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Abstract—AI chatbots (ChatGPT, Gemini, Co-pilot) are trans-
forming the programming education landscape [1]. Advanced
models are increasingly accessible and offer significantly sophis-
ticated support that is influencing how students engage with
learning programming concepts and tasks. Building upon prior
research, this study investigates how students’ intersectional
identities influence their interaction with and perceived effec-
tiveness of AI tools in programming education. Specifically, we
ask: (1) How does a student’s identity affect their access to,
perception of, and attitudes toward AI-assisted programming
experiences? (2) Does applying an intersectional identity lens
reveal different insights from the same dataset compared to
analyses that do not account for identity? To explore these
questions, we conducted a study with 50 participants from diverse
intersectional backgrounds, recruited from an AI literacy course.
The study involved a pre-task assessment, a programming task
with access to an AI chatbot (OpenAI GPT 3.5) followed by
a reflective survey on students’ experiences with the AI tool.
By triangulating data from performance metrics, pre- and post-
assessments, and reflection responses, we uncover preliminary
associations between students intersectional identities and AI tool
usage, task outcomes, and their AI perceptions and attitudes.
Our findings suggest that students’ gender and race meaningfully
shape both their interactions with and their perceptions of the
AI tools. While statistical significance in intersectional analyses
remains a challenge due to sample size and variable complexity,
the study provides valuable insights into how identity influences
AI-assisted learning. These results underscore the importance
of adopting nuanced, identity-aware approaches when designing
and evaluating AI-based educational technologies.

Index Terms—component, formatting, style, styling, insert

I. INTRODUCTION

As AI software tools become more commonplace, their poten-
tial to transform the student experience has greatly increased.
Recent work has evaluated the performance of Large Language
Models (LLMs) in varying fields and in higher education and
found its performance to be passable most of the time [2] [3]
[4] [5]. Many universities are responding to the increasing
availability of ChatGPT interaction by banning its use in
assignments and exams. A major concern is the uncertainty

of whether the use of tools based on GPT LLMs will reduce
learning by increasing reliance on AI to generate answers
to questions. There are numerous concerns about policy and
the ethics of AI contributions to students’ assignments and
exams, including: how to address the use of AI in the syllabus;
policy perspectives on cheating; the inclusion of AI use in
learning outcomes; ownership of code or material developed;
the educational use of AI integrated coding environments; the
use of AI in auto graders; and AI literacy for future jobs in
which AI is available to support work. Before these tools can
be meaningfully introduced into a course, research is needed
to study the impact of these AI tools on student learning.
Understanding how students from diverse backgrounds engage
with AI tools is essential for equitable education [6, 7]. There
is a need for rigorous empirical studies to explore the impact of
AI tools on student learning in programming courses, centering
on a student identity lens [8, 9, 10]. Specifically, this research
aims to address the following research questions:

• How does using AI tools during programming impact
student programming experience?

• Does student identity impact how students perceive and
interact with AI tools like ChatGPT?

• How does an intersectional analysis lens expose hidden
insights when studying students’ perceptions of AI as a
learning tool in programming courses?

By investigating these hypotheses, educators can better un-
derstand how to integrate AI tools into programming courses
to enhance learning outcomes while promoting diversity and
inclusion. Building on previous work that explored the student
experience by analyzing students’ competency-building and
cognitive experiences while using AI tools during a program-
ming exercise [11], we present preliminary results from an
intersectional analysis of students’ interactions, perceptions,
and attitudes toward the use of AI tools. This data is presented
through a thematic and intersectional analysis.



