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1 INTRODUCTION

Programming literacy is fundamental to the global economy [20, 21, 30, 47], but learning to program is still difficult.
Successfully completing introductory programming courses (CS1) requires developing specialized knowledge and
diverse skills collectively called “computational thinking”. This encompasses understanding notional machines to
reason about computing environments, applying abstraction and problem decomposition to simplify complex problems,
designing algorithms for solving these decomposed problems, mastering programming languages to express solutions,
and utilizing appropriate tools to work effectively within those languages [39]. Novice programmers are required to
develop all these competencies simultaneously while facing assessments that often exceed their current capabilities [2].
This demanding learning process leads to failures, with estimates indicating global CS1 pass rates of only 72% [3].
Students cite various challenges that contribute to attrition, including difficulty catching up after falling behind in their
high workload [43], inadequate academic support and real-time feedback [7], and consequent poor grades [18, 39].

Students of introductory courses count on alternative resources to support them. Studies conducted in the last
decades discuss how they make use of online Q&A and websites (e.g., StackOverflow, geeks4geeks) to aid their learning
process [40]. More recently, students have been using Large Language Model-based conversational agents (LLM-based
chatbots) to complement their classroom experience and help develop computational thinking skills. LLM-based chatbots
have proven disruptive for programming education: they can quickly and accurately solve CS1 and CS2 problems [16, 17],
and instructors and institutions are taking stances concerning adopting or forbidding them [5, 35, 45]. Research on how
students use these LLM-based tools and their user experience in programming education is valuable for informing
the development of chatbots for programming pedagogy. The literature on novice student interaction with AI for
programming tasks in the education context is booming [45]. However, there is a gap in understanding how students
interact with LLM-based chatbots to learn a programming concept.

This research seeks to reduce this gap by investigating the following research questions:
RQ1 How do novice programming students’ learning outcomes compare when studying programming concepts with

ChatGPT versus with a human tutor over a conversational interface?

RQ2 How do novice programming students perceive ChatGPT as a learning resource for programming concepts?

RQ3 What strategies do novice programming students employ when interacting with ChatGPT to study programming

concepts?

To answer these questions, we conducted a lab study with 20 novice programming students from an American
university. We divided the participants into two groups, one studying with ChatGPT and the other with a human over
Discord, and observed how they interacted with their corresponding tutor to learn a programming concept. We found
that novice programming students currently do not use prompt engineering techniques or provide contextualizing
information in their prompts, do not engage deeply with the resulting outputs, and do not like using LLM-based chatbots
for learning new programming concepts, but display higher comfort with asking LLM-based chatbots questions than
they do with human tutors over instant messaging.

2 THEORETICAL FRAMEWORK

To better understand how students engage with chatbots and refine their learning strategies, we apply reflective practice
as a lens for analysis [52]. Schön’s framework is particularly relevant in AI-mediated learning environments, where
students interact with digital tutors such as chatbots to meet specific learning goals and to learn to interact with the
chatbot. His theory distinguishes between two modes of reflection: reflection-in-action, which involves critical thinking
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and real-time adjustment, and reflection-on-action, where learners retrospectively evaluate their experiences to inform
future practices.

In chatbot-assisted learning, students reflect-in-action as they iteratively refine their prompts based on chatbot
responses [29], actively modifying their queries to elicit clearer explanations or more relevant examples, demonstrating
adaptability and strategic thinking. Others exhibit minimal prompt engineering, suggesting a more static approach to
chatbot interaction. This variation shows the need to further understand student-chatbot interactions through a lens
that provides a structure for analyzing these interactions as continuous experimentation and refinement within their
learning environments.

Students engage in reflection-on-action when assessing the reliability and effectiveness of chatbot-generated re-
sponses [19]. While some students recognize the strengths of AI tools, such as accessibility and quick response times,
others critique their lack of pedagogical structuring and potential inaccuracies. These findings align with Schön’s argu-
ment that professionals develop expertise through assessing past experiences and refining their approaches. The ability
to critically evaluate AI-generated responses and adjust engagement strategies demonstrates an evolving understanding
of digital tutoring [11].

Reflective practice captures students’ navigation of multiple possibilities embedded in ChatGPT’s responses, human
tutors, and their internalized disciplinary knowledge. Reflection-in-action enables students to evaluate the credibility
of chatbot outputs in real time, while reflection-on-action informs their future trust and engagement with chatbot
assistance. This framework emphasizes the importance of fostering critical thinking and metacognitive awareness
among students using AI tutors [32]. For example, structured interventions, such as prompt engineering exercises
and guided discussions on AI literacy, can encourage deeper engagement with AI tools. Similarly, designing chatbot
interfaces to integrate reflection prompts and adaptive scaffolding can foster iterative experimentation with queries and
support the student in their zone of proximal development [57], positioning learners as active co-creators of knowledge
rather than passive recipients of information.

In this study, the unit of analysis is the student–tutor interaction episode, which includes the student’s prompt
formulation, the tutor’s (human or AI) response, and the student’s real-time or retrospective evaluation of the interaction.
This choice of unit highlights the study’s focus on learning processes: the dynamic adjustments and reflections students
enact, rather than solely on final learning outcomes. In AI-mediated learning, these episodes often require learners
to navigate unpredictable outputs, adapt their strategies in action, and reassess their approaches afterward, making
reflective practice especially appropriate. In human tutor-mediated learning, interaction episodes often require learners
to navigate social dynamics, interpret nuanced feedback, and adjust their questioning or understanding in response to
implicit cues, making reflective practice especially appropriate. In either setting, the process of mediation of human
learning by an agent (social or technological) is the focus of this study. Within such mediation, examining learners’
reflective processes is critical for understanding how they develop strategic engagement with diverse tutoring systems,
and for informing the design of interventions that foster deeper metacognitive awareness, adaptability, and learning
agency.

While alternative frameworks prioritizing self-regulation [61] or the influence of culture in shaping the use of AI as
a tool [13] could offer broader insights, reflective practice underscores the micro-level, situated adaptations observed
when learners engage in experimental inquiry and strategy refinement. Within this study, practice is understood as the
students’ situated interactional behaviors: prompt formulation, response evaluation, strategy adjustment, and critical
reflection, through which they construct their learning trajectories in an evolving AI-mediated environment.
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Applying Schön’s reflective practice framework, this study provides a structured approach to understanding how
students develop strategic engagement with AI tutors and refine their learning behaviors over time. This theoretical
framing highlights the iterative, adaptive nature of chatbot interactions and the broader implications for AI-enhanced
learning chatbots. In the following sections, we explore how this perspective informs our study’s findings, particularly
regarding students’ perceptions of AI as an educational tool (RQ2) and learning strategies (RQ3).

3 RELATEDWORK

This research sits at the intersection of LLM-based chatbots in programming education, student help-seeking and
interaction with AI, and social factors around academic help-seeking.

