.44 -0.02 0.06 775
Class % Male 0.19 0.02 0.06 792
Random Parts
o2 70.232
T00, classID 2.808
NclassID 20
ICCclasle 0038
Observations 263
R?2 / Q¢? 510/ .509

4.4.2 Belongingness Analysis and Results
A null model with belongingness post scores with intercepts allowed to vary by class section,
was examined to determine if hierarchical linear modeling (HLM) was necessary for analysis.

The intraclass correlation (ICC) was found to be 0.026, suggesting that 2.6% of the variance in
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belongingness was between class sections. An ICC of this amount in hierarchical data is
considered sufficient to justify using hierarchical linear modeling methods (Niehaus et al., 2014)

Level One variables were belongingness pre scores, student gender, and student prior
grades. Level Two variables were teacher gender, APCS course taken, and percentage of male
students in the class.

Belongingness pre scores, student prior grades, and class percentage of male students
were centered and standardized to reduce any possible issues with multicollinearity (Finch,
2014), using grand mean centering due to the course type (Level Two) variable being of primary
interest (Field et al., 2012). All models used maximum likelihood method for generating
parameter estimates. In step two of our analysis, the model was further developed by adding the
Level One predictors (belongingness pre scores, student gender, student prior grades) as fixed
effects, with the addition of only belongingness pre scores showing a significant difference (}2
(3) = 153.07, p < 0.001) from the previous model. Student gender and students’ prior grades
reported did not show a significant change in the model fit, but were retained in the model as
theoretically important. In step three, each of the Level Two variables (teacher gender, APCS
course taken, and percentage of male student in the class) were added as static slope, with none
of the variables significantly improving the fit of the model. Similarly to how the Level One
variables were retained, the Level Two variables were retained as they were theoretically
important for the research questions and did not significantly worsen the model fit. In step four,
each Level One variable was tested as a random slope, with the finding that allowing student
gender to be random produced a statistically significant improvement to the model fit (}2 (2) =
6.1923, p < 0.032). However, the correlation of the random slope of student gender (-1.00)

denoted a possible problem with an overfit model, providing a model that was too closely tied to
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the data collected to be generalized to other data sets. Testing for singularity confirmed the
overfit fit model, so student gender was not made random and all Level One predictors remained
static. In step five, each Level Two variable was tested as a random slope, yet none of the
variables produced a statistically significant improvement to the model fit. As a result, all the
Level Two variables remained as fixed slope variables in the model. In the final step, an
interaction effect was tested between student gender and teacher gender, but failed to find a
significant difference. The resulting best fit model from this process used fixed slopes for all of
the predictor variables except student gender, which along with the intercept was allowed to be

random across classes. The model was as follows:

Final Belongingness HLM Model:
Level 1: Yij = Boj + Pyj(BelongPre) + B2j(StudentGender) + Bsj(StudentGrades) + &ij

Level 2: Boj =yoo + yo1(TeacherGender) + yo2(APCSCourse) + yos(PercentMale) + uoj

Mixed Model: Yij= yoo + yo1(TeacherGender) + yo2(APCSCourse) + yos(PercentMale) +

v1o(BelongPre) + y20(StudentGender) +yzo(StudentGrades) + ugj + Uoj(Class) + &ij

Effects found include a positive relationship for belongingness pre scores with belongingness
post scores (f=0.66, p <.001, ES = 0.70). This suggests a medium to large effect size for the
belongingness pre scores on the belongingness post score. The model failed to show any
significance for student gender, students’ prior grades, teacher gender, APCS course taken, and

class percentage of male students. The resulting statistics are shown in Table 15.

56



Table 15: Belongingness Hierarchical Linear Model Analysis

Belongingness Post

B std. Beta SE p
Fixed Parts
(Intercept) 31.44 <.001
Belongingness Pre 6.08 0.66 0.05 <.001
Female Student -0.60 -0.03 0.05 539
Student Grades -0.17 -0.02 0.05 707
Female Teacher -0.77 -0.04 0.06 520
APCS-Principles -0.84 -0.04 0.07 507
Class % Male 0.47 0.05 0.06 446
Random Parts
o2 45.550
700, classID 2.331
NclassID 20
ICCclasle 0049
Observations 263
R? / Q¢? 483/ .483

4.4.3 Persistence Analysis and Results

As the first step of analysis, a null model with persistence post scores with intercepts allowed to
vary by class section, was examined to determine if hierarchical linear modeling (HLM) was
necessary for analysis. The intra class correlation (ICC) was found to be 0.149, suggesting that
14.9% of the variance in persistence was between class sections. An ICC of this amount in
hierarchical data is considered sufficient to justify using hierarchical linear modeling methods

(Niehaus et al., 2014).
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Level One variables were persistence pre scores, student gender, and student prior grades.
Level Two variables were teacher gender, APCS course taken, and percentage of male students
in the class.

