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ABSTRACT
Multi-pronged programs that involve students in a combination of
proven interventions (i.e., tutoring other students, building commu-
nity, developing skills, etc.) constitute one pedagogical approach to
increasing the number and diversity of computing professionals. In
this manuscript, we evaluate the e�cacy of one such multi-pronged
program, the STARS Computing Corps, a Broadening Participation
in Computing Alliance program funded by the National Science
Foundation. These analyses improve upon previous e�orts to assess
the e�cacy of STARS by examining dosage e�ects of the program,
adding controls for students’ initial intentions to pursue comput-
ing, and conducting these analyses at various points in a student’s
participation in STARS. We also conduct analyses to determine
the e�cacy of various STARS activities. Controlling for students’
initial intentions to persist in computing, we �nd robust evidence
that spending more time each week on STARS’ activities positively
predicts students’ intentions to persist in a computing career, and
that STARS has a heightened positive impact on Black and Hispanic
students. We do not �nd evidence that the number of semesters a
student spends in STARS is predictive of computing persistence, nor
do we �nd di�erences in the e�cacy of various STARS activities.
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In sum, these results suggest that STARS has a positive impact on
students’ intentions to persist in computing and that multi-pronged
programs like STARS should focus on the intensity of participation
(as opposed to the length of participation or a particular activity)
to increase students’ desire to persist in computing careers.
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1 INTRODUCTION
Despite the need for highly educated people to enter the �eld of
computing, there are still di�culties in recruiting and retaining new
professionals in the �eld, especially among individuals from histor-
ically marginalized gender and/ or racial groups. To �ll the need
for computing professionals, a variety of approaches have been
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studied and adopted, including community-based service learning
[33] and near-peer mentoring [13, 21]. One pedagogical approach
has been to create multi-pronged programs that engage students in
a combination of proven interventions (i.e., tutoring other students,
building community, developing skills, etc.) in hopes of attracting
and retaining students in the �eld of computing. A longstanding and
well-known example using such an approach is the STARS Com-
puting Corps, a Broadening Participation in Computing Alliance
(BPC-A) program funded by the United States’ National Science
Foundation (NSF). The STARS Computing Corps, initiated in 2006,
is a U.S. national organization with an alliance of over 40 institu-
tions of higher education [8], which aims to, “...increase computing
persistence and promote career advancement for undergraduates,
graduate students, and faculty, with a focus on addressing systemic
and social barriers faced by those from underrepresented groups
in computing” [7]. In particular, STARS uses a multi-pronged ap-
proach to engage university students in leadership and professional
activities including conducting research, hosting K-12 outreach, and
networking with industry. Although each STARS chapter varies in
its primary activities and resources available, an example cohort
may have a graduate student lead curriculum development and
community relations for a team of undergraduates wanting to host
monthly workshops for middle school students. Another example
may involve faculty mentoring early scholars in research activities.

Despite the prevalence of multi-pronged pedagogical approaches
(such as STARS) to increase the number of computing professionals,
e�orts to assess the e�cacy of these programs (and in particular,
the STARS program) have been limited. For instance, many BPC
programs have not allocated enough of their resources and funding
toward evaluating the impact of their programs, especially on a
longitudinal scale [31].

In this manuscript, we address this gap in the literature and more
rigorously examine the e�cacy of STARS by: 1) using computing
persistence intentions as our dependent variable, and 2) conducting
a series of analyses to ensure the robustness of our results. Firstly,
we conduct analyses that directly examine the impact of STARS
participation on computing persistence intentions, as opposed to
using measures that are correlated with persistence, but are indirect
measures of persistence (e.g., enjoyment, sense of community, sat-
isfaction with major, changed attitudes toward computer science,
etc.). As we were unable to measure students’ long-term behavioral
outcomes (i.e., pursuit of a career in computing), we instead use an
attitudinal measure of intentions to persist in computing. While
attitudinal measures are often overlooked in computing education
research, it is widely accepted in social science research that inten-
tions are predictive of behavior [19]. Indeed, research �nds that
intentions are predictive of behavior within STEM [24, 26], as well
as the �eld of computing [16].

