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ABSTRACT
Are women less likely to persist in computer science because of
gender differences in self-assessed computing ability? And why
do gender differences exist in self-assessments among women and
men who earn the same grades? We use a mixed-method research
design to answer these questions, utilizing both quantitative survey
data (n = 764) and qualitative interview data (n = 59) from students
in introductory computing courses at a large U.S. state university.
Quantitatively, we find that women self-assess their computing
ability significantly lower than men who earn the same grades, and
that these lower self-assessments reduce the likelihood that women
enroll in future CS courses (relative to men who earn equivalent
grades). Qualitatively, we explore how women and men perceive
their own computing ability to understand why women self-assess
their ability lower than men. Our interviews revealed that women
were much less likely than men to make favorable comparative
judgements about their ability relative to their classmates. Women
also had higher personal performance standards than men. Lastly,
women were more likely than men to experience disrespectful treat-
ment, with an undertone of presumed incompetence, from their TAs
and classmates. In sum, this research furthers our understanding of
why gender differences exist in self-assessments of computing abil-
ity and how these differences can contribute to gender disparities in
computing persistence. It also draws attention to the importance of
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feedback in computing courses and suggests that improving course
feedback may reduce gender disparities in computing.
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1 INTRODUCTION
Women remain tremendously underrepresented in the field of
computing. [52, 53]. While many factors contribute to this in-
equality, previous research suggests that gender differences in self-
assessments of computing ability may contribute to the dearth
of women in computing [38, 44]. This is because people need to
believe that they have adequate ability to succeed in a field in or-
der to pursue it [13], and research has found that women are less
confident in their ability in male-typed fields like computing, in
which cultural stereotypes hold that men are more competent than
women [1, 8, 12, 12–14, 18, 19].

Yet while it is certainly plausible that gender differences in stu-
dents’ self-assessed computing ability cause fewer women to persist
in computer science, there has unfortunately been limited study of
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these phenomenon within the specific field of computing. The liter-
ature that has examined gender, self-assessments, and persistence
in computing finds that women do have lower self-assessments of
computing ability, and that these lower self-assessments reduce
women’s stated intentions of persisting in computer science[19].
However, there has been no examination of how self-assessments
influence women’s actual persistence in computing, nor of why
women might self-assess their computer science ability lower than
men with objectively equal ability.

In the present research, we ask: 1) whether gender differences in
self-assessments of computing ability contribute to gender dispari-
ties in persistence in computer science; and if so, 2) why do gender
differences in self-assessments exist. To answer these questions,
we first quantitatively determine if there are gender differences
in self-assessments of ability in CS courses and whether these
differences reduce women’s persistence in computing using both
surveys and enrollment data at a large American university. Second,
we conduct qualitative interviews with a smaller sample of these
students to understand what information women and men use in
their self-assessments of computing ability, to determine the social-
psychological mechanisms that may underpin gender differences
in self-assessed ability.

Our research makes the following contributions to the literature,
(1) we connect the literature on self-assessments of ability and per-
sistence to the field of computing education; (2) we quantitatively
test whether women have lower self-assessments of computing
ability, and if so, whether it reduces their persistence in computer
science; and (3) we increase the understanding of the mechanisms
underlying gender differences in self-assessments of CS ability.
In sum, this research draws attention to the importance of self-
assessments of ability for gender equality in computing. It also has
important implications for researchers and educators who want to
design interventions to combat gender disparities in computing,
as it suggests that changing students’ self-assessments of comput-
ing ability may encourage more students to persist in computing,
particularly those who are women.

2 GENDER STEREOTYPES,
SELF-ASSESSMENTS, AND PERSISTENCE IN
COMPUTING

Despite efforts to increase participation of women in fields dom-
inated by men, women are still underrepresented in many high-
status occupational fields such as science, technology, engineering
and mathematics (STEM) [25]. One major factor contributing to
the dearth of women in STEM fields are gender stereotypes about
women’s and men’s abilities on male-typed tasks. Negative stereo-
types about women’s abilities in mathematics and science persist
despite recent gains in participation in these fields during the last
few decades. As early as elementary school, children are aware of
these stereotypes and can express stereotypical beliefs about which
science courses are suitable for boys and girls [1, 18]. A study of
first grade children found that they held stereotypes that boys were
better than girls at robotics and programming [12]. Further, the
girls with stronger stereotypes about robotics and programming
reported lower interest and self-efficacy in these domains. Thus,

it follows that boys self-assess their task competency higher than
girls in tasks that are considered to be masculine [13].

The relationship between self assessment and self-efficacy is
reciprocal and intricate. Self assessment is defined as “a wide va-
riety of mechanisms and techniques through which students de-
scribe (i.e., assess) and possibly assign merit or worth to (i.e., eval-
uate) the qualities of their own learning processes and products”
[43]. Self assessment is a learning regulatory strategy whereas
self-efficacy is thought to strengthen students’ activation and use
of these regulatory strategies, such as monitoring and evaluation
[41, 46]. Self-assessment can increase perceived capability among
students, which could affect students’ self-efficacy [2].

