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Abstract
Novice programming students frequently engage in help-seeking
to find information and learn about programming concepts. Among
the available resources, generative AI (GenAI) chatbots appear
resourceful, widely accessible, and less intimidating than human
tutors. Programming instructors are actively integrating these tools
into classrooms. However, our understanding of how novice pro-
gramming students trust GenAI chatbots—and the factors influenc-
ing their usage—remains limited. To address this gap, we inves-
tigated the learning resource selection process of 20 novice pro-
gramming students tasked with studying a programming topic. We
split our participants into two groups: one using ChatGPT (n=10)
and the other using a human tutor via Discord (n=10). We found
that participants held strong positive perceptions of ChatGPT’s
speed and convenience but were wary of its inconsistent accuracy,
making them reluctant to rely on it for learning entirely new topics.
Accordingly, they generally preferred more trustworthy resources
for learning (e.g., instructors, tutors), preferring ChatGPT for low-
stakes situations or more introductory and common topics. We
conclude by offering guidance to instructors on integrating LLM-
based chatbots into their curricula—emphasizing verification and
situational use—and to developers on designing chatbots that better
address novices’ trust and reliability concerns.

CCS Concepts
• Social and professional topics → CS1; • Human-centered
computing→ Empirical studies in HCI; • Applied computing
→ Interactive learning environments.
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1 Introduction
Students learning to program often address knowledge gaps through
help-seeking [19], weighing factors [35] to select from resources
such as web search [41], programming Q&A sites [6], video plat-
forms [4, 27], and traditional options like teaching assistants [28],
books, peers, and instructors [5].

Generative AI conversational interfaces (GenAI chatbots) have
emerged as powerful, accessible resources that generate both ex-
citement and concern in programming education. Instructors worry
that such tools may miseducate students if over-trusted [37, 42],
since they can produce inaccurate or false information [15] and lack
transparency [14]. At the same time, GenAI chatbots have shown
the ability to solve complex programming problems [7], provide on-
demand guidance [24], and offer free or low-cost access. A growing
body of literature explores how programming students use them
as learning resources [13].

Despite these advancements, little is known about how novice
programming students trust and use GenAI chatbots as learning
resources. This study investigates the factors shaping novices’ re-
source usage in the context of GenAI chatbots, posing the research
question: What factors shape how novice CS students use
Generative AI to learn programming concepts?

We conducted an exploratory study with 20 novice students,
assigning them to learn a programming topic with ChatGPT (n=10)
or a human tutor via text chat (n=10). By isolating each resource,
we could qualitatively compare engagement, trust, and cost–benefit
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reasoning [29]. Participants completed think-aloud tasks and de-
briefing interviews, allowing us to examine their decisions about
when and how to use ChatGPT or a human tutor.

Our findings show that students’ perceptions of ChatGPT’s
strengths and weaknesses influenced its place in their learning
process. While participants valued ChatGPT’s speed and acces-
sibility, they were reluctant to rely on it for learning new topics,
generally preferring more trustworthy resources. We conclude with
guidance for instructors integrating chatbots into CS education and
recommendations for developers to improve trust and reliability.

2 Related Work
Research shows that large language models (LLMs), such as those
used by ChatGPT, demonstrate near-human performance for some
tutoring tasks in computer science but struggle in others. Phung et
al. [33] found that LLMs approach human tutors in program repair
and contextualized explanation, yet lag in grading feedback or syn-
thesizing new tasks. Jury et al. [16] showed that LLM-generated
worked examples feature meaningful step-by-step logic valued
by both experts and CS1 students. Leinonen et al. [23] reported
that novices perceive ChatGPT’s code explanations as clearer than
peers’, prompting more help-seeking (e.g., examples and reasoning).
Balse et al. [1] observed that LLM explanations of code with logical
errors were indistinguishable from student-created ones, yet identi-
fied at least one mistake in 93% of cases. Hoq et al. [12] showed that
machine learning classifiers can detect ChatGPT-generated code
submissions with over 90% accuracy.

As these tools enter programming education, research increas-
ingly considers their benefits, drawbacks, and impact on instructors
and students. Prather et al. [34] noted that while instructors worry
about academic dishonesty and “genuine learning”, they also see
higher-quality student work and reduced office-hour demand. This
tension underscores the need to study GenAI’s role in computing
education.

