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Abstract
Background and Context. There are growing efforts to increase
the percentage of secondary students who take computing courses.
However, U.S. women identifying as Black/African American, His-
panic/Latina, and/or Native American remain underrepresented in
computing and face persistent challenges in learning to program.
Moreover, it remains underexplored what types of programming
learning support minoritized high school women desire.
Objectives. To address this gap, this study investigates the chal-
lenges minoritized high school women encounter in current help-
seeking practices and explores the forms of programming learning
support they desire.
Method.We conducted design sessions with 12 high school women
who are minoritized in computing and enrolled in Advanced Place-
ment Computer Science courses. Using thematic analysis, we exam-
ined the challenges they encountered with existing help-seeking
resources, as well as their preferred format and support features.
Findings. Students faced several challenges in their current help-
seeking practices, including discomfort seeking help from others,
unclear problem instructions, and insufficient resources, such as
support resources that were timely but inaccurate, or valid but
impractical. From students’ designs and experiences, we identified
three key types of desired support content (explanatory informa-
tion, code examples, diagnostic information), each with specific
characteristics. We also highlighted five high-level patterns of de-
sirable resources, including visible contributions to solving issues,
thoughtful encouragement, links to trusted helpers, the promotion
of self-reflection, and the fostering of strategy.
Implications. Beyond specific resource preferences, our findings
also suggest several twofold high-level needs in desired program-
ming learning support. These results may inform multiple stake-
holders. For example, instructors can use them to refine instruc-
tional materials and iterate communication styles that better sup-
port students. Additionally, educational tool researchers and devel-
opers can use these insights to design more effective, responsive
programming support tools that address nuanced student needs.
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1 Introduction
Improvements in access to foundational computer science (CS)
courses are emerging at the K–12 level in the United States [21].
Based on 2025 data, 60% of U.S. high schools offer at least one foun-
dational CS course, and 12 states have passed legislation requiring
every student to complete at least one CS course before graduat-
ing from high school [21]. Another key benchmark for evaluating
equity in U.S. K–12 computer science education is the representa-
tion in Advanced Placement Computer Science (AP CS) exams. AP
CS courses are college-level computer science courses offered in
high schools. After completing these courses, students may take
the AP CS exams, which are standardized assessments adminis-
trated annually in May 1. Student engagement in AP CS exams
can mark an important milestone in their future computing path-
ways, including sustained interest and success in later computing
courses [9, 125]. According to data from the year-over-year AP CS
exam published by Code.org [22], the overall exam participation has
increased steadily since 2010, and the gender gap has been narrow-
ing over time [22]. However, in the most recent exam data (2024),
participation rates remain uneven across race/ethnicity and gender.
Black female students account for 3% of exam takers, compared to
4% for Black male students. Hispanic/Latina females represent 6%,
while Hispanic/Latino males account for 12%. In contrast, White
and Asian male students together account for 44% of AP CS exam
takers. This participation gap persists throughout high school and

1https://apstudents.collegeboard.org/courses/ap-computer-science-program
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extends into postsecondary education and related career opportu-
nities [89, 103, 124]. Since students’ early computing experiences
can serve as gateways to future computing trajectories [6, 49, 104],
understanding the programming learning support desired by minori-
tized high school women is critical to supporting their continued
participation in computing.

Therefore, this work aims to design withminoritized high school
women in computing to better understand their needs and explore
this design space [88]. Through this approach, we aimed to derive
design implications grounded in their experiences and centered
on the support they value. We conducted design sessions with 12
high school women who enrolled in AP CS courses during the
2024-2025 academic year and were racial/ethnic minorities in com-
puting (Black/African American, Hispanic/Latina, and/or Native
American) [26, 106]. These design sessions aimed to prioritize the
needs and perspectives of these minoritized women students, recog-
nize their existing assets, and ensure their involvement in shaping
desired learning support solutions [14, 20, 28]. We address the
following research questions, focusing on the challenges, specific
design dimensions, and the high-level criteria applied to determine
the desired support:

• RQ1: What challenges do minoritized women students face
when seeking support while learning to program?

• RQ2: What are minoritized women students’ desired sup-
ports for learning to program?

• RQ3: What matters to minoritized women students when
determining desired support for learning to program?

Our findings show that minoritized high school women faced
several barriers to accessing high-quality programming learning
support, including discomfort seeking human help, unclear task
instructions, the need to apply specific strategies to get help, and
poor-quality resources (RQ1). Drawing on their self-designed sup-
ports, we identified three types of desired support content types,
each with distinct characteristics (RQ2), and we summarized stu-
dents’ high-level values and concerns regarding specific support
features (RQ3). As such, this work made three contributions to
future computing education research:

• (1) We extend prior help-seeking research in computing ed-
ucation by providing empirical findings about minoritized
high school women’s challenges when seeking help in intro-
ductory programming learning.

• (2) We highlight design dimensions for providing desirable
programming learning support to minoritized high school
women in computing.

• (3)We uncover the high-level considerations that minoritized
high school women value in support resourceswhile learning
programming.

2 Related Work
2.1 The intersectionality of minoritized women

in computing education
Concerns about participation and representation remain ongoing in
computing education [84]. Intersectionality provides a framework
for understanding the compounded barriers minoritized women
face in computing, as they experience double disadvantages at the

intersection of race/ethnicity and gender identities [80, 92, 96]. The
intersectionality framework reveals that personal identities do not
occur in separation, but intersect and co-construct one another [7,
32].

Prior research used this intersectional lens to examine the ex-
periences of minoritized women in computing, and showed that
their pathways are shaped by the combined influences of race and
gender [36, 97, 132]. For example, Black women often face distinct
challenges and adopt unique strategies in computing, which sets
their experiences apart from those of Black men and non-Black
women [97, 132]. Specifically, Thomas et al. (2018) interviewed 11
Black women in computing and found that they faced isolation,
self-doubt, resistance, stereotype-based expectations, and had to
employ specific strategies to sustain their presence in the field. Sim-
ilarly, Rankin et al. (2021) interviewed 24 Black women and argued
that computing education is a matrix of intersecting oppressions for
Black women, from cold temperatures in their first K-12 program-
ming class to stereotypes in computing company cultures. Later
research extended this line of work into secondary education. They
identified factors that contribute to feelings of marginalization as
well as factors that support persistence [36].

In the context of equity-focused interventions, Fisk et al. (2024)
quantitatively examined the effectiveness of different interventions
in helping Black women to persist in computing. They found that ca-
reer awareness and faculty collaboration supported Black women’s
persistence intentions in computing, and noted that many efforts
to broaden computing participation failed to focus on racially mi-
noritized women [33]. Intersectionality is also gaining increasing
attention when designing technologies [30, 106, 131], generating a
rethinking of how technologies are created for underserved popu-
lations. For instance, Solyst et al. (2023) applied the framework of
culturally responsive computing and explored how Black girls en-
visioned fair AI to facilitate learner-centered AI literacy programs
for them, an underrepresented group in AI development. Recently,
Li et al. (2025) also investigated how Black girls participated in a
culturally responsive computing summer camp and found that the
girls began to see themselves as technology creators as the camp
moved forward. In addition to these interventions and explorations,
more research is needed to explore the support that minoritized
high school women desire in formal programming classes.