Persistence pre scores, student prior grades, and class percentage of male students were
centered and standardized to reduce any possible issues with multicollinearity (Finch, 2014),
using grand mean centering due to the course type (Level Two) variable being of primary
interest (Finch, 2014). All models used maximum likelihood method for generating parameter
estimates. In step two of our analysis, the model was further developed by adding the Level One
predictors (persistence pre scores, student gender, student prior grades) as fixed slopes, with the
addition of only persistence pre scores showing to be significant difference (32 (3) = 191.5,p <
0.001) from the previous model. Student gender and students’ prior grades reported did not
show a significant change in the model fit, but were retained in the model as theoretically
important. In step three, each of the Level Two variables (teacher gender, APCS course taken,
and percentage of male student in the class) were added as static slope, with none of the variables
significantly improving the fit of the model. Similarly to how the Level One variables were
retained, the Level Two variables were retained as they are theoretically important for the
research questions and did not significantly worsen the model fit. In step four, each Level One
variable was tested as a random slope, yet none of the variables produced a statistically
significant improvement to the model fit. As a result, all the Level One variables remained as
fixed slope variables in the model. In step five, each Level Two each Level Two variable was
tested as a random slope, yet none of the variables produced a statistically significant
improvement to the model fit. As a result, all the Level Two variables remained as fixed slope

variables in the model. In the final step, an interaction effect was tested between student gender

58



and teacher gender but failed to find a significant difference. The resulting best fit model from
this process used fixed slopes for all the predictor variables, while the intercept was allowed to

be random across classes. The model was as follows:

Final Persistence HLM Model:
Level 1: Yij = Boj + Pyj(PersistPre) + Boj(StudentGender) + B3j(StudentGrades) + &ij

Level 2: Boj =yoo + yo1(TeacherGender) + yo2(APCSCourse) + yos(PercentMale) + uoj

Mixed Model: Yij= yoo + yo1(TeacherGender) + yo2(APCSCourse) + yos(PercentMale) +

v10(PersistPre) + yzo(StudentGender) +yso(StudentGrades) + uoj +Uzj(Class) + &ij

Effects found include a positive relationship for persistence pre scores with persistence post
scores (B=0.72, p <.001, ES = 1.02). This suggests a large effect size for the persistence pre
scores on the persistence post score. The model failed to show any significance for student
gender, students’ prior grades, teacher gender, APCS course taken, and class percentage of male

students. The resulting statistics are shown in Table 16.
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Table 16: Persistence Hierarchical Linear Model Analysis

Persistence Post

std.

B Beta SE P
Fixed Parts
(Intercept) 28.46 <.001
Persistence Pre 7.70 0.72 0.04 <.001
Female Student 0.76 0.03 0.04 528
Student Grades 0.19 0.01 0.04 .824
Female Teacher -0.92 -0.04 0.04 .398
APCS-Principles -0.92 -0.04 0.04 A17
Class % Male 453 0.05 0.05 .264
Random Parts
o2 70.039
T00, classID 0.000
NclassID 20
ICCclasle 0000
Observations 263
R? / Q¢? 545 | 545
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CHAPTER 5 : DISCUSSION
This study examined how two different Advanced Placement Computer Science courses, APCS-
A and APCS-Principles, affect students’ sense of self-efficacy, belongingness, and persistence
within computer science, and how those relationships relate to student gender. The three
outcome variables of self-efficacy, belongingness, and persistence were chosen as possible
indicators of the likelihood of students to pursue computer science. The relationship between
student gender and the two courses was examined due to the underrepresentation of women in
computer science. Teachers and students from a nationwide sample of APCS courses completed
multiple surveys to provide a rich data set. Hierarchical linear modeling analysis was conducted
to account for the nested nature of the students within their respective class sections. Based upon
prior literature, teacher gender, class section gender percentages, and students’ prior grades were
also included in the analysis. Hierarchical linear analysis was conducted with separate models for
each of the outcome variables (self-efficacy, belongingness, and persistence).

Results suggested that students’ pre self-efficacy scores and student gender significantly
predicted post self-efficacy scores. The APCS course taken, students’ prior grades, teacher
gender, and class percentage of male students did not have a significant relationship with post
self-efficacy scores. Student gender had a small, negative effect on post self-efficacy scores,
which suggested that female students had a larger decrease in self-efficacy than male students
over the course of the study. These results match with existing research, which has found that
male students take longer than female students to match their self-efficacy beliefs with actual
task performance (Beyer, 2014; Beyer, Rynes, Perrault, Hay, & Haller, 2003) and that students’
self-efficacy is influenced by their performance in a CS course (Lishinski et al., 2016). Research

has also suggested that even in typically female-majority courses such as biology, male students
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have a higher sense of confidence in their skills than female students with similar grades
(Cooper, Krieg, & Brownell, 2018).