2.1 The Cost-Value Framework of Help-Seeking
The Cost-Value Framework explains how students weigh social and
cognitive factors when seeking help. Nelson-Le Gall [29] proposed
that learners balance costs (e.g., embarrassment, effort) and benefits
(e.g., understanding, task success). Karabenick and Berger [18] ex-
tended this model by emphasizing learners’ goals, self-regulation,
and context. Newman distinguishes instrumental help-seeking for
deeper learning from executive help-seeking for quick solutions [30].
Ryan and Pintrich [36] showed that performance-oriented learn-
ers often bypass higher-cost resources (e.g., instructors) for low-
stakes questions. Karabenick [17] identified trust, instructor ap-
proachability, and task complexity as core drivers, and Makara and
Karabenick [26] showed how computer-mediated communication
can lower social risk and accelerate responses.

This framework suits our study because it accounts for the in-
terplay between cognitive factors (e.g., topic difficulty, prior knowl-
edge) and social dynamics (e.g., tutor–student relationships, per-
ceptions) in tutoring interactions. Its emphasis on context aligns
with our investigation of how different tutoring approaches affect
help-seeking, and its focus on trust and psychological safety in-
forms our analysis of why students might choose AI chatbots over
human tutors.

2.2 Novice Programming Student Help-Seeking
with Generative AI in Higher Education

Recent studies examine how students approach GenAI tools for
learning. Hou et al. [13] found that while students value ChatGPT’s
efficiency, they still favor traditional resources, prioritizing accuracy
and trusting ChatGPT for low-pressure queries. Keuning et al. [20]
reported that less experienced students are less likely to use GenAI,
and more advanced students worry about over-reliance. Haindl and
Weinberger [9] found that part-time undergraduates view ChatGPT
as suitable for learning programming concepts, while Skripchuk
et al. [38] noted that novices often prefer web search over GenAI
unless they feel in control of AI output.

Our prior work examined conversational agent design and in-
teraction patterns in programming education. [32] identified in-
structors’ expectations for LLM-based tutors, including stepwise
guidance, adaptive explanations, and pedagogical focus. In a lab
study, [31] found that ChatGPT users favored brief prompts yield-
ing long replies, whereas human tutors offered more contextualized
explanations. These studies show how tool affordances and social
dynamics shape help-seeking.

A gap remains in understanding the contextual factors influ-
encing when and why novices use GenAI for learning. Our study
addresses this gap by directly comparing GenAI and human tu-
tors, using think-aloud protocols and interviews to provide a fuller
picture of students’ resource hierarchies, preferences, and trust
thresholds—insights useful to educators designing effective learn-
ing environments and developers building pedagogically sound AI
tools.

3 Research Design
To investigate the factors influencing novice CS students’ help-
seeking decisions, we designed an exploratory qualitative labora-
tory study in which participants learned a programming concept
using either ChatGPT or a human tutor via a popular instant mes-
saging platform, Discord. We adopted a qualitative approach to
uncover decision-making factors and contextual preferences that
shape resource selection. This methodological choice aligns with
similar small-sample, in-depth studies (e.g., [13]) that focus on rich
participant reflections and emergent themes. Controlling the tutor
variable allowed us to isolate the influence of each type of tutor
on participants’ help-seeking behaviors, and perceptions of trust,
costs, and benefits—exploring help-seeking behaviors specific to
each type of assistance. Additionally, by giving all participants to
work with the same concept and task, we controlled the difficulty
and knowledge requirements.

We received IRB approval for this research design through our
institution’s reviewing board. Following our IRB protocol, all pub-
lished results are presented in aggregated form with personally
identifiable information removed. To support reproducibility and
transparency in our research, all study artifacts are included in the
artifact package 1.