II. BACKGROUND

The integration of Artificial Intelligence (AI) tools, particularly
Large Language Models (LLMs) such as ChatGPT, Co-Pilot,
and Claude, into programming education has sparked both
enthusiasm and concern among educators and researchers
[12, 13, 14]. These tools offer real-time, 24/7 assistance,
potentially enhancing the learning experience for students.
However, their impact on student learning outcomes and
equitable access requires careful examination. Recent advances
in deep learning and neural network architectures have led
to the development of LLMs that surpass previous models
in capabilities [15]. LLMs demonstrate remarkable abilities
such as general linguistic intelligence and unsupervised mul-
titask learning [16], positioning them as ”general-purpose”
models that can even enhance their training through usage
[17]. In programming, LLM assistance can resemble a highly
intelligent compiler or a pair programming partner, offering
new opportunities for human-centric programming research.
Studies have found that students prefer LLM-powered tools
over traditional code completion tools [18]. Some studies show
that compared to individual programming, AI-assisted pair
programming significantly increased intrinsic motivation and
reduced programming anxiety, producing outcomes compara-
ble to human–human pair programming [1].

Tools like GitHub Copilot, Amazon CodeWhisperer, and
Replit Ghostwriter utilize LLMs to provide code suggestions
within code editors. GitHub Copilot, for instance, has shown a
91.5% success rate in generating valid code, with correct code
in 28.7% of cases and partially correct code in 51.2% [19]. The
frequent exposure to these suggestions raises questions about
their influence on student learning: Will consistent exposure to
syntactically correct code enhance learning, or will incorrect
suggestions cause frustration and demotivation? Additionally,
since Copilot performs better with popular languages like Java
and common problems [20], there is concern that students
might complete assignments without fully understanding the
material [21]. Access to AI tools integrated into coursework
offers real-time, personalized support, enabling students to
work at their own pace and schedule. This accessibility can
foster self-paced learning and potentially broaden the success
spectrum in computer science (CS) education by accommo-
dating a diverse student population [22]. AI tools, such as
chatbots, may engage students who might otherwise avoid
direct interaction with instructors or teaching assistants, thus
supporting varied learning preferences. Research has shown
that AI can favor access to education by supporting collabo-
rative environments and providing intelligent tutoring systems
[23].

Advances in AI algorithms present opportunities to build
models that learn from student behavior patterns, potentially
offering explainable advice to students at risk [24]. Such
tools could address disparities in preparedness among students,
contributing to more equitable educational outcomes. The
perception of technology and its accessibility significantly

influence who pursues careers in CS [25]. Factors contribut-
ing to a student’s sense of belonging—such as interpersonal
relationships, perceived competence, personal interest, and
scientific identity—are linked to their likelihood of persisting
in the field [10, 26, 27, 28]. AI tools that provide supportive,
personalized learning experiences may enhance these factors,
especially for underrepresented groups who may face dispar-
ities in preparedness and access [29].

However, building trust between underrepresented students
and AI tools is crucial. Historical skepticism towards narra-
tives causing AI and the digital divide can lead to hesitancy
in adopting AI assistance [30]. Ensuring that AI systems
are trustworthy involves integrating dimensions like safety,
fairness, explainability, privacy, and accountability, and being
transparent about these aspects with students [31].

By addressing these concerns, AI tools can be more effectively
utilized to support diversity and inclusion in programming
education. While AI tools offer clear benefits, their impact
on fundamental programming skills and critical thinking is a
concern. AI tools capable of independently solving introduc-
tory programming exercises have only recently become widely
available [21, 32, 33, 34]. Heavy reliance on such tools during
formative assessments might compromise the development of
essential skills [34]. Previous studies have primarily focused
on tool performance, model test-taking abilities, or interface
usability, rather than on how students interact with these tools
and the subsequent impact on learning outcomes [11].

III. METHODOLOGY

The study protocol for each participant involved following a
multi-step task progression defined by [35]. For the study, we
selected ChatGPT (OpenAI) as the AI assistant tool; literature
and campus usage trends suggested that ChatGPT was the
most widely used AI tool among students. Observations from
the first phase indicated that student interactions and roles in
engaging with AI tools were similar at an abstract level, with
differences mainly due to tool (feature) updates over time [11].
The inclusion criteria for study participants were that they
currently or had been a part of a Java programming course. We
recruited 60 participants who met our eligibility criteria from
an AI literacy course for this phase. Participants were students
enrolled at a large public university in the USA, typically in
their second or third semester, having completed at least one
programming course. This allowed us to focus on the impact
of ChatGPT usage in a consistent and controlled manner.

