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Background and Context.  Computing is considered a fundamental skill for civic engagement, self-expression,
and employment opportunity. Despite this, there exist significant equity gaps in post-secondary computing
enrollment and retention. Specifically, in the California State University (CSU) system, which serves close to
half a million undergraduate students, students identifying as Hispanic/Latino make up a smaller percentage
of CS majors than expected from the state’s overall population; and, once enrolled, tend to leave the CS major
at higher rates than other students.
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Purpose.  We report on the impacts of a curricular intervention aimed at strengthening the sense of belonging
of Hispanic/Latino students in computing, with the eventual goal of improving retention in computing majors
for those students.
Methods.  Working in an alliance of six universities within the CSU (five of which are designated as Hispanic-
Serving Institutions), we have incorporated socially responsible computing across early CS courses. We aim
for alignment between our curriculum and students’ communal goal orientations, and for coursework that
attends to students’ interests, values, and cultural assets. Over a two-year-long study, we collected survey
data to learn about the impact of our curricular intervention on students’ sense of belonging and perceived
learning and agency.
Findings.  We found that students generally reported high communal goal orientations and, at the campuses
without competitive enrollment policies, our intervention had a significant positive impact on students’ senses
of belonging. This effect was observed between control and treatment terms as well as within treatment terms.
We also note that Hispanic/Latino students were more likely than other students to report that non-curricular
factors like work and family obligations interfered with their learning, and appeared to experience slightly
stronger benefits from the intervention.
Implications.  Our data suggest positive outcomes for integrating socially responsible computing into early CS
courses, especially for Hispanic/Latino students at certain Primarily Undergraduate Institutions (PUIs). Unlike
much prior research, we found that conducting studies outside of Primarily White Institutions (PWIs) can
provide new insights into the impact of curricular interventions on student experience and retention. Our
varying results by campus suggest that factors such as campus population, acceptance rate, and departmental
enrollment policies ought to also be taken into account in studies that aim to broaden participation in
computing. Would results from prior research on recruitment and retention of Hispanic/Latino students or
other underrepresented students look different if such studies were replicated at institutions with different
demographics and enrollment policies?

CCS Concepts: • Social and professional topics → Computing education; User characteristics;

Additional Key Words and Phrases: Socially Responsible Computing, Broadening Participation in Comput-
ing, Hispanic/Latino students, Primarily Undergraduate Institution, communal goal endorsement, sense of
belonging
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1 Introduction
Computing has long been considered a fundamental skill for civic engagement, offering opportuni-
ties for self-expression, education, civic and critical consciousness, and financial and social mobility
[29, 40]. Yet, White and Asian male-identifying students are disproportionately over-represented in
computing. Efforts to challenge these gaps are underway. For example, NSF’s Broadening Partici-
pation in Computing calls on us as Computer Science (CS) educators to address the “missing
millions—those who are yet to be engaged in the STEM workforce so that it reflects the racial,
ethnic and gender representation of the general population.” The problem is systemic and requires
institutional-level changes.

Attending to this call, our project brings together faculty from six primarily undergraduate
institutions in California in the USA, all part of the California State University (CSU) system.
The six participating institutions are CSU Dominguez Hills (DH), CSU Los Angeles (LA), CSU
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Fullerton (Fullerton), San Francisco State University (SF), Cal Poly Pomona (Pomona),
and Cal Poly San Luis Obispo (SLO). Although the six institutions are part of the same public
University system, they vary significantly in several aspects of the student experience (Section 3).
The CSU system serves close to half a million students. In Fall 2023, 48.3% of these students identified
as Hispanic/Latino,1 but only 25% of the 3,704 CS degrees awarded at the CSU in 2023 went to
students identifying as Hispanic/Latino.2 There is work to be done statewide to continue to boost
undergraduate enrollment for Hispanic/Latino students, in computing we have an additional burden
to attend to the disproportionate under-enrollment in computing for Hispanic/Latino students.

Within this context, our work is centered on developing Socially Responsible Computing (SRC)
curriculum and integrating it into the first 2 years of post-secondary CS courses, with the goal of
supporting students who are historically underrepresented in computing. Despite being part of
the same University system, we find that our six sites have significant variance demographically
and with respect to departmental and institutional policy. Our work engages with this difference,
encouraging curriculum development tailored to each context but with a common thread that
emphasizes strengthening students’ sense of belonging in computing by (1) developing early
computing course materials with clear signaling that computing can be used to benefit society,
thereby appealing to students’ communal goal orientations [39], and (2) incorporating tenets of
culturally relevant pedagogy [37], specifically providing opportunities for students to succeed in
course assignments that draw on diverse backgrounds and interests. Engaging with multi-site
variations as we work toward a shared goal enables us to identify differences in effects arising from
institutional factors such as inclusiveness in terms of admission and major selection criteria.

We address the following research questions (described in more detail in Section 5):

RQ1: What was the level of communal goal endorsement from our CS students?
RQ2 : How did sense of belonging in computing change with the inclusion of SRC coursework?
RQ3: How did SRC curricula affect students’ self-reported learning of technical and “social

technical” content?
RQ4: What other factors impacted students’ experiences in early CS courses?

We used surveys given during a Control term (with no curricular additions) and three Treatment
terms tomeasure the impact of curricular intervention on students’ sense of belonging in computing.
Additionally, we studied students’ communal goal endorsements, their perceptions of the SRC
curricular additions, and other factors that might have interfered with their coursework. We
received 435 responses from students in the first year of the study and 2,670 responses in the second
across all six sites, and learned that the students’ experience and the impact of our intervention
varied between campuses that had more competitive enrollments, and those that did not.

Our results also let us explore conceptual replications of existing research in the field, much
of which has been historically executed at primarily White institutions, where results may not
necessarily transfer to minority-serving institutions. Of the six sites participating in the present
alliance, five are designated as Hispanic-Serving Institutions (HSIs) by the US Department of
Education.

Our curricular intervention has had a positive impact on students’ self-reported learning, in-
cluding technical skills and SRC skills. Additionally, communal goal orientation was found to be
important for all CS students, including for Hispanic/Latino students and students from Under-
represented Gender (URG) identities. We also found a significant positive change in the sense of
belonging for Hispanic/Latino students at our most inclusive institutions, in terms of competitive

1https://tableau.calstate.edu/views/SelfEnrollmentDashboard/EnrollmentSummary (Accessed March 20, 2025)
2https://tableau.calstate.edu/views/CSUDegreesIssued/CSUDegreesIssued (Accessed March 20, 2025)
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enrollment, from Control to Treatment terms as well as within Treatment terms. These data indicate
the value of integrating SRC assignments into computing courses when working toward broadening
participation in computing.

2 Background
Our work is focused on improving the retention and experiences of historically underrepresented
students in early post-secondary computing courses. We are working within an alliance of six
post-secondary institutions that are all part of the CSU in California in the USA. Given the pop-
ulation demographics in our state, our long-term focus with this work is specifically to broaden
participation of Hispanic/Latino students in computing. All authors of this article are faculty dedicated
to broadening participation in computing who work at primarily undergraduate institutions that
are HSIs or, in the case of one institution, an emerging HSI. There is also substantial cross-over and
collaboration between our team and Computing Alliance for HSIs.