3.1 Chatbots in CS Education

The competencies of chatbots concerning reviewing, editing, and producing code are established and continue to
grow, and researchers are displaying how those abilities can address the needs of CS educational stakeholders. Phung
et al. [44] examined LLM performance in six education scenarios and found that GPT-4 (the flagship model as of
March 2024) “drastically outperforms ChatGPT (based on GPT-3.5) and comes close to human tutors’ performance
for several scenarios”, including program repair, pair programming, and contextualized explanation. However, GPT-4
struggled with jobs such as grading feedback and task synthesis. Jury et al. [31] developed a tool to iteratively develop
worked examples using prompt engineering and conducted a user study with CS1 students. They found that LLMs
can generate worked examples with meaningful, logical step decomposition that experts found clear and that students
found useful. Leinonen et al. [36] asked students in a university introductory programming course to rate the clarity of
code explanations produced by peers and ChatGPT (GPT-3). Quantitative results display that the students preferred
GPT-3’s explanations because they were perceived as being more lucid and accurate. In their thematic analysis of
student responses to being asked about what qualities make a code explanation useful, the authors found that students
enjoyed line-by-line explanations and engaged in more thorough adaptive help-seeking [51], such as “request[ing]
examples, templates, and the thought process behind how the code was written”. Balse et al. [1] found that GPT-3-
turbo produced explanations about syntactically correct code with logical errors that undergraduate TAs could not
distinguish from peer-created explanations and which correctly identified at least one logical error 93% of the time. Hoq
et al. [27] compared the effectiveness of traditional and Abstract Syntax Tree-based machine learning models to detect
ChatGPT-generated code in CS1 student submissions and found that both had above 90% accuracy. They also compared
structural differences between novice students and ChatGPT-produced code and found that ChatGPT routinely creates
optimized and compact code that has less variation in it compared to student solutions. At scale, Liu et al. embedded a
suite of bespoke GPT-based assistants (CS50.ai) into the CS50 MOOC, demonstrating massive uptake but reporting only
descriptive interaction analytics and no direct learning-outcome evaluation [37].

3.2 Student-AI Interaction and Help-Seeking Among Programming Students

LLM-based chatbots have rapidly emerged as significant learning resources in computer science education, with recent
studies showing widespread adoption among programming students [28]. While researchers have begun examining
these interactions, fundamental questions remain about how students effectively utilize these tools for learning. Prather
et al. [46] conducted a systematic observational study of novice programmers using generative AI for code generation
in CS1 assignments, documenting not only basic interaction patterns but also uncovering complex cognitive and
metacognitive challenges students face when integrating AI tools into their learning process. Sheese et al. [55] deployed
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an LLM-powered tool in an introductory computer and data science course for 12 weeks, collecting and categorizing
over 2,500 student queries to analyze how students seek on-demand programming assistance. They found that most
queries focused on immediate assignment help, with minimal information provided by students, and that tool usage
was positively correlated with course success. Rogers et al. [50] conducted an online survey to gauge CS students’
awareness, experiences, and attitudes regarding ChatGPT, using both quantitative and qualitative analyses. They found
that most students use ChatGPT primarily as a study tool, while a notable minority admit to unscrupulous usage. Haindl
and Weinberger [25] conducted a five-week study involving part-time undergraduate students who used ChatGPT for
Java programming exercises and provided feedback through anonymous surveys. They found that their participants
primarily used it for learning background knowledge and programming concepts, though some avoided using it for
fear of not developing programming experience and receiving untrustworthy code outputs. Garg et al. [22] analyzed
411 Distributed Systems (non-novice) students’ interactions with LLMs and found that students used a spectrum of
prompting strategies with LLMs for tasks such as code generation, debugging, and conceptual inquiries. Xue et al. [59]
carried out an experiment with 56 participants split into two groups, where the experimental group could use ChatGPT
3.5 and other online resources, while the control group had access to everything except ChatGPT. They found that
ChatGPT access did not significantly improve learning performance but led students to rely heavily on the chatbot
(reducing their use of other resources). Choudhuri et al. [9] conducted a between-subjects study with 22 students
to assess ChatGPT’s effectiveness for software engineering tasks compared to traditional resources. They found no
significant differences in productivity or self-efficacy when using ChatGPT but observed higher frustration levels.
Skjuve et al. captured early users’ perceptions of ChatGPT across everyday tasks and found that pragmatic usefulness
and surprise drive positive experiences, whereas hallucinations and prompt-craft burden erode trust [56]. Ouaazki
et al. [41] investigated the impact of using tuned GPT-3 prompts to structure self-directed computational thinking
labs. While this approach enhanced accuracy, student usability ratings decreased, and the effectiveness of the tutor
diminished as students advanced through open-ended projects.

3.3 Help-seeking Avoidance and Social Factors

Reeves and Sperling [49] surveyed 226 students in an introductory educational psychology class about how comfortable
they felt asking for help and how likely they were to use six different types of help sources (for example, face-to-face
vs. online). Despite some anxiety about asking for help in person, most students still preferred face-to-face help
(especially before or after class), and higher-performing students tended to use in-person methods more often, while
lower-performing students leaned more on online options like discussion boards and virtual office hours. Qayyum [48]
surveyed 438 college students about their help-seeking behaviors and applied factor analysis to uncover six motivational
factors for seeking help from peers and instructors. They found that students overwhelmingly preferred asking classmates
for help, and that “sense of vulnerability about their ability” and perception of instructors were key predictors of
whether students sought help from instructors outside of class. This work also found that students enrolled in distance
education courses felt less intimidated about seeking help than their in-person peers. Downing et al. [12] interviewed
29 community college science students to explore what made them feel anxiety in classes that emphasized hands-on,
interactive learning. They discovered that students felt less anxious when active-learning activities helped them learn
in multiple ways or from each other, while a fear of being judged by peers or instructors remained a key source of
anxiety. Zander and Höhne [60] used a cross-sectional survey of 418 undergraduate students across 25 seminar and
tutorial groups in computer science and education to measure perceived peer exclusion and self-reported help-seeking
strategies. They found that computer science students reported lower autonomy-oriented help-seeking and higher
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avoidance overall, with perceived peer exclusion significantly predicting increased help-seeking avoidance and reduced
autonomy-oriented strategies.

3.4 Our Contribution

Our study advances the understanding of conversational AI in education by addressing several key limitations in
prior work. While Skjuve et al. [56] provided valuable insights into user enthusiasm and pragmatic usability through
survey-based research, their reliance on self-reported data limited direct observation of student-chatbot interactions. Our
methodology enhances this understanding by capturing and analyzing actual conversational exchanges at a granular,
turn-by-turn level, revealing detailed patterns in how students construct prompts and engage with AI-based tutors.

Building on Ouaazki et al.’s [41] investigation of prompt scaffolding in authentic course settings, our work introduces
two critical dimensions: a systematic comparison with human tutoring and a comprehensive analysis of students’
prompt formulation strategies. This comparative approach, absent in Ouaazki’s methodology, allows us to identify
unique characteristics of AI-based tutoring interactions while our detailed prompt categorization framework provides
deeper insights into students’ conversational strategies.