We adopted a mixed methods analysis to combine quantitative
data from quizzes with qualitative data from interviews and
screen recordings. Quantitative analysis involves statistical
methods to analyze quiz scores and task performance, eval-
uating knowledge improvement and performance differences
across conditions. Qualitative analysis included thematic anal-
ysis of reflection transcripts to identify patterns and themes
related to participants’ experiences, perceptions, and attitudes
toward AI tools. Coding was performed using established



thematic analysis methodologies [36], and themes were cross
referenced with demographic data to explore the impact of
identity on interactions with AI tools. Followed by applying
an intersectional lens to the coded data. By integrating both
quantitative and qualitative data, we gain a holistic understand-
ing of how AI tools like ChatGPT influence student learning
and attitudes in programming courses.

IV. RESULTS FROM PRE-TASK SURVEY AND
PROGRAMMING TASK

In this section we present the results of data collection from
51 students that engaged in the pre- and post-task surveys, and
the programming task. In our analysis, we perform a statistical
analysis of the group of participants as a whole and then
analyze across dimensions of gender, first-generation student
status, ethnic or racial category, and LGBTQIA+ community
membership.When examining the intersection of these factors,
several patterns emerge.

• Gender Distribution: The participant cohort consists of
18 females, 28 males, 2 non-binary/third-gender individ-
uals, and 2 students who preferred not to disclose their
gender.

• First-Generation Student Status: 26 students were
not first-generation college students and 24 were first-
generation students.

• Ethnic or Racial Category Distribution: The ethnic
breakdown includes 8 Asian, 14 Black/African-American,
6 Hispanic/Latinx, 1 MENA, 1 Native American/Alaska
Native/First Nations/American Indian students, 2 students
who self-identify their ethnic category, and 19 White
students.

With the majority of participants being traditional college-age
students (18–24), there is limited variation in age.

In analyzing the data through an intersectional lens [6, 28],
we observe the following grouping (see Table I):

• Gender and Ethnic or Racial Category: Among the
51 students surveyed, the female cohort (totaling 18)
comprises 3 Asian, 5 Black/African-American, 2 His-
panic/Latinx, 1 Middle Eastern/North African (MENA),
and 7 White individuals. The male cohort (totaling 28)
includes 5 Asian, 9 Black/African-American, 2 His-
panic/Latinx, 1 Native American/Alaska Native/First Na-
tions/American Indian, and 11 White individuals. Non-
binary/third gender students total 2, with 1 identifying as
Hispanic/Latinx and 1 as White. Additionally, 2 students
preferred not to disclose their gender, both of whom self-
identified their ethnic category.

• First-Generation Student Status and Gender: Of the
students who are not first-generation college students
(totaling 26), 7 are female, 15 are male, 2 are non-
binary/third gender, and 1 preferred not to say. Among
first-generation students (totaling 24), 11 are female, 12
are male, and 1 preferred not to disclose their gender.

Intersectional
Group

(n) % First-
Generation:

Yes

First-
Generation:

No
URM Female 11 21.60% 9 2
URM Male 12 23.50% 6 6

Non-URM Female 7 13.70% 2 5
Non-URM Male 16 31.40% 6 9

Non-URM
Unspecified

3 5.90% 1 2

URM Unspecified 2 3.90% 0 2
Total 51 100% 24 (with 1

missing)
26

TABLE I
NUMBER OF STUDENTS DISTRIBUTED ACROSS INTERSECTIONAL GROUPS

• First-Generation Student Status and Ethnic or Racial
Category: Among non-first-generation students, there are
4 Asian, 6 Black/African-American, 3 Hispanic/Latinx, 1
Native American/Alaska Native/First Nations/American
Indian, 1 who self-identifies, and 11 White individ-
uals. First-generation students consist of 4 Asian, 8
Black/African-American, 3 Hispanic/Latinx, 1 MENA, 1
who self-identifies, and 7 white individuals.