A wide array of literature addresses the complex issues that students face in STEM courses [21, 49,
61]. While external forces such as socio-economic realities surrounding families and communities
or broader campus climate cannot be ignored [46, 48], our work focuses on academic factors of
influence. Specifically, we focus on strengthening students’ sense of belonging in computing, which
we believe is necessary to broaden participation in computing. Further, echoing Nuñez [46], we
move away from a universal approach to promoting a sense of belonging and instead examine the
impact of our intervention on a specific group: Hispanic/Latino students.

A student’s sense of belonging in an academic discipline has been described as their sense that
they fit in and are valued as part of that community [28]. This sense can significantly influence
a student’s academic persistence and performance in the discipline [21, 22, 39]. Hispanic/Latino
students have tended to report a lower sense of belonging than White students in college environ-
ments and in STEM fields like CS [31, 38, 45] and, at the institutions involved in this study, face
higher attrition rates in CS programs (Section 3).

One factor that may affect a student’s sense of belonging in computing is their perception that
computing would enable them to meet communal goals [39], i.e., the sense that they can use
computing for the betterment of society or their communities. Clear signaling in early courses
that computing could further communal goals could positively impact students’ sense of belonging
in computing, particularly for those students with stronger communal goal endorsements.

Our work arises from a shared theme in the literature that both women and/or students of
color are likely to strongly endorse communal goals [5, 9, 18, 21, 22, 30, 39], i.e., they tend to
be drawn to goals that further the betterment of society. For example, there have been calls to
“creatively find ways to better connect [under-represented] STEM students to community-based
learning opportunities or to find ways to emphasize how classroom content relates to prosocial
communal outcomes” [21], leading Estrada et al. [22] to argue that “Among [historically under-
represented] students there is growing evidence that communal goals are important to the retention
and departure of students in science and engineering fields.” In computing in particular, there have
been calls to integrate justice and ethics into coursework to improve the experience of students of
color [53, 58], and Lewis et al. [39] report, based on large-scale survey data, that students’ senses of
belonging in computing were negatively impacted when they perceived computing to offer low
opportunity to meet communal goals. This effect was heightened when the student reported high
levels of communal goal endorsement—significantly more likely for women and students of color.
We note that not all prior literature has carefully attended to intersectionality [14, 50] or sometimes
mixes findings, applying results from studies focused on women to students of color and vice versa,
implying that the same approach to broadening participation applies to different identity groups.
We have found in our data that distinguishing along varied axes of identity is important.

ACM Transactions on Computing Education, Vol. 25, No. 2, Article 19. Publication date: May 2025.
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We are also driven by certain tenets of culturally relevant and culturally responsive pedago-
gies, which are concerned primarily with the academic success and thriving of students of color.
Culturally relevant pedagogy emphasizes the recognition of the varied cultures, perspectives, and
experiences that students bring to the classroom [26, 37]. Ladson-Billings [37] recommends that
culturally relevant classrooms “provide a way for students to maintain their cultural integrity while
succeeding academically” by incorporating students’ interests and existing strengths into lessons
and assignments, and teaching “to and through” those strengths [27]. We integrate this emphasis
with our focus on SRC by utilizing Yosso’s community cultural wealth model as an assets-based
framework grounded in and responsive to students’ lived experiences [66].

One major way in which teachers can teach “to and through” students’ strengths is by enabling
them to make choices about their learning [56]. In an introductory programming classroom,
this could take the form of students choosing a domain in which to exercise their developing
programming abilities. For example, though not originally described as culturally relevant pedagogy,
Bart et al. [4] empowered students in their data-centric introductory computing course to work
with datasets of their own choosing, and students experienced improved outcomes in terms of
learning and confidence. As another example, Johnson et al. [33] report that students formed strong
connections between their designs, home lives, and computing when they were asked to use found
materials from their own homes to design and create computing artifacts.

Also in accord with our emphasis on communal goal affordance, Ladson-Billings [37] emphasizes
that culturally relevant classrooms should help students to “recognize, understand, and critique
current social inequities”, and Gay [27] and Tanase [56] describe culturally relevant classrooms as
empowering students to focus on social justice and communal welfare.

Finally, our students do not experience our computing courses in a vacuum, and related work
addresses the complex social, emotional, and historical contexts and injustices that impact marginal-
ized students’ experiences [21, 48, 49].While our work is primarily focused on strengthening student
sense of belonging through curricular interventions, we are also cognizant of the student experience
holistically within an institution, for example, through the lens of servingness [24]. This broader
context seeks to acknowledge that students can face external pressures that can interfere with their
academic performance. These obligations may include family duties, work responsibilities, and
cultural expectations, which can vary significantly across different demographic groups.

There is evidence that students of color are more often managing external obligations that can
impact their learning and computing experience. Salguero et al. [51] sought to learn about the
various sources of struggle that students might face in early CS courses and found that Black,
Hispanic/Latino, Native American, and Pacific Islander students were more likely than other
students to report that personal obligations (like family obligations, work obligations, or illness)
interfered with their learning. Duran and Núñez [20] reported that Hispanic/Latino students were
more likely to experience basic needs insecurities. Similarly, plenty of evidence suggests that
factors outside of the classroom can impact learning for the student body in general [41, 54, 55, 64].
Therefore, we also investigate at our institutions how and for whom personal obligations might
affect learning.

In the following sections, we describe the varied contexts of our six participating institutions
and provide examples of our curricular interventions aimed at enhancing the sense of belonging of
Hispanic/Latino students in our classrooms.

3 Institutional Contexts
The CSU is a large and diverse university system in a large and diverse state in the USA. Access
to CS courses in high school is highly inequitably distributed in California, with lower-income
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Table 1. Our Campuses Vary in Their Student Demographics, Experience, and Enrollment Policies

Campus
Attribute DH LA Fullerton SF Pomona SLO

Had pre-college CS education 21% 38% 43% 23% 65% 47%
% Hispanic/Latino (University) 69% 75% 52% 37% 53% 23%
% Hispanic/Latino (CS Majors) 63% 54% 27% 26% 27% 11%
% of students who leave CS who
have an “URM” identity

42% 45% 30% 45% 26% 18%

% Receiving Pell grant 61% 66% 47% 43% 46% 18%
% First-generation students 46% 57% 32% 32% 55% 17%
University acceptance rate 86% 91% 59% 93% 44% 33%
Has competitive CS enrollment? No No No No Yes Yes

All sites have between 1,000 and 2,000 CS majors in total. Campuses are identified as having a competitive
enrollment policy if their identifiers are italicised (i.e., Pomona and SLO). Prior experience in CS was measured
through survey questions (Section 5) and may suffer from selection bias. Other attributes are based on institu-
tional data.

counties and counties with larger populations of Hispanic/Latino, Black, Indigenous, and Pacific
Islander students tending to have fewer schools that offer CS courses [35].

Similar variability is present among the six CSU campuses participating in this work, summarized
in Table 1. While all sites are a part of the same university system, social, economic, geographic,
and historical contexts have shaped the various individual institutions to create a fertile ground
to examine student experience. For example, some of our sites that are located in urban centers
provide more ready access for students who commute to campus (which allows some students
to prioritize family connections), while others are residential campuses with higher perceived
prestige. While a complete exploration of the political and economic variance in our sites is beyond
the scope of this current work, we acknowledge the impact of variance and share key measures
of economic, social, and demographic composition in Table 1. We also recognize that historical
funding inequities across our six campuses are exacerbated as some participating campuses are
experiencing sharp enrollment declines while others are growing their student bodies, leading to
changes in funding allocations to our campuses. This work focuses on understanding computing
students’ sense of belonging when considering a specific curricular lens (communal goal alignment)
with attention paid to demographic variance.