A number of factors have been shown to affect self-efficacy in
Computer Science. In particular, Kinnunen and Simon showed that
demographic factors such as race and socio-economic status affect
the self-efficacy of introductory programming students [26]. Gender
has also been shown to correlate with students’ self-efficacy. In
particular, Beyer showed that women enter into computer science
with lower self-efficacy than men [6] and Lishinski et al. showed
that women revise their beliefs about self-efficacy earlier than men,
based on course feedback [35]. Not only do women begin with
lower self-efficacy, but they lose it more quickly than men. We
hoped, in our study, to gain more insight into why this is the case
in order to combat these effects.

Cultural messages about who is better suited to certain subjects
reinforce stereotypes about gender differences in intelligence. Men
are stereotypically more associated with notions of brilliance and
genius than women (e.g., [4, 5, 7, 17, 27, 30, 47, 49, 51]. Bian et
al., [8] found that linking success to brilliance lowered women’s
interest in a range of educational and professional opportunities.
Prior research has shown that interest is a crucial precursor to
participation in a field [11, 12, 23, 36, 39, 54]. Women were less
interested in brilliance-oriented jobs than men were; they also
perceived themselves to be less similar to the people in these jobs
andwere less sure they could succeed in them [8]. Cultural messages
about men being better suited to work in STEM fields begins at an
early age and leads girls to have lower interest, lower self-efficacy,
and feeling as though they do not belong in these domains which
can all play a role in why women self-assess their ability lower than
men throughout their education and careers [1, 8, 12, 13, 18].

Certain STEMfields have lower rates of involvement fromwomen
than others. A 2017 study introduced a model with three overar-
ching factors to explain these larger gender gaps in participation
in computer science, engineering, and physics as they occur more
in those fields than in biology, chemistry and mathematics. These
three factors were 1) "masculine cultures that signal a lower sense
of belonging to women than men, 2) a lack of sufficient early ex-
perience with computer science, engineering, and physics, and 3)
gender gaps in self-efficacy" [12]. These factors help explain why
women may be self-assessing lower than men which leads to less
persistence in attaining computing careers [9, 14, 33, 34].

Despite the growing popularity of the computer science ma-
jor, women are still underrepresented in this field, earning only
18% of bachelor’s degrees [19, 31]. A 2009 poll found that 74 per-
cent of college-bound boys ages 13–17 said that computer science
or computing would be a good college major for them compared
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with 32 percent of their peers who were girls [22]. Gender stereo-
types create a double disadvantage for women as they create gen-
dered differences in self-assessments of computing ability which
then decrease the likelihood that women will persist in CS. Fisk
and Wingate [19] hypothesized that increasing top-performing
women’s self-assessments of computing ability would lead to an
increase in women’s intentions to persist in computing as a career
choice. To test their hypothesis, they conducted a field experiment
in a CS1 class in which the top fifty percent of students were given
additional performance feedback from their instructor via email.
Their results suggest that their intervention increased women’s self-
assessments of computing ability which led to increased intentions
to persist in computing. This is because high self-assessed ability is
a strong predictor of persistence. Individuals’ perceptions of their
competencies are powerful motivators that affect the choices they
make, the effort and persistence they put forth, and the resilience
they show in overcoming obstacles [55].

Studies show that low self-efficacy is associated with higher
drop-out rates from college majors and can impact career choice
[21, 32, 42, 45]. Researchers have found that self-efficacy and nega-
tive beliefs about computer programming abilities may contribute
to the high drop-out rates in computer science [34, 48]. Correll’s
2001 study found that boys were more likely than girls of equal
mathematical performance to believe that they were competent at
mathematics. Women hold themselves to a higher standard than
men do which results in fewer women of equal ability to men self-
assessing themselves as being good at math and science, resulting
in fewer women pursuing STEM careers at large [14]. This study
seeks to uncover the extent to which this gendered self-assessment
is taking place in computer science, why, and what effect this may
have on women’s persistence intentions to remain in computing
careers.

3 CURRENT RESEARCH
We use a mixed-method research design [15] consisting of both
quantitative survey and enrollment data (n = 764) and qualitative
interview data (n = 59) from students in four introductory com-
puting courses (Java, CS-Principles, Matlab, and Python) at a large,
engineering-focused, public U.S. state university in the Fall 2020
and Spring 2021 semesters. These introductory courses provided
an ideal venue to learn about students’ self-assessments and in-
tentions to persist in computing, as student typically take these
courses early in their college career and only one of these courses
(Java) is required for the CS major at the university. This allowed
us to study students with varying and evolving self-assessments
and persistence intentions, and to avoid sampling on the dependent
variable (i.e., students who have already committed to majoring in
computing). Students who completed the surveys were given the
option of being contacted to take part in qualitative interviews, and
we randomly contacted some of these students to participate in
interviews (with an oversampling of students from historically un-
derrepresented groups in computing [e.g., women, Black students,
Hispanic students, etc.). The qualitative interviews took place at
the end of the Fall 2020 and Spring 2021 semesters.

We first describe our statistical analyses of the survey and enroll-
ment data to determine whether women self-assess their computing

ability lower than men with equal grades, and if so, whether these
lower self-assessments decrease the likelihood that women persist
in computing. We then detail our analyses of the qualitative inter-
views with students in these courses to understand howwomen and
men perceive their own computing ability. This provides valuable
insights on why women self-assess their computing ability lower
than men.