Secondly, we conduct a series of robustness checks including:
examining dosage e�ects of the program (i.e., hours per week, num-
ber of semesters engaging in STARS), adding controls for students’
initial intentions to pursue computing, and conducting these analy-
ses at various points during a students’ participation in STARS. We
also conduct analyses to determine the e�cacy of various STARS
activities. While none of these analyses can establish a de�nite
causal relationship between participating in STARS and comput-
ing persistence, they do allow us to present stronger claims about

the e�cacy of the STARS program in several ways. Firstly, if we
�nd that STARS has a positive e�ect on computing persistence
intentions, even when we control for students’ initial intentions to
persist in computing, we can rule out the alternative explanation
that students who are motivated enough to join the STARS program
have a greater a�nity for computing and thus a heightened desire
to persist in it. Secondly, examining dosage e�ects of STARS adds
robustness to our conclusions by directly testing the assumption
underlying the positive e�ects of STARS: namely, that if STARS
increases students’ desire to persist in computing, more time in
STARS should have greater positive impacts on students. And �-
nally, examining the relationship between STARS participation and
persistence intentions at various time points throughout a student’s
tenure with STARS allows us to better understand the conditions
under which an association holds.

2 FORCES THAT DECREASE PARTICIPATION
IN COMPUTING

Despite a societal need for more computing professionals, there are
many forces–both subtle and blatant–that discourage students from
persisting in computing. These e�ects tend to be largest among
students from marginalized gender and/ or racial groups. Many stu-
dents of all genders and races drop out of introductory computing
courses; for instance, it is estimated that 40% of students who enter
computing degree programs drop out at some point, with the ma-
jority of the drop-o� being within the �rst two years [14, 17]. There
are many contributors to these high overall drop-out rates, includ-
ing high DFW rates (i.e., receiving a grade of D, F, or Withdrawing
from a course), di�culty of learning to program, inadequate advis-
ing, high demands on the student [14], etc. In addition, students
from minoritized racial and gender groups are often discouraged
from pursuing computing careers through a host of implicit and
structural biases [20]. For instance, students from marginalized
gender and/ or racial groups are more likely than their White male
peers to leave their computing programs before graduation due to
feeling isolated, overlooked, and oppressed [15, 32]. The exclusion
and ostracization of marginalized students from computing is a key
contributor to many marginalized students prematurely leaving
their computing programs [25, 30]. It also serves to maintain the
homogeneity of the �eld, leaves jobs un�lled, limits the innovation
and growth of the computing �eld, and aids in maintaining social
inequalities [22].

3 THE STARS APPROACH
In order to combat these forces that decrease participation in com-
puting, the NSF funds organizations and programs focused on
increasing participation in computing, especially among people
from marginalized gender and/ or racial groups [2]. One of several
original Broadening Participation in Computing Alliances funded
by the NSF, STARS operates as an umbrella organization to help
implement best practices identi�ed across the �eld into strategic
diversity, equity, and inclusion projects. At the annual STARS Cele-
bration conference [11], university students and faculty learn about
research and outreach best practices identi�ed by other STARS
members as well as sibling alliance organizations (i.e., the National
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Center for Women in Computing, Access Computing, and the In-
stitute for African-American Mentoring in Computing Sciences).
Together with their university cohort, STARS students use this
time at the Celebration to plan upcoming events and support struc-
tures for the following school year. Schools such as Florida State
University have focused on programs that bring in industry profes-
sionals and entrepreneurs to speak with students about how to start
their own companies. Programs like UNC Charlotte’s help their
STARS students mentor teachers and kids in K-12 classrooms as
they learn computing. STARS at NC State University helps connect
new undergraduate students from historically marginalized gender
and racial backgrounds (e.g., women, Black, and Hispanic students)
with research projects run by graduate student mentors. In every
variation, the STARS program presents students with the opportu-
nity to build participants’ social community, skills, and con�dence
in computing, which are all factors that are essential to helping
students feel invested in the �eld [9, 28].