Our CS departments serve varying percentages of Hispanic/Latino students, ranging from
11% to 63%. Across the six sites, 29% of our shared computing student population identified as
Hispanic/Latino. Our varying contexts allow us to learn from one another and to see that the
impacts of interventions to broaden participation in computing differ based on these contexts.

When considering what may influence a student to opt into and thrive in computing, we
considered several factors that may influence the student experience: prior experiences with
computing, program attrition rates, and institutional admission policies. We ultimately narrowed
our focus to campuses grouped in terms of their institutional selectivity, but we discuss a number
of factors for the sake of context.

Prior Experience with Computing.  In Spring 2024, the percentage of students who reported having
any high school experience with CS ranged from 21% to 65%. When considering the task of helping
students opt-in to computing, we aim to influence students most newly exposed to CS. We note
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that LA is somewhat unique as it draws from a large urban center that has been well served by
efforts related to exposing high school students to AP Principals in Computing [23].

Student Retention.  As shown in Table 1, different sites have different retention rates. CSU insti-
tutional data about race and ethnicity categorize students as belonging to “Under-Represented
Minority” (URM) groups if they identify as Hispanic/Latino, Black/African American, Native
American, Hawaiian/Pacific Islander, or multiple races including least one of those races. We
acknowledge that the term “URM” risks hiding students’ different circumstances by collapsing
distinct groups into a single umbrella term [62]. In our context, over 84% of “URM” students iden-
tify as Hispanic/Latino across all sites. Table 1 includes composite departmental attrition rates
for those students because that is the institutional data that are publicly available. We note that
Hispanic/Latino identity is complex with recent work indicating important stratification within
this ethnic identity [3]. While we do not ask students to refine their ethnic identity within His-
panic/Latino, we do see variance in student experience across our sites. For example, we see that
retention rates also correlate with admission with the largest potential impact for retention focused
on certain sites. On average across the sites, students identifying as Hispanic/Latino, Black, Native
American, or Hawaiian/Pacific Islander leave CS at a rate of 34.4%, while others leave at a lower
rate of 21.5%.

Institutional Selectivity.  In terms of enrollment policies, University acceptance rates range from
33% to 93%. Additionally, two out of the six CS departments—those at the two Cal Poly campuses,
Pomona and SLO—have “competitive enrollment policies.” That is, students must declare a CS major
at the time of admission to the university, or must meet grade thresholds to become a CS major after
admission as seats are limited [45]. While Campbell et al. [11] did not find a relationship between
competitive pathways to computing admissions and student sense of belonging within their single
institution, a multi-institutional study by Nguyen and Lewis [45] found that competitive admissions
can reduce first-year students’ sense of belonging in computing and weaken their perception of
their department as being “welcoming.” We saw similar cross-institutional variance among our
sites. Bleemer and Mehta [7] report that competitive policies can also impact access to majors with
high economic value, disproportionately affecting historically underrepresented groups.

Any number of personal factors can influence an individual student’s experience. Similarly,
institutional variance can also be considered from various lenses, e.g., student population demo-
graphics, the institution’s and students’ financial situations, and the proportion of students who are
first-generation college-goers. We have shared some of these key measures in Table 1, although we
find that the most salient contextual differences for our students relate to institutional acceptance
rates and competitive CS enrollment policies.

To reflect these differences, we group our sites into two categories, which we call most inclusive
and restricted. Broadly speaking, DH, LA, Fullerton, and SF have high acceptance rates and do
not have competitive CS enrollment policies, while Pomona and SLO have lower acceptance rates
and competitive CS enrollment policies (students are admitted directly into the CS major or must
meet pre-requisite requirements in order to take CS 1).

4 Curricular Interventions: SRC
This section provides two illustrative examples of what we mean by SRC assignments. Our alliance’s
goal is to strengthen the sense of belonging of Hispanic/Latino students in early computing courses
by developing curricular materials that demonstrate to students their potential to use computing to
help their communities and to think critically about the impacts of computing on communities
and communities on computing. Borrowing from culturally relevant pedagogy [16, 37], we have
developed curricular materials that strive to allow students to bring their own cultural assets into
the computing classroom. Because of our focus on student retention, our current work focuses
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on early CS courses at the six campuses. Future extensions could include more curriculum- and
program-wide models of integration, such as the one described by Cohen et al. [12].

In particular, our curricular intervention focuses on integrating SRC and, in doing so, situates
computing firmly in the students’ social surroundings. SRC goes beyond only teaching ethics in
computing [12]. It encourages students to actively consider the social and ethical implications of
their work, acknowledges the significant power computing systems have in society, and aims to
prepare students to exercise that power responsibly as they develop technical skills. Additionally,
by integrating societal considerations as students learn programming skills, we encouraged them
to bring their cultural norms, mores, and lived experiences into the learning process.

While integrations of SRC in the six sites varied, we share a set of core components that
guided us. In general, we sought to integrate SRC considerations in the context of technological
knowledge introduced in the class, rather than introducing separate modules for ethical and social
considerations. Assignments included structures to foster reflection and discussion on the ethical
dilemmas that students encountered when working on the SRC assignments.

As illustrative examples, we describe a set of assignments that were developed for introductory
CS courses at Fullerton and SLO. Assignments like the ones described below were incorporated
into CS 0, CS 1, and CS 2 courses at our participating institutions. Levels of incorporation varied,
ranging from the inclusion of a few new assignments to the creation of entirely new courses (e.g.,
[25, 34]). Participating faculty also attended monthly meetings of a faculty learning community
led by social scientists dedicated to best practices for integrating SRC. This learning community is
discussed in more detail in [65].

4.1 Example 1: Restaurant Tip Allocation Assignment
Used at Fullerton, this assignment was adapted from a similar assignment related to allocation of
on-campus housing [47].

Target CS Topic.  The target topic was conditional control flow, i.e., syntax and semantics of
if/else branching.

Real-World Context. The assignments were based on the American practice of tipping, wherein a
diner at a restaurant gives a tip, calculated as a percentage of their bill, and employees pool tips
and allocate the pool by job title (e.g., cashier, chef, server).

Pre-Reading and In-Class Discussion.  Students completed a pre-reading that presented the power-
to, power-over analysis framework [1] and that described the basics of the tipping practice so as
to not exclude those who may not be familiar with it. Next, students completed an in-class active
learning group worksheet designed with a POGIL-like structure [32]. The worksheet presented
variations of a tip allocation algorithm involving a conditional: if the store was exceptionally busy,
the manager worked the floor and gets a tip allocation; otherwise, they do not.

Integration with Technical CS Content.  The activity is scheduled immediately after conditional
syntax is presented, and the worksheet prompts students to reinforce conditional semantics and
link these semantics to social impacts. Students conducted a power-to/power-over analysis on the
presented algorithms, then designed their own algorithm intended to be more fair.