2.2 Students’ help-seeking in the context of
programming education

Help-seeking has been a frequently studied topic in programming
education [53, 54] and is recognized as a key self-regulated learn-
ing strategy [45, 46]. There are multiple academic help-seeking
frameworks available, including the five stages of problem-solving
help-seeking in classroom settings [76], help-seeking in interactive
learning environments [3], and the eight-stage model for broader
academic help-seeking [46].

In the context of programming education, there are multiple
potential help sources available, including formal sources (text-
books [10], teaching assistants [95], and official manuals [79]) and
informal sources (peers [41], online-searching [40] and specialized
Q&A platforms [69]). For example, Doebling and Kazerouni (2021)
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investigated undergraduate computing students’ help-seeking be-
haviors and revealed a common progression where students began
with easily accessible but low-quality sources (such as peers and
online) before turning to less accessible but higher-quality sources
(such as teachers) [29]. Studies also found that women used formal
sources more [29], chose to post anonymously in forums [42, 61],
and waited more patiently for office hours [35] than male students.
Lately, Ko et al. (2025) revealed that gender-minority and less con-
fident students sought help from internal sources, while gender-
majority students favored external sources. Also, Latinx/e/a/o stu-
dents relied on people outside of the course more [54].

With the rise of emerging AI technologies, scholars have in-
creasingly turned their attention to AI-mediated help-seeking. For
instance, Hou et al. (2024) found that while these AI models are
rapidly adopted, they have not yet replaced traditional help re-
sources. Some key motivations to seek help from generative AI
tools include rapid iteration and avoiding social pressures. Simi-
larly, another study examined the factors motivating students to
use web resources and GenAI in the classroom. Results showed that
students’ perceived level of difficulty of using GenAI tools shaped
their intention to adopt them [111]. After analyzing student-LLM
conversation interactions in an AI course, McNichols et al. (2026)
reported that students who turned to LLMs for conceptual under-
standing and coding support tended to perform better. Regarding
desirable characteristics for AI assistants in programming learning,
Denny et al. (2024) found that students valued tools with immediate
and engaging support, and features that allow them to maintain
autonomy over their learning.

Beyond these common help sources, researchers and comput-
ing education tool designers have developed various instructional
and technology-based supports for different programming learning
contexts. For instance, Cunningham et al. (2021) proposed a scaffold-
ing mechanism intended mainly for college-level conversational
programmers. Tang et al. (2025) developed a system to generate
personalized feedback on in-class coding tasks, though their focus
was also at the college level. Efforts to support K–12 programming
learning are relatively underexplored and concentrated mainly in
block-based environments. For example, Chen et al. (2024) created
an AI-augmented system to support autonomous programming
learning for middle schoolers, but within the block-based program-
ming context. Although Limke et al. (2025) and Limke et al. (2024)
examined design needs for online programming learning systems,
they did so from the perspective of K–12 teachers.

The needs and desired programming-learning support of minori-
tized high school women remain largely unaddressed. This work
seeks to fill this gap by developing a deeper understanding of these
factors.

2.3 Barriers to high-quality help in secondary
computing education

Unlike college computing, pre-college computing often lacks suf-
ficient, high-quality help sources. Reasons include low school in-
vestment [55, 82, 123], a shortage of qualified teachers [62], and
uneven access to computers at home [105]. At the institutional level,
computing education is not viewed as a primary priority in many K-
12 schools and districts [123], reflected in insufficient investments

such as limited hardware and software [55, 82]. Therefore, famil-
iar college-level help sources, such as weekly office hours led by
teaching staff [51], can be uncommon in high schools.

While teachers could serve as a primary source of high-quality
help, in the U.S., there are not enough qualified computing teach-
ers for computing education in secondary schools [15, 60, 78, 109].
Many K-12 computing teachers may not hold a degree in computer
science [55, 62], and they face challenges in supporting students’
understanding [107]. Teacher demographics can also contribute to a
sense of disconnection for underrepresented students. A nationwide
teacher survey showed that most high school CS teachers are white,
while teachers of color remain minoritized [55]. Additionally, tech-
nology infrastructure, such as computers and internet access, is a
prerequisite to accessing online help resources (e.g., AI, social media
platforms, and electronic textbooks). A 2023 survey of high school
students who registered for a national standardized test found that
87% of students have access to laptop computers at home. However,
Black and Hispanic students reported less computer access at home
than White and Asian students [105].

In addition, high school students themselves have other non-CS
courses and test requirements, limiting the time they can devote to
computing learning [15]. Regarding help-seeking patterns among
high school computing students, Cheong et al. (2004) revealed that
high school African American students tended to seek help more,
and female studens were more likely to have more useful and adap-
tive help-seeking behavior (instrumental help-seeking). However,
fewer studies have examined the challenges minoritized high school
women face in seeking help while learning to program. Our work
aims to address this.

2.4 Design educational solutions with students
Designing educational solutions with stakeholders can leverage
their expertise to create solutions that are better aligned with their
needs [57, 94] as well as more contextually relevant and practi-
cal [28, 102]. Students, with their extensive experience with educa-
tional activities, can readily recall and elaborate on their prior prob-
lems and needs, propose solutions, and generate diverse ideas [119].
Designing with students can also help students develop ownership
and agency to shape their learning. Prior design research has ex-
plored designing a range of educational solutions with students [88].
One line of research explores the integration of new technologies in
education with students. Within college-level contexts, Prasad et al.
(2025) held co-design workshops with undergraduates to explore
prototypes of future tools with multimodal large language models
to deal with educational problems. Similarly, Zheng et al. (2024) de-
signed with undergraduates to explore the future of project-based
learning with AI. In secondary education, Shamamyan et al. (2025)
designed with middle school students about trustworthy virtual
peer agents for math learning.

Beyond looking into the boundaries of new technology and ed-
ucation, prior researchers have collaborated with students from
specific groups to address their existing educational challenges. For
instance, Fan et al. (2025) designed with blind and low-vision stu-
dents to improve their access to statistical instructional practices. In
addition, Cho et al. (2019) designed with low-income Latinx families
to connect themwith affordable out-of-school learning resources. In
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computing education, Anthraper et al. (2024) designed with transfer
students in computing majors for a peer-mentoring learning analyt-
ics system to enhance their academic and social engagement. With
a similar overarching goal of addressing the challenges that mi-
noritized women students face in learning programming, this work
conducted design sessions with minoritized high school women to
understand their desired programming learning support, leading
to recommendations for future educational design and initiatives.
This study centers on the students with firsthand experience in
AP CS, as their lived experience within this learning context can
provide a grounded basis for informing designs that address their
needs [101].

3 Methods
We conducted design sessions with 12 U.S. high school students who
had participated in AP CS courses and self-identified as minoritized
women in computing. All design sessions were conducted virtually
through Zoom with digital whiteboards.

