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ABSTRACT
Enrollment in computing at the college level has skyrocketed, and
many institutions have responded by enacting competitive enroll-
ment processes. However, little is known about the effects of enroll-
ment policies on students’ experiences. To identify relationships
between those policies and students’ experiences, we linked sur-
vey data from 1245 first-year students in 80 CS departments to
a dataset of department policies. We found that competitive en-
rollment negatively predicts first-year students’ perception of the
computing department as welcoming, their sense of belonging, and
their self-efficacy in computing. Both belonging and self-efficacy
are known predictors of student retention in CS. In addition, these
relationships are stronger for students without pre-college com-
puting experience. Our classification of institutions as competitive
is conservative, and false positives are likely. This biases our re-
sults and suggests that the negative relationships we found are an
underestimation of the effects of competitive enrollment.
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1 INTRODUCTION
In the United States, computing fields are unbalanced in represen-
tation by race and gender with respect to the population [25, 32,
36, 37]. This lack of diversity is not simply an issue of fairness
[37]. Diversity in computing can help produce more insights and
solutions to benefit society [9, 37]. Additionally, there is a shortage
of people to fill computing jobs [37], so it would be economically
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beneficial for groups currently underrepresented in computing to
be proportionally represented.

One way to address patterns of underrepresentation in the work-
force is to focus on retainingwomen and underrepresentedminority
students at the undergraduate level. Research has found that a low
sense of belonging [14, 23], low self-efficacy [20, 30], and a low
growth mindset [10, 17, 22] are associated with leaving computing.

We hypothesize that certain computing department policies
could negatively impact these outcomes and ultimately lead to
attrition. Specifically, we look at competitive enrollment, where
admission to a computing major requires certain grades or an ap-
plication. This may be a policy many computing departments are
considering to manage enrollment pressures [29, 41]. We also look
at the inability to pass out of CS1, "a first course introducing stu-
dents to programming fundamentals" [16], with prior computing
experience.

We measured the outcomes of interest using survey data from
first-year students enrolled in a computing course at one of 80
institutions in the United States and Canada. Using institution
websites, we collected information about their policies. We then
ran regressions to predict the outcomes of interest for students
based on the policies of their computing department.

Controlling for race and gender, we found that for students
without prior experience, competitive enrollment was a significant
negative predictor of sense of belonging and self-efficacy. For stu-
dents with prior computing experience, competitive enrollment
was a significant negative predictor of a perception of department
as welcoming. Inability to pass out of CS1 was not a significant pre-
dictor of any outcome of interest. Neither department policy was a
statistically significant predictor of a students’ growth mindset.

2 PREVIOUS RESEARCH
Competition is a theme across a variety of research focused on
the experience of post-secondary students in STEM [3, 4, 13, 22,
26, 35, 36]. For example, Seymour and Hewitt [35] highlight the
negative impact of introductory weed-out courses in STEM across
five institutions. Shapiro and Sax describe how competitive educa-
tional environments may more strongly discourage women than
men from persisting in STEM [36].

In computing, the seminal work Unlocking the Clubhouse [26]
described undergraduate women’s experiences with competition at
Carnegie Mellon University. Lewis and colleagues described how
students’ negative experiences of competition at an institution
with competitive enrollment negatively influenced their decision
to persist in CS [22]. Barker and colleagues observed introductory
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college CS classrooms for over 385 hours and found that competition
was often prioritized over cooperation [3, 13].

Taken together, weed-out courses and other competitive aca-
demic processes appear to negatively impact students’ experiences
[3, 13, 22, 26, 34]. However, these patterns have generally been iden-
tified at individual, research-intensive, PhD-granting institutions
[3, 13, 22, 26] and have not been systematically documented across
a wider range of institutions.

Next, we briefly describe research showing that persistence in
STEM and computing can be predicted by a student’s sense of
belonging [14, 23, 31], self-efficacy [20, 30], and growth mindset
[10, 17, 22]. We then discuss research related to two department
policies: competitive enrollment and passing out of CS1.