4 PREVIOUS EFFORTS TO EVALUATE STARS
Previous research on the e�cacy of STARS has yielded several
promising results. For instance, studies conducted among multiple
institutions have demonstrated that students who engage in STARS
generally show improved GPAs, greater retention in their �eld
of study, and increased commitment to their major [11, 27, 28].
Similarly, studies found that students who participate in STARS are
more likely to see computing as a part of their identity and to feel
more committed to computing than studentswho did not participate
in STARS [3, 4, 10]. However, previous attempts to evaluate STARS
have been limited in many ways, in large part due to a limited
evaluation budget [31]. Firstly, previous attempts to evaluate the
e�cacy of STARS have primarily focused on evaluating speci�c
aspects of STARS [6, 27, 29], as opposed to examining the overall
impacts of STARS participation on the key variable of interest:
computing persistence. Secondly, previous STARS evaluations have
been limited by their small sample sizes, often focusing on a year or
two of student data at a time. Thirdly, due to these small sample sizes
and a lack of linkage between surveys, previous STARS analyses
have been limited in their ability to use more advanced analysis
techniques such as mixed models and/ or controls for students’
initial persistence intentions. Our analyses improve on previous
e�orts to evaluate the STARS program by using an enhanced dataset
and more sophisticated analysis techniques. A previous BPC grant
provided funding to create a large, longitudinal dataset containing
all of the survey data collected from STARS participants over the
years, greatly expanding our sample size. This dataset has allowed
us to employ advanced analysis techniques that allow for more
nuanced and improved tests of our hypotheses.

5 RESEARCH QUESTIONS
Our analyses focus on answering the following research questions:

(1) Do students who spend more time per week participating
in STARS activities have higher intentions to persist in com-
puting?

(2) Do students who spend more semesters participating in the
STARS program have higher intentions to persist in comput-
ing?

(3) Does STARS have enhanced impacts on the computing per-
sistence intentions of students from historicallymarginalized
gender and/or racial groups?

(4) Do some STARS activities have greater impacts than other
STARS activities on students’ intentions to persist in com-
puting?

6 METHODS
6.1 Dataset
The data in this study was collected from the STARS program eval-
uation survey, which was administered from Fall 2006 - Spring
2017. Over this period, students from over 40 universities/colleges
participated in the survey. This survey was administered via email
twice per semester (at the beginning and end of the semester) to
students who participated in STARS. The surveys were designed
to measure the e�cacy of STARS and contained a range of ques-
tions measuring students’ feelings about computing, plans for their
future, questions about their STARS experience, etc.

6.2 Participants
A total of 2,083 students completed at least one STARS survey
during Fall 2006 - Spring 2017. Unfortunately, our sample is smaller
than this, given that the respondent had to be an undergraduate
student who provided answers to all of the survey questions used
in our analyses. Given that survey questions varied throughout
this timeframe, many students were not even presented with the
option of answering all of these questions; thus, there is a great
deal of missing data in our analyses (none of which we imputed).
However, there do not appear to be gender or racial di�erences in
missing data. Please see Tables 1 and 2 for the sample sizes of each
presented model.