3.1 Participants and Recruitment
Following IRB (Institutional Review Board) approval, students were
recruited through two particular routes. This includedAPCS teacher
groups as well as a free online support program for AP CS students.
To be eligible for this study, students needed to self-identify as a
woman from a range of gender identity options (e.g., man, non-
binary) and as a member of one or more racial or ethnic groups
underrepresented in computing (e.g., Native American / Alaska Na-
tive, Hispanic / Latina, and/or Black / African American). Students
were also required to be enrolled in an AP CS course, such as AP CS
Principles or AP CS A. Design sessions were conducted after obtain-
ing student assent or consent (for those 18 and older), parental or
guardian consent (for those under 18), and completing pre-surveys
about programming learning experiences. Students were asked to
share their screens during the design sessions, which were recorded
for analysis. After the design sessions, all participants were referred
to by unique de-identified IDs in the analyses and reports (from
PID01 to PID12 in this work). Upon completion, each participant
received a $25/hour USD gift card. A total of 12 students finished
the design session [16]. Basic information for each student can be
found in Table 1. All students in our study reported having access
to computers outside of class.

3.2 Study Procedure and Activities
3.2.1 Main Procedure. Each design session lasted around 60 min-
utes and was conducted on a web-based digital whiteboard. The
session included three main parts (Figure 1 and Figure 3 show
the sample worksheets we used). (1) Reflect and Situate: A comic
book–style template was designed for students to fill in with one
positive and one negative instance from their prior programming
problem-solving and help-seeking experiences (Figure 1-left). (2)
Ideate and Design: After situating into two specific scenarios, stu-
dents were guided to ideate what desired support they want to
receive in two scenarios, how it would function, and the expected
outcomes with possible adaptations (Figure 1-right). To support
students who needed help brainstorming, we later provided five

common help providers (e.g., teacher, peer/friend/classmate, com-
puter, AI, and role model) as potential starting points for their
design. A student example can be found in Figure 2. (3) Select and
Rank: After completing their own designs, we presented students a
board that listed help resource candidates, shown conceptually in
text form (Figure 3-left). We walked students through each of them
and asked for their opinions on whether to keep or remove them,
along with their reasoning. We then asked students to select their
top three resources from the candidate board and rank them with
the two supports they designed, explaining their choices (Figure
3-right). To prevent students from being influenced by the provided
resource candidate board, the board was hidden until they had com-
pleted the first two parts. During each step, students could move,
select, type, or draw on the worksheets. For students who preferred
to speak, researchers entered the text based on the students’ spoken
input, which the students then reviewed and verified. Researchers
also conducted follow-up interview questions to explore the stu-
dents’ choices, perceptions, and design considerations. Example
interview questions included “why do you think that could be ideal
support compared to the current one?” and “why you don’t like this
feature?”.

3.2.2 Board for Resource Candidate Selection. The activity in Part
3 was inspired by the UX speed dating approach [24]. By walking
through, comparing, and making decisions about diverse concep-
tual support resource ideas, this activity aimed to gain insight into
what matters to minoritized women students when determining de-
sired support for learning programming. Building on existing help-
seeking literature in computing education [29, 72, 73, 86, 133], two
researchers iteratively brainstormed and designed a set of resource
candidates across five main categories (Figure 3): (1) knowledge-
centered resources (such as “explanations on the involved concepts”
and “link to the related textbook materials” ); (2) metacognition and
motivation (such as “encouraging messages to continue”, “suggestions
to take a break and then come back”, and “information on how many
other students are stuck at the same point before” ); (3) AI applications
(such as “an AI chatbot can only communicate about this problem” );
(4) access to specific help providers (such as “get help from a teacher”
and “get help from a classmate/friend” ); and (5) community forums
(such as “an anonymous forum where you can share your difficulties
with other classmates” ). Some candidates may include placeholders
in the description for students to add more specific details if they
wish, such as “a forum to discuss the problem with [...]”. Through
a broad range of potential support resources, this activity aimed
to capture students’ high-level values and concerns to inform the
design of future support.

3.3 Data Analysis
The analysis focused on both the design artifacts and conversations
during sessions. We conducted reflexive thematic analysis on the
data to answer the research questions. This method was chosen for
both its flexibility and depth [11]. Its reflexive approach enabled
researchers to actively construct meaning from the data, while ac-
knowledging that their interpretations were influenced by their
own experiences [12, 13]. Two researchers collaborated to analyze
the data. To address different research questions, they iteratively
analyzed data on students’ current support practices, their designs,
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Table 1: Student Basic Information (In the U.S., high school typically covers grades 9 to 12)

PID Gender Race/Ethnicity Language at Home Programming experience
before this AP CS class

P01 Woman
Black or African American,
Asian or Pacific Islander,
Native American or Alaska Native

Only English > 12 months

P02 Woman Hispanic or Latino (Latina) Only a language
other than English > 12 months

P03 Woman Black or African American Only English 7-9 months
P04 Woman Black or African American Only English 9-12 months
P05 Woman Black or African American Only English 4-6 months

P06 Woman Hispanic or Latino (Latina) Primarily another language,
secondary English > 12 months

P07 Woman Black or African American,
Hispanic or Latino (Latina) Only English 9-12 months

P08 Woman Black or African American Bilingual
(English & Another language) 1-3 months

P09 Woman Black or African American Primarily English,
occasionally another language > 12 months

P10 Woman Black or African American Only English 9-12 months
P11 Woman Black or African American Only English 1-3 months

P12 Woman White, Black or African American,
Hispanic or Latino (Latina)

Primarily English,
occasionally another language 7-9 months

Figure 1: Sample worksheets given to students (Parts 1 and 2). In Part 1, students reflected on past experiences and filled in
two comic-style templates (one positive and one negative). It covers when, where, what task, the problem-solving stage that
needed support, what support was obtained, how it was used, and the outcome. In Part 2, based on the two scenarios from Part
1, students ideated and designed the desired support, how it would work, and the expected outcome.

and their values regarding potential support resources while learn-
ing to program. For each part, they first went through the data
independently and applied open coding to identify key codes. They
then met to discuss and iteratively developed the final themes. The
codes were iteratively refined, integrating inductive codes that were
summarized from the data with deductive structures from RQs. Dur-
ing discussions, the two researchers collaborated to build shared
understandings into themes. After analyzing each RQ individually,
they also explored potential thematic overlaps across them. This en-
sured that the final themes reflected a comprehensive interpretation

of the data. We report our findings in subsection 4.1, subsection 4.2
and subsection 4.3.

4 Findings
4.1 RQ1: Challenges faced by minoritized

women students in seeking programming
learning support

Students’ self-reported comfort with seeking help in their current
APCS course and their frequency of using different help sources
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Figure 2: In this example, P12 described a negative help-seeking experience when she had trouble with homework over break.
When the teacher did not reply, she was able to figure out some basic code from other resources, but could not complete all of
it, and still did not fully understand how to code it independently (Part 1). She proposed a support design centered on students
who had passed the APCS exam with high scores, suggesting they record video problem-solving tutorials, hold regular office
hours, share personal learning strategies, and cover advanced computing topics. For the expected outcome, she hoped all APCS
students would be able to meet requirements, finish programming projects independently, and explain programming concepts
to others (Part 2).