1https://osf.io/7uxdz/?view_only=35e7f8a8fcb345839bcd8409c2ec660e
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Table 1: Participant demographics

ID Level Major Course Age Gender Group
P1 Ugrad CS Intro 18–20 M GPT
P2 Ugrad English Intro 21–30 M GPT
P3 Ugrad Informatics Intro 18–20 W GPT
P4 Ugrad Comp Eng Intro 21–30 M GPT
P5 Grad CS DSA 21–30 M GPT
P6 Grad CS DSA 21–30 M GPT
P7 Grad CS DSA 21–30 M GPT
P8 Grad CS DSA 21–30 M GPT
P9 Grad CS DSA 21–30 M GPT
P10 Grad CS DSA 21–30 M GPT
P11 Grad CS DSA 21–30 M Discord
P12 Grad CS DSA 21–30 M Discord
P13 Grad CS DSA 21–30 M Discord
P14 Grad CS DSA 31–40 M Discord
P15 Ugrad CS Intro 18–20 M Discord
P16 Grad CS DSA 21–30 M Discord
P17 Grad CS DSA 21–30 M Discord
P18 Grad CS DSA 21–30 W Discord
P19 Grad CS DSA 21–30 M Discord
P20 Grad CS DSA 21–30 W Discord

3.1 Recruitment
We used volunteer and snowball sampling to recruit 20 participants
from a pool of 340 students in nine sections of three introductory
programming courses at an American public university between
February and November 2024. We advertised through two channels:
(1) distributing study flyers via email through course instructors and
(2) making short presentations in class. A total of 40 students com-
pleted an initial screening survey regarding prior experiences with
and attitudes toward chatbots in education; five were dismissed
because they did not match the course/expertise requirements. We
then invited the remaining 35 eligible students for 30–60 minute
lab sessions over Zoom. 20 of the remaining participants responded,
with whom we scheduled sessions. Participant demographics are
presented in Table ??. We include these graduate students as “intro-
ductory” because they were enrolled in entry-level programming
courses designed for students without formal programming educa-
tion or who require remedial programming education.

3.2 Lab Study
For each session of the study, a proctor introduced each task, then
disabled their camera and microphone but remained available for
clarifying questions. Participants had five minutes for Phases 1 and
3 and ten minutes for Phase 2. Clarifying questions or requests
for technical assistance did not reduce that time. They could not
request assistance with the quizzes or revisit prior phases, and they
were not told details about the contents of the phases ahead of time.
We asked participants to engage in a think-aloud protocol during
each phase to capture their experience as it happened.

Phase 1: Pre-assessment – Participants completed a custom
quiz about pointers in the C language and a brief sentiment ques-
tionnaire, allowing us to capture their initial competency with
this foundational topic and their sentiments about and trust in
LLM-based chatbots. The quiz was custom-made to align with CS1
learning outcomes at our institution and consisted of three multiple-
choice (MC) questions and one long answer (LA) question. The quiz

questions are: 1) What is a pointer? (MC), 2) Which of the following
best describes why pointers are used in programming? (MC), 3)What
does dereferencing a pointer mean? (MC), and 4) Describe risk(s) as-
sociated with using pointers, such as what the problem is and what
dangers it poses. (LA). The full quiz and sentiment survey can be
found in the paper’s artifact package.2.

Phase 2: Learning through the chat interface – All partici-
pants studied the same concept, either with ChatGPT (GPT-3.5) or
with a human tutor via Discord. The human tutor was described
only as someone with formal CS education.We refer to these groups
as “ChatGPT” and “Discord”, respectively. Participants were not
limited in the questions they could ask their assigned tutor, but none
were not permitted to revisit Phase 1 to view the quiz questions.

Phase 3: Post-assessment – We repeated the same quiz and
sentiment questionnaire to capture changes in participants’ knowl-
edge and attitudes. This duplication was not disclosed beforehand
to mitigate bias.

Phase 4: Debrief – We asked three questions to all participants:
(1) “Can you describe how it felt using the digital tutor to learn the
given computer science concept?”, (2) “To what extent did you trust
the tutor?”, and (3) “Could you see yourself using this method for
learning new concepts in the future?”. We also adapted follow-up
questions to the standard questions based on individual actions
or responses. Participant responses to these questions were open-
ended, with any length being acceptable and no time limit. All
interviews lasted between 10 and 25 minutes.

3.3 Data Analysis
To analyze the think-aloud and debriefing data, the primary re-
searcher iteratively conducted open and axial coding. First, the
research team transcribed recorded content. Then, the primary re-
searcher conducted the first round of coding, during which they
read the text, identified quotes with relationships to our research
question, and labeled the quotes with primary and secondary codes,
intended to capture their context and intent. For example, some
codes relevant to the results presented here are would not use Chat-
GPT to learn new topics, might use ChatGPT among many tools,
prefers digital learning resources to avoid embarrassment, cannot
verify ChatGPT’s accuracy.