2.1 Belonging
A sense of academic belonging is "the subjective feeling of fitting
in and being included as a valued and legitimate member of an
academic discipline" [7]. In general, a desire to belong is a primary
motivator in humans [5], and a strong sense of academic belonging
is associated with increased academic achievement [14, 40] and aca-
demic interest [27]. Studies have also shown that a strong sense of
belonging is associated with persistence in STEM [14]. In comput-
ing, Lewis et al. found that, even when controlling for self-efficacy,
students’ sense of belonging in computing predicted persistence
in computing [23]. They also found, similar to findings in related
work [24, 31], that women had a lower sense of belonging than
men [23]. Previous research has also found evidence that Black and
Latinx students have lower sense of belonging than White students
[31].

2.2 Self-efficacy
Self-efficacy is "belief about one’s ability to plan for and execute
steps necessary for future success" [7]. In multiple fields, self-
efficacy has been found to be a strong explanatory factor behind
what decisions one makes and how long one persists with an action
[2]. In STEM, research has found that students’ belief in their ability
to succeed academically is a predictor of academic achievement and
persistence [20, 30]. Previous research has found that within STEM
[19, 38] and computing [7, 19], women reported lower confidence
in their ability to succeed than men.

2.3 Growth Mindset
A growth mindset is the belief that skills and intelligence can be
developed through hard work and strategic action [11]. In contrast,
a fixed mindset is the belief that skills and intelligence are intrinsic
qualities that cannot be changed [11]. A growth mindset has been
found to be a predictor of higher academic achievement [12, 17] and
persistence [17, 22] in STEM. It has also been shown that women
who have a growth mindset are more resistant to the effects of
negative stereotypes about women in STEM [12]. On the other
hand, women who have a fixed mindset are more likely to both
struggle with learning in STEM fields and have a decreased sense
of belonging in STEM [10].

2.4 Competitive Enrollment
Competition for major admission means that eventually some stu-
dents will be excluded from the community, which may decrease
students’ sense of belonging [35]. Processes of excluding students
may reinforce the idea that some students can and some students
cannot learn CS (i.e., a fixed mindset [3, 13, 22, 35]). In addition,
competitive enrollment processes may increase student compar-
isons to peers or jockeying for status [3, 13, 22] as students attempt
to assess or affirm their ability to major in computing. Frequent
comparisons to the most experienced students may decrease stu-
dents’ self-efficacy, which may then decrease students’ sense of
belonging. Again, this may be worse for students without prior
experience. Competition for major admission may also lead to less
collaboration between students [22], which could decrease students’
sense of belonging.

Both the potential for decreasing students’ sense of belonging
and reinforcing a fixed mindset may be worse for students with-
out prior experience, because they are more likely to be excluded.
However, for those students who are admitted to the major, this
process of competitive enrollment may ultimately increase their
sense of belonging. Therefore, we include only first-year students,
some of whom we expect have not yet been admitted to the major.

2.5 Passing out of CS1
Based upon their experiences at Harvey Mudd College, Alvorado
et al. [1] advocate splitting introductory CS courses by experience,
which can include allowing students to pass out of CS1 if applicable.
Inability to pass out of CS1 may mean that more experienced stu-
dents intimidate students with less experience [1, 3, 4, 13], which
could decrease students’ self-efficacy. A lower self-efficacy could
lead to a lower sense of belonging, and both may be worse for
students without prior experience. If experience is conflated with
ability [3, 13], this may reinforce a fixed mindset about computing.

Students enrolling in CS1 with prior experience, who would
otherwise pass out of the course, could lead to students taking CS1
without prior experience receiving worse instruction and lower
grades [22]. For students without prior experience, receiving lower
grades may decrease their self-efficacy and may then decrease their
sense of belonging. Instruction may be inaccessible for students
without prior experience [22], which can lead to decreased self-
efficacy and a perception that learning CS requires innate ability.

3 RESEARCH QUESTIONS AND HYPOTHESES
We hypothesize that competitive enrollment and the inability to
pass out of CS1 will cause first-year students to report a perception
of the department as unwelcoming, a lower sense of belonging,
lower self-efficacy, and a fixed mindset. We focus on first-year stu-
dents because we assume they are most likely to be impacted by
major declaration and CS1 policies. We also hypothesize that the
relationship between the department policies and the students’
experiences is stronger for first-year students without previous
computing experience than for those with previous experience
because they are at a disadvantage in competitive enrollment pro-
cesses and may be intimidated by interacting with students with
more experience.