Liu et al. [37] demonstrated the scalability of GPT-powered educational assistants in MOOCs, primarily through
descriptive analytics. While their work established feasibility at scale, our controlled laboratory study, coupled with
in-depth qualitative analysis, offers a more comprehensive understanding of the conversational dynamics between
novice learners and AI tutors. This methodological approach enables us to uncover subtle patterns in student-tutor
interactions that may be overlooked in larger-scale, purely quantitative analyses.

This research also expands on existing literature by offering new insights into how students use AI chatbots to
learn programming concepts. While prior experimental work has compared ChatGPT with various learning resources,
our study specifically examines its similarities and differences relative to human tutoring in an online setting. Prior
survey-based work by Rogers [50] and Haindl and Weinberger [25] indicates that most students already perceive
ChatGPT primarily as a study tool, yet these studies do not investigate the detailed interaction dynamics or specific
learning processes involved. Additionally, earlier research, such as studies by Prather [46] and Sheese [55], has focused
heavily on ChatGPT’s ability to generate functional code rather than on its effectiveness in helping students internalize
programming concepts. Hou’s study [28] provided qualitative student perceptions of generative AI tools, but did not
focus explicitly on learning concepts and lacked rich, post-interaction reflections directly tied to student experiences. By
integrating mixed methods to capture students’ experiences and drawing explicitly from educational and psychological
perspectives, we illuminate the social factors that inhibit help-seeking, show how LLM-based chatbots fit into these
dynamics, and explore how conversational user interfaces can leverage these insights to better support learners.

4 RESEARCH DESIGN

To answer our research questions, we designed a four-phase lab study as presented in Figure 1. In Phase 1, we used
a brief test and questionnaire to establish participants’ baseline knowledge of the study topic and their trust in and
sentiments about LLM-based chatbots. In Phase 2, the participants studied the topic using their assigned tutor (ChatGPT
or human). In Phase 3, the participants’ knowledge, trust, and sentiments are measured again via a test and survey.
In Phase 4, participants underwent a debriefing interview. We received approval for this research design through our
research institution’s review board (IRB). All study artifacts are included in an artifact package1.

1https://osf.io/mb3du/?view_only=35496af031ab482aa62ca6937c77a32c
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Fig. 1. Overview of the four lab study phases that each participant completed

4.1 Recruitment

Table 1. ChatGPT Group

ID Level Major Age Gender English

P1 Ugrad Comp Sci 18-20 M L1
P2 Ugrad English 21-30 M L2
P3 Ugrad Ecoinformatics 18-20 W L1
P4 Ugrad Comp Eng 21-30 M L1
P5 Grad Comp Sci 21-30 M L2
P6 Grad Comp Sci 21-30 M L2
P7 Grad Comp Sci 21-30 M L2
P8 Grad Comp Sci 21-30 M L2
P9 Grad Comp Sci 21-30 M L2
P10 Grad Comp Sci 21-30 M L2

Table 2. Discord Group

ID Level Major Age Gender English

P11 Grad Comp Sci 21-30 M L2
P12 Grad Comp Sci 21-30 M L2
P13 Grad Comp Sci 21-30 M L2
P14 Grad Comp Sci 31-40 M L2
P15 Ugrad Comp Sci 18-20 M L2
P16 Grad Comp Sci 21-30 M L2
P17 Grad Comp Sci 21-30 M L2
P18 Grad Comp Sci 21-30 W L2
P19 Grad Comp Sci 21-30 M L2
P20 Grad Comp Sci 21-30 W L2

We recruited 20 participants through volunteer and snowball sampling. We recruited all participants from a pool of
340 students enrolled across nine sections of three introductory programming courses at an American public university
during the Spring and Fall 2024 semesters. We advertised between February and November 2024 using two approaches:
(1) distributing study flyers through course instructors via email; and (2) direct in-class presentations by a researcher.
Interested students completed a screening questionnaire assessing their prior experiences with and attitudes toward
using chatbots for educational purposes. Of the 40 students who completed this initial survey, five were excluded for
not being in the target classes at the time of the study.

A researcher then contacted all eligible respondents to schedule 30-60 minute digital study sessions via Zoom, with
all 20 respondents who replied being included in the study. The final participant demographics are presented in Table 1
and Table 2. Graduate student participants were included in our introductory classification because they were enrolled
in introduction to programming courses designed for students without prior programming experience, usually coming
from non-computing-related majors. L1 and L2 indicate the participant knows English as a first and second language,
respectively.

4.2 Study Sessions

For each phase of the study (see Figure 1, the proctor introduced the task and then disabled their camera andmicrophone—
only the proctor did so—while remaining in the call to answer clarifying questions. Participants, in contrast, shared
their screens and microphones during the whole session, so that we could observe and record their interactions with the
assigned tutor. We allocated five minutes for each of phases 1 and 3, and 10 minutes for Phase 2. Clarifying questions did
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not count against that time. Participants could not request assistance with the study tasks or revisit previous sections.
All participant questions are documented in the artifact package2.

Phase 1: Pre-assessment - Participants completed a quiz on programming topics aligned with their current
coursework, followed by a sentiment questionnaire regarding human and AI tutors. All participants were studying
the C programming language and were assessed on their understanding of pointers through three multiple-choice
questions and one long-answer question. The sentiment questionnaire utilized a seven-point Likert scale to measure
initial attitudes about the ease of use, usability, and trustworthiness of LLM-based chatbots, human tutors, and peers.

Our knowledge quiz and sentiment questionnaire were not drawn from standardized or previously validated
instruments; instead, we constructed custom items that align with the learning outcomes of the targeted courses and
our focus on novice understanding of pointers and attitudes toward human- vs. AI-based tutoring. Because this study is
exploratory, we used these instruments to gather preliminary data on changes in knowledge and sentiment, rather
than conducting formal psychometric validation. We designed the quiz at a difficulty appropriate for CS1 learners,
and anchored the survey questions in established constructs such as usability and trust. Although not validated, these
measures map directly to our core research questions and provide a starting point for further refinement in future
studies.

Phase 2: Learning through the chat interface - Participants studied the topic with their assigned tutor, either
ChatGPT (GPT-3.5, the free version available during data collection) or a human tutor communicating via Discord. The
human tutor was identified to participants only as someone with formal computer science education. We refer to these
as the ChatGPT and Discord groups, respectively. Participants were given the freedom to approach the learning task
however they preferred, including asking for answers to the Phase 1 questions if they recalled them.

Phase 3: Post-assessment - Participants completed an identical quiz and sentiment questionnaire to measure
knowledge acquisition and changes in attitudes toward their tutor after the Phase 2 interaction. This repetition was
intentionally not disclosed during the study introduction to avoid biasing participant questioning strategies.

Phase 4: Debrief - We used a semi-structured interview protocol to explore participants’ experiences, perceptions,
and reflections on the tutoring process. This phase had no time limit and provided qualitative context for understanding
participant experiences (see Table 5).