After completing the initial coding, the research team convened
to deliberate over, rewrite, and reorganize the researcher’s codes.
The researcher integrated these edits and continued with rounds
of coding. In all, the research team met four times, each for two
to three hours, to deliberate codes. After reaching stability and
code saturation [11], the research team stopped meeting, and the
primary researcher analyzed the rest of the debriefing data. The
resulting codebook is presented in the artifact package.3.

4 Results
In this section, we present our results organized by themajor themes
that emerged from the qualitative analysis of the think-aloud and
debrief sessions.

ChatGPT is one option in a hierarchy rather than a univer-
sal solution for learning. Help-seeking behavior in both settings

2https://osf.io/7uxdz/?view_only=35e7f8a8fcb345839bcd8409c2ec660e
3https://osf.io/7uxdz/?view_only=35e7f8a8fcb345839bcd8409c2ec660e

https://osf.io/7uxdz/?view_only=35e7f8a8fcb345839bcd8409c2ec660e
https://osf.io/7uxdz/?view_only=35e7f8a8fcb345839bcd8409c2ec660e


CompEd 2025, October 21–25, 2025, Gaborone, Botswana Jacob Penney et al.

Table 2: Resources participants use for learning

Resource Participants Total
Tutors P11, P13, P15, P20 4
Instructors P3, P4, P5, P9 4
Web search P3, P4, P6, P7 4
Video tutorials P5, P15, P19 3
Online courses P5, P19 2
Mentors P3 1
Online documentation P7 1
Class modules P10 1

Table 3: Factors influencing resource selection

Factor Participants Total
Reliability of resource P1, P3, P5, P9, P10, P14 6
Trust required for question P1, P2, P3, P4, P6 5
Ease of use P1, P2, P6, P17, P20 5
Clarity of explanations P12, P14, P15, P16 4
Topic/domain of question P1, P2, P3, P6, P7 5
Convenience P3, P5, P7, P20 4
Prior experience with topic P2, P5, P7, P10 4
Social cost (e.g., embarrassment) P3, P5, P11 3
Ease of accessing resource P5, P6 2
Method used to teach P2, P13 2
Specific to niche context P6 1
Fun factor P4 1

involved constructing a hierarchy of available resources rather than
relying on a single universal solution. Our participants perceived
that their help-seeking strategy they use depended on factors such
as the nature of the task and the suitability of the resource for that
task (Table 2 and Table 3). P3 highlighted that trust in a resource in-
fluences its place in their help-seeking hierarch: “the topic is always
like the big part of where whether...[they] trust it or not”. Similarly,
P4 noted that ChatGPT serves as “a really good ice breaker for
topics”, suggesting that it plays a role in initiating understanding
rather than serving as a comprehensive source. Importantly, re-
sources were not seen as interchangeable but as complementary
within a structured approach to help-seeking. As P10 explained,
“I will not use ChatGPT completely. So, I will use that up to some
extent. Then I will use the modules or textbooks to cross-refer
whether the information given by ChatGPT is correct”, illustrating
an approach where multiple sources are consulted to verify and
refine understanding.

Participants have positive views ofChatGPT’s performance.
Concerning its positive qualities as a tutor, students found ChatGPT
to be fast (n=7), accessible (n=1), easy to use (n=4), and capable
of producing convenient results (n=3). P6 said “...through Google
searches or those things, we may not get appropriate answers. Chat-
GPT almost instantly gives the data we need for our specific problems”.
Some Discord group participants (n=4) reported that ChatGPT is
faster than the human tutor they interacted with based on past ex-
periences with ChatGPT. Some ChatGPT group participants (n=2)
appreciated that ChatGPT removed the need to compete with other
students for resources or to burden others with questions: “It’s also
helpful that you can ask for as many different examples and build
upon your question as many times as you need. And it’ll be just a
thousand times faster” [P3].