Our research questions are as follows:
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• Do department policies for major and CS1 enrollment predict
a perception of the department as unwelcoming, a lower
sense of belonging, lower self-efficacy, and a fixed mindset
among first-year students?

• Are these patterns different for students with and without
prior computing experience?

We control for race and gender because previous research has found
them to be known predictors of sense of belonging [21, 23, 40], self-
efficacy [7, 38, 40], and growth mindset [10].

4 DATA
Before accessing the survey data, we preregistered the study1 ,
recording our research questions, hypotheses, and variables of in-
terest [28].

4.1 Sample
Data was collected by the Computing Research Association’s Cen-
ter for Evaluating the Research Pipeline using a survey open for
three months, starting in November 2018. 1,245 first-year students2
from 80 institutions took the survey. Of the first-year respondents,
513 were White3, 586 were Asian4, 54 were Black5, and 92 were
Latinx6. Our analysis excluded students who selected "American In-
dian/AlaskaNative," "NativeHawaiian/Pacific Islander," "Arab/Middle
Eastern," or "Something else" due to a low number of responses
(N<25 for each category), as well as students who selected multiple
options (N=182 students). About one third of the students were
female, with the rest male7. 81% of students had prior computing
experience8. The demographics of the respondents are summarized
in Table 1.

Table 1: Summary of survey respondent demographics

White Asian Black Latinx Female Prior Exp.
N 513 586 54 92 447 1014
% 0.41 0.47 0.04 0.07 0.36 0.81

1The preregistration can be viewed here: osf.io/4znaq .
2Therewas no explicit survey question asking the student’s year, sowe classify students
as first-year students if they selected that they entered the institution in 2018, and did
not select that their expected graduation date was 2018, 2019, or 2020.
3We refer to students who selected "Caucasian/European/White" as "White"
4We refer to students who selected "East Asian (e.g., Chinese, Japanese, Korean),"
"Southeast Asian (e.g., Cambodian, Vietnamese, Hmong, Filipino)," "South Asian (e.g.,
Indian, Pakistani, Nepalese, Sri Lankan)," or "Other Asian" as "Asian."
5We refer to students who selected ""African American/African/Black"" as "Black"
6We refer to students who selected "Caribbean/Puerto Rican," "Mexican Ameri-
can/Chicano," or "OtherHispanic/Latino" as "Latinx."We use Latinx rather than Latino/a
to avoid the assumption that someone identifies with only one of two genders. In the
paper, we refer to "Latinx" as a racial group, but in the U.S. Latinx is more likely to be
treated as ethnicity that is orthogonal to race.
7 We dropped students who selected "Gender-queer/non-conforming" or "Something
else" due to a low number of responses.
8We classify students as having prior experience if they selected any of the follow-
ing: "Took an AP/Dual enrollment computer science course," "Learned a computer
programming language," "Engaged in software or hardware related projects," "Took
part in student groups related to computing," "Completed an online course related to
computing (e.g., MOOC)," or "Attended a workshop or other training in computing
(e.g., through your local library, community center, etc.)."

4.2 Measures
In addition to the demographic data from the survey (Section 4.1),
students were asked about their perception of their computing de-
partment and faculty as welcoming (Section 4.2.1), their sense of
belonging (Section 4.2.2), their self-efficacy in computing (see Sec-
tion 4.2.3), and whether they believed computing ability was innate
or learned (Section 4.2.4). The survey item responses and aggregate
measures are summarized in Table 2. Our analysis (Section 5.1) uses
these measures after they are normalized and mean-centered.