Figure 3: A sample worksheet (Part 3). The board for resource candidate selection was hidden until students completed their
designs in Part 2. Afterward, students walked through each support resource candidate, decided which to keep or remove with
reasons, then selected their top three and ranked them with the two they designed in Part 2.

(“How often do you access the following resources for this APCS
course?” ) are reported in Table 2. It is worth noting that the avail-
ability of the help types listed in Table 2 may have varied across
students, though this was not captured in our data. For RQ1, we
report findings from students’ reflections on current practices, es-
pecially their past negative help-seeking experiences. Each theme
highlights a challenge that students reported facing when seeking
help during programming learning, with student counts showing
how widely it was shared. It includes limited support resources, a
conflict between speed and reliability, valid but impractical content,
strategies for smoother help-seeking, and vague instructions. We
ordered the challenges by the number of students who mentioned
them.

Not enough support resources available (7 of 12). A major
challenge was the lack of sufficient resources, especially when the
materials provided by the teachers were unhelpful. For example,
when P05 prepared for a quiz at home, she had no textbook on the
topic and failed that quiz. P02 also explained her experience as “but
I didn’t really get help, other than spending a couple of hours trying
to fix it.” Similarly, P07 described a related challenge: “There weren’t
enough resources, so I didn’t know of what resources I could use...So
the only knowledge I have is like the fundamentals.” (P07)

The conflict between speed and reliability (6 of 12). For
secondary school students, teachers and peers are their primary
everyday resources in academic settings [4, 99]. Students can also
make use of online resources and AI tools. In line with previous
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Table 2: Students’ self-reported general help-seeking comfort and the frequency of accessing common help-seeking sources in
the current CS course (– indicates students reported N/A.)

PID Help
Comfort1

Instructor
(In-class)

Instructor
(Online)

Peers
(Same-class)

Peers
(Other) Textbook AI

Online
Materials

(Course-specific)

Online
Materials
(Other)

Specific
Resources
Named2

P01 Rarely Most of
the time

Sometimes Always Rarely Sometimes Most of
the time

Most of the time Rarely AI

P02 Most of
the time

Most of
the time

Never Sometimes Never Never Never Rarely Rarely YouTube,
CodeHS, Rune-
stone Academy

P03 Most of
the time

Most of
the time

Most of
the time

Sometimes Sometimes Sometimes Most of
the time

Sometimes Sometimes Notes and Previ-
ous Labs

P04 Rarely Rarely Never Most of the
time

Sometimes Sometimes Always Most of the time Always TikTok, YouTube,
ChatGPT, Khan
Academy

P05 Sometimes Sometimes Sometimes Rarely Never Never Most of
the time

Most of the time Sometimes Youtube videos

P06 Always Sometimes Rarely Most of the
time

Rarely Never Never Sometimes Rarely -

P07 Always Always Rarely Rarely Never Never Never Never Never -
P08 Sometimes Always Rarely Sometimes Rarely Sometimes Never Sometimes Sometimes Stack Over-

flow, YouTube,
LeetCode, Geeks-
forGeeks

P09 Sometimes Sometimes Never Sometimes Never Rarely Never Always Sometimes W3Schools,
Google Search

P10 Always Never Sometimes Rarely Never Most of
the time

Rarely Always Rarely YouTube, Eimacs,
Reddit

P11 Most of
the time

Most of
the time

Rarely Sometimes Never Sometimes Never Never Never -

P12 Sometimes Always Rarely Sometimes Sometimes Sometimes Sometimes Sometimes Sometimes Textbooks
1 The related survey question: “When you need help in this APCS course, how comfortable are you asking for help?”
2 The related survey question: “What other resources do you use when you need help in this APCS course?”

impressions of help sources [29], students often described peer and
online support as immediate but potentially inaccurate (P01, P06,
P10): “I also tried to use Google AI, it did not work. So I also use my
friends ... He helped kind of, not really. I mostly must have struggled
through it ... I think I just submitted it and dealt with the penalty
points.” (P10) In contrast, teacher support is often more reliable
but harder to access. In-class teacher availability could be limited
because of large class sizes (P03): “Thirty kids in my class, so he
(the teacher) had to help other kids. So I didn’t want to take away
too much time from him.” (P03). Also, it was hard to reach teachers
outside of class (P11), and the teacher quality can vary (P05, P10):
“the teacher didn’t teach us necessarily how it worked.” (P05).

Valid but impractical content for solving struggles (5 of
12). Even when support was provided, it could be objectively valid,
but not truly helpful in addressing students’ specific issues. Such
valid but confusing content can come from teacher-provided mate-
rials (P05) or teachers’ clarifications (P03, P04). For instance, while
working on the homework in class, P03 already recognized her
errors, but did not know how to fix them. The teacher offered some
clarifications, but she could not apply them due to a lack of under-
standing:“I tried asking my teacher, but I didn’t really understand his
approach to doing it...He gave some advice, but I did not know how to
approach it in my code.” (P03) Additionally, students may receive
untargeted resources, which required considerable time to inter-
pret, but ultimately were not helpful: “The resource and function
my teacher gave me didn’t provide me with any help for the type of
game I was creating. I had to find my own resources and mix many
different functions and code together to create my own code.” (P09)

Beyond the content quality itself, another problem is that the
support, though accurate, was too disengaging to be useful. P12
utilized Varsity Tutors to help her learn Java, but found herself
unable to focus on the content, leading to short memorization
rather than real learning: “As far as Varsity Tutors, all the tutors that
I was assigned to were very monochromatic ... the way they spoke
was very, almost robotic, very dull. And I couldn’t necessarily focus
on what they were saying ... It didn’t engage my brain to remember
the information.” (P12)

Strategies required to make help-seeking smoother (3 of
12). Due to the general teacher-student hierarchy, some students
spoke about the pressure they felt when approaching teachers to ask
questions (P01, P05). This pressure could be reduced if the student
felt positively connected to the teacher or held the confidence to
not be impacted by the teacher’s impressions. P01 believed that
teachers liked her and, without concern for how they saw her, often
went directly to ask questions: “I would like to understand it more,
so I’ll just go up to them and ask them. And if they get mad at me, oh,
so what? Like, oh well, it’s just helping me learn better. So sometimes
if like a student doesn’t want to ask the question The other classmate
or me can do it for them too.” (P01) She also shared this deliberate
asker selection as a common strategy when trying to get teachers’
support: “we kind of know when a teacher favorites somebody a little
more than another person, so we’ll send them up to ask the question.”
(P01)

In contrast, P05 expressed general concerns about asking teach-
ers questions: “Mostly because I feel more comfortable going to a peer
than a teacher.” and acknowledged her general discomfort in asking
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for help to humans: “I think a lot of times when I fail something, it’s
because I didn’t feel like I had this faith to ask for clarification.” (P05)

Ambiguous instructions undermine the usefulness of other
support (1 of 12). A prerequisite for other support to be practical
is precise and detailed task instructions. Otherwise, it can lead to
unsuccessful support experiences, even when other help sources
were available. This was even more essential when the instructor
had specific expectations. P06 explained how an ambiguous instruc-
tion led to issues even though she asked her peers to check and
spent a long time working on it, “If the instructions were clear about
the project and how our teacher wanted us to do it, (it) would make it
a lot easier to understand the logic of what the project is asking us to
do.” (P06)

4.2 RQ2: Design dimensions of desired
programming learning support: what, how,
and who?

We then explored the desired support these minoritized women
students seek during problem-solving. Three specific content types
emerged as desired support (what). These include explanatory in-
formation (P01, P02, P03, P05, P06, P11, P12), code examples (P02,
P04, P05, P07, P08, P11), and diagnostic information (P03, P10, P11,
P12). However, simply having such content does not solve student
struggles; its effectiveness depends on the way the content is for-
mulated (how), which is also inherently tied towho delivers it. The
desired characteristics of effective support information formulation
are shared rather than conflicting, and focusing on only one is often
not enough.