Table 4: Positive sentiments regarding trust with ChatGPT

Opinion/Sentiment Participants Total
Reliable for familiar tasks/topics P1, P2, P5, P7 4
Reliable as an introduction to topics or terminology P3, P4 2
Trustworthy with STEM topics or math P3 1
Trustworthy for programming concepts P2 1
Reliable for introductory programming P5 1

Table 5: Negative sentiments regarding trust with ChatGPT

Opinion/Sentiment Participants Total
Output is unreliable, challenging to verify P1, P3, P5, P9, P10 5
Untrustworthy with calculations P1, P6 2
Outputs need to be verified with other resources P3, P10 2
Unreliable for complex topics P5, P17 2
Issues with even basic programming questions P6 1
Mixed opinions about accuracy for definitions P3 1
Only useful as a last-ditch effort P3 1

Table 6: Sentiments regarding specific ChatGPT use cases

Sentiment Participants Total
Wouldn’t use for new topics P2, P3, P5, P7, P9, P18 6
More useful with past experience with subject P1, P6, P7, P10 4
Useful as an initial resource for exploratoration P1, P4, P6 3
Prefer instructors/tutors before ChatGPT P3, P7, P18 3
Would use ChatGPT for new topics P1, P11, P20 3
Wouldn’t use ChatGPT by itself P10, P12 2

Participants do not trust ChatGPT for learning. Our partic-
ipants expressed that ChatGPT’s untrustworthiness has significant
weight compared to the positive facets of its user experience. Stu-
dents see ChatGPT as producing output with inconsistent veracity
(n=5), which they have little ability to detect and have to verify
using external resources (n=2). For example, P3 said “...the only
thing that... I feel like would help build trust is just making sure that
that information is as genuine as it could be”.

Participants would not depend on ChatGPT to learn new
topics. Participants’ distrust in GenAI is highly contextualized by
what they are trying to learn. As shown in Table 6, most participants
in the ChatGPT group said that they would not use ChatGPT to
learn a new topic (n=6) or would not use it without also using other
resources (n=2). Despite the Discord group being provided only
with the information that the tutor was “someone with an academic
background in computer science and a history of tutoring”, half of
Discord participants (P11 through P15) indicated that they trusted
the digital tutor enough to learn new topics with them and one
indicated 100% trust in the tutor: “if I don’t know anything about
the concept and I’m asking the question, yeah, whatever he’s saying,
he’s correct. He’s rightful to me.” Related, our participants perceived
that they would have an easier time verifying ChatGPT’s outputs
if they were using it for topics they have familiarity with: “you
need knowledge so if you are... well versed with the topic before then
you can exactly understand if it’s giving you the right thing or not”
[P5].Still, P15 said they would not mind foregoing quick responses
in favor of more accurate information.

Participants view ChatGPT as more useful in low stakes
and lower effort phases of learning. Students had a relatively



Understanding Programming Students’ Help-Seeking in the Era of Generative AI CompEd 2025, October 21–25, 2025, Gaborone, Botswana

Table 7: Issues With Digital Tutors

Issue cited Participants Total
Human tutors respond slowly P15, P16, P17, P20 4
Lack of multimedia tools P2, P18, P20 3
Lack of interactive methods P2, P18 2
Typing-related delays P19 1
Language barriers P18 1
Use of technical jargon P15 1

positive view of using ChatGPT during an initial information-
seeking phase because it is accessible, works quickly, returns con-
centrated results, has a low social cost such that they can ask ques-
tions they may be embarrassed to ask a human, and the trust re-
quired is commensurate with the low stakes. This may include
finding introductions to topics or definitions and terminology, a
lead they can pursue deeper through a web search, or as a way to
get actionable explanations for foundational concepts that they will
then practice on their own, as said P11: “...I will use [ChatGPT] up
to some extent, then I will use the modules or textbooks to cross-refer
whether the information given by ChatGPT is correct or not”. On the
other hand, some students view that this may misguide them right
away and will consult ChatGPT as a last resort, first preferring
instructors and perhaps web search after: “I would usually do a
Google search first and just compare different resources, and looking
for like more credible sources... before I use ChatGPT... and I would,
before a simple Google search, I’d always go to like a professor...” [P3].