6.3 Measures
All measures were self-reported on the STARS surveys that were
sent to participants each semester.

6.3.1 Computing Persistence Intentions (dependent variable). This
construct is an index composed of four questions that were asked to
participants in the post-semester surveys. This index was modeled
after an existing index found to predict actual computing persis-
tence [16]. Students were asked to indicate the extent to which
they agreed/disagreed with four statements: 1) Participating in
STARS increased my interest in graduate school, 2) Participating
in STARS increased my interest in computing research, 3) Partic-
ipating in STARS increased my commitment to my major, and 4)
Participating in STARS increased my interest in my major. These
Likert-type questions had options ranging from 1 (strongly dis-
agree) to 6 (strongly agree). We averaged the responses from the
STARS surveys to create the Computing Persistence Intentions in-
dex, which has a mean of 4.83. We calculated a Cronbach’s alpha
for this scale, to ensure that the scale created using our data was
reliable [1]. The Cronbach’s alpha reliability score for this scale
was good (alpha=0.89).

6.3.2 Initial Persistence Intentions (independent variable). This in-
dex is comprised of four questions that were featured on the pre-
semester survey that assessed students’ initial intentions to persist
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in computing before joining the STARS program. Students were
asked to indicate the extent to which they agreed/disagreed with
four statements: 1) Focusing on computing/IT in graduate school
is not a major priority for me (reverse coded), 2) I am interested
in attending graduate school to do research, 3) I am interested in
attending graduate school to learn more about computing/IT, and
4) I plan to stay in the �eld of computing long-term. These Likert-
type questions included options ranging from 1 (strongly disagree)
to 6 (strongly agree). We averaged the responses from the STARS
surveys to create this index, which has a mean value of 4.59 with
an acceptable alpha reliability score (alpha=.69).

6.3.3 Weekly time in STARS (independent variable). Students were
asked to indicate the average number of hours they spent engaged
in STARS activities each week. Since the option choices consisted
of unbalanced ranges of hours (as opposed to a continuous time
variable), we converted them to the midpoint of each choice to
ease interpretation and to capture the underlying linear nature of
the variable. Students could choose from 5 options: occasional (0-3
hours/month) (recoded as ‘0’), 1-2 hours/week (4-8 hours/month)
(recoded as ‘1.5’), 3-4 hours/week (12-16 hours/month) (recoded
as ‘3.5’), about 5 hours/week (18-22 hours/month) (recoded as ‘5’),
or 6 or more hours/week (24+ hours/month) (recoded as ‘6’). This
variable has a mean value of 3.43, meaning the average participant
spent about three and a half hours on STARS activities per week.

6.3.4 Semesters in STARS (independent variable). Students were
asked to indicate the number of semesters they had participated
in STARS before completing a survey. This variable was a one-
question measure and asked students: “How many semesters have
you participated in the STARS Leadership Corps to date?” Students
could respond with 0 or any positive value, or they could indicate
that this was not applicable. Responses were recoded so that any
students who participated in STARS for more than 10 semesters
were recoded as 11 (there were only 9 participants who fell into this
category, so this coding decision did not impact the results). This
variable has a mean value of 2.19, meaning that most participants
participated in STARS for two semesters/ one academic year.

6.3.5 Race (independent variable). Students were asked to indicate
the race/ethnicity they most closely identify with. Students could
respond by selecting one of the following: African American or
Black, American Indian or Alaska Native, Asian or Paci�c Islander,
Caucasian or White, Hispanic Caucasian, Hispanic or Latino, Mul-
tirace or other (please specify), other (please specify), or Prefer not
to specify. For the options of multiracial or other, as well as other,
there was space for participants to write in their race/ethnicity.
Race was dummy coded into multiple, individual variables for each
race, meaning that a ‘1’ was assigned for a given race if a respon-
dent selected it, and ‘0’ if they did not. 39.1% of the students in the
sample identi�ed as Black, 35.9% as white, 8.6% as Hispanic, 9.2%
as Asian, and 7.2% as another race. In our models, White was used
as the reference category and we included race as a predictor of
computing persistence intentions, to explore whether participating
in STARS had heightened impacts on students from historically
excluded racial groups.