Reflection.  After class, an asynchronous discussion board assignment prompted students to
reflect on what they learned and justify that their group’s algorithm is fair according to the power-
to/power-over framework. Responses were divergent and suggest that students made connections
to personal priorities, values, and experiences, consistent with culturally responsive pedagogy.
The content of posts ranged from the technicalities of conditionals to principled rationalizations
for adjusting the allocation weightage, arguments for reforming this tipping practice, arguments
for deprecating the practice entirely in favor of a living wage, reflections on personal or family
experience in the food service industry, and the racialized history of tipping in America.
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4.2 Example 2: A Data-Centric CS Course Focused on Social Responsibility
At Cal Poly SLO, a new data-centric CS 0 course was developed, focused on SRC. This section
provides a high-level description of the course, which is described in detail in prior work [34].

Target CS Topic.  The course focused on introductory programming using TypeScript, covering
topics such as data types and variables, functions and control flow, and loops and higher-order
functions. It also included a significant data visualization component.

Real-World Context.  All programming assignments involved exploration of a chosen dataset,
provided by the instructor or sourced from local non-profit organizations. For example, a series
of lab assignments engaged students in critically examining the state of CS education access in
California, using a dataset provided by a non-profit organization that tracks that information [35].
Other topics included those chosen by students, such as food and housing access, fatal police
shootings, SAT attempts, scores and household incomes, and UFO sightings, sourced from dataset
repositories like the CORGIS project [4].3

Pre-Reading and In-Class Discussion.  Reading materials were based on the assignment’s real-world
context. For example, to help students contextualize what they learned from the dataset about K-12
CS education access, we discussed access barriers discussed by Wang and Hejazi Moghadam [59].

Integration with Technical CS Content.  Data-centricity lends itself to integration with core pro-
gramming topics [36]. Even simple data analysis tasks allow students to exercise programming
skills associated with data types, conditional logic, and list operations.

Reflection.  Assignments often included written reflection components, asking students to reflect
on why they see what they see in the provided data, based on the provided reading. Additionally,
the final project required students to choose their own topics and datasets, ask their own questions,
and present their findings to the rest of the class.

5 Methodology
This section describes our research questions and the methods employed to answer them.

RQ1: What was the level of communal goal endorsement from our CS students? Given our motivation
for incorporating SRC into introductory coursework, we investigate whether students are
interested in coursework that might appeal to communal goal orientations.

RQ2 : How did sense of belonging in computing change with the inclusion of SRC coursework? We
explore this change quantitatively in two ways. First, we investigate the change in belonging
between a “control” group (an academic term without SRC curricular additions) and a
“treatment” group (academic terms with SRC curricular additions). Next, we investigate
the change within treatment groups, measuring the difference between sense of belonging
measured early vs. late in the academic term.

RQ3: How did SRC coursework affect students’ self-reported learning of technical and “social technical”
content? To answer this question, we look at survey responses at the conclusion of treatment
terms.

RQ4: What other factors impacted students’ experiences in early CS courses? Beyond academic factors,
we would like to learn about other potential sources of difficulty in early CS courses. We
asked students about the extent to which factors like in-class confusion, lack of confidence,
and personal obligations interfered with their ability to learn or complete coursework.

To answer the questions above, data were collected through surveys administered in participating
courses over the 2022–2023 and 2023–2024 academic years. Over the course of the 2-year study,
surveys were modified as we learned lessons, considered new hypotheses, or sought more feedback.

3https://corgis-edu.github.io/corgis/ (Accessed March 20, 2025)
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Table 2. Summary of SurveyQuestions and Time Points at Which They Appeared

Questions Ref. Appeared in

Campus and course – All surveys
Race and gender – All surveys
Sense of belonging Moudgalya et al. [43] All surveys
Sources of student struggle Salguero et al. [51] Fall 2023 and Spring 2024 (late)
Prior computing experiences Alvarado et al. [2] Spring 2024 (early and late)
Communal goal endorsement Henderson et al. [30] Spring 2024 (late)
Attainment of learning objectives Table 6 Spring 2024 (early and late)

In the second year of our study (2023–2024 academic year), surveys were administered twice in
each term—once Early in the term and once Late in the term. Table 2 summarizes the time points
at which specific items appeared in administered surveys.

The survey included questions mapped to each research question as well as general questions
meant to help us put our results into context in terms of our student sample.

RQ1: Communal goal endorsement.  We measured the strength of students’ communal goal
orientations using the item “How important to you are goals such as working with people, helping
others, and serving the community?” used by Henderson et al. [30] in their study on goal congruity
of STEM students. Responses ranged from 1 (Extremely unimportant) to 7 (Extremely unimportant).
Since we only used the one question (discussed further as a limitation in Section 10.2), we cannot
compute a reliability measure like Cronbach’s alpha [15] for this construct. The question was
included in the final survey we conducted, i.e., the Late survey in Spring 2024. As a result, we
cannot say how communal goal endorsement changed during our study. Nevertheless, for the
purposes of understanding our student sample, we report their communal goal endorsements as
measured toward the end of the Spring 2024 term. Results are presented in Section 6.

RQ2: Change in sense of belonging. We used the 26-item scale validated by Moudgalya et al. [43] to
measure students’ sense of belonging in computing.The scale had high internal reliability, measured
using Cronbach’s alpha (U = 0.95).4 The scale contains subscales for the following constructs:
membership (4 items, U = 0.95), positive and negative feelings of acceptance (8 items, U = 0.89),
affect (4 items, U = 0.9), trust in instructors or instructional materials (4 items, U = 0.77), and desire
to fade, i.e., to be inconspicuous (4 items, U = 0.83).

As suggested by Moudgalya et al., we first conducted an Exploratory Factor Analysis (EFA)
to validate the items belonging to each construct. Results of the EFA suggested that an item
for affect—In this computer science class, I feel calm—was cross-loading on both the affect and
acceptance positive factors. We decided to remove this item and conducted a Confirmatory
Factor Analysis (CFA) with the remaining 25 items according to the factor structure reported by
Moudgalya et al. [43]. Our model indicators for the CFA were slightly lower than what they found:
TLI = 0.850 (compared to 0.885); RMSEA = 0.098 (compared to 0.082). A new composite belonging
score was computed using the factors scores resulting from the CFA. Scores for the new belonging
measurement ranged from −3.49 to 1.83 and are used throughout the rest of this article.

For this research question, we administered surveys such that we can report on differences
between control and treatment groups as well as changes within treatment groups, measured by
surveys at multiple time points. For our control and treatment analyses, Fall 2022 was treated as
our Control group, i.e., no SRC-focused material was included in the studied courses. Spring 2023,

4Based on responses in our first offering of the survey in Fall 2022.
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Fall 2023, and Spring 2024 made up our Treatment group. All surveyed courses in the Treatment
groups included some SRC-focused content.

We also analyzed change in belonging within an academic term that included SRC content. For
this analysis, the Fall 2023 and Spring 2024 academic terms included multiple survey administrations
per term: once Early in the term, and once Late in the term.

Results are presented separately for the between-terms analysis (Section 7.1) and the within-terms
analysis (Section 7.2).

RQ3: Students’ perceptions of their learning and agency.  We used survey questions designed by
our research team (Table 6). In the Late surveys in the second year of our study (i.e., Fall 2023 and
Spring 2024), students were asked to rate the degree to which their SRC and non-SRC assignments
and projects supported their (a) technical computing knowledge, (b) ability to use CS to solve
real-world problems, (c) ability to engage with and design a CS solution for a real community,
and (d) individual agency and interests. Responses ranged from −2 (Not at all) to 2 (A lot) for all
questions. Based on responses from the first occurrence of these questions (Fall 2023), this scale
displayed good internal consistency, achieving a Cronbach’s alpha of 0.89, as did the individual
subscales pertaining to SRC assignments (U = 0.82) and non-SRC assignments (U = 0.86). We used
paired hypothesis tests to check for differences in students’ perceptions of the affordances of SRC
vs non-SRC assignments. Details and results are presented in Section 8.