Findings suggest that only students’ pre belongingness scores were significantly related
to post belongingness post scores. APCS course taken, students’ gender, prior grades, teacher
gender, and class percentage of male students did not have a significant relationship with
belongingness post scores. While the effect of course chosen and student gender are the main
focus of this study, | found the lack of influence of two covariates (teacher gender and class
gender percentages) on belongingness to be surprising. The lack of a change in belongingness,
particularly in the APCS-P course, was surprising as this course was supposed to engage
traditionally underrepresented students in computing ideas, including women, to broaden the
participation of students in computer science. No difference was found by gender for
belongingness, yet there are prevalent negative stereotypes associated with female students’
abilities in computer science (Beyer, 2014; Cundiff et al., 2013; C. M. Lewis, Anderson, &
Yasuhara, 2016; Master et al., 2016) and female students in this study were in minority in their
classes. Results from prior research related to stereotype threat (Cheryan et al., 2009; Murphy et
al., 2007; Steele, 1997) would suggest that teacher gender and class percentage of student gender
would have a significant effect on student belongingness, particularly for female students.

In predicting student persistence post scores, only students’ persistence pre-SCOres were
found to have a statistically significant relationship. The APCS course taken, students’ gender,
prior grades, teacher gender, and class percentage of male students did not have a significant
relationship with persistence post scores. Considering how exposure to computer science

courses is shown in prior research to be a significant factor in whether students choose to major
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in computing fields (Google Inc. & Gallup Inc., 2014), and how APCS-Principles was intended
to improve upon female students interest in continuing in CS, these results are surprising.

One possible explanation for the lack of APCS course predicting self-efficacy,
belongingness, or persistence might be due to the enactment of the two APCS courses and
inherent variability in how teachers implemented the curriculum. Only knowing the course
designation does not provide information on whether the CS principles included a broad
representation computer science and how computing is applicable within other disciplines. Prior
research has suggested that female students are attracted to a broader view of computer science
and how what they learn in CS can be used to solve problems in other disciplines (Margolis,
Fisher, & Miller, 2000). Future work should examine how different instantiations of the APCS-P
could influence students’ self-efficacy, belonging, and persistence. Future work could also gather
data describing the specific pedagogical strategies teachers used within the APCS-P and APCS-
A classes and examine whether these had an effect on belongingness or self-efficacy in computer
science. Within the range of possible instantiations and pedagogical practices used in APCS-A
or APCS-P, there are likely examples that do influence students’ beliefs. However, in its current
form, the study did not capture these distinctions within the range of courses sampled. This
examination of practices in the classroom should be done from both from a student and teacher
perspective, as while teachers may fully intend to use different approaches, students may not
receive or experience these efforts in the way it was intended.

The variability in teacher practices could also be a result of teachers’ beliefs, practices,
and pedagogical preferences. This study did not collect data related to the actual practices taking
part in the classroom, or attempt to capture teacher beliefs that relate to their pedagogical

choices. If these beliefs and choices were independent of which courses they taught, and thus
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affected both courses equally, it would explain why the results by course were so similar and no
difference by course was found.

Another possible hypothesis for the lack of findings could be due to the diffusion of
practices between APCS-A and APCP-P. The majority of participating APCS teachers had
taught or were currently teaching other computer science courses, with a significant portion
having taught both APCS-A and APCS-P. It is very likely that as they attended professional
development workshops, reviewed professional teaching materials, and engaged with the CS
teaching community, that teachers of both APCS-P and APCS-A integrated some of these
recommended practices for making their courses more equitable. As a result, APCS-A students
may have benefited from these equity efforts, and thus explain the lack of difference in results
across courses. The inverse could also be true, in that newly learned practices related to equity
were not fully enacted into either of the courses, with not enough difference to be found between
APCS-A and APCS-P as a result. Again, we do not have enough information about what
occurred within the classroom, particularly the pedagogical choices being made and the
classroom social interactions, to be able to say how present or not these practices were.