For the purposes of an intersectional analysis, we define the
following cohorts, using the category of ”Underrepresented-
minority” (URM) as defined in literature [10, 26]:

• URM Female: Female students who identify as Asian,
Black/African-American, Hispanic/Latinx,MENA, Native
American/Alaska Native/First Nations/American Indian.

• URM Male: Male students who identify as
Black/African-American, Hispanic/Latinx,MENA,
Native American/Alaska Native/First Nations/American
Indian.

• Non-URM Male: Students who identify as White or
Asian and male.

• Non-URM Female: Students who identify as White and
female.

Participants whose gender was not specified or who identified
as non-binary were omitted from the gender-separated analy-
sis.

A. Pre-Task Survey: Student Attitudes, Perceptions, and Self-
assessed Understanding of Programming Concepts

The overall self-reported confidence is notably higher among
Non-URM students than among URM students (see Figure 1).
Specifically, Non-URM Male students report the highest over-
all confidence (3.9), followed by Non-URM Female students
(3.7). In contrast, both URM Female and URM Male students
report overall confidence around 3.0–3.1.

For each specific programming area (Java, arrays, and loops),
the Non-URM groups consistently report higher average con-
fidence compared to the URM groups. This suggests that stu-
dents in the Non-URM categories (primarily White and Asian
students) feel more assured in their programming abilities.



Question Very Low Low Average High Very High
1. Confidence in Applying Java Programming

Skills
2 13 26 7 3

2. Confidence in Knowledge and
Comprehension of ”Arrays in Java”

2 9 27 9 4

3. Confidence in Knowledge and
Comprehension of ”Loops in Java”

2 9 26 10 4

4. Experience with AI Tools for Programming 6 (No Exp) 6 18 17 4
TABLE II

SELF-REPORTED PRE-SURVEY RESPONSES ON STUDENT SELF-EFFICACY QUESTIONS

Fig. 1. Intersectional Analysis of pre-task survey student self-efficacy

The differences in self-reported confidence may reflect varying
levels of prior exposure, access to support resources, or the im-
pact of cultural and social factors on self-efficacy in program-
ming. These findings suggest that targeted instructional inter-
ventions—such as mentorship programs, confidence-building
workshops, or additional support sessions—might help boost
the confidence of URM students.

B. Programming Task: Student Performance in Programming

The analysis of participant performance reveals several trends
across the programming tasks, quizzes, total awarded points,
and total calculated scores across three concepts.

Measure Average Median Std.
Deviation

Programming Task 1 4.58 5 1.35
Programming Task 2 4.25 5 1.81
Programming Task 3 3.23 5 2.4

Pre-task Quiz 2.57 3 1.54
Post-task Quiz 3.31 4 1.44

Total Awarded Points 17.83 18 4.00
Delta Pre-Post 0.14 0 0.47

Actual Task
Understanding

3.62 3.8 0.90

TABLE III
PARTICIPANT PERFORMANCE IN PROGRAMMING TASK, *SOME

PARTICIPANTS HAVE MISSING QUIZ SCORES, AFFECTING THE TOTAL
NUMBER CONSIDERED FOR AVERAGES.

As shown in Table IV, non-URM Male students report the
highest levels of understanding, followed by URM Males, then
URM Females, with Non-URM Females reporting the lowest.
This pattern suggests that factors linked to both race and
gender may influence how confident students feel about their
grasp of programming concepts. Non-URM Male students
(predominantly White or Asian males) may benefit from prior
experiences or cultural factors that boost self-confidence. The

learning gains, as indicated in the (∆ Pre–Post Quiz) show the
following pattern:

URM Groups: Both URM Females and URM Males exhibit
modest improvements on the quizzes. Non-URM Groups:
Both Non-URM Female and Non-URM Male groups show
almost no average improvement, suggesting a possible ceiling
effect—perhaps they started with higher baseline knowledge,
leaving less room for measurable gains.