4.2.1 Perception of Department as Welcoming. Perception of the
department as welcoming was measured by responses to the fol-
lowing survey items: I feel a sense of community in the computing
department, The department cares about its students, The department
is not very supportive of students (reverse coded)9. The items were
under the heading, How do you feel about the environment of the
department of your computing program? It was also measured us-
ing the survey item: Introductory course faculty are inclusive and
supportive that was rated using the same options. We averaged the
three responses to create an overall perception of department mea-
sure (Cronbach’s alpha = 0.7710). If all four items were unranked,
the student did not receive a value for the perception of department
aggregate. If only a subset of the four items were unranked by a
student, the mean of the ranked items was used.

4.2.2 Sense of Belonging in Computing. Sense of belonging in com-
puting was measured by responses to the following survey items: I
feel like I belong in computing, I see myself as a computing person,
and I feel like an outsider in computing (reverse coded). The survey
stated, How much do you agree or disagree with the following state-
ments? with each item rated on the same scale as in Section 4.2.1.
To construct an overall sense of belonging measure, the mean of
the items was calculated with missing data handled as described in
Section 4.2.1 (Cronbach’s alpha = 0.82).

4.2.3 Self-Efficacy in Computing. Self-efficacy in computing was
measured by responses to the following survey items: I am confi-
dent that I can. . . : complete an undergraduate degree in computing,
pass my computing classes, learn the foundations and concepts of
computing. Each item was rated on the same scale as in Section
4.2.1. To construct an overall self-efficacy measure, the mean of
the items was calculated with missing data handled as described in
Section 4.2.1 (Cronbach’s alpha = 0.85).

4.2.4 Fixed/Growth Mindset. Fixed/growth mindset was measured
by responses to the following survey items: People have a certain
amount of ability to learn computing, and they really can’t do much
to change it and Anyone has the ability to learn computing and be
good at it (reverse coded). The survey stated, Please indicate the
extent to which you disagree or agree with the following statements11.
To construct an overall fixed/growth mindset measure, the mean of
the items was calculated with missing data handled as described in
Section 4.2.1 (Cronbach’s alpha = 0.70).

9Items were rated using the following options: (1) Strongly disagree, (2) Somewhat
disagree, (3) Neither agree nor disagree, (4) Somewhat agree, (5) Strongly agree.
10As stated in our preregistration, we planned to exclude composite measures with
Cronbach’s alphas less than 0.70.
11Items were rated with the following options: (1) Strongly disagree, (2) Disagree, (3)
Neither agree nor disagree, (4) Agree, (5) Strongly agree.
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Table 2: Summary statistics for measures described in Sec-
tion 4.2, bold text indicates an aggregate measure.

Mean SD N
I feel a sense of community 3.57 1.03 1244

in my department.
My department cares about its students. 3.90 0.97 1243
The department is not very supportive 4.00 1.03 1240

of its students. (reverse coded)
Introductory course faculty are/were 4.17 0.90 1149

inclusive and supportive.
Perception of Department 3.90 0.76 1245

as Welcoming
I feel like I belong in computing. 3.91 0.99 1244
I see myself as a computing person. 4.03 0.92 1245
I feel like an outsider in computing. 3.72 1.12 1244

(reverse coded)
Sense of Belonging 3.89 0.87 1245
I am confident I can complete an 4.53 0.79 1245

undergraduate degree in computing.
I am confident I can pass my classes. 4.46 0.76 1245
I am confident I can learn the 4.54 0.67 1244

foundations and concepts
of computing.

Self-Efficacy 4.51 0.65 1245
Anyone has the ability to learn 3.93 0.93 1244

computing and be good at it.
People have a certain amount of ability 3.64 1.06 1245

to learn computing, and they really
can’t change it. (reverse coded)

Growth Mindset 3.79 0.88 1245

4.3 Institution Information
The Computing Research Association’s Center for Evaluating the
Research Pipeline (CERP) provided the names of institutions that
had 10 or more undergraduate responses to the survey. Using in-
stitution websites, we recorded, for each institution, if they had
competitive enrollment and whether it was possible to pass out of
the CS1 class with prior experience. Section 7 provides a discussion
of the limitations of these classification methods.