Considering the lack of significant change in students’ self-efficacy, belongingness, and
persistence found in this study, a possible explanation is that students entering into the APCS
courses have already formed their beliefs around their relationship to computer science.
Participants were largely juniors and seniors in high school, which suggests we need to reach
them before high school or even earlier to allow them to see relevance of CS to other fields. This
aligns with suggestions by Grover et al. (2014) and Shapiro et al. (2015) that middle school aged
and younger students may be a more appropriate age group to target for addressing gender

inequity in computer science. Students have already received and are beginning to process
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messages regarding the gendered notions of computer science by middle school (Shapiro et al.,
2015; Yadav et al., 2017). Research shows that primary and middle school students have
successfully developed and used computational thinking concepts (Grover et al., 2014). While
researchers focusing on younger age levels would lose the common curricular guidance of the
AP programs, it is possible that other curricular efforts through existing organizations such as
Project Lead the Way, Code.org, or Google could provide a similar consistent, national
framework. In considering this shift to younger students, it bears considering that this focus on
earlier grades does not release us as researchers and educators from our responsibility to continue
addressing gender inequality in the upper grade levels.

Finally, the lack of change in self-efficacy, belongingness, and persistence may be that
the measures adapted for this study were too general and not nuanced enough to measure
constructs within computer science. The field of computer science is referred to broadly in these
instruments, assuming students have a reasonable conception of what the term ‘computer
science’ entails. Lishinski (2017) similarly hypothesized that these general measures are not
detailed enough for the domain, and that instruments that relate to sub-concepts of computer
science could be developed that could be better understood by students. Rather than make
references to the “computer science community” or similar descriptions, the instruments could
be adjusted with more approachable language for CS novices. Additionally, this is an area where
a more detailed interview could provide a sense of what students’ conception of computer
science is prior to and after working within the course.

5.1 Implications
The results found that the type of AP Computer Science course did not significantly influence

students’ self-efficacy, belongingness, and persistence. As such, the implication is that the
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current implementation of APCS Principles course may not be associated with an increase in

either male or female students’ likelihood to persist in the field of computer science.

5.1.1 Implications for Practice

For those teaching computer science at the high school level, or involved in developing
the APCS curriculum, these may not appear to be helpful results at first glance. Consider that
female students accounted for only 23.6% of APCS-A enrollees during the 2016-2017 academic
year, while in APCS-P female students accounted for 30.1% of APCS-P enrollees. While this
shows an improvement in the recruitment of women into CS courses, this proportion is still very
low and considerable work still needs to be done to achieve comparable gender proportions in
computer science. This suggests a need to look beyond high school curriculum alone to address
gender inequity, possibly examining structural barriers outside of the classroom that determine
who is more likely to walk into the classroom door.

School administrators, counselors, and policymakers can help address structural barriers
by looking for instances where students are not currently being directed toward computer science
and asking why that is. While APCS-P was intended to address some of these issues, it is
possible that we are still mostly bringing kids in the door that would have likely ended up in
computer science anyway. Efforts like CSforAll, which are focusing on exposing all students to
some computer science, without needing to be enrolled in a formal CS course, may help with the
lack of CS experience. The integration of computational thinking approaches into non-CS
courses may also aid in exposing students to the idea that they are already doing CS types of
activities in their existing work (Benakli, Kostadinov, Satyanarayana, & Singh, 2017,
Hambrusch, Hoffmann, Korb, Haugan, & Hosking, 2009; I. Lee, Martin, & Apone, 2014; VVoogt,

Fisser, Good, Mishra, & Yadav, 2015; Yadav, Hong, & Stephenson, 2016). This not only reaches
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students with CS while avoiding the need to be in a CS course, but can also provide authentic
experiences for the applicability of CS concepts. These experiences could increase students’
self-efficacy to pursue computer science and feel like they belong. In addition, introducing CS
ideas by integrating in core subject areas could expose teachers and administrators to the range
of possible applications of computer science, and adjust their conception of who would benefit
from taking a course in computer science.

An additional consideration for future practice for administrators would be to examine
whether they are assigning teachers of differing experiences to the different types of computing
courses. It is possible that if there is a disparity in teaching experience, that disparity is
detracting from possible benefits to be had from the existing curriculum. APCS-P by design is
more approachable for novice students in programming (The College Board, 2016a) and that
may result in teachers with less programming experience to be more commonly assigned to teach
APCS-P courses. Future practice and research can examine the exact practices put into use by
the teachers, whether the practices correlate with years of experience or other measures of
teachers’ content knowledge. There may also be biases present in which schools are able to offer
more advanced computing courses, such as APCS-P and APCS-A, due to disparate funding and
staffing (Margolis, 2008)

The results from this study also found that female students’ self-efficacy was negatively
affected to a larger degree than their male counterparts, similar to the findings of Lishinski et al.
(2016). As suggested by Lishinski et al., educators should be carefully scaffolding students
experiences to ensure that they are providing challenging enough challenges to build students’

sense of self-efficacy, but not so challenging that they are discouraging students.
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5.1.2 Implications for Future Research

A consideration for future research is developing measures that are applicable to
computer science. We need to develop measures that are sensitive enough to measure self-
efficacy, belongingness, and persistence within computer science. In addition, we also need to
better understand how students conceive of computer science. Future research needs to examine
how students’ conceptions of computer science influence their self-efficacy, belongingness,
persistence. We have little sense of how to interpret changes in student self-efficacy,
belongingness, or persistence without knowing more about their reasons for their answers.