Students prefer the pedagogical experience they receive in
class. Overall, our participants saw humans as more reliable, better
at explanations, and more trustworthy. Students want digital tutors
to deliver high-quality and trustworthy knowledge on the subject
matter using similar methods and resources as their instructors
and in-person tutors (see Table 7). For example, P2 felt that how
fast ChatGPT returns content is not interesting because it has no
bearing on the speed at which one learns: “When I asked a question
to ChatGPT... it just shows me like all of the important aspects of
pointers in C language... instead of like we did in the class, we go
deeper. We go from the superficial stuff and then we go deeper. So
we can learn it more quick”. On the other hand, participants value
the human qualities of communication with instructors and tutors,
citing emotional connection, physical cues, and experience with
a subject as important benefits over GenAI chatbots: “We ask the
question and we are making eye contact, we are able to talk to the tutor,
and we are able to understand what exactly he wants to say” [P19].
They appreciate that humans intuit their doubts and understand
their questions more readily (“It’s definitely easy to communicate
with the tutor, as it’s understanding what I’m trying to tell” [P18]),
provide tailored responses, and ask clarifying questions when un-
certain about students’ questions. Students also trust human tutors
to admit when they do not know an answer, which can enhance
trust.

Findings

Students currently choose to use ChatGPT for low-stakes tasks
that they would like to conduct quickly. They have a middling

trust for ChatGPT but like its UX. Among our participants, it does
not disrupt their normal learning resource selection process.

5 Discussion
This study investigated novice programming students’ resource
selection processes when using GenAI chatbots, such as ChatGPT,
compared to human tutors. The findings reveal that while students
appreciate ChatGPT’s accessibility, speed, and convenience, they
harbor significant concerns about its trustworthiness and role in
supporting deep learning. These insights offer critical implications
for CS pedagogy and the design of pedagogical GenAI tools.

The Cost-Value Framework of Help-Seeking explains Stu-
dents’ Motivations to Use ChatGPT for Learning. Our findings
align with the Cost-Value Framework of Help-Seeking, which posits
that learners balance the effort and risk of seeking help against
the perceived benefit. Many participants viewed ChatGPT as a
low-cost option—it is socially safe, always available, and responds
quickly. However, they also viewed it as low-value in high-stakes
contexts due to its inconsistency and lack of trustworthiness. In con-
trast, human tutors and instructors were perceived as higher-cost
(slower, less convenient, sometimes intimidating) but also higher-
value, particularly for complex or unfamiliar topics. This cost-value
reasoning was apparent in how students assembled resource hierar-
chies, where ChatGPT occupied a useful but limited role—often as
a preliminary tool for familiar or low-stakes content. Framing their
decisions through this lens helps explain why students continue
to prefer traditional resources for deeper learning and reinforces
the importance of scaffolding students’ help-seeking strategies in
GenAI-integrated classrooms.

Balancing Strengths and Limitations of ChatGPT in Edu-
cation. Our results indicate that ChatGPT is most useful for low-
stakes tasks, such as gathering introductory information or explor-
ing definitions. Participants praised its ability to quickly deliver
concise and targeted responses, which aligns with prior findings on
the strengths of generative AI tools in supporting exploratory learn-
ing [24? ]. This ease of use and speed make ChatGPT a valuable
resource for addressing students’ immediate, surface-level queries,
especially when time is limited or access to human resources is
unavailable.

However, our findings also highlight ChatGPT’s perceived limi-
tations in tasks requiring high trust or deeper conceptual under-
standing. Participants expressed concerns about the inconsistent
accuracy of its outputs and their inability to verify the responses,
echoing broader critiques of genAI’s lack of transparency and poten-
tial for misinformation [14, 15]. These results suggest that ChatGPT
should be positioned as a complementary tool in programming edu-
cation, best suited for initial exploration or low-stakes information
retrieval rather than as a standalone resource for learning complex
concepts.

Addressing Trust and Reliability Concerns. A critical bar-
rier to ChatGPT’s broader adoption in education is the trust deficit
observed among students. Our participants’ skepticism mirrors ex-
isting research highlighting public distrust in generative AI systems
due to their opaque reasoning processes and occasional inaccura-
cies [3]. While participants acknowledged ChatGPT’s usefulness for
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certain tasks, many relied on external resources to verify its outputs,
which reduced its perceived reliability as a learning resource.

To address these concerns, developers should prioritize features
that enhance trust and reliability. Providing citations for responses,
flagging potentially unreliable outputs, and incorporating error-
detectionmechanisms could significantly improve user confidence [14].
Additionally, features that emulate human-like qualities, such as
acknowledging uncertainty or asking clarifying questions, could
align ChatGPT’s behavior with the expectations students have of
trustworthy tutors [39].