6.3.6 Gender (independent variable). Students were asked to in-
dicate the gender they most closely identify with. Students could

respond by selecting one of the following: Female, Male, or Pre-
fer not to respond (dummy coded as ‘1’ for a given gender if a
respondent selected it, and ‘0’ if they did not). 53.0% of the students
in the sample identi�ed as female, and 47.0% identi�ed as male.
In our models, Male was used as the reference category and we
included gender as a predictor of computing persistence intentions,
to explore whether participating in STARS had heightened impacts
on women.

6.3.7 Class Standing. Students were asked to indicate their class
standing at their college/university. Students could respond by
selecting one of the following: freshman, sophomore, junior, or
senior (dummy coded as ‘1’ for a given class standing if a respondent
selected it, and ‘0’ if they did not). 6.1% of the students in the sample
were freshmen, 15.9% were sophomores, 31.7% were juniors, and
46.2% were seniors.

6.3.8 Activity. Students were asked to indicate the "primary" activ-
ities they focused the majority of their time on while engaging in
STARS. The options included engaging in K-12 Outreach (used as
the reference category) (46.7% of the sample), becoming an intern
at a local or national organization/business (4.8%), being mentored
and/or mentoring other students (17.4%), being a peer ambassador
at their university (17.0%), engaging in research with other students
and faculty (8.7%), or some other activity (5.4%).

6.4 Analytical Approach
We use linear mixed-models to evaluate our research questions, as
these models allowmultiple independent variables to predict an out-
come variable of interest (i.e., the dependent variable) [5, 18] while
accounting for the non-independence of observations in the sample.
While all of our models predict students’ computing persistence
intentions, our models vary in regard to: 1) which independent vari-
ables are used to predict computing persistence intentions (which
are speci�ed on the horizontal axes of Tables 1 and 2) and 2) the
time at which persistence intentions were measured. These di�er-
ent operationalizations ensure the robustness of our results. To
measure persistence, we use a student’s �rst post-test survey in
Models A and B, and a student’s �nal post-test survey in Models C
and D (Tables 1 and 2). In other words, we are using a single survey
response from each participant in Models A-D. In Models E and
F, we measure persistence using every survey response submitted
by a given student, which creates a nested data structure (as ob-
servations are not independent, as individual survey responses are
nested within participants) (Tables 1 and 2).

To account for the non-independence of observations, in Mod-
els A-D, observations (i.e., a single survey response) are nested
within schools within semesters. In Models E and F, observations
are nested within participants within schools within semesters. For
an observation to be included in a model, it cannot have missing
data for any variable included in the model. Thus, di�erent models
have di�erent numbers of observations.
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Table 1: Mixed Models Predicting Computing Persistence
Intentions based on Hours per Week in STARS

Persistence Measured
after Students’ First

Semester

Persistence Measured
after Students’ Final

Semester

Repeated Measures of
Persistence, Nested
within Student

Model A Model B Model C Model D Model E Model F
Number of Participants 623 356 642 374 705 414
Observations (n=) 623 356 642 374 1197 746
Hours Per Week in STARS 0.03 0.07* 0.04 .07* .06*** .10***

(0.03) (0.03) (0.03) (0.03) (0.02) (0.02)
Woman 0.05 0.07 -0.03 0.00 -0.01 0.04

(0.08) (0.10) (0.08) (0.10) (0.06) (0.07)
Black 0.35*** 0.50*** 0.33** 0.54*** 0.34*** 0.47***

(0.10) (0.11) (0.10) (0.12) (0.07) (0.08)
Hispanic 0.38** 0.26* 0.45** 0.33 0.37*** 0.30*

(0.15) (0.18) (0.15) (0.19) (0.11) (0.12)
Asian 0.21 0.28 0.32* 0.36* 0.22* 0.23†

(0.14) (0.16) (0.15) (0.18) (0.10) (0.12)
Other Race 0.30† 0.28 0.11 0.13 0.11 0.06

(0.17) (0.19) (0.18) (0.21) (0.11) (0.13)
Sophomore -0.02 -0.03 -0.08 0.03 -0.05 -0.03