4 QUANTITATIVE ANALYSES
4.1 Procedures
In our quantitative analysis of survey data, we analyze students’ sur-
vey responses, grade data, and enrollments in computing courses.
Students were recruited to take three surveys through their instruc-
tors across four different introductory computing classes during
the Fall 2020 and Spring 2021 semesters. The surveys contained a
multitude of questions about students’ experiences in their comput-
ing courses, their self-perceptions, and their demographics. Some
questions were about their self-assessments of computing ability,
which we use in our analyses. Emails were sent to every student
in the participating classes containing links to the surveys. Incen-
tives for completion were left up to instructors: instructors chose
to either make the surveys optional, count them as extra credit, or
include them as a required portion of students’ grades. Students
chose whether to consent to the usage of their survey responses,
grades, and/ or enrollment data for research and no students were
required to participate in the study. Student responses from three
surveys were included in our data analysis, and each survey was
sent to students after a major course assignment.

4.2 Participants
764 students at a large public research university completed at least
one of the three surveys and consented to the use of both their
grade and enrollment data. This led to an overall response rate of
69.6% over the four different courses. In the analytic sample, par-
ticipants ranged in age from 17-57 years old with an average age
of 20.19. 68.70% of participants who reported their race identified
as White, 9.03% identified as Asian, 3.61% identified as Black or
African-American, 3.27% identified as South Asian, 3.27% identi-
fied as Hispanic or Latino/Latino, and 12.09% identified as some
combination of races or entered another race. At the end of the
semester, (10.4%) stated they were CS majors and (8.6%) stated they
were minoring in CS. Survey procedures and question wording
remained the same between the two semesters and across the dif-
ferent courses and course sections. Five instructors participated in
Fall 2020 and four participated in Spring 2021.

4.3 Metrics
4.3.1 Gender. We use the variable ‘Woman’ to measure gender,
which was coded as ‘1’ for participants identifying as women and
‘0’ for participants not identifying as women. 21.39% of participants
identified as women, 70.00% identified as men, 8.17% did not spec-
ify their gender, and 0.44% specified a gender other than man or
woman.

4.3.2 Course. We use a series of binary variables to control for
differences between courses (‘1’ if the student completing the survey
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was enrolled in the course, ‘0’ if the student was not enrolled in
the course). CSC 110 is a dummy variable for a block-based CS
Principles course for non-majors (11.32% of sample), CSC 111 is
a dummy variable for a Python-based course largely for non-CS
STEMmajors (22.76% of sample), CSC 113 is a dummy variable for a
MATLAB-based course largely for non-CS STEM majors (53.14% of
sample), and CSC 116 is a dummy variable for a Java-based course
for CS majors and minors (12.78% of sample).

4.3.3 Grades. A students’ grade was calculated by averaging two
major grades that were collected at two different periods in the
semester. This resulted in a single value for each participant. While
this is not a perfect measure of a student’s grade in a course, it is an
external measure, and there is no reason to believe that it is more
systematically biased in favor of women (or men). The average
grade was 85.65 (out of a maximum of 100), with an average score
of 84.42 for women and 85.89 for men, a difference that was not
statistically significant.

We asked course instructors to choose which assessments to use
as the two major grades. Due to differences in structure and exam
policies across courses, there was variation in what assessments
were used (e.g., a test grade, a major assignment grade, or an aggre-
gate grade). For this reason, we include controls for course in all of
our models. We chose not to normalize grades by course because
numeric grades (which correspond to letter grades) provide better
information about a students’ ability than standardized grades. This
is because letter grades correspond to the level of mastery of the
material (e.g., a grade of ’A’ demonstrates a high level of mastery of
the material even if it is the average grade in the course) versus be-
ing a measure of relative performance (as are standardized grades).
In addition, students understand the meaning of letter grades dif-
ferently than relative grades (i.e., an ’A’ means something different
to students than a ’B,’ even if both constitute an average grade in
their respective courses).

4.3.4 Self-Assessments of Computing Ability. Self-assessments of
CS ability were measured using a 7-point Likert scale adapted from
the National Educational Longitudinal Study of 1988 (NELS-88)
(used by [13] and [19]. Participants were asked to what extent
they agree or disagree with the following statements: 1), Computer
Science is one of my best subjects and 2) I get good grades in
Computer Science. Additionally, students were asked to describe
their CS ability using a 7-point Likert scale ranging from 1=far
below average and 7=far above average. The responses to these
questions were combined across the three surveys, to create a nine-
item self-assessment CS ability index with high scale reliability
(Cronbach’s alpha = 0.903), an average value of 4.64 and a standard
deviation of 1.04.1

4.3.5 Computing Persistence. We obtained rosters from the uni-
versity registrar to determine which students enrolled in CS 116
(the introductory Java course for CS majors/minors) or CS 216 (the
subsequent CS majors/minors course) the semester after they took
the surveys. These courses were chosen because they are the se-
quential core courses required for a major or minor in CS. A total

1The mean of a student’s non-missing responses were used for students who did not
complete all three surveys.

of 116 students (18.6%) were enrolled in a sequential course the
semester after completing the survey.