5 DATA COLLECTION AND ANALYSIS

To address our research questions, we collected and analyzed five sources of data, detailed in the following.
Quizzes: We were interested in seeing how each participant and each group gathered, consumed, and retained

information while studying through their conversational interface. To that end, each study session included two quizzes
(pre-study and post-study) on pointers, a programming concept relevant to the classes the participants were in but
that the participants had not yet studied in the course. Identical quizzes were administered directly before and after
the study period (Phases 1 and 3), enabling measurement of score changes within individuals and across groups. We
checked the normality of the quiz scores using the Shapiro-Wilk test, then conducted a paired t-test to see if there
were meaningful changes between the pre- and post-intervention scores. We also conducted Cohen’s d to measure the
magnitude of differences between scores, and Bayesian analysis to gain a direct probabilistic estimate of the likelihood
that the true mean difference is greater than zero. Additionally, we used Levene’s test, Student’s independent t-test, and
Bayesian analysis to compare the pre-to-post differences between the GPT group and the Discord group.

2https://osf.io/mb3du/?view_only=35496af031ab482aa62ca6937c77a32c
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Questionnaires: As with the quiz data, we were interested in measuring changes in the participants’ perceptions of
trust, ease of use, and perceived usefulness concerning their tutor after studying with them. To measure these attitudinal
factors, each participant completed two questionnaires, pre-study (Phase 1) and post-study (Phase 2), with items using
a 7-point Likert scale. We asked participants in each group five common questions about their trust in and sentiments
about ChatGPT (we will refer to this value as 𝑛𝐺𝑃𝑇 ). We asked the Discord group four additional questions for a total
of nine questions (we will refer to this value as 𝑛𝐷𝑖𝑠𝑐𝑜𝑟𝑑 ). We analyzed individual changes in sentiment for each survey
question using the Wilcoxon test. Because we performed multiple tests at once, we used a false discovery rate (FDR)
approach to correct for multiple comparisons, ensuring control over the proportion of false positives among significant
results. For the survey questions that were common between the two groups (the first 𝑛𝐺𝑃𝑇 questions in the survey),
we measured the changes in responses for each group and performed comparative analysis with these deltas using a
Mann-Whitney U Test. Again, since we performed multiple tests, we applied a FDR.

Think-aloud protocols: To understand participants’ cognitive processes, we implemented think-aloud protocols [14]
throughout the study sessions. Participants were instructed to verbalize their thoughts, questions, and decision-making
processes while interacting with both assessment materials and tutors. When participants fell silent, proctors provided
gentle reminders to continue vocalizing their thinking. This methodological approach revealed participants’ reasoning
strategies, moments of confusion, and engagement patterns that would otherwise remain hidden in conventional
observation. We analyzed the collected data using a systematic approach of open coding to identify initial patterns,
followed by axial coding to establish relationships between emerging concepts [10].

Tutor interactions: A central focus of our study was examining how novice programming students elicit information
from LLM-based chatbots compared to human tutors through conversational interfaces. We recorded and transcribed all
interactions between participants and their assigned digital tutors. The dataset captured multidimensional interaction
elements: from participants, we documented messages, interaction pauses, scrolling behaviors, and paralinguistic cues
(such as emoji reactions in Discord); from tutors, we collected all textual responses. This comprehensive data allowed
us to analyze question formulation strategies, response interpretation patterns, and participants’ adaptive behaviors
throughout the tutoring sessions.

To systematically analyze participant questions, we leveraged established taxonomies while extending them to
accommodate the conversational nature of digital tutoring. Namely, we employed the Graesser, Person, and Huber
(GPH) taxonomy [24] to categorize factoid questions (FQs) alongside Bolotova et al.’s non-factoid question (NFQ)
taxonomy [4], which builds upon GPH. One researcher categorized all participant questions, first distinguishing
between factoid questions, which only require short answers on facts [24, 58], and NFQs, which typically require
long-form answers containing explanations or opinions [4]. The categorizing researcher brought their code book back
to the research team to discuss the fit of the codes they developed. During this process, we identified the need to add
“command”, “statement”, and “greeting” categories to capture the full spectrum of communicative acts that extended
beyond traditional question-answer exchanges. Complex participant messages often received multiple categorizations.
We also categorized questions according to whether they pertained to the quiz questions, continued off of the tutor’s
previous response, and if the content the participant asked for was very explicitly covered in another response (Table 4).
We did this because we were interested in seeing how participants from each group were engaged in the question-asking
and response-reading process.

For the tutor responses, two researchers developed a novel taxonomy using the codes that emerged from the iterative
open coding procedures. This was necessary since the existing literature lacked frameworks for categorizing tutor or
LLM-based chatbot responses. We developed our code book (see Table 3) through four iterations, with meetings after
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CODE DEFINITION
Admission of Ignorance An admission by the tutor to not knowing the answer.
Clarification Clarification of the participant’s misunderstanding or confirmation of something the

participant asked; can be positive or negative; may be a response to a disjunctive-type
factoid question. Distinct from procedure because procedure is step-by-step instructions
on how to do something where clarification indicates what can be done and/or how to
do it without step-by-step instructions.

Clarification Request A request for more information by the tutor.
Code Example A code-based example of something; may be part of a procedure, but doesn’t always

constitute a procedure.
Code Explanation An explanation of a piece of code, either provided by the participant or by the tutor.
Comparison Closely related to evidence-based; a comparison is an evidenced-based discussion of two

things in juxtaposition.
Context Context or relationships to other things; for example, how a concept relates to another

concept; may be closely related to the “feature” tag.
An indication that a snippet of a response is “context” is that it doesn’t answer the original
question but is relevant and tangentially related to the answer to or concept of the original
question.

Diagram A diagram given by the tutor to illustrate something, such as a concept or mechanism.
Evidence-Based A definition of something, such as a term or a concept, or an elaboration of features or

characteristics of something; what the thing is, can do, or be used for, risks or benefits,
advantages and disadvantages.

Procedure Step-by-step guidance or walkthrough of something, such as how to achieve a goal or
what a piece of code is doing. May subsume other categories; for example, “code example”,
“code explanation”, and/or “diagram” may constitute a procedure, but not always.

Reason The reason for something, an explanation of the underlying mechanism of something;
not a definition nor the features or characteristics of something, but an explanation of
why or how something works.

Recommendation A recommendation about what the user should do.
Refusal A refusal to produce the content the participant asked for.

Table 3. Question Response Types

Category Description
Pertains to Quiz? (Reason) whether the question is related to the quiz, with a reason provided.
Builds off Last Tutor Response? whether the question builds upon the last tutor response.
Covered? (Reason) whether the topic has already been covered in a previous tutor response, with justification.

Table 4. Interaction Flow Categorizations

each of them to synchronize the understanding and reach a consensus on the codes applied. The first iteration was based
on participants P1-P3, the second on P4-P6, and the third on the remaining participants. The fourth and final version
incorporated refinements identified during the third iteration. We then retrospectively applied the completed codebook
to all participant interactions for consistency. Response type saturation was reached midway through analyzing Discord
participants.
Manuscript submitted to ACM



Outcomes, Perceptions, and Interaction Strategies of Novice Programmers Studying with ChatGPT 11

Debriefing Questions
Can you describe how it felt using the digital tutor to learn the given computer science concept?
To what extent did you trust the tutor? Why?
Could you see yourself using this method for learning new concepts in the future? Why or why not?