(0.15) (0.18) (0.20) (0.27) (0.13) (0.16)
Junior -0.17 -0.11 -0.06 -0.05 -0.19 -0.15

(0.15) (0.18) (0.19) (0.26) (0.13) (0.15)
Senior -0.16 -0.07 -0.08 -0.05 -0.14 -0.09

(0.15) (0.18) (0.18) (0.25) (0.12) (0.15)
Primary Intern 0.13 0.34 -0.15 0.16 -0.01 0.25

(0.17) (0.20) (0.19) (0.23) (0.13) (0.16)
Primary Mentor -0.07 -0.00 -0.16 -0.07 -0.07 -0.04

(0.12) (0.14) (0.12) (0.14) (0.08) (0.09)
Primary Peer 0.03 -0.02 -0.12 -0.03 -0.02 0.01

(0.12) (0.14) (0.12) (0.14) (0.08) (0.09)
Primary Research -0.04 -0.15 -0.11 -0.22 -0.05 -0.10

(0.14) (0.17) (0.15) (0.20) (0.11) (0.13)
Primary Other 0.01 -0.11 -0.36 -0.35 -0.13* -0.12

(0.17) (0.20) (0.18) (0.21) (0.13) (0.14)
Initial Persistence Intentions 0.24*** 0.21*** 0.21***

(0.05) (0.05) (0.03)
Intercept 4.68*** 3.36*** 4.69*** 3.47*** 4.68*** 3.48***

(0.17) (0.30) (0.21) (0.35) (0.14) (0.23)
†p  .10 ⇤ ?  .05 ⇤ ⇤?  .01 ⇤ ⇤ ⇤ ?  .001

Note: In Models A-D, students are nested within schools, which are
nested within semesters. In Models E and F, observations are nested
within students, which are nested within schools, which are nested
within semesters.

7 RESULTS
7.1 R1: Do students who spend more time per

week participating in STARS activities have
higher intentions to persist in computing?

We �nd a statistically signi�cant, positive relationship between
hours per week in STARS and persistence intentions, no matter
whenwemeasure a student’s intentions to persist in computing (i.e.,
�rst posttest, �nal posttest, mixed model with nested observations
within students), once initial persistence intentions are held as a
control (see Table 1, Models B, D, E, F). This means that students
who dedicated more time to STARS activities each week indicated
that they had a greater interest in staying within the computing
�eld than students who spent fewer hours in STARS per week. Since
this positive relationship is heightened when we control for stu-
dents’ initial intentions to persist, we know that highly committed
students (who might be inclined to devote a lot of time to the STARS
program and who might simultaneously have high intentions to
persist in computing) are not driving this e�ect.

Table 2: Mixed Models Predicting Computing Persistence
Intentions based on Duration/Semesters in STARS

Persistence Measured
after Students’ First

Semester

Persistence Measured
after Students’ Final

Semester

Repeated Measures of
Persistence, Nested
within Student

Model A Model B Model C Model D Model E Model F
Number of Participants 701 398 732 422 705 453
Observations (n=) 701 398 732 422 1316 810
Duration in the SLC Program 0.02 -0.00 0.03 0.06† 0.03† 0.05†

(0.04) (0.05) (0.03) (0.03) (0.02) (0.02)
Woman -0.02 -0.01 -0.06 -0.04 -0.05 -0.01

(0.08) (0.09) (0.08) (0.10) (0.06) (0.07)
Black 0.40*** .53*** 0.39*** 0.56*** 0.38*** 0.47***

(0.09) (0.11) (0.10) (0.11) (0.07) (0.08)
Hispanic 0.35* 0.24 0.42** 0.35† 0.39*** 0.33**

(0.14) (0.18) (0.15) (0.18) (0.10) (0.12)
Asian 0.30* 0.38* 0.43** 0.43* .30** 0.28*

(0.13) (0.16) (0.14) (0.17) (0.10) (0.12)
Other Race 0.37* 0.24 0.24 0.23 0.20† 0.12