4.3.1 Competitive Enrollment. An institution was coded as hav-
ing competitive enrollment if students have to apply to become a
computing major, or if a student needs to meet grade thresholds be-
yond passing to become a computing major. Some institutions have
students choose majors when applying to the institution. These
institutions were coded as having competitive enrollment if en-
rolled students have to apply or meet a grade threshold beyond
passing to change to a computing major. Originally there were six
codings, indicating the exact type of competitive enrollment (if
any) and whether the policy was for declaring or changing major,
but codings were collapsed to a binary classification due to low
numbers of certain codings. Information was generally found in
web pages about applying to the institution or on pages detailing
majors offered by the computing department.

4.3.2 Passing Out of CS1. Any of the following qualified as being
able to use prior experience to pass out of CS1: a statement that prior
experience is an acceptable prerequisite for the next highest course,
a mention of a programming exam that allowed bypassing of CS1,
an alternate course pathway for students with prior experience that
did not include CS1, or an indication that a certain score on the
Advanced Placement Computer Science A exam or the Advanced
Placement Computer Science Principles exam [8] provided credit for
CS1. Information was found in CS course descriptions, computing
department websites, and institution policies on AP credit.

While not included in analyses, this process relied on identifying
the equivalent of CS1 at an institution. For this, we built on previ-
ous work that has attempted to define [15, 16] and identify [6] CS1
courses. Like Becker and Fitzpatrick [6], we identified CS1 courses
based on online course descriptions and computing major require-
ments. Combining the definitions used by Guo [15] and Hertz [16],
we defined a CS1 course as the first required course for CS majors,
with no CS prerequisites [15], generally focusing on programming
fundamentals [16]. We defaulted to selecting a CS courses with no
prerequisites.

4.3.3 Interrater Reliability. Two independent coders separately
coded each institution; neither had access to the other’s codings.
Based on the condensed categories, the two coders had moderate
agreement [18] on competitive enrollment codings (Cohen’s kappa
= 0.45) and almost perfect agreement [18] on codings regarding
passing out of CS1 (Cohen’s kappa = 0.81). All disagreements were
resolved by jointly revisiting the institution websites and discussing.
The final codings are summarized in Table 3.

The two coders first coded 11 randomly selected institutions
(10% of institutions). The two coders agreed on their codings re-
garding passing out of CS1 for all institutions but one, and had
moderate agreement on competitive enrollment codings after col-
lapsing the categories (Cohen’s kappa = 0.48). They discussed any
disagreements to clarify the procedure and repeated the process
with another randomly-selected 11 institutions. The two coders
agreed completely on their codings regarding passing out of CS1 for
all eleven institutions (Cohen’s kappa = 1.00), and had substantial
agreement [18] on competitive enrollment codings after collapsing
the categories (Cohen’s kappa = 0.65).

Table 3: Summary of institution department policies

Institutions Students
N % N %

Competitive Enrollment 24 0.30 637 0.51
Inability to Pass Out of CS1 11 0.14 84 0.07
Both 1 0.01 3 0.00

5 METHODS
The analysis employs multiple regression.

5.1 Regression Models
To answer the research questions, we estimate models of the form in
Equation 1. ys is our outcome of interest (y) for a particular student
(s). There are four outcomes of interest: perception of computing
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Table 4: Regressions predicting perception of department, sense of belonging, self-efficacy, and growth mindset

Perception of Dept. Sense of Belonging Self-Efficacy Growth Mindset
with without with without with without with without

Competitive -0.27∗ -0.27 0.02 -0.35∗ -0.19∗ -0.32 -0.02 0.05
Enrollment (0.12) (0.16) (0.06) (0.17) (0.08) (0.21) (0.09) (0.21)

Inability to -0.16 -0.06 0.08 -0.02 -0.13 -0.33 -0.09 0.06
Pass Out of CS1 (0.17) (0.28) (0.14) (0.17) (0.15) (0.53) (0.20) (0.32)

Female -0.01 -0.10 -0.61∗∗∗ -0.58∗∗∗ -0.39∗∗∗ -0.49∗∗ 0.19∗∗ -0.04
(0.08) (0.16) (0.06) (0.12) (0.07) (0.18) (0.07) (0.12)

Asian -0.03 0.07 -0.25∗∗∗ -0.27 -0.27∗∗∗ -0.33 -0.22∗∗∗ -0.40∗
(0.08) (0.19) (0.05) (0.14) (0.08) (0.18) (0.06) (0.16)