Table 5. Standard debriefing questions

Debriefing interviews: After completing the study session, we engaged participants in semi-structured interviews
to elicit their experiences and reflections on their tutor and the study session. We asked standard questions across all
participants (see Table 5) and adapted follow-up questions based on individual participant actions or responses during
the session. We employed member checking to clarify ambiguities in participant responses, increasing the robustness
of our analysis.

The interviews were transcribed and the primary researcher conducted the first round of coding. During this phase,
the researcher read the text, identified quotes with relationships to our research questions, and labeled the quotes with
codes intended to capture their context and intent. 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 [26], the research team stopped meeting, and the primary researcher analyzed
the rest of the debriefing data.

To quantify the detectable effect sizes afforded by our sample, we conducted a sensitivity analysis for 80% power
(𝛼 = .05, two-tailed). For between-group comparisons (independent-samples t), 10 participants per group allow detection
of effects no smaller than Cohen’s d ≈ 1.32. For within-group comparisons (paired-samples t), the detectable threshold
is Cohen’s d𝑧 ≈ 1.00. Detecting a conventional medium effect (d=0.50) would require roughly 64 participants per group.

All participant quotes and the finalized code book are available in the artifact package3.

6 RESULTS

Below, we present our findings related to whether ChatGPT-based sessions produce significant learning gains (RQ1),
how students perceive ChatGPT as a resource (RQ2), and what strategies they employ when interacting with AI (RQ3).

6.1 Pre-Analysis Data Check

Both groups’ pre- and post-intervention quiz scores were unimodal and approximately normally distributed, based on
Shapiro–Wilk tests. For the Discord group (n=10), skewness was 0.46 and excess kurtosis was –0.67, with no significant
deviation from normality (W = 0.935, p = 0.193). Similarly, the GPT group (n=10) had a skewness of 0.10 and excess
kurtosis of –0.23, also showing no evidence of non-normality (W = 0.952, p = 0.393). Given that both group distributions
satisfied normality assumptions and exhibited skewness and excess kurtosis values comfortably within recommended
thresholds for parametric analyses [23], we proceeded with parametric statistical methods.

3https://osf.io/mb3du/?view_only=35496af031ab482aa62ca6937c77a32c
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6.2 RQ1: Novice Programming StudentQuiz Performance After Studying with ChatGPT Versus a Human
Tutor over Discord

We analyzed the quiz data from the two groups, those who interacted with ChatGPT (GPT group) and those who
interacted with a human via Discord (Discord group), assessing whether the differences between pre-test and post-test
scores were statistically significant. We employed a paired t-test, Cohen’s d to estimate effect size, and a Bayesian
analysis.

The paired t-test for the GPT group indicated a non-significant result (p=0.111). Cohen’s d (0.56) suggests a moderate
practical effect. Additionally, a Bayesian analysis produced a 95% credible interval of (-0.059, 1.157) for the mean
difference and indicated a 96.14% probability that the true effect is positive.

The Discord group’s paired t-test yielded a p-value of 0.055, slightly above the conventional 0.05 threshold, indicating
a borderline result. Cohen’s d (≈ 0.83) suggests that the observed difference between pre-test and post-test scores has
a large effect size. The Bayesian analysis produced a 95% credible interval of (0.08, 1.33) for the mean difference and
indicated a 98.63% probability that the true effect is positive. Taken together, these complementary methods provide
evidence that the improvement in scores is perhaps substantively meaningful.

We compared learning gains by first computing each participant’s gain score (post-test - pre-test). Levene’s test
indicated equal variances (p=.851), so an independent Student’s t-test was appropriate; it revealed no significant
between-group difference in gain scores (t=-0.34, p=.74). A Bayesian analysis agreed, giving a 95% credible interval
of –1.02 to 0.72 and a 36.9% probability that the GPT group’s gains exceeded the Discord group’s. Thus, we found no
evidence of a difference between groups in pre-to-post improvement. When read alongside our qualitative evidence
that participants rarely refined their prompts and relied on human tutors for strategic clarification, the null quantitative
result implies that chatbots alone are unlikely to boost learning; real gains will require explicit AI-literacy scaffolds and
purposeful integration of human support.

Answer to RQ 1

In our lab study quizzes, participants in the GPT group (who had ChatGPT as the tutor) showed no statistically
significant difference in performance after studying the computer science topic with ChatGPT. The Discord group
participants (who had a human tutor) showed a marginal improvement after the conversation.

6.3 RQ2: Sentiments about ChatGPT as a Learning Resource for Programming Concepts

To assess changes within the pre- and post-intervention survey regarding ease of use, usability, trust, and reliability for
each group, we employed the Wilcoxon signed-rank test. This non-parametric test is well-suited for paired or matched
data, particularly when the underlying distribution may be non-normal or the data are ordinal, such as Likert-scale
survey responses. Because we performed this test separately for multiple questions, we applied a false discovery rate
(FDR) correction to control for the increased likelihood of Type I errors due to multiple comparisons. To compare the
GPT group and the Discord group, we used the Mann-Whitney U test, another non-parametric method that compares
the distribution of ranks between two independent samples. As with the Wilcoxon test, we also applied FDR corrections
to the Mann-Whitney U results to ensure a more stringent control of Type I error rates across all survey items tested.
These non-parametric methods were chosen to accommodate the relatively small sample size (n=20) and the ordinal
nature of the questionnaire data, allowing for a more robust analysis that does not rely on assumptions of normality.
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No statistically significant differences were found in our tests. It is important to recognize that these findings do
not necessarily indicate an absence of any true effect; rather, with such a modest sample size, we may not have had
sufficient power to detect subtle differences or changes. Consequently, our results highlight the possibility that any real
differences between the groups might be small and require a larger sample or more sensitive methods to detect (see 5
for a power analysis). To analyze our participants’ sentiments about ChatGPT as a learning resource, we turn to their
think-aloud and debriefing expressions.

Participants consistently reported that ChatGPT’s perceived lack of trustworthiness overshadowed its user-friendly
features. They found the tool’s output to be of uncertain veracity, forcing them to rely on external resources to verify
accuracy. As P3 remarked, “the only thing that I feel like would help build trust is just making sure that the information is

as genuine as it could be.” In fact, most ChatGPT group participants indicated they would not use ChatGPT to learn an
entirely new topic (n=6) or would not rely on it exclusively (n=2), whereas half the Discord group—who only knew their
tutor had an academic background in computer science and prior tutoring experience—trusted that tutor enough to
learn unfamiliar concepts. One Discord participant explained, “If... I don’t know anything about the concept... yeah, yeah,

whatever he’s saying, he’s correct.” This disparity highlights how students’ trust depends heavily on whether they feel
equipped to evaluate correctness: P5 observed, “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.” Even those open to using ChatGPT for unfamiliar
material, like P15, stressed the importance of prioritizing accurate information over quick responses.