Enhancing Engagement and Pedagogical Value. Our find-
ings also emphasize the value students place on interactive and
engaging learning experiences. Participants frequently praised hu-
man tutors for their ability to adapt explanations to individual needs,
scaffold complex concepts, and offer emotional support. These qual-
ities of human instruction are well-documented in education re-
search and contribute to students’ conceptual understanding and
confidence [5, 25].

Developers of GenAI tools should aim to replicate these pedagog-
ical strategies. For instance, chatbots could incorporate step-by-step
guidance, scaffolding techniques, or context-aware responses that
build on users’ prior knowledge. Such enhancements could make
ChatGPT more effective for learning tasks beyond simple informa-
tion retrieval, addressing gaps in its current utility as identified by
participants.

Contextualizing ChatGPT’s Role in CS Pedagogy. Our find-
ings reinforce the importance of situational awareness when inte-
grating ChatGPT into programming education. Students’ resource
selection was influenced by task complexity, prior familiarity with
the subject, and the stakes involved, which aligns with research
on help-seeking in academic settings [19]. While ChatGPT was
valued for its speed and accessibility in low-stakes scenarios, partic-
ipants preferred human instructors or tutors for high-stakes tasks
or learning new concepts.

Instructors should guide students on when and how to use Chat-
GPT effectively, emphasizing its strengths while cautioning against
over-reliance. For example, students can be encouraged to use Chat-
GPT as a starting point for exploring new topics but to verify its
outputs through more authoritative resources, such as textbooks,
peers, or instructors. This hybrid approach leverages the comple-
mentary strengths of AI tools and traditional resources, creating a
more balanced and effective learning ecosystem [22? ].

Implications for Future Research and Development. Our
findings suggest that integrating ChatGPT into CS pedagogy re-
quires careful consideration of its strengths and limitations. Future
research could explore how generative AI tools impact long-term
learning outcomes, particularly in developing computational think-
ing skills [40]. Additionally, longitudinal studies may provide in-
sights into how trust and usage patterns evolve as students gain
experience with these tools.

For developers, these results underscore the need for user-centered
design approaches that address trust, transparency, and engage-
ment. By aligning chatbot features with students’ expectations and
educational needs, GenAI tools can become more effective and
trusted resources for novice programmers.

6 Limitations
As with any empirical study, there are limitations to consider when
interpreting our results.

Our study’s small sample size from a single institution limits
generalizability. However, our sample aligns with typical qualitative
exploratory research, which commonly includes 6 to 30 participants
for thematic discovery [2, 8, 10, 11, 21]. The volunteer and snowball
sampling methods may have introduced selection bias, attracting
participants already interested in or experienced with AI tools.
However, group assignments were randomized to prevent bias
toward the treatment.

The controlled laboratory environment and limited session du-
ration might not fully reflect natural learning conditions. Although
allowing free choice of resources could reveal natural help-seeking
patterns, it would introduce confounds due to varied preferences,
prior experiences, and convenience. To avoid these confounds, we
randomly assigned students to either ChatGPT or a human tutor,
isolating each tutor’s influence. Furthermore, having all participants
learn the same concept (pointers in C) facilitated direct compar-
isons.

The use of GPT-3.5 provides a specific snapshot of generative
AI capabilities; findings may differ with other AI models or future
technological advancements.

Lastly, qualitative analysis inherently involves subjective inter-
pretation. To mitigate potential biases, we employed iterative cod-
ing, utilized multiple reviewers, and conducted consensus discus-
sions, thereby enhancing the reliability and validity of our findings.

7 Future Work
Future work will examine how pedagogically designed chatbots
influence resource selection, learning outcomes, and metacognition.
Building on this study, we will compare environments offering
both pedagogical and non-pedagogical agents and assess outcomes
across different designs.

8 Conclusion
In this research, we investigated What factors shape how novice CS
students use Generative AI to learn programming concepts? We found
that students have a robust learning resource selection process
influenced by many factors and that ChatGPT does not subvert this
process but is subsumed by it.We also found that novice CS students
do not currently perceive ChatGPT as suitable for studying new
concepts and found behaviors that an LLM-based chatbot should
employ to become more useful to them for this and other learning
tasks.

From these results, we offer advice to students, instructors, and
chatbot developers about interaction with GenAI chatbots, students
support to learn about and through such tools, and about how to
develop pedagogical chatbots to appeal to instructors and support
students, respectively.
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