Black -0.29 -0.68∗ -0.45∗∗ -0.52 -0.57∗∗ -0.59 0.02 -0.38
(0.17) (0.27) (0.15) (0.33) (0.21) (0.42) (0.15) (0.30)

Latinx 0.11 0.13 -0.40∗∗∗ 0.06 -0.16 -0.37 0.04 -0.33
(0.12) (0.24) (0.09) (0.19) (0.10) (0.21) (0.12) (0.31)

Constant 0.21∗ 0.01 0.48∗∗∗ 0.03 0.50∗∗∗ 0.20 0.05 0.24
(0.09) (0.14) (0.05) (0.16) (0.05) (0.16) (0.08) (0.16)

N 1014 231 1014 231 1014 231 1014 231
Schools 79 56 79 56 79 56 79 56
Adj. R-sq 0.02 0.01 0.13 0.12 0.08 0.07 0.01 0.01
Standard errors clustered on institution in parentheses. All aggregate measures are mean-centered and have a standard deviation of one.
‘with’ indicates the regression included only students with prior experience.
‘without’ indicates the regression included only students without prior experience.
* p<.05, ** p<.01, *** p<.001

department as welcoming, sense of belonging in computing, self-
efficacy in computing, and growth mindset in computing.

Equation 1. Regression model.
ys = β0 + β1compEnrolls + β2noPassOuts + β3 f emales

+β4asians + β5blacks + β6latinxs + ϵs

There are dummy variables indicating, for each school, whether
there is competitive enrollment (compEnroll) and if students are un-
able to pass out of a CS1 course with prior programming experience
(noPassOut). There is also a series of dummy variables indicating
whether students are female (reference group: male students) and
Asian, Black, or Latinx (reference group: White students). ϵs is
an error term. Models are estimated based first on the subset of
first-year students with prior computing experience and then the
subset of first-year students without prior computing experience.
Like related research, we cluster our standard errors by institution
[21].

5.2 Hypotheses
5.2.1 Hypothesis 1: Coefficients will be negative for competitive
enrollment and inability to pass out of CS1. We hypothesize that (a)
a competitive enrollment policy and (b) the inability to pass out
of CS1 predict a significantly lower y for each outcome of interest:
perception of department as welcoming, sense of belonging, self-
efficacy, or growth mindset. In terms of our model (see Equation 1),

we hypothesize that, in all regressions, β1 and β2, the coefficients
for competitive enrollment and the inability to pass out of CS1, are
oth negative.

5.2.2 Hypothesis 2: Coefficients will be lower for students without
prior experience. We also hypothesize that the department policies
have a larger, negative relationship with the outcomes of interest
for students without prior experience. In terms of our model, we
hypothesize that the values of β1 and β2 are lower in the regression
for students without prior experience than in the regression for
students with prior experience.

6 RESULTS
The results of all regressions are shown in Table 4. All outcomes of
interest are normalized and mean-centered.

Our study replicates previous research that found that within
STEM fields female students have a significantly lower sense of
belonging [23, 24, 31] and lower self-efficacy [7, 38] than male
students. We also replicate previous results that found that Black
and Latinx students have a lower sense of belonging [31, 40] and
lower self-efficacy [40] than White students. Low values for all
of those outcomes of interest have previously been found to be
associated with attrition from the field [14, 20, 23, 30, 31].

The inability to pass out of CS1 does not significantly predict any
of the outcomes of interest. Table 5 and Sections 6.1-6.4 summarize
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the results from our two hypotheses for each outcome of interest
for competitive enrollment policies.

Table 5: Does competitive enrollment negatively predict out-
comes (Hypothesis 1) and is the magnitude greater for stu-
dents without prior experience (Hypothesis 2)

Hypothesis 1 Hypothesis 2
Perception of the Dept. Yes No
Sense of Belonging No Yes
Self-Efficacy Yes Yes
Growth Mindset No No

6.1 Perception of Department
When predicting students’ perception of the computing depart-
ment as welcoming, the coefficient for competitive enrollment is
negative for students with and without prior experience, as hy-
pothesized. However, competitive enrollment is only significant
predictor for students with prior experience. The coefficient for
competitive enrollment is identical in regressions on both students
with and without prior experience (β1 = −0.27). Contrary to our
hypothesis, this does not seem to differ between students with and
without prior experience.