4.2.1 Explanatory information as support (7 of 12): Expert-level cred-
ibility, Peer-level tone, Room for independent thinking. Explanatory
information helps address confusion and supports a more in-depth
understanding, especially in one-on-one settings, where students
can freely ask follow-up questions until they fully understand. In
their current practices, students typically obtain explanatory in-
formation from teachers (P01, P03, P06, P07, P09), peers (P01, P03,
P06), tutors (P08), and online resources (P05, P10). Our findings
suggest that effective explanatory information may not originate
from a single source, but from the integration of complementary
perspectives.

Peer-level tone for easier comprehension (4 of 7). When
ideating their support design, four students (P01, P05, P08, P11)
emphasized the importance of obtaining explanatory information
from peers. Because they shared similar perspectives and experi-
ences and communicate at the same level, it became easier to make
sense of the content: “I think it’s just like the way that they (friends)
talk, it just goes to our brain a little easier.” (P01). P08 selected peer
as the ideal support provider with a similar reason: “They (peers)
would know the topic and they could explain it to me, so that I would
be able to comprehend what the question or problem is asking me to
do.” (P08)

By contrast, while teachers have greater expertise and can often
provide more accurate explanations, sometimes their clarification
could be over-complicated. In this case, it could be hard for students
to digest: “Because it’s better to get a kid’s perspective on something,
because you most likely will think more similarly. I feel like teachers

sometimes, when you don’t understand things, they’ll overexplain it,
and it’ll become even more confusing.” (P01)

Calibrate expert view to land at the student level (4 of 7).
Although students felt teachers’ explanations sometimes did not
speak to them, they still perceived them as valuable support when
the teachers devoted sufficient time and gave students room to
shape the explanations to their needs. Four students (P01, P03, P05,
P06) depicted that on-demand one-on-one tutoring with teachers
was the ideal support format when they had programming problems.
As P05 described, one ideal support would be:

“One-on-one with a teacher and he could explain to me
in words I could understand ... And if I don’t understand
the way he explains it to me, I could like ask him to
give me a metaphor or like some images or compared
to something in that but is in everyday life.” (P05)

P01 echoed with this idea in her ideal support design as “being able
to be on one-on-one with the teacher ... learning like one-on-one, it’s
easier to understand because they’re teaching it in the way that you
know the best.” She also described a previous supportive experience
as when the teacher was able to “explain it to me in an easier way,
use easier words in terms. Because when I learned, it’s easier for me
to understand things when it’s in less words.”

Enough guidance but encourage independent thinking (4
of 7). Even when minoritized women needed support to make
progress, they still emphasized the importance of maintaining inde-
pendent thinking and developing the ability to solve programming
tasks without help (P02, P03, P09, P11). P03 characterized the pos-
itive outcome of her ideal support as “I finish the lab (homework
assignments) using collaboration and my own thoughts.” P11 ex-
pected the outcome to be “students will know exactly where they
made a mistake and how to fix it instinctively in the future, instead
of just memorizing an answer key.” To achieve this, she presented
a sophisticated support design to balance AI help and students’
self-contribution:

“Offer students the ability to check their work with AI-
generated code at the end of an assignment and expla-
nations of both the students’ errors and common errors.
To encourage students to try the work themselves be-
fore turning to the available help, here would be a limit
on how often the service can be used, and teachers can
choose to block it for graded assignments.”

4.2.2 Code examples as support (6 of 12): Context-specific, Variation-
covered, Knowledge- and generation-fit. When struggling, students
obtain code examples to clarify the problem and transfer the take-
aways to the tasks they are working on. In current practices, they
either actively collect or receive those examples from different
sources, including instructors (P07, P11), official documentations
(P02), textbooks (e.g., online E-books) (P08, P11), and other online
tutorials (e.g., Google, TikTok, Khan Academy, YouTube, Code.org)
(P04, P05, P08). Students reported that, while examples might be
widely available, only a subset provided meaningful support.

Context-specific and cover various use cases (4 of 6). Stu-
dents tried to get more context-targeted examples because more
universal examples could be hard to apply to their specific prob-
lems. For example, P08 envisioned an ideal support as “the examples
of how to do it before the assignment .. not an exact solution to the
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assignment, but a similar problem’, and explained its helpfulness as
“because then I wouldn’t be lost during the assignment ... I know how
to implement that into the code.” (P08) Similarly, P11 also described
how basic examples helped her get started, but more targeted exam-
ples were needed to progress further, “I could only complete the basic
code. I could not expand my ideas to create my own ... designs, I had to
more or less copy the example.” P02 wanted more interactive, video-
based examples and emphasized the importance of explaining how
to use specific methods. As an ideal support, P07 also emphasized
the need for broader examples to accommodate the varying types
of uses for a single programming concept. She detailed it as: “as
many different situations that’s possible ... how would you access each
of those if they were like different ways of accessing them.”

Knowledge-level and generationally relevant (2 of 6). An
effective code example needs to match students’ current knowledge
level. When P04 envisioned her ideal support, she noted that the
instructor often picked complex examples that only increased the
challenge of grasping difficult concepts. Therefore, she wanted
to use AI to “provide more examples of problems we actually go
over in class and simple it down more.” (P04). When it comes to AI
inaccuracies, she relied on human checks to get rid of them, “make
sure the coding examples are verified by real people” (P04). Other
students also shared searching tricks in their current practices to
find examples that were appropriate to their knowledge level: “if
you search up with ’AP’ (as the keywords) ... that’s when it’s going to
start giving you something that’s more like specific to what you want.”
(P09) In addition, in P04’s design, she wanted the teachers to make
materials that felt more relevant and generationally connected,
helping them focus better:

“The teachers should have better resources and some-
thing that’ll fit my generation because we lose focus
and get bored easily, so something that’s, I can’t explain
it, but if it appeals to like our generation we’re gonna
be more bound to like pay attention to it ... do more
examples on things based on our real lives.” (P04)

4.2.3 Diagnostic information as support (4 of 12): Timely, Actionable
and Habit-fostered. In addition to information that was more ex-
planatory and illustrative, students (P03, P10, P11, P12) emphasized
the need for precise and detailed diagnostic information to reveal
their misconceptions and skill gaps clearly.