Future research could also examine how other variables such as gendered student
perceptions of CS, as well as teachers beliefs about who can do CS, could also influence
students’ self-efficacy, belongingness, persistence. Shumow and Schmidt (2013) found that
teacher beliefs in a science classroom can lead to higher levels of classroom interaction between
male students and instructors, resulting in inequitable learning experiences for female students.
Reigel-Crumb and Humphries (2012) in an analysis of nationwide data found that teacher’s
gendered beliefs regarding the mathematic ability was related to more negative evaluations of
female students. Espinoza et al. (2014) found that mathematics teachers were more likely to
attribute male students’ success to ability and female students’ success to effort. They also found
that interventions could help address these beliefs and the influence on classroom practice.
Future research could use examine similar phenomena in computer science settings, with
classroom observation to see how teachers interact with students in the classroom and how their
beliefs influence their pedagogical choices.

In addition to the effect of teacher beliefs, student beliefs in fixed ability traits, or student

perceptions of the prevalence of ability beliefs among peers, could have an effect on
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belongingness. When female students perceive that teachers or peers believe that ability to learn
a particular discipline is innate and fixed, there is a negative effect on their sense of
belongingness (Good et al., 2012). Consider that a female student may enter a classroom and see
a disproportionate number of male students, and then encounters statements about the need for
innate talent in this field. This could arguably lead to her developing a lack of belonging in the
discipline. Smith et al. (2013) found that female students in male dominated STEM fields often
believed that they will have to work harder than their male counterparts, interpreted this as a lack
of ability, and resulted in a lower level of motivation. We did not examine students’ or teachers’
ability beliefs in this study, and thus may have missed a significant predictor of existing
belongingness beliefs. Future research can examine these beliefs in computer science
classrooms, along with perceptions students have of others’ beliefs.

As more time passes from the introduction of the APCS-P courses, we can more directly
study the relationship between retention of female and other underrepresented students within
computer science by examining college acceptance, dropout, and graduation rates for students
that took the APCS courses in high school. However, this requires longitudinal studies to
examine the impact of APCS-P on persistence in CS.

There also needs to be work on examining experiences of other underrepresented groups,
including African-American and Latino students in computer science. However, typical low
enrollment of these groups in APCS courses requires national sampling of participants. In
addition, future research could also use qualitative approaches to complement our understanding
of why students choose to persist (or not) within computer science, and the effect that courses
like APCS have on them. Using qualitative methods to more fully understand the process by

which students make their decisions, and the cultural and gendered messages they receive in
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relation to the course could also inform development of curriculum and pedagogical practices
used to engage traditionally underrepresented groups in CS.

5.2 Limitations

The limitations for this study are largely the result of the chosen study methodology and design,
participation rates, conceptualization of study variables, and demographic realities of secondary
computer science education.

With a descriptive study such as this one, the immediate limitations we can point to are
due to selection bias (Remler & Van Ryzin, 2011). In regards to self-selection bias, students
have some control over which courses they enroll in in high school, with computer science often
being an optional course not required for graduation (Zinth, 2016). This leads to a bias towards
students who already have an interest in computer science, or have been encouraged to do so,
and thus may already have a higher sense of self-efficacy, belongingness, and persistence in
computer science than the overall student population.

The method of recruitment of students via their teacher introduced additional selection
bias in gaining student participants. The expectation of teachers to conduct recruitment and
collect study forms may have led to a lower participation rate and often resulted in entire classes
of students not being recruited due to teacher participants deciding to withdraw. There are also
issues with bias as students can be directed to courses by their counselors and teachers, who may
have pre-existing notions of which students are best suited for computer science (Margolis,
2008). Finally, the decision of the students whether or not to participate in the study introduced
yet another level of selection bias. Some of the selection bias was partially addressed through the
use of covariates such as pre-existing levels of self-efficacy, belongingness, and persistence,

along with students’ prior academic performance.
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Another limitation of this study would be that the participants were overwhelmingly
identified as white or Asian and majority male. This limits the generalizations we can make
from the results, as they do not fully reflect the experiences of students of color and intersections
of other underrepresented groups of students (Vitores & Gil-Juarez, 2015). Particularly troubling
is the underrepresentation of female students of color in this sample, which mirrors a national
problem within computer science. This could be addressed by recruiting students from multiple
ethnicities and racial groups, resulting in large enough subsets of data for historically
marginalized populations. Interviewing students about their decision to enroll in APCS, and any
intersections they found between their experiences in APCS and their gender, race, or ethnicity,
could also provide insight. Presenting the range of experiences students describe across multiple
settings, and finding similarities in such, would offer a more complete picture of APCS course
experiences and speak to possible generalizable conclusions.