RQ4: Other sources of student struggle.  We borrowed survey questions from Salguero et al. [51],
who found that Black, Hispanic/Latino, Native American, and Pacific Islander students at UC San
Diego were more likely than other students to report that personal obligations interfered with their
learning in early CS courses.

In the second year of our study, we used sub-scales from the survey of Salguero et al. to learn
about potential sources of struggle faced by our students. The survey asked the question To what
degree did each of the following interfere with your ability to learn or complete the work for this course?
and presented a number of items. Possible responses ranged from 1 (Not at all) to 5 (Significantly).
Based on responses from the first occurrence of these questions, the scale achieved a Cronbach’s
alpha of 0.85. The items in the scale corresponded to the following factors: lack of confidence (three
items, U = 0.76), in-class confusion (three items, U = 0.82), and personal obligations (five items,
U = 0.76). The questions were included in the Late surveys in Fall 2023 and Spring 2024. They were
not included in the Early surveys since they asked the students to reflect on how the past academic
term had gone. We used hypothesis tests to check for differences in levels of interference with
learning reported by Hispanic/Latino students and other students. Details and results are presented
in Section 9.

Context-Setting Items.  In addition to the survey items that directly mapped to our research
questions, our survey included questions to help us gain context about the students’ experiences.
These questions asked about the student’s campus, the course they were enrolled in, and their
race/ethnicity, gender, and prior experiences with computing (the latter using questions from
Alvarado et al. [2]).

With regard to race/ethnicity, as a research project focused on broadening participation in
computing for Hispanic/Latino students, our survey included the choices: Hispanic/Latino; Black,
African American, American Indian, Alaskan Native, Pacific Islander ; Another race/ethnicity not listed
above; and Prefer not to state. Our project sought to strengthen the participation and improve reten-
tion of Hispanic/Latino students who have been historically under-represented in our institutions.
Considering this, we code responses as being Hispanic/Latino or not Hispanic/Latino, where the not
category includes all responses that did not select “Hispanic/Latino” in response to the question.

With regard to gender, our survey included the choices Man, Woman, Nonbinary, Transgender,
Agender, and an open-ended option if the participant’s gender was not listed. However, a very small

ACM Transactions on Computing Education, Vol. 25, No. 2, Article 19. Publication date: May 2025.



19:12 A. M. Kazerouni et al.

Table 3. Survey Demographics in the Spring 2024 Late-Term Survey, Which
Included aQuestion about Communal Goal Endorsement

Race/Ethnicity Gender Total
(Check all that apply) Men URG

Hispanic/Latino 101 (78%) 28 (22%) 129 (38%)
Black, African American, American
Indian, or Alaskan Native 19 (82%) 4 (18%) 23 (7%)

Another race not listed here 113 (67%) 56 (33%) 169 (49%)
Prefer not to state 10 (50%) 10 (50%) 20 (6%)
Total 243 98 341

Percentages in the Total column are based on Race/Ethnicity totals, e.g., 38% of all
respondents identified as Hispanic/Latino.

percentage of responses (roughly 2% in each survey) selected anything other than Man or Woman.
Despite efforts in broadening participation in computing, CS education has the second-lowest
involvement of women of all engineering and science programs in the USA [44]. Our vision of a
broader and inclusive computing education involves supporting non-male individuals to participate
and feel that they belong in computing. To this end, we use Man as the control group and code
responses as identifying as men or an URG, where the URG category includes all responses that did
not select “Man” in response to the question.

The following sections report results for each of our research questions.

6 RQ1: Communal Goal Endorsement
As mentioned in Section 2, one motivation for our work is to appeal to the expected stronger
communal goal orientation among students from marginalized communities. Students’ sense of
belonging is positively related with the alignment between their communal goal endorsements and
their perception of their academic disciplines as allowing them to meet those goals [9, 19, 30, 39].
Therefore, we begin by exploring the strength of our students’ communal goal endorsements.

Recall that a question about communal goal endorsement appeared in the Late survey in Spring
2024. Respondent demographics for that survey can be seen in Table 3. A total of 341 participants
completed this survey with an answer to the question about communal goal endorsement.

Students in general reported a strong communal goal endorsement (mean (Ḡ) = 5.16, standard
dev. (s) = 1.44, median (M ) = 5 out of 7).

We did not observe a significant difference in communal goal endorsement between students
who identified as Hispanic/Latino (Ḡ = 5.23, B = 1.31, " = 5) and those who did not (Ḡ = 5.11, B =
1.52, " = 5). Given the non-normal distribution of responses (Shapiro–Wilk test [52],, = 0.91, ? <

0.001) and unequal variances between the two groups (Levene’s test [10];, = 4.26, ? = 0.04), we
used Welch’s unequal variances t-test [60] to check for a difference in communal goal endorsements
between the two groups. The test did not reveal a statistically significant difference (C = 0.75, ? =

0.45). This is a deviation from previous findings [39].
We did observe that men were likely to report a significantly lower communal goal endorsement

(Ḡ = 5.06, B = 1.42, " = 5) than URG students (Ḡ = 5.42, B = 1.48, " = 5). After confirming
that responses from the two groups were homoscedastic (Levene’s test;, = 0.26, ? = 0.61), the
Mann–Whitney U test [42] showed that the difference was statistically significant (* = 9142.5, ? =

0.01). This is in keeping with previously reported results [9, 19, 30, 39].
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Fig. 1. Changes in sense of belonging from control to treatment terms varied by campus. Numbers printed
within each box indicate the number of responses to that survey from that campus.

A two-way analysis of variance did not suggest any significant interaction between the race and
gender variables regarding their association with communal goal endorsement. We did, however,
observe that non-male students who identified as Hispanic/Latino reported the highest median
communal goal endorsements out of all groups at the intersection of race and gender.

Overall, our unexpected takeaway here is that targeting students’ communal goal endorsements
may not specifically impact Hispanic/Latino students in particular. However, it may have positive
impacts in general, since the students overall appeared to find communal goals to be important.

7 RQ2: Sense of Belonging
We now turn to investigating how our students’ sense of belonging changed with the introduction
of SRC curricular elements. We used surveys to measure differences students’ sense of belonging
between and within academic terms (see Section 5). Results from both analyses—between courses
in the Control and Treatment groups, and within courses in the Treatment group—are presented
below. As expected from our varied contexts (Section 3), results varied for different campuses.

7.1 Control vs. Treatment Academic Terms
To reiterate, Fall 2022 was a Control group, since it had no SRC content added. Spring 2023, Fall
2023, and Spring 2024 made up our Treatment group, all including some SRC content.

All courses in this analysis were first-year courses (either CS 0 or CS 1 at each campus). A given
course was included only if it produced 20 or more responses in the Control group and Treatment
group. (For those Treatment courses that included surveys at multiple time points, only the Late
surveys were considered, to facilitate comparison with the survey that was taken at a similar time
point in the Control group.) Fullerton was excluded from this analysis as a result of this filtering
step—due to teaching assignments of the participating faculty, no course at that campus was given
the survey in both the Control group and Treatment group. However, the resulting analysis still
includes 277 students in the Control group and 418 students in the Treatment group, across the 5
remaining campuses.