Highlight what works, what does not, and how to fix it
(3 of 4). This included an immediate snapshot of their current
progress (P10, P12), highlighting both what was working well and
what was not. Depending on their current progress in problem-
solving, students wanted different areas of focus. More directional
information (“what to do”) was preferred at the beginning, while
more reflective information (“why it is here”) was valued in later
stages (P03, P10). The ideal support should also provide precise
error locations and actionable suggestions for correction (P03, P11,
P12):

“An AI that is not based in machine learning and had
preconditioned functions and information. It would be
a support button walking through and explaining a
program when needed, and where you went wrong/
what to do and why. (P12)

Not just correctness, but better coding habits (1 of 4). In-
terestingly, P10 is a minoritized woman who holds multi-faceted
motivation to learn programming, which includes personal pas-
sion in technology, future career goals in technology or computing,
finding it fun and interesting, and the chance to earn college credit
early through it. Beyond correctness, in her design, she also sought
to refine her coding habit to produce cleaner code.

“My idea is that like I put my code into it and it tells
me what’s wrong with it ... how to correct my coding
habits and make it look better and make it easier to
understand. It’s like not just if it’s not working, but also
what habits and what steps I should take to make it
cleaner.” (P10)

4.3 RQ3: Whatmatters to minoritized women
students when determining desired support
in programming learning?

In this section, we report students’ perceptions of possible pro-
gramming support resources, including their preferences, benefits,
and concerns. They went through candidate programming support
resources, explained which to keep or remove, ranked them, and
discussed how these could impact programming problem-solving
practices. Although students might vary in which features they
keep or remove, their underlying values and concerns were shared.

4.3.1 What benefits make a support resource valuable? Minoritized
women students tended to value a support resource if it provided a
visible contribution to solving their struggles, offered thoughtful
encouragement, made connections with trusted help providers, pro-
moted self-reflection and self-review, and helped develop broader
learning strategies.

Visible contributions in solving the issue. A valuable pro-
gramming support, regardless of type, should clearly aid issue res-
olution. This was a key criterion that students mentioned during
the candidate selection process across all the students. However,
this perceived contribution differed by feature across individuals.
For example, two students (P05 and P12) found the feature “a code
example from a similar problem” not valuable because “don’t know
why that code example, like why does it relate to what I’m working
on.” (P05) But other students valued this because they could sense
a clear contribution: “it can help you understand the general vibe of
the code” (P11) and “it helps you look through it and find out like
what you’re missing in your code and why they use certain things.”
(P09).

Develop broader strategies beyond a single problem.While
students focused on a specific problem, some went beyond it and
appreciated the chance to acquire broader learning strategies. Ten
minoritized women kept the resources that allowed them to pause
a problem and either return later, stop, or switch tasks. This could
be a reminder to prevent brain overload, “I feel that’s very helpful
for the coding process, because you might not see something when
you’re looking at it very intensely.” (P06) An external reminder could
be more accountable and harder to dismiss, “Sitting down for so
long is not really good for you. So just knowing that, hey, you can like
take a break, come back to it when your mind is more relaxed would
help.” (P03) Additionally, it could contribute to better planning and
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prioritization skills, “I’m the kind of person who can get stuck on
the same problem for a long time, so it’s good for pacing and time
management.” (P11) Six students also kept the feature “a letter from
a previous student describing their learning experience”, which not
only motivated them but also gave them strategies to overcome
similar challenges.

Provide encouragement in a thoughtful way. Because learn-
ing programming could be discouraging for students, nine students
chose to keep resources that made them feel encouraged. In partic-
ular, 7 students wanted to keep the feature “encouraging messages
to continue”. P04 explained the reason as “because I feel like a lot
of computer science kids get discouraged very quickly”. P05 shared a
similar sense, “because sometimes it can feel like a little bit frustrating
when I don’t immediately understand what’s going on.” However, stu-
dents did not want blind encouragement, as P08 pointed out, “but
it wouldn’t be efficient to keep going if you’re just like completely lost
because you’re probably not going to get there.” And such encourage-
ment was more valuable when grounded in empirical, real-world
pathways: “Well, if I know that someone else had the same struggle
but pushed through and was successful, then maybe I can be too.”
(P02)

Provide a comfortable connection to trusted helpers. Stu-
dents held different levels of trust in potential support sources, and
they retained features that link them to reliable ones. For example,
P10 held a lack of faith in support from teachers or peers, “I’ve
taken four online classes regarding computing. Whenever I message
the teacher, they just give me the answer. So they aren’t really helping
me ... haven’t really found much help from friends and classmates.
They usually aren’t any help. I won’t lie.” Therefore, she only kept
AI, “I think that chatbots are extremely helpful in learning how to
code. Like, I’m pretty sure every single person I know that has learned
how to code from their own home. ChatGPT or Co-pilot has been a
part of their journey.”, and online forums, “Discuss about the prob-
lem with strangers on the internet. Love that. I think strangers on
the internet can be very helpful when safely utilized.” Students also
valued anonymity as a more comfortable way to ask for help in
known connections (8 of 12), particularly when they already felt
minoritized in a classroom: “It’d be easier not to have that sort of
discrimination against you. So I think just being able to discuss with
people about computing problems and you can share difficulties with-
out the fear of getting what discriminated against based on certain
aspects about you that you can’t control.” (P03)

Promote self-reflection and self-review. Students also valued
the feature that could nudge them to do self-reflection and self-
assessment, addressing gaps through review if needed (4 of 12). P11
preferred the feature showing “information on how many other
students are stuck at the same point before”, because “if you see
the only two other students are stuck with this, then it might mean
you used to review an earlier concept. But if everybody’s struggling
with it, you know it’s just a difficult concept.” P04 also kept the
feature “information on how many other students have completed
this problem” due to a similar reason, “it can help me know like what
I need to catch up and what I need to work on myself.”

4.3.2 What concerns might make a support resource less valuable?
Students found resources less valuable if perceived as unnecessary,
irrelevant, or insufficient; if they caused negative impacts on social

dynamics or a possible loss of autonomy; or if they were linked to
sources distrusted due to prior negative experiences.

Unnecessary and irrelevant to the issue. Students considered
a feature unvaluable if it seemed unnecessary or irrelevant to their
struggles. Seven students did not like being given a simpler problem
on the topic when they were struggling, “Sometimes it’s the harder
part that you’re confused about, so an easier problem might not nec-
essarily help you in that situation.” (P09). While additional test cases
served to clarify requirements and edge cases for some students,
others did not see it as necessary: “that doesn’t necessarily help. If
your code is wrong, giving more input and output examples will just
show you more that your code is wrong, but it won’t necessarily help
creating a solution.”