The limitations of self-reported data are present in this study, with the possibility that
students are biased to provide answers they believe socially acceptable, skewed toward more
recent experiences, or may have a limited interpretation of the survey questions. Any of these
biases can threaten the validity of the measures and in some may play a role in the high mean
scores for self-efficacy, belongingness, and persistence scores. One manner of addressing this
could be through also complementing these self-reported measures with external measures that
indicate similar constructs. For instance, while we do not have a method of externally measuring
a student’s sense of belongingness, we could record classroom interactions and analyze students’
frequency of interaction or voicing of sense of belonging or feeling isolated. External measures
such as these are imperfect as well, but when coupled with the self-report data could strengthen

the validity of the data.
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Another limitation | attempted to address in this study was the conceptualization of
gender as dichotomous (Glasser & Smith, 2008). Gender was chosen as a variable rather than
sex, due to the American Psychological Association (APA) guidance of gender being related to
social groups, rather than sex which is often interpreted as being related to biological
characteristics of students (2010). | was mostly interested in how the courses offered would
appeal to students in their social interactions within their classrooms, having no relation to
biological designations. | recognized that the APA guidance is imperfect (Glasser & Smith,
2008) in that researchers are still often conflating sex and gender, and are defaulting to a
dichotomous definition of both. | attempted to address the range of possible gender identities by
giving students a choice beyond male or female, a field “Other” with the ability to enter in any
text desired and an option to not provide gender. The same choices were made available for
teachers when they reported the overall class gender percentages. However, | received only male
or female responses from students, except for some invalid student responses that were very
likely reactionary in nature toward the non-binary gender option. While | had hoped this option
offered space for non-binary and gender nonconforming students to self-identify for the study, |
did not receive any such responses. In retrospect, the options | offered for gender designation of
were not affirming enough to encourage students to fully share their information. A more
appropriate solution for future research would be a more explicit inclusion of multiple gender
identities, rather than trying to capture these under a vague and possibly dehumanizing category
of “Other.” In addition to the limitations of the survey responses, | also see structural problems
where study design may have influenced student responses, as an impersonal survey where the

privacy of the data is unknown, may not be the setting for a student to disclose this information.
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In addition to students’ responses regarding their own gender, there is a possible problem
with the teacher reported class gender ratios, as some students may not yet be publicly
identifying as their gender or may not match the school records of student gender that teachers
likely used as a data source. Similar to race and ethnicity, even if | had students identifying as
non-binary or gender nonconforming, the sample needed for quantitative analysis would have to
be substantial. This, along with the personal nature of students identifying their gender, lends
itself toward more qualitative methods in which trust can be established over time and in which
individual, detailed accounts can offer more a more complete picture of a student’s experience
within APCS.

5.3 Conclusion

Advanced Placement Computer Science courses are but one context in which we can examine
our efforts to address gender inequity within computer science education. This study showed no
significant differences in students’ self-efficacy, belongingness, and persistence based solely
upon the students’ APCS course. The findings suggest that female students encountered a slight
decrease in their computer science self-efficacy in these courses, which does bolster the case for
a more detailed examination of how these courses are taught and how female students describe
their classroom experiences. The results of this study should not be interpreted to say that these
APCS courses are of no benefit to the students, only that we should be careful not to
automatically predict increases in female enroliment in undergraduate CS majors based solely on
the increases we see in APCS courses. Addressing gender inequity is not solely about these the
outcome variables chosen for this study and more work needs to be done to use measures
sensitive enough to capture nuances of student experience in computer science. The results from

this study show that enrollment in courses designated as APCS-A or APCS-P does not predict
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any differences in female students’ self-efficacy, belongingness, or likelihood of persisting
within computer science. In summary, results suggest that more work needs to be done and we

cannot just put our faith in one course as the answer to address inequities within CS.
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APPENDIX A Survey for Students

NOTE: Items that are in only one of the surveys are denoted as such

1.) First Name:

2.) Last Name:

3.) (PRE-TEST ONLY) Gender:

a.
b.
C.
d.

Female

Male

Prefer not to say
Other:

4.) (PRE-TEST ONLY) Are you Spanish, Hispanic, Latino or none of these?

5.) (PRE-TEST ONLY) Choose one or more races that you consider yourself to be:

a.

Do a0 oc

White

Black or African American

Native American or Alaska Native
Asian

Native Hawaiian or Pacific Island
Other:

6.) Date of Birth:

7.) (PRE-TEST ONLY) What is your current grade level in school?