Some participants describe significant fear of judgment from human tutors, particularly around asking “silly” or
basic questions. Despite their distrust towards ChatGPT because of its outputs, participants displayed more comfort
with asking it questions, possibly because they do not feel judged by it. Participants’ questions to ChatGPT were largely
foundational, with no instances of them qualifying their prior knowledge (n=0). In contrast, those interacting with the
human tutor tended to ask more advanced questions, often providing background on their understanding or clarifying
their intent (nine instances across six participants). For example, nine of 10 ChatGPT participants asked “What is a

pointer?” or a close variant as their first question to ChatGPT where participants of the Discord group most often
started by asking about the disadvantages and dangers of using pointers first (n=5), which was the only long answer
question on the quiz given. P11 expressed a related sentiment during the debriefing interview: “If we take the example of

ChatGPT, we can ask as many questions as needed, and we can ask any kind of questions regarding the subject, even we ask

the silly questions. Sometimes, we cannot ask simple and silly questions to the tutor because he may think ‘you don’t know

this... You don’t know this small thing... So because of this insecurity, we ask the ChatGPT... easily’”.
Social anxiety also appeared to be a strong motivator behind preferring AI tools over human interaction. P15 explicitly

identified as “socially awkward”, describing how the fear of looking “dumb” in front of a live tutor led them to avoid
in-person sessions entirely. P19 noted a stark difference between typing a question and receiving text replies versus
physically standing in front of someone and making eye contact—an emotional barrier that can discourage further
inquiries. Digital resources like ChatGPT provided a judgment-free space where students feel comfortable asking
questions they might otherwise withhold due to embarrassment. While participants acknowledged that human tutors
offer richer explanations and real-world context, the anonymity and low-pressure nature of AI interactions likely
reduce social anxieties, allowing learners to experiment, clarify gaps in knowledge, and build confidence in fundamental
concepts.

Answer to RQ 2
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While our survey analysis did not reveal any statistically significant differences, think-aloud and debrief data
indicated that participants distrust ChatGPT’s accuracy and use it mainly for low-risk, foundational questions. In
contrast, students trusted human tutors for learning new material, yet they hesitated to ask basic questions due to
fear of judgment. These findings illustrate how students engage in reflective practice, both reflection in and on action,
when interacting with AI versus human tutors. The lack of statistically significant sentiment differences suggests
that students are not actively adjusting their engagement strategies (reflection-in-action) in response to ChatGPT’s
limitations, instead relying on external verification rather than refining their prompts. Additionally, their distrust
of ChatGPT’s accuracy but comfort in asking it questions points to a limited reflection-on-action, as they do not
necessarily use past experiences to refine their AI interactions but rather compartmentalize ChatGPT as a low-risk,
low-trust tool.

6.4 RQ3: Strategies Employed When Interacting with ChatGPT

Measure GPT Group Discord Group
Number of participants 10 10
Total messages 62 44
Non-factoid questions (NFQs) 37 26
Factoid questions (FQs) 9 9
Commands 10 3
Mixed (questions + commands) 6 6
Top NFQ subcategory Evidence-based (18) Evidence-based (9)
Top FQ subcategories Disjunctive/Concept completion/Quantification (2) Definition (4)
Top Response Type to NFQs Context (29) (Evidence-based is close second (27)) Evidence-based (19)
Top Response Types to FQs Code example/Context (4) Evidence-based (6)
Avg. # of tag categories per response
Overall 2.7 1.33
NFQs 2.8 1.4
FQs 3.1 1.64

Avg. words per question 11.1 13
Avg. words per response 295 56.6
Avg. number of questions per participant ≈6 (62 / 10) ≈4 (44 / 10)
Avg. words in questions per participant 66 52
Avg. words in responses per participant 1,770 226.4
Questions related to quiz content 38 of 62 30 of 44
Questions built off tutor’s last response 34 26
Questions repeated from previous info 7 6

Table 6. Interaction classification

Participant interaction patterns. To understand the patterns of interaction that participants used to achieve their
learning objectives, we applied mixed methods to the logs of their interactions with their tutor. We present the results
of this analysis in Table 6.
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We conducted independent-sample t-tests to determine if there was a significant difference between the lengths of
messages and tutor responses across the GPT and Discord groups. This test was chosen because it compares means
between two independent samples to evaluate whether observed differences are statistically significant. Both message
length (𝑝 < .001) and response length (𝑝 < .001) showed significant differences, with messages to GPT shorter but
responses from GPT substantially longer than those to and from the Discord group participants, respectively.

We applied the GPH and Bolotova question-asking taxonomies to the content of both group’s questions, open and
axial coding to the responses of the tutor, and open and axial coding to the relationship between the questions and
responses, such as whether the question asked about material that was already covered or whether it related to the quiz
questions (for elaborations of the existing question-asking taxonomies and our code books, please see Section 5).

The ChatGPT group exhibited terse prompts and received large amounts of diverse information. Despite statistically
significantly shorter prompts that were, on average, the same type of question that was asked by the Discord group
(“evidence-based”), they received responses that were seven times longer and covered almost 1.5 more response
categories. As well, the top type of response to NFQs that ChatGPT gave was “context”, followed closely by “evidence-
based”, where the human tutor primarily provided “evidence-based” responses. This pattern implies that ChatGPT spent
many more words providing surrounding information and situating each answer in a broader context. Conversely, the
human tutor kept explanations relatively succinct and targeted, evidenced by the lower word count and average number
of tags. These divergent approaches suggest that while ChatGPT can enrich answers with ancillary details, the human
tutor’s content was generally more directly aligned with the question. Students who appreciate deeper contextual
knowledge may find ChatGPT’s style beneficial (P3 and P16 said in debriefing that they like example code without
prompting for it), but others may prefer the clarity and brevity that come from more narrowly tailored, “evidence-based”
guidance (P12 feels ChatGPT gives a lot of unnecessary information).

In contrast, the Discord group showed a more streamlined exchange where participants asked fewer overall questions
and the human tutor responded with succinct, directly targeted explanations. Although more limited in scope—
evidenced by fewer total tag categories per response and the top response type to NFQs being “evidence-based”—this
style potentially mirrored a typical student–tutor interaction focused on clarifying immediate misunderstandings or
directly addressing course objectives. Students seemed to gravitate toward specific, definition-oriented questions and
received largely evidence-based replies, suggesting that the human tutor prioritized clarity and concise feedback with
their limited study time. This pattern may benefit those who prefer straightforward, easily digestible information, and
may explain the borderline increase in quiz scores seen in the Discord group. However, the data also show that GPT’s
tendency to embed different perspectives or related examples in each response could be valuable for students who want
to explore beyond a direct answer, especially if they develop strategies (e.g., refining prompts) to navigate the AI’s more
verbose outputs effectively.