Although Non-URM students report higher initial understand-
ing, their minimal quiz gains might indicate that the assess-
ment captured little improvement, potentially due to a ceiling
effect. In contrast, URM students, starting from a slightly
lower baseline, still manage to show modest gains, suggesting
that the inclusion of AI tools provided some benefit.

V. SELECT RESULTS FROM INTERSECTIONAL ANALYSIS
OF STUDENT REFLECTIONS

In this section, we present the intersectional analysis of
the qualitative data collected from participants through the
open-ended reflection exercise. Our goal is to explore their
experiences with using AI for programming tasks involving
loops and arrays, their perceptions of using AI tools in pro-
gramming, and their attitudes towards the use of ChatGPT for
coding. In this paper, we analyze select questions to identify
common themes and demonstrate intersectional insights. Table
V presents all of the questions from the post-task reflection
activity.

A. Question 5) ”Did having AI in the process of programming
help you?

As shown in Figure 2, both Non-URM and URM Male groups
show a relatively high frequency of codes indicating that AI
helped with learning and that it functioned as a “Good Tutor.”



Intersectional Group Actual Task Understanding ∆ Pre–Post Quiz
Mean Median SD Mean Median SD

URM Female 3.56 3.5 0.96 (min 2.2, max 5) 0.26 0.23 0.37 (range –0.25 to 1)
URM Male 3.76 3.8 0.76 (min 2.6, max 4.8) 0.21 0.37 0.56 (range –0.5 to 1)

Non-URM Female 2.8 3.4 1.23 (min 1.2, max 4.2) 0.04 0 0.52 (range –1 to 0.6)
Non-URM Male 3.9 4.2 0.99 (min 1.8, max 5) 0.048 0 0.44 (range –1 to 0.67)

TABLE IV
INTERSECTIONAL ANALYSIS OF STUDENT PROGRAMMING TASK PERFORMANCE

Fig. 2. Q5 Did having AI in the process of programming help you?

However, Non-URM Females reported slightly more ambiva-
lence (e.g., instances of “AI did not help with learning”) and
a few remarks on AI hallucinations, which suggests nuanced
experiences. Non-URM Females were the highest number
of “AI helped with learning” codes overall, but they also
reported a highest count for “AI did not help with learning”,
indicating mixed experiences even within a generally positive
stance. Codes for “Good Tutor” are consistently high among
URM respondents and Non-URM Males, whereas Non-URM
Females and the non-gender–specified Non-URM group show
slightly lower counts. “Bad Tutor” mentions, although less
frequent overall, appear in several groups—suggesting that

while many find the AI useful, a subset in each demographic is
critical of its instructional role. “Felt Supported” is a dominant
theme across most groups. However, the Non-URM Female
group has a lower frequency relative to its N, which may
indicate that this group experiences less consistent support
from the AI tool. The codes “AI did not help with learning”
and “AI Hallucination/Did not Hallucinate” provide insight
into concerns over reliability. For example, while URM Males
reported no instances of “AI did not help with learning”
(except one in the case of a conflicting code) and no mentions
of “did not hallucinate” except where noted, Non-URM Males
and Non-URM Females expressed more concerns. Such differ-



Q.No Question Statement
Q2 ”Can you explain how each of your solutions works?

How did you feel while trying to do the programming?
(Researcher rates on a scale of 1-5 Task 1: Task 2: Task

3:)”
Q3 ”Do you think your knowledge and comprehension of

Loops and Arrays improved by performing the task?
(100-150 words) Yes/No, Explain”

Q4 ”On a scale of 1-5 where would you rate your
understanding of loops and arrays (1 being lowest and 5

being highest) No correct answer”
Q5 ”Did having AI in the process of programming help you?

= Yes/No/Maybe/Don’t know Answer each of the
prompts as an explanation...”