4.4 Path Analysis
We use a path model to understand the connection between gender,
self-assessed computing ability, and computing persistence. Path
models, a type of Structural Equal Model (SEM), consist of a series
of linear regression equations. However, unlike linear regression
analysis (which focuses on the effects of independent variable(s)
on a single dependent variable), path models test the strength of
complex, hypothesized relationships (i.e., a single variable can be
both a dependent and independent variable) while controlling for
potential confounds. In other words, a path model allows one to
test how well your hypothesized relationships between variables–
including the directionality of the relationship–are supported by
the data. Path models also allow indirect effects to be teased apart
from direct effects.

A path model was ideal for our analysis because it allowed us
to test our hypotheses that gender influences self-assessments of
computing ability, and that in turn, self-assessments of computing
ability influence persistence in computing (while controlling for
course and grades).2

Following the steps for path model construction outlined by
Kline [28], we specified our model according to our hypotheses
and added paths between the controls (i.e., grades and course)
and the variables of interest (i.e., self-assessments of ability and
persistence intentions). We then respecified the model to produce
a well-fitting model by removing statistically insignificant paths
(i.e., paths that may appear appropriate but which do not have a
statistically meaningful relationship), using p < 0.10 as the cutoff for
a path to be included in the refinedmodel. Specifically, the following
paths were removed due to a lack of statistical significance: 1)
gender -> grades; and 2) grades -> persistence. CSC 110 is not
included as a variable in the model as it is the reference category.
The resultant model is quite well-fitting (χ2 = 0.71, p = 0.40; CFI =
1.000; RMSEA = 0.000; SRMR = 0.004; CD = 0.471).3

4.5 Quantitative Results
4.5.1 Gender Differences in Self-Assessed Computing Ability. We
first determine if there are gender differences in self-assessed com-
puting ability, controlling for course and grades. We find that
women self-assess their computing ability 0.21 points lower than
men who earn equal grades. This equates to women assessing

2Given that persistence in computing was measured using a binary variable instead of
a continuous variable, we violated a statistical assumption of SEM. However, we chose
to present these results, as studies on binary variables in SEM, "...suggest that results
based on categorical variables approximate those of their continuous counterparts,
except in the extreme case where dichotomous variables were skewed in opposite
directions...," [24]. This is because, "Research consistently says the correlations (and
corresponding parameter estimates) are attenuated (i.e., underestimated), and standard
errors and χ 2 values overestimated (Schumacker & Beyerlein, 2000), which is good
news because all these results err in the statistically conservative direction...," [24].
In addition, we ran the same path model using a continuous, attitudinal measure of
persistence (in place of the binary measure of persistence) as a robustness check, and
obtained substantively similar results.
3Unlike most statistical tests, the χ 2 test for a path model is a test of statistical
insignificance. In other words, a well-fitting path models has a statistically insignificant
χ 2 value. It is also generally agreed that well-fitting path models have CFI values
over 0.95, SRMR values under 0.05, and RMSEA values under 0.05. For a primer on
structural equation models and fit indexes, please see [24].
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Figure 1: Path analysis examining the effect of gender on self-assessments and persistence in computing

their ability about 5% lower than men, given that the average self-
assessment score of men in the sample is 4.70.

4.5.2 Effect of Self-Assessments on Persistence. We next determine
if self-assessments of ability influence students’ persistence in com-
puting controlling for course and student gender. We find that
self-assessments are predictive of computing persistence: for every
one unit increase in self-assessed computing ability (measured on
a 7-point Likert scale with a mean value of 4.64), students are 4.4
percentage points more likely to enroll in a computing course the
following semester (p < 0.001). This is a large effect given that only
15% of students took a computing course the semester after being
surveyed (recall our sample is largely non-majors). It is also worth
noting that self-assessments are more important than grades in
predicting a students’ persistence in computing, as grades do not
have a statistically significant direct effect on computing persis-
tence. 4 However, there is an indirect effect of grades on persistence
intentions through self-assessments of computing ability. In other
words, grades influence students’ self-assessments, which in turn
influence their persistence in computing. While this effect is sta-
tistically significant (p < 0.001), it is small (the coefficient for this
indirect effect is 0.001, which means that for every 1-point increase
in grades, students are 0.1 percentage points more likely to enroll
in a computing course the following semester).

4This is why there is no direct path between grades and computing persistence in
the model, as it was found to be statistically insignificant during re-specification and
removed.

4.5.3 Gender, Self-Assessments of Ability, and Computing Persis-
tence. Lastly, we determine if the observed gender differences in
self-assessed ability are large enough to reducewomen’s persistence
in computing. In other words, we statistically test whether there
is an indirect effect of gender on computing persistence through
self-assessments of ability (controlling for grades and course). As
predicted, we find evidence that women’s computing persistence
is reduced by their lower self-assessments of computing ability
(indirect effect = -.009, p = 0.022). This means that women’s per-
sistence in computing is lowered by one percentage point because
of their lower self-assessments of computing ability (controlling
for their grades and course enrollments). Given that 14.1% of men
take a computing course the semester after the survey, this means
that women’s lower self-assessments reduce their persistence in
computing by 7% relative to men of equal ability.