® 00 o

Grade 9
Grade 10
Grade 11
Grade 12
Other:

8.) School Name:

9.) School City:

10.)

School State:
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11)) Teacher Last Name:

Academic History

12) Choose the statement that best describes your grades in high school up until now:
Mostly A’s

Mostly B’s

Mostly C’s

Mostly D’s

Mostly below D’s

Does not apply to me

hD OO oTCE

13.) Choose the statement that best describes your grades in SCIENCE courses in
high school up until now:

Mostly A’s

Mostly B’s

Mostly C’s

Mostly D’s

Mostly below D’s

Does not apply to me

~D OO0 OT

14.)) Choose the statement that best describes your grades in MATH courses in high
school up until now:

Mostly A’s

Mostly B’s

Mostly C’s

Mostly D’s

Mostly below D’s

Does not apply to me

hD OO o

15.)) Which course(s) are you currently taking?

AP Computer Science A only

AP Computer Science Principles only

Both AP Computer Science A and AP Computer Science Principles
Neither AP Computer Science course

o0 o

(PRE-TEST ONLY) Previous computer science courses (only completed by those
answering A for question 15)

16.) (PRE-TEST ONLY) Have you previously taken the AP Computer Science
Principles course? Y/N

17)) (PRE-TEST ONLY) Have you taken any non-AP Computer science courses
before this course? Y/N/I don’t know
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(PRE-TEST ONLY) Previous computer science courses (only completed by those
answering B for question 15)

16.) (PRE-TEST ONLY) Have you previously taken the AP Computer Science A course?
Y/N

17.) (PRE-TEST ONLY) Have you taken a non-AP computer science courses before this
semester? Y/N/I don’t know

Belongingness
This next set of questions deals with your feeling of belonging in this course.

Today we have some questions we would like you to answer about your experience in your
computer science courses and the computer science community. When we mention the computer
science community, we are referring to the broad group of people involved in that field,
including the students in a computer science course. We would like you to consider your
membership in the computer science community. By virtue of taking a computer science course,
you could consider yourself a member of the computer science community. Given this broad
definition of belonging to the computer science community, please respond to the following
statements based on how you feel about that group and your membership in it. There are no right
or wrong answers to any of these statements; we are interested in your honest reactions and
opinions. Please read each statement carefully and indicate the number that reflects your degree
of agreement.

Level of Agreement
1 — Strongly disagree * 2 — Disagree * 3 — Somewhat disagree * 4 — Neither agree or disagree * 5
— Somewhat agree * 6 — Agree ¢ 7 — Strongly agree

When I am in my computer science class...

1.) | feel that I belong to the computer science community.
1 2 3 4 5 6 7

2.) | consider myself a member of the computer science world.
1 2 3 4 5 6 7

3.) | feel like I am part of the computer science community.
1 2 3 4 5 6 7

4.) | feel a connection with the computer science community.
1 2 3 4 5 6 7

5.) | feel like an outsider.
1 2 3 4 5 6 7
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6.) | feel accepted.

1 2 3 4
7.) | feel respected.

1 2 3 4
8.) | feel disregarded.

1 2 3 4
9.) | feel valued.

1 2 3 4
10.) | feel neglected.

1 2 3 4
11)) | feel appreciated.

1 2 3 4
12)) | feel excluded.

1 2 3 4
13.) | feel like I fit in.

1 2 3 4
14)) | feel insignificant.

1 2 3 4
15.) | feel at ease.

1 2 3 4
16.) | feel anxious.

1 2 3 4
17.) | feel comfortable.

1 2 3 4
18.) | feel tense.

1 2 3 4
19.) | feel nervous.

1 2 3 4
20.) | feel content.

1 2 3 4
21.) | feel calm.
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1 2 3 4 5 6 7

22.) | feel inadequate.
1 2 3 4 5 6 7

23.) I wish | could fade into the background and not be noticed.
1 2 3 4 5 6 7

24.) | try to say as little as possible.
1 2 3 4 5 6 7

25.) | enjoy being an active participant.
1 2 3 4 5 6 7

26.) | wish | were invisible.
1 2 3 4 5 6 7

27.) | trust the testing materials to be unbiased.
1 2 3 4 5 6 7

28.) | have trust that | do not have to constantly prove myself.
1 2 3 4 5 6 7

29.) | trust my instructors to be committed to helping me learn.
1 2 3 4 5 6 7

30.) Even when | do poorly, | trust my instructors to have faith in my potential.
1 2 3 4 5 6 7