6.2 Sense of Belonging
The coefficient for competitive enrollment predicting sense of be-
longing is positive for students with prior experience and negative
for students without prior experience. Competitive enrollment is
only a significant predictor for students without prior experience.

6.3 Self-Efficacy
When predicting self-efficacy in computing, the coefficients for
competitive enrollment is negative for both regressions, as hypoth-
esized. Competitive enrollment is only a significant predictor for
students with prior experience. Our second hypothesis, that the
coefficient in the regression for students without prior experience
would be lower than in the regression for students with prior expe-
rience, is correct for both department policies.

6.4 Growth Mindset
When predicting a growth mindset in computing, the coefficients
for competitive enrollment is negative for students with prior expe-
rience and positive for students without prior experience. Thus our
second hypothesis, that the coefficient in the regression for students
without prior experience would be lower, is incorrect. Competitive
enrollment is not a significant predictor in either regression.

7 LIMITATIONS AND FUTURE WORK
The data used for this study were cross sectional, so we cannot
demonstrate causality for our model. We cannot rule out other
factors that may be correlated with both the department policies
and students’ reported experiences. For example, competitive en-
rollment policies may attract students who differ in other ways that

determine their selection of an institution. Future work could look
at schools before and after changing their enrollment policies.

Due to low numbers of responses, we were forced to ignore
several racial groups and genders beyond "male" and "female." Ad-
ditionally, we did not investigate how gender and race interact in
influencing our outcomes of interest.

The inability to pass out of CS1 was not significant in any of the
models, but this may be because the sample was too small. Only 87
students were at one of 12 institutions where students were unable
to pass out of CS1. It is also unclear from institution websites to
what degree students are encouraged to pass out of CS1. If students
with experience still take CS1, allowing students to skip CS1 may
not provide the intended benefits [1].

It is difficult to tell how truly competitive some of the enrollment
policies are. It may be common knowledge within the institution
that applying for a computing major is a formality or a truly com-
petitive process, but that information cannot be found on institution
websites. Our classification of institutions as competitive is conser-
vative, and false positives are likely. For example, for consistency,
we classified the University of California, San Diego as having com-
petitive enrollment. However, the grade thresholds for eligibility
were intended to be inclusive and therefore admission to the major
is determined primarily by a lottery [39]. False positives bias our
results, and suggest that the negative relationships we found are
an underestimation of the effects of competitive enrollment.

Competitive enrollment, and limiting participation in general,
has been described as one of four general responses of institutions
to increasing enrollment in computing [29]. Other responses are
using resources in new ways, growing programs and resources,
and restructuring computing education within the institution [29].
Future work could compare competitive enrollment with these
other responses and their relationship with student experiences.

In future work, we plan to interview faculty and administrators
to more accurately classify department policies. Also, due to low
numbers, we collapsed the codings for institutions using applica-
tions and grade thresholds. Future work could explore if there is a
significant difference between these two policies. Additionally, we
plan to examine how first year students’ experiences change over
time following a change in enrollment policy at an institution.

8 CONCLUSION
Controlling for race and gender, we found that for students without
prior experience, competitive enrollment was a significant nega-
tive predictor of sense of belonging and self-efficacy. For students
with prior computing experience, competitive enrollment was a
significant negative predictor of a perception of department as wel-
coming. Previous research has found that low sense of belonging
[23] and low self-efficacy [20, 30] is associated with attrition, and
competitive enrollment policies could be a contributor to attrition
in computing. Inability to pass out of CS1 was not a significant
predictor of any outcome of interest. Neither department policy
was a statistically significant predictor of students’ growth mindset.
Departments should, and likely do, consider potential unintended
consequences of strategies to manage enrollment pressures. This
may be particularly important for students without prior CS expe-
rience or for groups underrepresented in computing [33].
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