Relatedly, information on how many others got stuck at that
point before could normalize some students’ struggles and prompt
self-reflection. However, this could be unhelpful for others since
it “doesn’t necessarily actually help you with your code.” (P09) Some
students perceived little relevance from information about others in
general (3 of 12), as their primary focus was on resolving their own
difficulties, “knowing the information about other students doesn’t
help me at all.” (P02)

Negative impact on classroomdynamics and affective state.
Students raised concerns that some resources might cause stress.
For example, advising a time limit on problem-solving can add
pressure, “I feel like it would kind of stress me out.” (P04). Addition-
ally, viewing progress information from peers, whether it is their
successes or struggles, can lead to unnecessary competition (11
students removed at least one of the related feature candidates).
Students worried that such information could lead to “a contest
that’s not really needed” (P01) and even negative self-assessment,
“it just makes you feel more pressured and feel like you’re not doing it
as fast as fast as you should be.” (P09) In addition, they noted that
the number of students shown in such information could be demo-
tivating: “In some cases, it can be very discouraging if it’s considered
a relatively easy problem, but the person struggling on it, and not
other people have struggled on it, it could be very discouraging.” (P12)

A possible loss of autonomy. Some students worried that ex-
cessive suggestions from other resources might take away their
sense of control over problem-solving. P10 disliked the time sug-
gestion feature since “I just don’t think that they should be telling
me how much time to spend.” (P10). This concern also led her to
remove a feature about the needed concepts to create a solution, “I
think it would make me overthink when I’m planning out my code.”
(P10) P04 also felt that more detailed error messages could mislead
her attention, “I feel like we all know why it’s wrong already, but we
need to know how to fix it. So I feel like we shouldn’t prioritize their
message.” (P04)

Four students were concerned that receiving letters from previ-
ous students ignored their own uniqueness, “it wouldn’t be helpful
because you wouldn’t necessarily know or you wouldn’t be in the
same position as a student, even if you’re doing super well. Because
everyone’s pathway is very different.” (P12)

Insufficient and partial assistance. Students reported that
certain resources provided only partial, middle-stage support, which
was insufficient. For example, having all the programming concepts
required for a solution could act as a helpful checklist or starting
point for some (7 of 12), but it is not enough for others because “even
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though you know the concepts, it might not really give you how to
put it together in a way that you need to actually create the solution.”
(P09).

Likewise, more detailed error messages were inadequate for
some students who wanted guidance on how rather than what, “I
have used some programs where it has told me exactly where I’m
wrong, but not exactly how to fix it or I could fix it.” (P12) The feature
showing how accurate a solution was received comparable critique,
“if only knew how accurate it was, I wouldn’t know how to get better
unless I was given how. Because if I just knew how accurate it was, I
wouldn’t be able to do anything else.” (P07)

Distrust of quality due to prior poor experience. Some-
times, students decided against a potential feature because of prior
negative experience. One resource was linking students with cor-
responding textbook materials. Five students rejected it due to
unhappy personal experiences, finding it wordy and passive: “Some
people don’t want to read. It’s so tedious, and it’s a lot.” (P02) and
“They’re very wordy, or it’s just a lot to sift through. And it doesn’t
make me motivated to actually try to find it because it’s just like a
lot of words.” (P09)

Correspondingly, although web-search could provide valuable
resources, five students chose not to keep it because capturing
effective content from Internet searches could be time-consuming
and ineffective: “I think that the internet is really big, so it wouldn’t
be very helpful in narrowing down the problem” (P06) and “Looking
up how to code on Google is so ineffective... All these sources come up,
you have to read through these extremely lengthy texts and articles.”
(P10)

5 Discussion
Above, we first summarized the challenges that minoritized women
students face when seeking support while learning programming,
such as resource shortages, perceived pressure, impractical con-
tent, and the tension between speed and accuracy (Section 4.1).
Then we identified key design dimensions from their experiences
and designs for desired programming learning support, including
explanatory information, illustrative examples, and diagnostic in-
formation with specific characteristics (Section 4.2). Finally, we
discussed students’ perspectives on a broader range of potential
support resources, highlighting the benefits that make it desir-
able and the concerns that reduce its value (Section 4.3). In this
discussion, we first interpret our findings through an asset-based
lens [2, 83, 91, 130], connect them with established learning science
insights and research on minoritized students’ help-seeking in com-
puting learning (see subsection 5.1). Then, we connect students’
designs, values, and concerns to articulate several dual-facet design
goals and implications for next-generation support systems, better
equipping students in computing education (see subsection 5.2).

5.1 Students’ experience-rooted designs for
desired programming learning support

Although we did not initially adopt an asset-based design frame-
work, it emerged as a useful lens for interpreting the minoritized
women students’ self-designs [2, 83, 130]. When depicting their
ideal programming learning supports, students in our study did
not aim to invent novel technologies [83]. Instead, they focused on

adapting existing supports to provide more desired support and
amplifying those that already present [83].

Specifically, many of their proposed designs (see subsection 4.2)
were built on common instructional content types, such as exam-
ples, explanations, and feedback [1, 18, 115]. They then built on
their own learning experiences to describe specific desired char-
acteristics. These students did not intentionally draw on learning
science principles in their designs, yet many of their ideas naturally
align with them. For example, the design of explanatory informa-
tion with a peer-level tone and a calibrated expert perspective, and
the context-specific, knowledge-appropriate, and generationally
relevant code examples align well with efforts to reduce extraneous
cognitive load [114]. Additionally, the idea of providing enough
guidance while still encouraging independent thinking aligns with
the Zone of Proximal Development [121], which keeps students
working at an optimal level of challenge, and the idea of produc-
tive struggle [44]. Moreover, the design of diagnostic information
is consistent with the recommended design of elaborated instruc-
tional feedback (e.g., response contingent, topic contingent, and
misconceptions) [110] and the efforts to improve error messages
in text-based programming learning [8]. These also reflect a mean-
ingful interaction between participatory design and the learning
sciences [28].

The designs proposed by students also resonated with previous
research on minorities within computing education. For instance,
most students (11 of 12) continued to deeply value teachers’ sup-
port and intentionally designed features that leveraged it, such as
structured support sequences that begin with peers and progress
to teachers, or increased opportunities for one-on-one sessions.
This aligns with prior findings indicating that greater collaboration
with teachers is associated with stronger intentions for minoritized
women to persist in computing [33], and that women use formal
[29] and internal resources [54] more frequently. In addition, 8 of
12 women favored the anonymous forum, which aligned with the
finding that women preferred to post anonymously in forums in
computing classes [42, 61]. Moreover, 11 of 12 women removed
at least one feature about knowing peers’ progress, aligning with
research showing that concerns of social comparison weigh more
heavily on women in STEM [58]. Their designs to seek social sup-
port are also found to be a useful factor that supports minoritized
women’s persistence in computing learning [36].

For the relationship with new technology, students in our study
recognized emerging technologies and platforms, such as AI and
TikTok, for learning. Some had already incorporated these into their
everyday programming learning. However, since school remains
the primary environmentwheremost of them spend their day, many
potential help providers they identified still came from everyday
roles around them, such as teachers, friends, and classmates. Some
of their support designs also adapted existing infrastructures in
other domains to programming learning contexts, such as after-
class tutoring sessions.