Changes (or lack thereof) in sense of belonging for each of the remaining campuses are depicted
in Figure 1. Increases in median sense of belonging are visually apparent for the DH, LA, and SF
campuses (Figure 1, left). Recall that these are the campuses with higher acceptance rates and no
competitive CS enrollment policy, and, with the exception of SF, a larger percentage of CS majors
who are Hispanic/Latino (Table 1). Students at these campuses appeared to experience an increase
in their sense of belonging with the introduction of SRC coursework in the Treatment terms.
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Table 4. Results from a Series of the Mann–Whitney U Tests for Differences in Sense of
Belonging between Control and Treatment Terms (Section 7.1)

Competitive
CS Enrollment? Students U p

N
(Control, Treatment)

No All 17,921 0.0117 132, 330

Hispanic/Latino 4,417 0.0162 74, 156
Yes All 7,395 0.1679 145, 88

Hispanic/Latino 582 0.9048 49, 20

Reported p-values reflect adjustments using a Bonferroni correction.

We used hypothesis testing to confirm this visual inspection statistically (Table 4). We used four
non-parametric Mann–Whitney U [42] tests for differences in sense of belonging between Control
and Treatment groups: one test for the campuses without competitive enrollment policies, one test
for the campuses with competitive enrollment policies, and an additional test each looking only at
students identifying as Hispanic/Latino in each group. A Bonferroni correction [6] was applied to
account for the four comparisons, and significance of the adjusted p-values was decided at U = 0.05.

For the campuses with higher acceptance rates and no competitive CS enrollment policy (DH, LA,
and SF), we observed a statistically significant increase in students’ sense of belonging between the
Control and Treatment groups, with a median increase from −0.13 in the Control term to 0.22 in
the Treatment groups. This increase was slightly more pronounced for Hispanic/Latino students at
these campuses (median increase from −0.13 in the Control term to 0.29 in the Treatment terms).

For the campuses with lower acceptance rates and competitive CS enrollment policies (Pomona and
SLO), the test revealed no significant difference in students’ sense of belonging between Control and
Treatment groups. There was also no significant difference when we considered only the students
identifying as Hispanic/Latino.

7.2 Within Treatment Academic Terms
In Fall 2023 and Spring 2024, surveys were administered twice in each academic term—once Early
in the term and once Late in the term. We omitted course sections from this analysis that included
fewer than 20 responses in either Early or Late term survey responses. Following this, we were left
with responses from multiple course types, i.e., introductory CS (CS 0 or CS 1), and slightly more
advanced second-year courses (CS 2). Therefore, this section presents results for each course type
separately. Again, we grouped campuses by whether or not they have a competitive CS enrollment
policy.

Since our surveys were anonymous, responses were not attributed to specific individuals. As a
result, although some students took both the Early and Late surveys, we are unable to treat the
Early and Late survey responses as paired samples, since we cannot say which response belongs to
which students. We therefore use the unpaired Mann–Whitney U test to check for differences in
reported sense of belonging Early in the term versus Late in the term.

For CS 0 and CS 1 courses, results largely mirrored what we saw in the Control/Treatment analysis
presented in Section 7.1. We ran three Mann–Whitney U tests to test for differences in sense of
belonging between Early and Late surveys for the following groups:

—All students at the campuses without competitive CS enrollment policies.
—Hispanic/Latino students at the campuses without competitive CS enrollment policies.
—All students at the campuses with competitive CS enrollment policies.
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Table 5. Results from a Series of the Mann–Whitney U Tests for Differences in
Sense of Belonging between Early and Late Surveys in CS 0 and CS 1 Courses

(Section 7.2)

Competitive
CS Enrollment? Students U p

N
(Early, Late)

No All 122399.5 0.0415 805, 370

Hispanic/Latino 21826.5 0.0346 342, 149
Yes All 247 1.000 26, 21

Hispanic/Latino Not enough data 7, 8

Reported p-values reflect adjustments using a Bonferroni correction.

Fig. 2. Sense of belonging in CS 0 or CS 1 courses, in Early-term surveys (taken around week 3) and Late-term
surveys (taken around 2 weeks before the end of the term).

We did not conduct a hypothesis test for students identifying as Hispanic/Latino at campuses
with competitive CS enrollment since only eight such students took the Early survey, and seven
took the Late survey. LA and Pomona are not present in this analysis because no CS 0 or CS 1
section at those campuses produced 20 or more responses in both the Early and Late survey, thus
precluding comparisons. Bonferroni corrections were applied to account for the three comparisons,
and adjusted p-value significance was decided at U = 0.05.

Hypothesis testing results are summarized in Table 5, and distributions of belonging scores
for each campus can be seen in Figure 2. For the campuses without a competitive CS enrollment
policy (DH, Fullerton, SF), hypothesis testing revealed a statistically significant increase in sense
of belonging between Early- and Late-term surveys, for all students as well as for Hispanic/Latino
students in particular. Inspecting the distributions in Figure 2 suggests that students at DH experi-
enced much of this increase. For the campus with a competitive enrollment policy (SLO), there was
no significant change in sense of belonging.

For CS 2 courses, we did not see a change in sense of belonging between Early and Late surveys
for any group of campuses.

8 RQ3: Impact on Student Perceptions of Their Learning
We considered the impact of our intervention on students’ self-perceived academic skills in terms
of traditionally valued technical content as well as social-technical skills related to communication
with community members and contextualizing computing in a larger social context. Survey items
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Table 6. Student Perceptions of Their Learning and Agency for Treatment Terms Fall 2023 and
Spring 2024

CS 0 or CS 1 (n = 304) CS 2 (n = 267)
To what degree do your assignments or
projects help you do the following?

Non-SRC SRC Diff. Non-SRC SRC Diff.

Develop technical vocabulary (e.g., knowing
words like “conditional statements” or “loop”)

1.24 1.54 C = 506
? < 0.0118

1.23 1.26 C = 393
? = 1.000

Develop programming skills (e.g., writing and
reading code)

1.27 1.54 C = 395
? = 0.0375

1.19 1.37 C = 368.5
? = 0.2669

Understand how CS can help solve concerns
in society

0.87 1.43 C = 215.5
? < 0.0001

0.62 1.22 C = 173.5
? < 0.0001

Use real-world data to solve CS problems 0.80 1.34 C = 579.0
? = 0.0001

0.41 1.13 C = 141
? < 0.0001

Communicate with people (outside of your
class) in a real community about their con-
cerns and explain howCS can help solve them

0.37 0.68 C = 1069.5
? = 1.000

0.12 0.54 C = 189.5
? = 0.0127

Design a CS solution for a real community 0.46 0.88 C = 602
? = 0.0142

0.17 0.78 C = 148.5
? < 0.0001

Use CS to solve problems you find interesting 0.94 1.14 C = 677
? = 1.000

0.71 0.86 C = 334
? = 0.1609

Give you choice in what to focus on or how
to approach the assignments

0.86 1.08 C = 607
? = 0.3626

0.67 0.93 C = 410
? = 1.000

Diff. columns report p-values and test statistics for paired t-tests for differences between SRC and Non-SRC assign-
ments. All p-values reflect adjustments with a Bonferroni correction, and cells highlighted in gray indicate that a
significant difference was observed.

about these constructs appeared in the second year of our study, i.e., Fall 2023 and Spring 2024.
Results are summarized in Table 6.