4.5.4 Gender and Computing Persistence. It is worth noting that
both the direct effect (coef. = 0.061, p = 0.019) and total effect (i.e.,
direct effect plus indirect effect: coef. = 0.052, p = 0.048) of being a
woman on computing persistence is positive. This means that while
gender differences in self-assessments reduce women’s persistence
in computing, the magnitude of the effect is not large enough to
overwhelm women’s greater levels of persistence in computing.
In other words, women would be even more likely to persist in
computing (6.1 percentage points more likely to persist than men,
versus the observed 5.2 percentage points [controlling for grades
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and courses]) if it weren’t for their lower self-assessments of com-
puting ability. This is likely because women who take computing
classes are particularly committed to computing [38].

5 QUALITATIVE ANALYSES
5.1 Participants
In order to understand why women self-assess their computing
ability lower than men who earn the same grades, we conducted
fifty nine interviews with undergraduate college students taking
these courses. Of the 59 interview participants, there were 34 men
and 25 women. Women were disproportionally represented in our
qualitative sample as we purposefully over-sampled them.

5.2 Procedures
Students were asked a series of open-ended, semi-structured ques-
tions related to their past experiences in computing and their per-
ceptions of performance in the course. Additionally, they were
asked to reflect on their relative performances, their goals, and
their experiences with group and partner work, as well as what
significance grades have (i.e., what is a “good” or “bad” grade in
their eyes?).

Written informed consent was secured from each participant
prior to recruitment and a verbal confirmation of consent was re-
ceived directly before commencing the interview. Interviews were
held over a video conferencing application and lasted approximately
45 minutes. Both interviewers were affiliated with a different insti-
tution than the students; thus students could develop more comfort
knowing that they were not sharing their thoughts with researchers
directly affiliated with their institution. Further, interviews were
completed after final grades for the courses were submitted. All
students were enrolled in the university at the time of the interview.
Participants received a $25 Amazon e-gift card via email after the
conclusion of their interview. Pseudonyms are used in all write-ups
to protect participants’ identities.

For the qualitative interviews, all audio recordings (n = 59)
were transcribed after the interviews were completed with the use
of a transcription service, Otter. ai (with manual checking from
a research assistant to assure fealty of the transcription). After
transcribing, our qualitative expert used a qualitative data analy-
sis software (NVivo) to conduct open-ended coding, followed by
line-by-line coding. This qualitative analysis process involved an
abductive approach as well. By utilizing an abductive approach to
qualitative research [50], this allowed us to focus on the language
that participants were using during the interviews and employ a
"double engagement" of theory and specific methodology [50]. We
were able draw upon our existing, interdisciplinary knowledge of
inequalities, teaching and learning, and persistence in computing
to inform the qualitative data collection, analysis, and discussion
process. Line-by-line coding encourages researchers to think about
the material and interviews that may differ from participants’ inter-
pretations [10]. Moving from line-by-line open coding into more
focused coding, we began creating analytical categories which al-
low for a more focused coding approach and categorical evaluations
and analyses.

Our coding revealed three key themes about gender differences
in students’ self-assessments of computing ability. While the three

main themes captured in the interviews are related— particularly
through their gendered nature— each one is distinct and captures
the deep intricacies of how participants discussed their CS expe-
riences at large. We describe the three overarching themes and
describe patterns in students’ reports of events, perceptions, and
feelings in the following subsections.

5.2.1 Gender Differences in Comparative Assessments. Firstly, we
found that women were much less likely than men to make favor-
able comparative judgements about their ability relative to their
classmates. When asked to reflect on how well they performed rela-
tive to their classmates, men were much more likely to report doing
better than their classmates, “I think I did pretty well, early on I felt
a little bit behind. . . but as the course went on, I, I think I caught
up if not exceeded the average” (Marco). Even when reflecting on
the virtual nature of the course, which led to less peer interaction
and more ambiguity in course performance, men drew upon the
limited information and came up with more positive assessments
of their performance. Men were less likely to draw upon specific
mechanisms (i.e., grades, test scores, etc.) when responding to this
question. Rather, responses from men tended to be rather short,
such as “Pretty well.” or “Um, I didn’t look at the grade distribution,
but I think I did decently well. I would say, at least, at least top 50%,
probably around top 30%.” (Waylon) and “I think I outperformed
most of my classmates,” (Oliver). Of course, this was not completely
uniform across our sample of men as some did draw upon their
prior experiences or discussions with others to formulate their
comparative assessments,

“Um, I think I did pretty much along with a bunch
of my classmates, I feel like the class was really geared
towards helping everyone no matter what their level
was. . . because I had taken a previous computer class
and I kind of understood the basic logic of I kind of
understand how computers work. . . So I feel like I
did kind of as well as everyone else who was in the
course” - Brett

“I mean, I don’t know. That’s a great question. I
mean, I know that I performed pretty well, in the
time that I spent in breakout rooms, meeting people.
Probably... I mean... probably near, probably in the
upper half at the very least. But I don’t know, there
were a lot of of very, very talented people in that class
that I got the opportunity to work with. So I don’t
want to make a big judgment on that. ” - Chad

However, as a whole, many more women than men (12% more)
could not come up with an answer to this question. Though these
students were all taking the same remote courses, women’s re-
sponses point to much more ambiguity in their feelings of course
performance. For example, Elizabeth noted,

“I think because it was online, I couldn’t really tell.
Like sometimes when I was in labs, and things like
that, or in office hours, there were people that seemed
to be more confused than me, but I could never really
pick up on how people were doing.”