(0.17) (0.19) (0.17) (0.20) (0.11) (0.13)
Sophomore 0.05 0.05 -0.02 0.13 0.00 0.07

(0.14) (0.17) (0.18) (0.23) (0.12) (0.15)
Junior -0.12 -0.03 -0.08 -0.02 -0.16 -0.06

(0.14) (0.17) (0.17) (0.22) (0.12) (0.14)
Senior -0.11 0.03 -0.10 -0.03 -0.12 -0.01

(0.14) (0.17) (0.17) (0.21) (0.12) (0.14)
Primary Intern 0.15 0.20 -0.09 0.12 0.02 0.20

(0.16) (0.19) (0.17) (0.22) (0.13) (0.15)
Primary Mentor -0.06 -0.05 -0.12 -0.12 -0.04 -0.06

(0.12) (0.14) (0.12) (0.14) (0.08) (0.09)
Primary Peer 0.02 -0.11 -0.05 -0.03 -0.01 -0.02

(0.12) (0.14) (0.11) (0.13) (0.08) (0.09)
Primary Research -0.04 -0.11 -0.07 -0.06 -0.05 -0.04

(0.14) (0.16) (0.14) (0.18) (0.10) (0.12)
Primary Other -0.00 -0.25 -0.28† -0.43* -0.12 -0.18

(0.16) (0.20) (0.17) (0.20) (0.12) (0.14)
Initial Persistence Intentions 0.21*** 0.20*** 0.20***

(0.04) (0.04) (0.03)
Intercept 4.68*** 3.63*** 4.65*** 3.56*** 4.73*** 3.67***

(0.15) (0.29) (0.18) (0.31) (0.12) (0.21)
†p  .10 ⇤ ?  .05 ⇤ ⇤?  .01 ⇤ ⇤ ⇤ ?  .001

Note: In Models A-D, students are nested within schools, which are
nested within semesters. In Models E and F, observations are nested
within students, which are nested within schools, which are nested
within semesters.

7.2 R2: Do students who spend more semesters
participating in the STARS program have
higher intentions to persist in computing?

We �nd a marginally signi�cant relationship (p < .10) between
semesters in STARS and persistence intentions, once we control
for students’ initial intentions to persist in computing and look at
their latter survey response (Models D-F, Table 2). However, since
this does not meet the p < .05 threshold for statistical signi�cance,
we do not feel con�dent enough in this relationship to report it as
a �nding. Future research should explore this relationship in more
detail.

7.3 R3: Does STARS have enhanced impacts on
the computing persistence intentions of
students from historically excluded gender,
racial, and/ or ethnic groups?

We �nd evidence that STARS participation has enhanced impacts on
students who identify as African-American/Black (in comparison to
White students) no matter when we measure a student’s intentions
to persist in computing, or what controls we include in the model
(see Table 1, Models A-F, and Table 2, Models A-F). We generally
�nd that STARS participation has enhanced e�ects on Hispanic
students (in comparison to White students) (see Table 1, Models A,
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B, C, E, and F, and Table 2, Models A, C, E, and F), but there are some
model speci�cations in which the relationship is not statistically
signi�cant (see Table 1, Model D, and Table 2, Models B and D).
However, we �nd no evidence that STARS has enhanced impacts
on women in comparison to men, as gender was never statistically
signi�cant (see Table 1, Models A-F, and Table 2, Models A-F).

7.4 R4: Do some STARS activities have greater
impacts than other STARS activities on
students’ intentions to persist in computing?

Wedo not �nd a statistically signi�cant relationship between STARS
activities and persistence intentions in the majority of models (see
Tables 1 and 2). While there are three models in which "Primary
other" was signi�cant or marginally signi�cant (Table 1, Model E
and Table 2, Models C and D), we do not feel con�dent enough in
this relationship to report it as a �nding. Future research should
explore this inmore detail. In general, the fact that primary activities
do not seem to have di�erential impacts on persistence may mean
that as long as students are engaged in STARS, the e�ects are similar
no matter what activity they participate in.