Additionally, the statistically significant increase in average words per question among the Discord group aligns
with prior findings (RQ2), demonstrating that students interacting with the human tutor tended to provide more
background or clarifying information. This behavior likely reflects a stronger motivation to supply context—either
to reduce misunderstandings or ensure the tutor clearly understands their knowledge gaps. It might also reflect a
social motivation, as students may provide more contextualizing information to human tutors to appear less ignorant,
a concern mitigated by the social safety of interacting with generative AI. By comparison, the ChatGPT group’s
shorter prompts—paired with ChatGPT’s more expansive responses—suggest these participants place less emphasis on
elaborating their inquiries, likely counting on the AI to fill in the gaps. Thus, tutor style and student behaviors appear
to reinforce each other: a human tutor’s concise, direct approach elicits more precise question-framing from learners,
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whereas ChatGPT’s context-rich responses encourage students to depend on the system’s elaborations rather than
providing detailed initial context themselves.

We have established that a key difference between the two groups’ interactions was how they phrased their questions
and the type of responses they received rather than the questions’ intent. From our coding of the think-aloud data and
debriefing interviews, we find that our participants have considerable variation in their reactions to ChatGPT’s output
style. For example, while P3 valued ChatGPT’s extensive contextual information, P12 criticized the same verbosity
as excessive. Similarly, P2 described ChatGPT as providing superficial explanations without structured pedagogical
guidance, likening it to a book that lists information rather than fostering understanding, while simultaneously
appreciating code examples that P5 found “too complex for novices”.

Despite the diversity of preferences among participants, they rarely attempted to modify the AI’s behavior through
prompt engineering, demonstrating a lack of reflection-in-action. Instead of viewing ChatGPT’s responses as malleable
resources that can be shaped through strategic prompting, students tended to consider them as fixed in style, influencing
both their engagement with the tool and their satisfaction with its responses. Prompt engineering exemplifies a way to
have iterative experimentation and refinement central to reflective practice. Rather than adjusting their approaches
when faced with unsatisfactory outputs, most of our participants relied on zero-shot prompting [34, 53], which are
isolated questions without contextual scaffolding or specification of learning needs. Furthermore, the variation in
reactions to ChatGPT’s verbosity and structure suggests reflection-on-action could play a larger role, as students had
opinions on the tool’s usefulness but did not appear to use these reflections to modify their engagement strategies. This
underscores the need for explicit instruction in AI literacy to help students develop metacognitive awareness and more
strategic, adaptive approaches to AI-assisted learning.

A few exceptions highlight the potential for more sophisticated engagement. For example, P8’s iterative prompting
demonstrates a form of reflection-in-action by requesting a “simple example, start from basics” followed by a “sample

output”. These infrequent cases underscore the missed opportunities for most participants to engage in the type of
continuous experimentation and reflection that Schön identifies as essential for developing expertise. Additionally,
the contrast between ChatGPT and human tutor interactions illustrates different modes of reflective practice. We
could observe that students communicating with human tutors demonstrated greater intentionality and contextual
framing in their questions. For example, P13, who studied with a human tutor, constructed a complex inquiry about
pointers by comparing their difficulty to arrays: “I believe using pointers is more difficult than using arrays, but even

though we use pointers in real-time problems as because they are more like accessing the address of a variable, but why it is

difficult compare to arrays?” Similarly, P18 explicitly sought instructional strategies: “What methods do you think we

should implement in order to learn pointer[s]?”. The differences in these interactions suggest that students perceived
human tutors as adaptable partners in the reflection-in-action process, whereas they viewed ChatGPT’s outputs as
predetermined and static.

Answer to RQ 3

Although both groups asked similar question types, those interacting with ChatGPT tended to use zero-shot prompts
and received significantly longer, more varied responses, yet rarely refined their prompts or attempted to modify
ChatGPT’s behavior. In contrast, students interacting with human tutors engaged in more reflective question-asking—
providing context, seeking strategies, and actively adjusting their queries. Only one participant demonstrated iterative
engagement with ChatGPT, evidencing the missed potential for deeper, more adaptive engagement. These findings
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suggest that effective chatbot use in programming education requires reflective practice, particularly reflection-in-
action, where students iteratively refine their prompts rather than treating AI responses as static. The lack of prompt
engineering among participants indicates missed opportunities for adaptive engagement, highlighting the need for
structured interventions that encourage students to experiment with different questioning strategies. Additionally,
reflection-on-action could be better leveraged by helping students analyze their AI interactions, refine their inquiry
approaches, and integrate chatbot use into a broader, strategic learning process. Overall, embedding AI literacy and
metacognitive strategies into education can help students transition from passive consumers to active co-constructors
of knowledge in AI-mediated learning environments.

7 DISCUSSION

Our findings indicate a tension in how participants relate to human tutors versus AI-based chatbots like ChatGPT.
On one hand, students generally trust the correctness of responses from human tutors, but they may hesitate to pose
“basic” or “silly” questions due to fear of judgment or perceived social threat. On the other hand, despite recognizing
ChatGPT as prone to inaccuracies, participants felt more at ease asking it foundational questions precisely because
it is not human, equating to no perceived risk of embarrassment or negative evaluation. This dichotomy between
high-trust, high-anxiety interactions with human tutors and low-trust, low-anxiety interactions with generative AI tools
points us towards important considerations for designing GenAI chatbots for programming pedagogy with attention to
how students reflect on their interactions with chatbots in learning spaces that are both technologically and socially
mediated.

Adding nuance to these findings, novice programming students in our study demonstrated minimal prompt
engineering—a key competency often referred to as “programmability” in AI literacy [38]. While effective prompting
can elicit clearer, more tailored outputs from large language models, students tend to view the chatbot’s responses
as fixed rather than adjustable through iterative instructions. Prompt engineering is currently the most effective way
that LLM-based chatbot users can improve the quality of inference outputs they receive [6, 34], necessitating users’
awareness of the process [54] thorough reflection on action, granting increased efficiency as well as increasing trust in
chatbots. Without recognizing that their prompts can shape ChatGPT’s behavior, learners remain passive, attributing
poor responses to the AI’s inherent flaws rather than to a fixable breakdown in communication.

Participants’ lack of prompt engineering reflects a broader issue of limited, goal-driven engagement with AI tools.
Students’ limited attempts to modify ChatGPT’s behavior suggest an implicit acceptance of AI-generated content
as static rather than something they can influence through strategic interaction. This lack of reflective practice, i.e.,
understanding the affordances and constraints of learning supports and using these judiciously, prevents students from
fully leveraging AI’s adaptability and limits their ability to position themselves as active learners in AI-mediated learning.
Encouraging reflective engagement with AI tools and greater AI literacy could foster greater agency in students’ learning
processes. For example, structured interventions can prompt students to refine their queries iteratively, considering
what additional information or context might enhance the output, which could shift them from passive consumers to
active co-constructors of knowledge.