Q6 ”Do you think the way you used the AI tool should be
considered cheating? Why or why not? Would it

currently be seen as cheating?”
Q7 ”Does your experience with using this AI tool motivate

you to continue learning more about programming?
(scale of 1-5) Please explain.”

Q8 ”How confident are you with programming in JAVA after
your experience with using this AI tool? (scale of 1-5).

Please explain.”
Q9 ”Are you more confident about being successful in this

degree? (scale of 1-5) With access to AI tools, Please
explain.”

Q10 ”Do you have any concerns about the use of AI tools in
the classroom and professionally?”

TABLE V
OVERVIEW OF REFLECTION QUESTIONS

ences might reflect variations in trust, with some groups more
willing to overlook errors than others. “Used AI to Code/learn
Code” appears across groups but is most prominent among
URM Males and the non-gender–specified Non-URM group.
This suggests that these groups are not only assessing AI’s
role as a tutor but also actively integrating it into their coding
practices. Across the responses an intersectional Lens provides
clear differences between gender based groups experiences.

B. Question 6) ”Do you think the way you used the AI tool
should be considered cheating? Why or why not? Would it
currently be seen as cheating?”

As shown in Figure 3, an intersectional analysis of the
thematic responses reveals notable differences across demo-
graphic groups, especiall between Female students. URM
female students had the highest amount of concerns in contrast
to the Non-URM female students who had the least concerns.
URM female and Male participants frequently stressed the
importance of context—emphasizing that the acceptability of
AI use depends on the specific assignment and learning ob-
jectives—and underscored ethical use, insisting that AI should
only supplement genuine engagement. In contrast, Non-URM
male and female respondents were more inclined to view
AI as a valuable, supplementary learning aid, often arguing
that when used responsibly, it does not constitute cheating.
Non-URM male participants tended to be more critical of AI
practices that bypass personal effort—highlighting concerns
about copy-paste shortcuts and the resultant lack of genuine
learning—while Non-URM female participants expressed am-
bivalence, often weighing both the benefits (such as increased
efficiency and support) and potential ethical pitfalls, sometimes

drawing on analogies (like comparing AI to calculators) to
support their nuanced stance.

C. Question 7) ”Does your experience with using this AI tool
motivate you to continue learning more about programming?
(scale of 1-5) Please explain.”

As shown in Figure 4, URM status was a key indicator
for motivation levels with URM females having the lowest
negative responses and Non URM Males having the highest
Negative responses. Among URM Female respondents (n =
11), the mean motivation rating is 3.8 with nearly two-thirds
(63.6%) answering “Yes” that the AI tool motivates them to
continue learning programming. URM Male respondents (n
= 7) show a slightly higher proportion of “Yes” responses
(71.4%) with a mean rating of 3.71. For Non-URM Female
respondents (n = 7), the mean rating is a bit lower at 3.29,
with 57.1% “Yes.” Non-URM Male respondents (n = 17) have
the lowest mean rating (3.19) and the lowest “Yes” percentage
(47.1%), with 41.2% saying “No.” Overall, female respondents
(n = 18) average 3.59 on the scale and tend to lean toward
“Yes” (61.1%), whereas male respondents (n = 25) average
around 3.35 with a more mixed distribution (54.2% Yes, 37.5%
No).

D. Question 8) ”How confident are you with programming in
JAVA after your experience with using this AI tool? (scale of
1-5). Please explain.”

As shown in Figure 5, we see a similar phenomenon as Q7
where URM Females had the lowest (less confident) responses
with Non-URM Males having the highest Less confident)
responses. Both URM Females and URM Males generally
report moderate confidence. However, URM Males tend to
have a slightly higher average than URM Females. Non-URM
females show a similar moderate confidence. Non-URM males
indicate the lowest confidence levels, suggesting that this
group may feel less assured in their Java skills after the AI
tool experience.