Prior research has shown that, to build engagement and reten-
tion among minoritized groups in computing, sustained efforts are
necessary to transform the learning journeys of minoritized com-
puting learners over time [37, 100]. Therefore, with consideration
for sustaining effective support design over the long term [47],
education technology designers should focus on enhancing what
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already exists, but be cautious about introducing additive elements
that might further expand the information scope and effort required
to obtain valuable help [130]. For example, designers can adopt mod-
ular designs that integrate into students’ existing learning flows,
rather than creating and adding entirely new, hard-to-maintain soft-
ware or content types [126]. Additionally, while new technologies
like the Internet and AI enable more technology-mediated support,
many students still design around human social support systems,
rather than relying solely on technology. When technology appears
capable of handling more programming help requests [38], it is
more important than ever to emphasize the value of human-to-
human interaction and to design better social support systems in
programming learning [38, 81], especially among minority learner
groups [97, 98, 116].

5.2 Twofold design needs and implications for
programming learning support

Our findings highlight several shared expectations about desired
programming support for minoritized women students. These ex-
pectations can appear contradictory, but are collectively important.
We summarize four key themes and integrate insights from recent
education tool designs to recommend ways to meet these jointly
held needs.

5.2.1 Offer problem-specific help with bigger-picture covered. Our
findings highlight a key pair of goals underlying students’ desired
programming support. Help-seeking is a meta-cognitive process
tied to self-regulated learning [41, 45, 67, 87]. A key step during
this process is deciding on the help-seeking goals. Some students
focused on solving the immediate issue in a given problem, and
therefore only valued the support that could directly help them
progress. Other students not only appreciated resources that ad-
dressed the immediate issue, but also valued those that revealed
their knowledge gaps and offered opportunities for review. This
suggests an expansion of help-seeking goals, extending from the
specific issue at the core to underlying areas of missing knowledge.
Therefore, future programming support systems should articulate
the levels of support they offer and transition from task-specific
guidance to broader conceptual understanding.

5.2.2 Deliver thorough guidance while maintaining independent
thinking. A taxonomy categorizes help types into instrumental help,
which focuses on the new skill-building process, and executive help,
which emphasizes the outcome while omitting the process [34,
71]. Students in our study generally underlined the importance
of preserving their own thinking with suitable instrumental help.
Therefore, while many appreciated being shown a solution or using
AI as a resource, they often put it as support to be used only under
specific conditions, such as a last resort. In addition, learning from
failures and struggles is an essential aspect of self-growth [56, 122]
and important in computing education [43, 90]. However, a key
to helping students learn from failures is to decrease their fear of
failure [70, 90], as women often fear failure more in computing
and engineering, which may hinder persistence [25, 75, 117]. In
this case, it is recommended that future programming learning
systems implement stepped support [50] and inform students of

the availability of more extensive help after sustained effort, thereby
reducing mental burden and fostering fearless learning.

5.2.3 Foster social belonging without triggering pressure. Our find-
ings indicate a need for reassurance of not struggling alone, without
the stress of comparison. This predominantly arises when it comes
to knowing information about others, which is a common chal-
lenge in social interactions and personal informatics [68, 120]. Our
findings suggest that, in the context of designing programming
learning support, the choice of information metrics [120] is critical
for conveying a sense of social belonging, social presence [127], and
facilitating social help resources [52] rather than competitive com-
parison. Future research should identify which learning metrics feel
sensitive to sharewith peers andwhich can be used for peer-support
grouping without judgment.What’s more, this study examined only
a snapshot of computing learning. To fully understand students’
needs for social support or role models in different learning stages,
broader longitudinal evaluations covering diverse education deci-
sion milestones (e.g., first course, college board courses, computing
majors) are needed.

5.2.4 Keep student agency in help-seeking with minimal risk. An-
other key point is who to initiate the help-seeking.While traditional
help-seeking is usually initiated by humans themselves [48], many
students, especially minority learners [129], struggle with the fear
of help rejection or help-seeking threat [77]. Minoritized women
in our study reported similar discomfort, which at times led them
to avoid seeking help after experiencing learning challenges. The
advances in technology provide an opportunity for more proactive
support initiated by the system [18, 66, 87, 113, 128]. However, most
of these are focused on system-initiated and system-generated sup-
port. Given that many students still place a high value on help from
teachers, it is important to provide not only system support but also
system-initiated, teacher-led support. Moreover, as help-seeking
is a valuable meta-cognitive skill to develop [40, 59], proactive as-
sistance is expected to fade as students become more comfortable
seeking help from others and reclaiming their own agency.

6 Limitations & Future Work
This work has several limitations. First, because the study centers
on designing with students, the ideas and designs originated from
student self-reporting. Given that students’ perspectives are often
grounded in their own lived experiences, they may not generalize
across contexts or align with existing learning principles. Second,
these design ideas still lack empirical validation. Future empirical
evaluations are required to determine whether these ideas actually
support learning. Third, the session format was chosen to allow
for deeper and more contextualized insights into each participant’s
perspective. Future work could explore collaborative sessions to
understand how students expand on and refine each other’s de-
sign ideas. Fourth, all the students in this work were already en-
rolled in AP CS courses and interested in participating in our study.
Given that many under-resourced schools did not even offer AP
CS courses, this introduced selection bias based on participants’
motivation and confidence in succeeding in computing, which may
have limited the diversity and complexity of help-seeking and sup-
port practices. Future studies could examine students who chose to

450



Design Programming Learning Support with Minoritized Women Students in Computing ICER 2026 Vol. 1, August 11–14, 2026, Uppsala, Sweden

leave computing education before AP CS or who never considered
opting in. Finally, participants in our study were recruited through
two specific channels within one country. Cultural and regional
differences in computing education might impact the applicability
of the results to other areas and learner groups. Future research
should broaden its scope by including students from diverse coun-
tries and various learning stages. We also acknowledge that the
small sample size limits the generalizability and representativeness
of our findings.

7 Conclusion
Although computing has gained increasing attention in K–12 edu-
cation, women of minoritized racial and ethnic groups remain un-
derrepresented. We conducted design sessions with 12 minoritized
high school women to understand their help-seeking challenges
and the desired support in formal programming classes. Four key
challenges emerged in current practices: the poor-quality resources
(limited, timely yet inaccurate, valid yet difficult to apply), discom-
fort in seeking human help, targeted strategies for getting help from
teachers, and unclear instructions that undermined other support.
From minoritized women’s designs, we identified three key content
types and their desired characteristics: (1) explanatory informa-
tion (expert-level credibility, peer-level tone, space for thinking);
(2) code examples (context-specific, variation-covered, knowledge-
and generation-fit); and (3) diagnostic information (timely, action-
able, and habit-fostering). Additionally, we found that students
valued resources that demonstrate a clear link to their issues, offer
thoughtful encouragement, advance self-review and broader learn-
ing strategies, and connect them with trusted helpers. In contrast,
they devalued resources that were unnecessary, irrelevant, or insuf-
ficient, negatively affected social dynamics, reduced their autonomy,
or were from unreliable sources. This work presents valuable de-
sign implications derived from the experiences and perspectives
of underrepresented students in computing learning, which can
inform future educational design and technology.
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