For each question in Table 6, we ran a hypothesis test to check for differences in student
perceptions of the support offered by each type of assignment—similar to the analysis in Section 7,
we did this separately for first-year courses (CS 0 and CS 1 courses) and CS 2 courses. A Bonferroni
correction was applied within each course’s family of tests to control the familywise error rate, and
significance of the adjusted p-values was decided at U = 0.05. We employed the Wilcoxon Signed
Rank test [13], a non-parametric paired t-test, since the samples were not normally distributed and
SRC and non-SRC responses came from the same individuals.

In both groups of courses, students felt that SRC assignments, to a greater degree than non-SRC
assignments, helped them understand how they could use CS to address societal concerns, work
with real communities to design computational solutions, and design a CS solution for a real
community. In the earlier courses (CS 0 and CS 1), students also felt that SRC assignments better
supported their learning of technical CS content, and in later courses (CS 2), students felt that
SRC assignments better prepared them to communicate with people outside of their classes about
concerns and how CS might address them.

For the most part, results were similar when looking at the perceptions of only those students
who identified as Hispanic/Latino, i.e., they felt that SRC assignments better supported their learning
and agency than non-SRC assignments. In the earlier courses, Hispanic/Latino students (= = 132)
felt that SRC coursework helped them develop technical vocabulary (C = 506, ?03 9 . = 0.0118)
and programming skills (C = 395, ?03 9 . = 0.0376), and to understand how CS can help address
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Fig. 3. Responses to questions about sources of struggle in CS courses, for students who identified as
Hispanic/Latino and those who did not. Responses for each factor—Lack of confidence, In-class confusion,
and Personal obligations—were obtained by averaging the items associated with that factor. = = 729, 37%
Hispanic/Latino.

concerns in society (C = 215.5, ?03 9 . < 0.0001), use real-world data to solve CS problems (C =

579, ?03 9 . = 0.0003), and design CS solutions for real communities (C = 602, ?03 9 . = 0.0142). In the
CS 2 course, Hispanic/Latino students (= = 97) felt that SRC coursework helped them understand
how to use CS to solve concerns in society (C = 173.5, ?03 9 . < 0.0001), use real-world data to
solve CS problems (C = 141, ?03 9 . < 0.0001), communicate with communities about CS solutions
(C = 189.5, ?03 9 . = 0.0127), and design CS solutions for real communities (C = 148.5, ?03 9 . < 0.0001).
Similar to overall results, in neither course did students identifying as Hispanic/Latino express the
increased freedom of choice that was felt by the overall student sample with SRC assignments.

While these results are based on student responses about their perception of their learning,
prior evaluations of courses developed as part of this work have shown that external measure-
ments of learning outcomes (grades; success in follow-on courses) were also not sacrificed when
incorporating SRC into early computing courses, and indeed showed some improvements [34].

9 RQ4: Other Sources of Student Struggle
We sought to learn about sources of struggle for our students in early CS courses, building on
past work from Salguero et al. [51]. Our overall results are summarized in Figure 3. We conducted
three Mann–Whitney U tests to test for differences in reported levels of interference from lack of
confidence, in-class confusion, and personal obligations for students who identified as Hispanic/Latino
and those who did not. A Bonferroni correction was applied to account for the three comparisons.
A Mann–Whitney U test suggested that reported levels of interference from Personal obligations
were not any different for our Hispanic/Latino students than other students (* = 70798.5, ?03 9 . =
0.05). Hispanic/Latino students did not report different levels of interference from in-class confusion
or a lack of confidence than other students.

As described by Salguero et al. [51], the composite factor Personal obligations includes the
items requirements for other classes; illness; family obligations; work obligations; and social/personal
obligations. In addition to averaging the items into a single factor like Salguero et al. [51], we
unpacked the factor further to learnwhich personal obligations appeared to affect our students most.

For each of the five items within the Personal obligations factor, we conducted a hypothesis
test to check for differences between students who identified as Hispanic/Latino and those who
did not. Bonferroni corrections were applied to account for the five comparisons. We found that
Hispanic/Latino students reported significantly higher levels of family obligations (Mann–Whitney
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U -test; * = 71083.5, ?03 9 . = 0.0192) and work obligations (Welch’s unequal variances t-test ; C =

3.4885, ?03 9 . = 0.0026).
We did not observe this effect when the analysis was limited to the more restrictive campuses

with competitive enrollment policies—for all factors, there were no differences in levels of reported
interference from Hispanic/Latino students and other students.

10 Final Remarks
In this section, we discuss the implications of our findings and threats to the validity of our results.
We close by considering some lessons learned and directions for future work.

10.1 Discussion of Results
In general, we saw positive results at the campuses without competitive CS enrollment policies. All
of these campuses are designated as HSIs, have relatively high attrition rates for “URM”-designated
students (including Hispanic/Latino students), and two of them (DH and LA) have high percentages
of CS majors who identify as Hispanic/Latino. All of this suggest that our curricular interventions
are having positive impacts. The following sections discuss implications or explanations for each of
our research questions’ results.

10.1.1 RQ1: Communal Goal Endorsements. Communal goal endorsements were relatively high
for all our students, and URG students reported significantly higher communal goal endorsements
than men. Prior research has reported that students of color (including Hispanic/Latino students)
and women tend to report higher communal goal endorsements than White students and men
(e.g., [18, 39]). When considering factors that impact historically marginalized students’ sense of
belonging in computing (such as strength of communal goal endorsement [39]), students of color
and women are sometimes considered together with shared characteristics as a minoritized group.
These types of simplifications can be problematic, glossing over important specific challenges
faced by subgroups with intersectional identities [50]. Our findings further the argument that a
one-size-fits-all approach to promoting a sense of belonging among all groups who have been
historically marginalized in computing is an over-simplified solution.

Illustrating the importance of considering intersectional identities, we observed that URG His-
panic/Latino students reported the highest median communal goal endorsement compared to other
groups at the intersection of race and gender. Given the broad appeal to all students, we propose
that attending to this orientation is likely to be a fruitful strategy for strengthening students’ senses
that they belong in computing.

10.1.2 RQ2: Sense of Belonging. We saw improvements in students’ sense of belonging in
computing when our institutions embraced an intervention to include intentionally designed
SRC assignments in early computing courses (Section 7). In particular, these improvements were
present and statistically significant for students in the CS programs with inclusive selection criteria
and large Hispanic/Latino populations. This increase in sense of belonging at our most inclusive
institutions was also statistically significant for Hispanic/Latino students in particular.

We were at first surprised by the relative stability of student sense of belonging at the two
institutions with competitive enrollment policies (Pomona and SLO). However, considering that
students at those two institutions have been through significant filtering criteria like AP courses and
scores and university GPA requirements,5 it is perhaps unsurprising sense that they have a relatively
stable sense of self in the computing discipline. This phenomenon of populations forming subgroups
with starkly different self-identity profiles has been observed in other STEM contexts [63]. Nguyen

5Which parallel, in many cases, filters based on household incomes and race.
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and Lewis [45] found that first-year students in CS departments with competitive enrollment
policies tend to report a lower sense of belonging in computing. We observed both this and the
opposite (Figure 1)—at one institution with competitive CS enrollment (Pomona), we observed
an average lower sense of belonging than other institutions, while at the other institution with
competitive CS enrollment (SLO), we observed a higher sense of belonging than other institutions.
However, for students at both institutions, sense of belonging appeared to be relatively stable.