E. Question 10) ”Do you have any concerns about the use of
AI tools in the classroom and professionally?”

As shown in Figure 6, Male respondents, particularly those
in the Non-URM Male category, are much more likely to
express concerns about the use of AI tools compared to female
respondents. URM Female respondents show a lower level of
expressed concern. The disparity between groups may indicate
differences in how AI is perceived based on both gender and
URM status. For example, it could be that non-URM males
feel more informed, have more access, and are more critical
of AI’s implications in the classroom or professional environ-
ments. On the other hand, URM Females may be less informed
about potential negative impacts, or they might see AI tools as
more beneficial to their learning or professional development.
Small sample sizes in some groups (e.g., URM/ Non-URM
Female) suggest caution when generalizing these findings, but
the overall pattern does highlight a gender difference.



Fig. 3. Q6 Do you think the way you used the AI tool should be considered cheating?

VI. DISCUSSION

The rapid integration of AI tools into the software engineering
industry has created a swiftly shifting professional landscape,
prompting both excitement and apprehension among computer
science students. As the baseline expectations for technical
competency evolve, students are increasingly re-evaluating
their confidence in successfully completing their degrees and
securing future employment. While some view AI access
as a democratizing force that bolsters their academic and
professional prospects, others experience heightened job anx-
iety, questioning the long-term value of traditional program-
ming skills in an AI-dominated market. Understanding these
contrasting reactions—specifically, how confidence in degree
attainment and overarching professional concerns intersect
with a student’s identity—is essential for contextualizing their
overall experience regarding the integration of AI tools in both
the classroom and the workplace. The perceptions of AI and its
association with systemic inequalities in AI literacy levels lead
to complex interplays between the student’s attitudes towards
AI and their behavior when allowed to use AI.

The accessibility and availability of AI tools, such as ChatGPT,
are not uniformly distributed among different communities
and demographic groups. This discrepancy results in unequal
AI preparedness, with certain groups having greater exposure
and resources to develop proficiency in AI-assisted program-

ming. These disparities align with broader systemic inequities
present in society, perpetuating existing power imbalances.

Responses to the study design reveal diverse perspectives on
AI tools, influenced by their identities. We see particular
differences between the intersectional experiences of URM
female students and Non-URM male students with other
positionalities reflecting similar juxtapositions. This kind of
intersectional breakdown can help identify which groups might
benefit from targeted discussions or interventions regarding
the implementation of AI tools in academic and professional
settings. The study highlights the need for further research to
better understand these dynamics and to examine AI interac-
tions from the perspective of intersectional identities.

Furthermore, intersectional privileges and barriers shape indi-
viduals’ experiences when engaging with AI tools for coding
and programming. Variables such as gender, race, socioe-
conomic status, and disability can significantly influence an
individual’s access to education, opportunities, and resources
related to AI. Consequently, this impacts their ability to
effectively leverage AI tools and hampers their potential for
growth and success in programming domains.

Without considering student identity, it is hard to advocate
for the use of AI tools in the classroom and assessments if
their impact on various student identity groups is not taken



Fig. 4. Q7 Does your experience with using this AI tool motivate you to continue learning more about programming

into account. While AI education researchers study the various
impacts of integrating AI in assessment:

• How the use of AI tools impacts the accuracy of assess-
ments and feedback

• The degree to which the use of AI tools should be allowed
during assessments,

• How assessments should change to incorporate these AI
tools,

Understanding and addressing intersectional dynamics is es-
sential to establishing an inclusive and equitable AI education
ecosystem. Initiatives should be undertaken to bridge the AI
literacy gap and provide underrepresented communities with
support and resources, enabling them to leverage AI tools such
as ChatGPT, Claude, and Gemini etc.