Yet, for women who did give a clear answer to this question,
they self-assessed much lower than men did. 17.1% more women
than men reported that they did poorer than their classmates.
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At times, women made these evaluations in short, negative self-
assessments,“Not as well,” (Joan) and “Um, I would say probably on
the lower end of performance, so um not very good.” (Loraine).

Women were much more apprehensive about giving a compar-
ative assessment, a few noting that they do not want to make a
claim about their relative performance.

“Um, I mean, that’s kind of difficult, just because of
how the course was set up this semester, being online
and everything, it was hard for me to, like, commu-
nicate with other classmates. And I’m not quite sure
what the average was in the course. So I feel like I
did well. But the thing is, I have no idea. I don’t re-
ally want to compare myself to other classmates, just
because I don’t know how they did. So yeah, that
question is kind of hard for me to answer.” - Catherine

Others gave longer responses in which they drew upon several
specific points of reference to formulate their responses.

“Ah, I don’t, I don’t know. It was kind of, um, prob-
ably very average. Probably, like, smack dab in the
middle because, um, a couple of people that like I had
worked with in the class they’d been coding forever
and like, this one kid had been coding since the fourth
grade... And I...like, I, that was like, my first time tak-
ing the course. And I just like, had absolutely nowhere
but it was like weird because with our teacher, like,
our grades weren’t, like, it just didn’t kind of make
sense sometimes. Because like this, like that kid that
had been coding since fourth grade. Um, yeah. So like
he he would get like, 90s on his test, but then like,
50s on our projects, and we had like, five projects in
the semester, and they’re worth like, together, I think
they made up like 25% of our grade. So like, but like, I
would get, like 70s on the test, and then like 80s on
the projects. So it was just like really weird of like
that. But in terms of understanding and concepts, I
think I’m very average” - Lindsey

While researchers typically do not quantitatively enumerate
qualitative interview themes due to the small sample size, we felt
that doing so would be quite illustrative in this case. We found
that 44% of women reported that they performed better than their
classmates, 24% reported that they performed the same (average) as
their classmates, 20% reported that they performed worse than their
classmates, and 12% reported that they were unsure of their course
performance relative to their peers. As for men, 76.5% reported that
they outperformed their peers, 20.6% said that they performed the
same, 2.9% reported that they performed worse, and not a single
man reported that they were unsure about their course performance
relative to their classmates. It is important to note that many of
the women who reported being unsure of their performance or
poor performance also mentioned that they received As and Bs in
the courses, whereas many men who reported that they performed
average in the course reported receiving lower grades than As or
Bs.

Thus, 32% of women reported that they performed worse or were
unsure of their comparative performance, compared to only 2.9%

of men, despite receiving similar letter grades. In sum, these find-
ings suggest women are much more likely than men to experience
ambiguity in their course performance relative to their peers.

5.2.2 Gender Differences in Personal Performance Standards. Sec-
ondly, women were more likely to have higher personal perfor-
mance standards when compared to men who, on average, had
lower personal standards and relied on overall class averages to
gauge their performance. Men also used fewer sources of assess-
ment (e.g., grades, group work, interactions with classmates, rela-
tive coding experience, etc.) to come to conclusions on their overall
performance, but they were also more likely to have increased le-
niency when it came to grade expectations or general assessments
of what a “good” or “bad” grade is. The following are examples of
men reflecting on their perceptions of grades:

“Um, I’d probably say, like, for me, it’s probably a
B or an A is what I consider a good grade. C is okay.
And then a D and an F are bad grades.” - Adam

“I would say a bad grade, like, grade wise, just on
an assignment is anywhere 70 or below.” - Monroe

“Um, well, typically, it’s been, a C is where bad
grades start. But, um, this year, I think I learned that
that can actually be good, because everything aver-
ages out in the end. So as long as you keep the rest
of the things high, then one C or one D is fine. So
as long as I think it’s more about consistency than
anything, because if you’re getting consistently bad
grades, then you’re gonna do bad, but consistently
good grades, and a few bad grades sprinkled in isn’t
anything to worry about.” - Omar

On the other hand, women were far more self-critical when it
came to grades. Similar to their perceptions of comparative self-
assessments, most women in this sample held themselves to very
high standards when it came to their actual grades received on
assignments, tests, or the course as a whole. For example, Charisse
noted that she did “pretty good” in the course and elaborated to say
that as long as you receive an A or higher (meaning an A+) that is
“good”. She went on to say,

“Honestly, this is gonna sound so stupid, but any-
thing below an A [is bad]. Like, I know that’s like,
not like the right answer. But I think for me, as I said,
again, like, doing good in school is very important
to me... so anything that goes to B+ or a B, definitely
stresses me out. Like I have definitely had like my
fair share of anxiety situations where, like, got an a B,
or a B+ and I’ve been like, really stressed about it. . .
Yeah, I think because high school is. . . you were like,
a straight A student, and then you go to college... And
you’re like, wow, I’m really not that smart. What was
I thinking?”