Ensuring that students (and all users) receive useful inference output from AI tools requires making prompt engineer-
ing more accessible. Pedagogical chatbot developers can enhance usability by integrating next-generation tools that
optimize prompts, reducing the need for users to manually refine them. Long et al. highlighted AI Literacy challenges
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before the widespread adoption of GenAI in late 2022, “it is important for designers to keep in mind that prerequisite coding

skills can be a barrier to entry” to programming AI. While AI interaction has since shifted toward natural language,
their argument remains relevant. Prompt engineering is the successor to manipulating AI through coding skill and, like
early programming languages, it produces fragile artifacts meant to give instructions to particular hardware. In the case
of prompts, they are fragile because of their specificity to a given model, sensitivity to formatting [54], and sensitivity
to phrasing [15].

These factors can dramatically affect the quality of outputs and effective prompting methods are largely not
discoverable per language model. For example, there is no popular means, such as documentation, for learning how to
prompt most effectively for a given model and it is only recently that tooling has appeared for prompt engineering.4 If
prompts are our code in this metaphor, LLMs must be our hardware. Unlike hardware, though, LLMs are black boxes
because they are not transparent or deterministic [42], making them unpredictable and unreliable. Like Assembly,
though, prompts may be abstracted away by higher-level methods of specifying instructions, such as DSPy [33]. Chatbot
developers can lower the barrier to student learning efficacy by wielding next-generation tools that optimize prompts
for a given model, abstracting prompt engineering away from the user and no longer forcing them to communicate so
directly with the model.

A further consideration is GenAI’s anthropomorphism by students. When chatbots project more human-like qualities,
students often find them easier to trust, given their familiarity with human conversation cues. At the same time,
however, “acting human” may reintroduce the very social anxieties learners aim to avoid. Students’ reflection on action
might shift from prompt engineering and accuracy to positioning themselves as experts through the prompts. Our
results suggest that the chatbot’s perceived non-human nature, which frees students to ask questions without fear of
judgment, is one of its biggest advantages. Thus, designers and educators face a balancing act: incorporating enough
human-like features to foster trust and relational rapport, while preserving the “safe space” dimension that encourages
uninhibited inquiry. Future research should investigate which specific chatbot social characteristics [8] can enhance
learning outcomes while maintaining the psychological safety that facilitates open inquiry.

Overall, trust, social comfort, AI literacy, and the role of anthropomorphism—demands a multifaceted approach.
Teaching prompt engineering in intuitive and streamlined ways can bolster learner confidence, while interface innova-
tions may help students navigate the black box of LLMs. Meanwhile, thoughtful design of chatbot personas must balance
fostering trust in AI outputs and capitalizing on the chatbot’s unique capacity to mitigate social fears. By simultaneously
addressing these practical and psychological factors, we can move toward AI-based learning environments that are
both trustworthy and socially comfortable.

8 LIMITATIONS

Our study presents several methodological limitations that should be considered when interpreting our findings.
Our recruitment method relied on volunteer participation, which may have introduced self-selection bias. Students

who chose to participate might have had specific interests or prior experiences with AI-based tools, which could
influence their responses and engagement. To reduce this problem, we avoided mentioning AI in the recruitment
materials. Additionally, since many participants were recruited through snowball sampling, some may have discussed
the study with peers beforehand, potentially shaping their expectations and behavior.

4https://ide.x.ai
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Participants were primarily self-selected volunteers from a single U.S. public university, with the sample comprising
18 men and 2 women, 17 non-native English speakers, and 18 computer science or computer engineering majors (with
2 from other disciplines). This overrepresentation of male, ESL speakers from technical fields limits the generalizability
of our findings to broader CS1 student populations and to institutions with different instructional cultures and student
demographics. While we aimed to mitigate recruitment bias, future research should include larger, stratified samples
across multiple sites to assess whether the patterns observed here hold in more diverse settings.

Some participants may have been familiar with the studied topic in class. To reduce this risk, we chose a topic that
had not been taught at the time of the data collection. Still, although we collected baseline knowledge data before the
study session, prior exposure to the content may have affected how students engaged with the learning task.

During the study, students interacted with ChatGPT or a human tutor in a controlled setting. While allowing for
systematic comparison, the controlled laboratory setting created an artificial learning environment that may not reflect
authentic student behaviors. In natural learning contexts, students typically access multiple resources simultaneously
and engage with tools like ChatGPT under different time pressures and motivational conditions.

We used a custom, unvalidated instrument specifically to gather preliminary data on change in knowledge and
sentiment, recognizing that such an approach is appropriate for an initial, exploratory study. However, because our
measures have not undergone extensive psychometric validation, the reliability and generalizability of our findings
may be limited.

A significant proportion of participants were non-native English speakers attempting to learn a challenging program-
ming concept while simultaneously verbalizing their thought processes through the think-aloud protocol. This triple
cognitive burden likely affected their questioning strategies and engagement depth, potentially limiting the natural
flow of their learning interactions. Nevertheless, such effects applied equally to both experimental groups.

Another factor to consider is the potential for unobserved behaviors. Although participants were asked not to use
external resources during the study, we cannot rule out the possibility that some did since the study was conducted
via teleconference. Anyway, since our goal was not to test their performance but rather to understand their learning
interactions, we did not impose strict monitoring.

Our findings represent a specific snapshot of novice programmers’ interactions with ChatGPT using the GPT-
3.5 model available during data collection. The rapid evolution of LLM capabilities means that student interaction
patterns may differ with newer models offering enhanced pedagogical features. Additionally, our focus on pointers in C
programming may not generalize to other programming concepts or languages.

Finally, differences in how students approached their interactions with ChatGPT versus a human tutor could reflect
personal preferences, prior experiences, or comfort levels rather than the effectiveness of the tool itself. Some students
expressed hesitation in asking human tutors basic questions, which may have led to different engagement patterns
between the two groups.While our findings highlight these tendencies, they should be interpreted with an understanding
that individual learning styles and perceptions play a significant role. The study’s small sample size (n=20) limits our
ability to control for or systematically analyze these individual differences, which significantly influence tool selection
and usage patterns in educational contexts.

These limitations suggest opportunities for future work, including longitudinal studies in authentic learning environ-
ments, investigations with larger and more diverse participant samples, using standardized scales to measure change in
knowledge and sentiment, and comparative analyses across different programming concepts and LLM implementations.

Manuscript submitted to ACM



20 Penney et al.

9 CONCLUSION

In this research, we investigated what factors influence novice CS students’ decisions to use ChatGPT over other learning

resources and how these factors alter their resource selection process, how novice CS students perceive ChatGPT’s pedagogical

methods compared to other learning resources, and what strategies novice CS students employ when interacting with

ChatGPT to study 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. We also observed that students leverage LLM chabots
accessibility for quick inquiries but they hesitate to rely on it for deeper conceptual learning. This hesitancy reflects
a limited engagement in reflection-in-action, where students rarely refine their prompts iteratively, instead treating
ChatGPT’s responses as static outputs rather than adaptable learning aids.

From these results, we offered advice to students, instructors, and chatbot developers about how to interact with
LLM-based chatbots, support their students in learning about and through such tools, and develop pedagogical chatbots
to appeal to instructors and support students, respectively.
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