This interaction between institutional contexts and malleability of sense of belonging in a
discipline ought be studied further. Would results from prior research on recruitment and retention
of Hispanic/Latino students or underrepresented students look different if such studies were
replicated at institutions with different demographics and enrollment policies? Future work may
want to run such replication studies to confirm prior findings or add context to these findings.
Results from these studies will better guide us in developing appropriate interventions to ensure
Hispanic/Latino and underrepresented students’ success.

Overall, we view it as a success that students at our least restrictive institutions (in most cases,
with large Hispanic/Latino populations) appeared to have experienced positive outcomes from our
curricular interventions.

Our findings also replicated prior results that show that men tend to report a higher sense of
belonging in computing than other students. In our study, when considering the Late surveys in Fall
2023 and Spring 2024, aMann–WhitneyU test indicated that the sense of belongingwas significantly
higher for men than it was for students not identifying as men (* = 62478.5, ? = 0.021). Similarly,
we observed that a higher sense of belonging correlated with the intention to enroll in a follow-on
computing course. Kruskal–WallisH tests showed that there was a statistically significant difference
in sense of belonging by level of interest in taking future CS courses (� = 97.23, ? < 0.0001) and, for
those who were so declared, intention to remain in the CS major or minor (� = 129.10, ? < 0.0001).
Interest in future CS coursework was, as expected, higher as belonging scores increased.

10.1.3 RQ3: Student Perceptions of Their Learning. We found that in general, students felt that
SRC assignments helped them develop skills to use computing to address societal concerns, work
with real communities, and exercise more choice in how they approached coursework (Section 8).
Students’ views on benefits to their learning of technical content were mixed—they reported higher
perceived benefits in earlier courses (CS 0 and CS 1), but no difference in CS 2. It is likely that
CS 2 students’ self-assessed command of “technical vocabulary” and “programming skills” was
sufficiently advanced already.

With regard to the learning of technical CS content, while we report students’ self-assessments
of their learning, our previous work suggests that learning of programming was not hindered by
the introduction of SRC material [34].

10.1.4 RQ4: Other Sources of Student Struggle. Finally, we observed that students identifying as
Hispanic/Latino were more likely than other students to report that work and family obligations
interfered with their learning in early CS courses (Section 7). This effect was primarily observed at
the less restrictive campuses with high acceptance rates and no competitive enrollment policies.This
result underscores the need for future work to examine the role that pedagogical choices (beyond
curriculum) play in the student experience and particularly its impact on broadening participation
and improving retention and student success. Examples of such choices include flexible due dates,
dropped lowest scores, and other measures that allow students the flexibility needed to achieve a
course’s learning objectives while managing work or family obligations.

It is worth noting that our restrictive campuses also serve students who transfer to our institu-
tions in their third years after completing introductory coursework at a community college. This
transfer student population tends to have a higher percentage of Hispanic/Latino students, many
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of whom have not had prior computing experiences in secondary school. It is possible that the
interventions described in this article would have the same positive impacts reported here for their
early computing courses at a 4-year institution; however, our current focus has been in CS courses
in the first 2 years of a 4-year degree.

10.2 Threats to Validity
In this section, we acknowledge limitations and threats to validity and describe mitigations where
appropriate.

10.2.1 Instrument Validity. For the most part, our surveys used scales that have been validated
and used in previous computing education research studies with students similar to ours (post-
secondary first-year students at public universities). The one exception to this is the scale used to
measure students’ self-perceptions of their experiences (Table 6). As reported in our methodology
(Section 5), the scale had good internal consistency. Therefore, we have reason to believe that our
study has generally high instrument validity.

We reported on measurements of students’ communal goal endorsements using a single question
from Henderson et al. [30] (see Section 5). Given that the question was added to an already-large
survey and that participants were being surveyed at multiple time points, we were wary of inducing
survey fatigue. Henderson et al. reported similar concerns, so following their example we opted to
use a single communal-coded question. We acknowledge that this measure would be made stronger
with an accompanying agentic-coded question—this has now been added for future iterations of
the survey.

10.2.2 Internal Validity. We used statistical tests to study students’ experiences, perceptions,
and priorities. Each such test carries with it some risk of Type I error, i.e., the risk of a false-positive
conclusion. To mitigate this, we used Bonferroni corrections throughout to control the error rate
when conducting families of statistical tests.

It is possible that the changes we have observed were a result of factors beyond our curricular
interventions. Students’ perceptions of computing and themselves are naturally influenced by
forces within and without the classroom. Our experimental design (control and treatment groups
and, in the case of RQ2, surveys at multiple time points) helps to mitigate this threat.

In RQ1, we saw that communal goal endorsements trended relatively high for our student sample.
The measurement took place at the end of the Spring 2024 term, which included SRC-focused
content. It is possible that communal goal endorsements were not originally high for our students
on average, but rather increased as a result of our intervention. We cannot say for sure since we
did not think to measure communal goal endorsements in earlier surveys.

10.2.3 External Validity. Our work was conducted at six campuses in California that varied in a
number of dimensions (Table 1). As such, our study constitutes a conceptual replication of results
that were observed at multiple participating campuses, as well as results that have been observed
and reported from other institutions. Of key importance are the results that were not observed
at all campuses, allowing us to gird our findings with contextual information pertinent to each
research question.

10.2.4 Ecological Validity. Our study protocol required informed consent from students before
they could provide survey responses. As a result, students were made aware of the high-level goals
of our work and the fact that they were learning from an “experimental” curriculum. This could
have affected their responses to survey questions related to the SRC assignments in particular.

Another potential threat to ecological validity is that in January 2024, faculty at all six campuses
(as well as all other campuses in the CSU) withheld labor and went on organized strike.This involved
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cancelling classes and not doing related tasks like grading or responding to e-mail and online class
forums. Although the strike lasted 1 day, students and faculty were aware of the planned action
from the beginning of the term. We are unsure how this would affect results, except to say that it
was certainly a departure from the “normal” learning environment.

10.3 Future Work
Addressing the diverse needs of students calls for structural changes within educational insti-
tutions. We plan to extend this work to more deeply understand our individual sites’ student
needs. Specifically, we aim to develop a more robust model of student profiles to understand the
journeys experienced by our students in their early computing courses. For example, we saw that
Hispanic/Latino students were more likely to report that work or family obligations interfered
with their learning (Section 9). We will focus on how students’ obligations interact with faculties’
perspectives and pedagogical choices to create more or less inclusive environments. We will build
on existing scholarly work on inclusive climates that suggests that policies like equitable grading
using flexible deadlines [57], using more low-stakes assessments as opposed to fewer high-stakes
ones, and allowing re-submissions to demonstrate mastery [8, 17] lead to more equitable course
outcomes for students. We intend to lean into these strategies and, as we have done in this article,
understand the impacts for students in varying institutional contexts. One immediate question is
how the effect of our curricular intervention would be mediated by pedagogical policies related to
deadlines, grading, and classroom practices.

Our work also included a faculty learning community that ran monthly for the duration of our
2-year study. Participants (that is, faculty whose courses are represented in this research) learned
about assets-based pedagogical frameworks and culturally relevant pedagogy, and had access to
like-minded faculty who were trying to make similar improvements to their computing courses.
We aim to study the extent to which faculty participation in this learning community translated
into impacts on sense of belonging, learning, and agency for students.
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