8 DISCUSSION
We evaluated whether the STARS Computing Corps program, a
multi-pronged BPC initiative funded by the NSF designed to in-
crease participation in computing (especially among students from
historically marginalized groups) meets its stated goals by examin-
ing how participating in STARS is related to students’ intentions to
persist in computing. Across models, we found that students who
spent more time participating in STARS’ activities each week had
higher intentions to persist in computing, even after controlling
for their initial intentions to persist in computing. Furthermore,
we found that participating in STARS had a larger positive impact
on the persistence intentions of Black and Hispanic students than
White students. In sum, we consider this to be robust evidence
for the e�cacy of STARS, given that we found the same pattern
of results in the majority of models. More broadly, these �ndings
provide evidence for the e�cacy of the STARS program and other
multi-pronged interventions aimed at increasing the persistence
intentions of students in computing.

However, we did not �nd evidence for a number of our hy-
potheses: speci�cally, we did not �nd evidence that the number of
semesters a student spent in STARS was predictive of their inten-
tions to persist in computing, that STARS had an enhanced impact
on women, or that the activity a student participated in during
STARS impacted their persistence intentions.

8.1 Recommendations
These results suggest that multi-pronged programs designed to
increase participation in computing would be wise to focus on
the intensity of participation (i.e., the number of hours per week
a student spends participating) as opposed to the length of time
participating (i.e., the number of semesters a student is involved
in the program). Given that we found that STARS had increased
positive impacts on Black and Hispanic students, these results also
provide evidence that a student’s identity moderates the e�cacy of
interventions designed to impact their persistence in computing.

While this conclusion has been reached by other researchers, [12] it
is noteworthy that we found this e�ect even within a BPC program
that focused on increasing computing persistence for members
of all historically excluded groups, yet there were still enhanced
impacts for members of some groups in comparison to others.

8.2 Limitations
This study has a few important limitations to address. First, the
participants represented in this data set were not tracked after
their time in STARS. Thus, this paper cannot be used to de�nitely
conclude that participation in STARS leads to the completion of
a computing degree or retention in the �eld of computing. [23].
Future studies on the STARS Computing Corps could bene�t from
obtaining career and degree information from past participants to
make claims about the program’s long-term impact on persistence
in computing. Second, despite the robustness of our results and our
controls, we are unable to make a causal claim between hours of
STARS participation and computing persistence as there was no
random assignment to condition. Third, our models only accounted
for about 13-15% of the variance in persistence intentions in the
�eld of computing, meaning that many other variables contribute
to persistence intentions that were not measured or not included in
our models (for instance, students’ experiences in their computing
classrooms). Future research should include more measures to bet-
ter predict persistence. Finally, because this data was drawn from
self-reported surveys, many individuals participated in STARS but
took only the pre-survey, only the post-survey, or neither of the
surveys. This means that while all students are presented with the
opportunity to take these surveys, not all choose to do so. Thus, we
are missing data on the experiences of many students, and there
may be systematic di�erences in those who decided to respond.

9 CONCLUSION
The STARS program, and other multi-pronged programs like it,
work to make computing in higher education more accessible to all
students, especially those who do not �t into the dominant comput-
ing culture. This is accomplished by STARS providing historically
excluded students with access to unique and tailored activities
aimed at promoting their success and persistence in the �eld of
computing. The results from this study suggest that STARS meets
its goals, as the amount of hours STARS students engage with this
program is positively associated with their intentions to persist in
computing (especially among Black and Hispanic students), even
controlling for their initial intentions to persist in computing. Ad-
ditionally, multi-pronged programs like STARS should focus on the
intensity of participation (as opposed to the length of participation
or a particular activity) to increase students’ desire to persist in
computing careers.
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