VII. LIMITATIONS

There are several limitations to this study design that should
be considered. First, while the study focuses on introductory
programming students, the findings may not be applicable to
students at different experience levels or in other program-
ming languages. Second, the statistical strength and broader

generalizability of these findings are currently restricted due
to the small sample size and the inherent complexities of
intersectional analysis. The evidence presented is also largely
perception-based, relying heavily on self-reported confidence
and qualitative reflections. While this provides a vital foun-
dation for exploring intersectional experiences, future studies
must expand the sample size and incorporate deeper quan-
titative and qualitative analyses of learning outcomes and
behaviors to complement these perceptions. Furthermore, the
qualitative data collection instrument utilized for the post-
task reflections was developed specifically for this exploratory
study and has not yet been psychometrically validated. The
formal validation of this survey instrument is a necessary
step and remains a priority for our future work. Finally,
while our analysis considered the intersectional dimensions of
gender, race, and first-generation status—we did not explicitly
study how students’ intersectionaly positionality between the
identiies of socio-economic status (SES), disability status,
linguistic background, neurodivergence, and non-traditional
student age influence AI perceptions and engagement. As
advanced AI tools increasingly transition to paid subscription
models, students without the financial means to purchase these



Fig. 5. Q8 How confident are you with programming in JAVA after your experience with using this AI tool?

subscriptions may face a widening gap in access to critical
educational technology. Future intersectional research must
incorporate SES to fully understand how financial barriers im-
pact AI preparedness and equitable outcomes in programming
education.

VIII. FUTURE WORK

To ensure the integration of AI in programming education
does not inadvertently perpetuate existing systemic power
imbalances, the research community must pivot from asking
simply if AI tools are effective, to asking for whom they
are effective and how they can be designed to support all
learners equitably. The results of this study can also inform
the development of best practices for integrating AI tools into
programming education and contribute to a more inclusive and
effective learning experience for a diverse student population.
We propose the following trajectory for future research:

• Future research must expand upon this exploratory design
by deploying large-scale, multi-institutional studies to
assess the long-term effects of AI tool usage on students’
learning outcomes and attitudes. Tracking students lon-
gitudinally will reveal whether early, unstructured access
to AI tools bridges the preparation gap or exacerbates
disparities in long-term computer science persistence.

• While our findings suggest that gender and race mean-
ingfully shape both interactions with and perceptions of
AI tools, future work must broaden this lens. Researchers
must systematically measure how variables such as socio-
economic status, disability, neurodivergence, and linguis-
tic background intersect to shape an individual’s access
and technological preparedness. A first step is to collect
sufficient demographic data about students to enable
intersectional analyses.

• Moving beyond observational studies, the field must
develop and empirically test targeted instructional inter-
ventions—such as mentorship programs or confidence-
building workshops. Proactive initiatives must be under-
taken to bridge the AI literacy gap, ensuring marginal-
ized communities are equipped to leverage these tools
ethically and effectively.

• Currently, the educational landscape relies heavily on
commercially developed, generalized tools like ChatGPT.
Future human-computer interaction research should focus
on the participatory design of identity-aware educational
technologies.

By actively involving diverse student populations in the design
process, we can build intelligent tutoring systems that foster
trust, validate competence, and respond to varied cultural
contexts. By embracing this intersectional research agenda,



Fig. 6. Q10 Do you have any concerns about the use of AI tools in the classroom and professionally?

the computer science education community can proactively
address the complexities of AI integration and establish a truly
inclusive and equitable AI ecosystem.

IX. CONCLUSION

This study design explores the impact of AI tools, such as
OpenAI ChatGPT on students’ learning and attitudes towards
AI in an educational context. By employing a mixed-methods
approach, incorporating both qualitative and quantitative data,
this study offers a more comprehensive understanding of
the participants’ experiences, attitudes, and perceptions when
using AI-assisted programming tools. The study design con-
tributes to the research community by providing a replicable
methodology to assess the effectiveness of AI tools in edu-
cational settings. Initial findings suggest that identity plays a
significant role in shaping students’ experiences with AI tools.
The emerging themes offer insight into the potential benefits
and limitations of integrating AI tools in programming edu-
cation. By examining the competency-building and cognitive
experiences of students using AI tools during programming
tasks with an intersectional lens, we can uncover hidden
insights on the impact AI tools in shaping student outcomes
and attitudes towards programming and AI technologies.
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