This next set of questions deals with how you believe you will perform in this course.
There are no right or wrong answers to any of these statements; we are interested in your honest
reactions and opinions. Please read each statement carefully, and indicate the number that
reflects your degree of agreement

Level of Agreement
1 — Not at all true of me * 7 — Very true of me

31) | believe | will receive an excellent grade in this class.
1 2 3 4 5 6 7

32)) I’'m certain I can understand the most difficult material presented in the readings
for this course.
1 2 3 4 5 6 7

33)) I’m confident I can understand the basic concepts taught in this course.
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1 2 3 4 5 6 7

34)) I’m confident I can understand the most complex material presented by the
instructor in this course.
1 2 3 4 5 6 7

35.) I’'m confident I can do an excellent job on the assignment and tests in this course.
1 2 3 4 5 6 7

36.) | expect to do well in this class.
1 2 3 4 5 6 7

37.) I’'m certain I can master the skills being taught in this class
1 2 3 4 5 6 7

38.) Considering the difficulty of this course, the teacher, and my skills, I think I will
do well in this course.
1 2 3 4 5 6 7

This next set of questions deals with how you may use your computer science knowledge in
the future.

There are no right or wrong answers to any of these statements; we are interested in your honest
reactions and opinions. Please read each statement carefully, and indicate the number that
reflects your degree of agreement

Level of Agreement:

1 — Strongly disagree * 2 — Disagree * 3 — Somewhat disagree ¢ 4 — Neither agree or disagree * 5
— Somewhat agree ¢ 6 — Agree * 7 — Strongly agree

39.) Knowledge of computer science will allow me to secure a better job
1 2 3 4 5 6 7

40.) My career goals do not require that | learn computer science skills
1 2 3 4 5 6 7

41.) | expect that learning computer science skills will help me to achieve my career

goals
1 2 3 4 5 6 7
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42)) | hope that my future career will require the use of computer science concepts
1 2 3 4 5 6 7

43.) Having background knowledge and understanding of computer science is
valuable in and of itself
1 2 3 4 5 6 7

44)) | am interested in a career as a computer scientist
1 2 3 4 5 6 7

45)) | am interested in a career where knowledge of computer science would be useful.
1 2 3 4 5 6 7

46.) | plan to pursue a career that requires computer science skills
1 2 3 4 5 6 7

47.) | am interested in taking computer science courses in college.
1 2 3 4 5 6 7

48.) | am likely to teach myself computer science skills on my own.
1 2 3 4 5 6 7

49.) If given the opportunity, I would take more computer science courses
1 2 3 4 5 6 7
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APPENDIX B Survey for Computer Science Teachers

Thank you for volunteering to take part in this study. We expect to distribute these surveys at
the beginning and end of the fall semester for all students and teachers. Your participation and
that of your students will contribute to research regarding students’ sense of belongingness and
self-efficacy within computer science, along with their desire to persist in the field.

1.) First Name:

2.) Last Name:

3.) (PRE-TEST ONLY) Gender:
Female

Male

Prefer not to say
Other:

oo oe

4.) (PRE-TEST ONLY) Are you Spanish, Hispanic, or Latino or none of these?
a. Yes
b. No

5.) (PRE-TEST ONLY) Choose one or more races that you consider yourself to be:
a. White

Asian

Black or African American

Native Hawaiian or Pacific Islander

Native American or Alaska Native

Other:

D o0 c

6.) (PRE-TEST ONLY) Date of Birth:
7.) School Name:
8.) School City

9.) School State
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10.) | am currently teaching the course(s):
a. AP Computer Science A
b. AP Computer Science Principles

11)) My student in this (these) courses participated in the study:
a. AP Computer Science A
b. AP Computer Science Principles

12)) (PRE-TEST ONLY) What other computer science courses have you taught?

13)) (PRE-TEST ONLY) How many years, including the current academic year, have
you taught AP Computer Science A

14.) (PRE-TEST ONLY) How many years, including the current academic year, have
you taught AP Computer Science Principles?

15.) (PRE-TEST ONLY) How many years, including the current academic year have
you taught computer science courses?

16.) (PRE-TEST ONLY) How many years have you taught in general?

17.) (PRE-TEST ONLY) How many students of the following genders are currently

enrolled in this course (if multiple classes/sections, please denote student for each
class/section)?

a. Male:
b. Female:
c. Other:
18.) (PRE-TEST ONLY) Which computer science courses are available for students

to take at your school?
a. Advanced Placement Computer Science A
b. Advanced Placement Computer Science Principle

c. Other:
19.) (POST-TEST ONLY) If any students participating in the study withdrew from
the class, please list their name(s):
20.) (POST-TEST ONLY) If any students withdrew from the course, what reasons

did the student(s) state for doing so? If multiple students listed, please state each with
student’s reason.
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