Similarly, other women noted many of the same feelings in the
perceptions of their own grades,

“As a perfectionist, I haven’t really received very
bad grades. So like, in general, I know that B’s and
A’s are good, like are designated as good grades. Like,
personally, my standards are pretty high for myself. . .
And while I received B’s on like tests, just like not
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overall classes, like, I understand that they’re not ter-
rible, but like, in my head, it’s like I could have done
better.” - Regina

Included in this leniency that men seem to give more often in
their grade evaluations is the perspective that as long as they are
staying within the assumed average grades of the class at large,
they do not need to panic.

“I guess I would kind of say that a bad grade is. . .
I guess lower than some sort of statistical average. I
like to think that if we’re learning a certain concept,
and no one gets it, I don’t think that a bad grade is... I
guess it’s relative based on everyone else. That’s why
I like classes with curves and stuff. Because I know
that sometimes it’s just hard for students to grasp the
concepts or there’s outside forces that are messing
with people somehow. So I like to say a bad grade
would be based on the other participants in the class.”
- Brett

Whereas women seem to push for, or aim for, higher grades
regardless of how others are performing,

“Um, I definitely like to stay in the A/B range as much as possible.
Andwhen I get a C that definitely kind of kickstarts me to try and do
better. Um, whereas like I knew if I get kind of a B on an assignment,
but still, like, there’s still hope for me to really push for an A in
the class by making up for it in other areas. So that’s that’s kind of
what my personal expectations of myself are.” - Amber

However, both women andmen did point to the type or discipline
of the class as a factor in their grade expectations and eventual
evaluations. For instance, Rhianna noted,

“Um, I mean, I try to shoot for B’s or A’s. So I guess,
like, anything below an 80, I consider, it really depends
on the class, honestly. And relative to my performance
in that class, because there’s some classes where I’m
like, oh, my gosh, I got a 60 on this exam. “Depends on
the course, in organic chemistry, I’ve been happy with
the 60. in chemical engineering, I’ve not been happy
with the 73. So I think it depends on the rigor of the
course and how well I expected to know the material.
Like if I’m going into a chemical engineering exam, I
practice a lot more than I did for organic chemistry,
possibly. So I expect a 60 in organic chemistry, but in
chemical engineering, I’d expect like a 90.”

5.2.3 Gender Differences in Disrespectful Treatment. Thirdly, we
found that women were more likely to experience disrespectful
treatment, with an undertone of presumed incompetence, from
their TAs and classmates. Several women reflected on their gender
as a possible reason for experiencing this disrespectful treatment.
For example, Joan noted,

“Um, well, here’s the positives: the professor was
great. The classmates were great. . . And all my lab
partners were great. Did have an absolutely not great
TA. He gave me some pretty bad vibes. . . I don’t know
if it was because I was a female or what? . . . All my lab
partners were guys, I think there were three females
in our entire lab section out of 40. . . Like, I don’t really
care as a female [in] STEM, you’re kind of used to it. . .

Our TA came in the first time. And like, my partner
asked the question, and like, he helped us specifically
with the code and was like, ‘Oh, yeah, this is where
the problem is, like, this is what you need to do to fix
it and stuff like that.’ And like, we got help. And then
like, the second time, I asked the question, he was like,
‘Yeah, your code is wrong’ and then left. And it was
like that every single time.”

One woman, after noting that she may not pursue CS any further,
remarked on the importance of feeling welcomed in a community
and that “...STEM careers are less accepting of others”. When asked
about the prospect of participating in a CS environment in the
future, Rose noted that the concern comes from being a girl in CS
since it’s not as common. The following conversation ensued,

“Yeah, yeah. I mean, there was just like some peo-
ple who made me a little bit uncomfortable... just like
being a girl in like a very male dominated environ-
ment is. . . there’s like sort of more of a spotlight on
you. There aren’t really. . . specific things that made
me like super uncomfortable, but just in general, like
the way people talk to you and things like that is a
little bit unnerving. . . it’s hard to explain a bit. They
were just a little bit more inclined to listen to like, my
male counterparts, or there are some times I felt if
I was working with a partner, it was less of a, like,
professional relationship, I guess and more of like,
interrogating a little bit.”

Though the questions were focused on the nature of the current
semester’s CS course, many students told stories of prior STEM
courses that still shape their views of the STEM field at large today.
For instance, Amber reflected on her physics experience and related
this to her feelings on the coding environment,

“Yeah, the other underlying factor was that I was
the only girl in my physics lab, which definitely kind
of compounded the pressure that like, I felt like I was
upholding a stereotype that girls can’t code and there
were all these guys in this class. And so it was already
a little bit of a toxic environment. And so then, to
have that feeling of failure associated with the coding
was a little bit traumatic.”

She also went on to note that in one physics lab, a student who
is a man physically grabbed the mouse from her hand when they
were working together. She continued,

“Yeah, I definitely felt disrespected. . . there was
another incident that was like, a little smaller, but
not related to coding. . . we had group roles that were
assigned. And without talking to the rest of the group,
the guy automatically gave the other guy in the group
the leadership role for that day. And so it was just an
uncomfortable experience overall.”

On the other hand, no menmentioned experiencing disrespectful
treatment in the course. Overall, men did not remark on gender at
all aside from one man who noted his position of privilege in the
class as a straight, white man and two men who noted that there
were women in their peer groups who contributed and meshed well
with the men in the groups.
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6 DISCUSSION
As predicted, our quantitative results demonstrate that women
in computer science self-assess their ability lower than men with
equivalent grades, and that these lower self-assessments of comput-
ing ability reduce the likelihood that women persist in computing.
Our qualitative interviews illustrated three key mechanisms that
drive gender differences in self-assessed ability: gender differences
in comparative assessments, gender differences in personal perfor-
mance standards, and gender differences in disrespectful treatment
from TAs and classmates.

While we often think of grades as an objective measure that
students will use to accurately self-assess their own ability, our
interviews illustrated that grades are filtered through a gendered
lens that reduces women’s persistence in computing. Our inter-
views revealed that letter grades are often quite ambiguous, as the
meaning associated with a given letter grade may differ for students
and educators (e.g., a professor may see a ’B’ as a good grade, while
a student may not), especially for newer college students who are
attempting to differentiate "normal" high school grades with the
"new normal" college grades. We found that this ambiguity was
amplified by gendered processes in that women were less likely
to make positive comparative assessments relative to their class-
mates and more likely to personally hold themselves to a high grade
standard.

In addition, we found that women were much more likely than
men to experience disrespectful treatment that presumed a lack of
competence. While only a minority of women experienced such
treatment, no men mentioned any sort of disrespectful treatment.
This treatment from students and TAs indirectly, and perhaps un-
knowingly, indicated to women that others perceived them to be
“bad” at computing and/ or to be unworthy of respect in comput-
ing. These sorts of negative messages have been found to dampen
women’s persistence in computing [3, 8, 12, 29, 37]. And indeed,
we found that these experiences were quite salient and had last-
ing impacts, as the women who received disrespectful treatment
were more likely to internalize these messages about their lack
of competence, and consequently, less likely to want to persist in
computing.

While it is common for introductory CS students to perceive
themselves to be bad at computing (this occurs for for a variety of
reasons, many of which are common experiences in computing;
for instance, struggling to fix errors or using resources to look up
syntax [20]), our research illustrates the ways in which perceptions
of computing ability are gendered. Comparative judgements, per-
sonal performance standards, and disrespectful interactions with
TAs and other classmates combine to cause women to self-assess
their computing ability lower than men with similar grades. These
lower levels of self-assessment of computing ability directly reduce
women’s persistence in computing.

It worth noting that we found these gendered effects even though
this research was conducted during the COVID-19 pandemic, dur-
ing which time all courses in our sample were conducted remotely.
This should have made gender less salient, as gender is not as easily
discernible nor as omnipresent in a remote setting, as one can al-
ways turn off their camera. This suggests that the effects of gender

on self-assessments may be larger in settings in which students
meet in person.

7 LIMITATIONS
Our results have a few important limitations. First, the data was
collected during the COVID-19 pandemic when courses were con-
ducted remotely. While we hypothesize that this suppressed the
effects of gender (implying that we would have found larger gender
differences in self-assessments and negative course experiences
in a face-to-face setting), we cannot be certain. Future research is
needed to address this question. Second, as we studied students en-
rolled in computing courses at a large research university in the US,
our results may not be generalizable to other populations. Lastly,
there may be a non-response bias, given that poorly performing
students were less likely to participate in our study because stu-
dents were recruited through their courses using course credit and
extra credit. However, we do not believe that this non-response bias
systematically skewed our results, given the high response rate and
the fact there is no reason to believe that there would be gender
differences in non-response among low performing students.

8 CONCLUSION AND FUTUREWORK
This work makes significant contributions to the field of computing
education by highlighting the importance of gender differences
in self-assessed ability for gender equality in computing and by
furthering our understanding of why gender differences in self-
assessed computing ability exist. In addition, by specifying the
causes of gender differences in self-assessments of computing abil-
ity (i.e., comparative judgements, personal performance standards,
and disrespectful interactions with TAs and classmates), this re-
search lays the foundation to reduce such disparities. If women
are holding themselves to higher standards in computing because
others do the same, interventions can be implemented to force
decision-makers to evaluate women and men similarly. Other in-
terventions could focus on making the criteria for success clear to
everyone by removing ambiguity.

Future research should investigate the impact of remote learn-
ing on gendered experiences and explore interventions to reduce
disrespectful interactions and the ambiguity of grade feedback. If
the effects of gender were lessened during the COVID-19 pandemic
due to the remote nature of learning, what will these students expe-
rience when they move back to in-person courses? Or when they
attend in-person courses for the first time at the college level? In
addition, future research should focus on interventions that reduce
the impact of "bad actors" on women in computing courses. Per-
haps more rigorous training and monitoring procedures could be
implemented to ensure that computing TAs treat all students with
respect. Lastly, interventions that reduce the ambiguity of feedback
in computing and other male-typed fields should be studied. In a
field that is facing a shortage of workers [16, 40], it is more impor-
tant now than ever to explore such interventions that keep students
in computing.

In conclusion, it is our hope that this research will help re-
searchers and educators improve women’s self-assessments of com-
puting ability, and in turn, their persistence in computing.
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