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Abstract
This study uses a Design-Based Research (DBR) cycle to refine

the integration of Large Language Models (LLMs) in high school

programming education. The initial problem was identified in an

Intervention Group where, in an unguided setting, a higher propor-

tion of executive, solution-seeking queries correlated strongly and

negatively with exam performance. A contemporaneous Compari-

son Group demonstrated that without guidance, these unproductive

help-seeking patterns do not self-correct, with engagement fluctu-

ating and eventually declining. This insight prompted a mid-course

pedagogical intervention in the first group, designed to teach in-

strumental help-seeking. The subsequent evaluation confirmed the

intervention’s success, revealing a decrease in executive queries, as

well as a shift toward more productive learning workflows. How-

ever, this behavioral change did not translate into a statistically

significant improvement in exam grades, suggesting that altering

tool-use strategies alone may be insufficient to overcome foun-

dational knowledge gaps. The DBR process thus yields a more

nuanced principle: the educational value of an LLM depends on a

pedagogy that scaffolds help-seeking, but this is only one part of

the complex process of learning.

CCS Concepts
• Applied computing→ Computer-assisted instruction; In-
teractive learning environments.

Keywords
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1 Introduction
As technology becomes increasingly integral to education and soci-

ety, the need for widespread computational skills and programming

grows [3]. Learning to program, however, presents unique chal-

lenges: Students frequently struggle with abstract concepts such

as loops and conditionals, find error messages cryptic, and may

default to memorizing syntax rather than understanding program-

ming logic [4]. These difficulties often lead to frustration, reduced

motivation, and high dropout rates, highlighting a critical need for

timely, individual support [32, 22].

Recent advancements in Large Language Models (LLMs) present

promising solutions for overcoming these educational barriers [7].
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By providing personalized, real-time assistance, LLMs have the

potential to help students better manage cognitive load, clarify

confusing syntax, and focus more deeply on programming con-

cepts [21]. At the same time, the integration of LLMs in educational

settings carries risks. Over-reliance on AI assistance may weaken

students’ independent problem-solving skills, encourage superfi-

cial learning strategies, and even hinder the development of key

cognitive skills like critical thinking when compared to non-AI

approaches [35, 6, 9]. Furthermore, potential inaccuracies or mis-

leading responses from LLMs raise concerns about their reliability

as educational assistants [7].

While the importance of guiding student use of GenAI is recog-

nized and there are opportunities to foster metacognitive processes

[36], there is a lack of research on structured interventions designed

to promote effective use of LLMs. Some prior work has explored

data-driven guidance systems for help features in tutoring systems

[17], but applying these ideas to the context of GenAI requires fur-

ther investigation. Moreover, most studies focus on university-level

learners, leaving high school students less explored [19]. In short,

more empirical research is needed to understand the effects and

underlying mechanisms of LLM use in education [30].

To address these gaps, this study employs a Design-Based Re-

search (DBR) cycle to investigate and refine the integration of LLMs

in a high school programming course. The study is centered on an

Intervention Group (IG), where we first identified a core problem:

in an unguided setting, a higher frequency of LLM use—particularly

for executive, solution-seeking queries—negatively correlated with

midterm exam performance [2]. This critical insight informed the

design of a targeted pedagogical intervention, which was then im-

plemented and evaluated in the second phase of the course. Data

from a contemporaneous Comparison Group (CG) provides addi-

tional context for our findings.

The following research questions guide this study:

• RQ1 - Baseline: How does the frequency of student in-

teractions with an LLM correlate with their programming

performance?

• RQ2 - Baseline: How do instrumental vs. executive query

types impact learning outcomes in an unguided setting?

• RQ3 - Intervention: How does a targeted intervention

influence students’ help-seeking behaviors and learning out-

comes?

The following sections build the case for our questions by reviewing

prior work, detailing our research design, presenting the results of

our analysis, and discussing the implications for supporting high

school programming learners.

ar
X

iv
:2

51
1.

18
98

5v
1 

 [
cs

.H
C

] 
 2

4 
N

ov
 2

02
5

https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://arxiv.org/abs/2511.18985v1


SAC’26, March 23–27, 2026, Thessaloniki, Greece Valle Torre et al.

2 Related Work
Effective pedagogical support extends beyond providing direct so-

lutions; it also involves guiding students toward appropriate help-

seeking strategies. Help-seeking theory offers a valuable frame-

work for understanding how students request and utilize assistance,

which is highly relevant when introducing AI helpers [11]. Help-

seeking has been framed as a positive, strategic part of learning,

rather than a sign of failure, and distinguished between executive

and instrumental help-seeking [18].

Executive help-seeking is considered non-adaptive; the student

aims to minimize effort by having someone else (or an AI) complete

the task, for example, by asking, “Can you just give me the an-

swer to this problem?” In contrast, instrumental help-seeking is an

adaptive, learning-focused strategy where the student requests just

enough help (e.g., a hint or explanation) to overcome an impasse

and move forward independently [14]. Instrumental help-seeking

is strongly associated with better retention and skill transfer [23].

Ultimately, help-seeking behavior is often considered a key aspect

of the broader construct of self-regulated learning (SRL) [11].

This active role is vital for learning, as even well-crafted instruc-

tional explanations can be ineffective if the learner does not engage

with them to develop their own understanding [29]. By asking in-

strumental questions, students are prepared to engage in cognitive

activities, such as generating inferences or revising their mental

models. This process helps them integrate new information with

prior knowledge, thereby constructing amore robust understanding

of the material [15].

LLM-based tutorsmake this process evenmore relevant.Whereas

prior research on ITS often studied students requesting incremental

hints [1], LLMs typically provide complete explanations, akin to

bottom-out hints [20]. This fundamental shift from minimal guid-

ance to comprehensive answers makes it essential to reevaluate

whether established help-seeking principles remain, and if students

can be guided towards more productive learning behaviors [19].

2.1 Programming Education and Large
Language Models

Novice programmers must simultaneously learn new syntax and

logic while also interpreting error messages [33, 34]. Studies com-

paring novice and expert coders highlight these differences, show-

ing novices make more errors and struggle to achieve program

correctness [5]. Effective help-seeking behaviors are crucial for

overcoming these obstacles, yet novices often lack the metacogni-

tive skills or confidence to ask for appropriate assistance [23, 10, 17].

These challenges underscore the need for timely, individualized,

and scalable educational support.

LLMs offer scalable, personalized support in programming ed-

ucation, potentially replicating the benefits of human tutors by

explaining code and reducing stress. Recent advancements of LLMs

offer potential solutions for providing this in programming educa-

tion [7, 21]. LLMs can generate and explain code, answer questions

immediately, potentially reduce stress, and improve task efficiency

[25]. Furthermore, some students may feel more comfortable ask-

ing basic or repetitive questions to an LLM compared to a human

instructor [21, 8].

However, the integration of LLMs like ChatGPT also presents

significant challenges and risks [7]. Firstly, these tools can com-

plicate the programming learning experience, giving confusing or

advanced information [26]. If students fail to see the usefulness of

these systems, they may stop using them before getting any benefits

from them [24]. Standard LLMs are not designed as pedagogical

tools; they typically prioritize task completion over fostering deeper

Figure 1: JELAI interface with a sample task in the Jupyter Notebook on the right and a task-specific LLM-based tutor on the left
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conceptual understanding [35, 6]. This can lead to superficial en-

gagement and potentially hinder the development of independent

problem-solving and debugging skills [25].

Recognizing these complexities, researchers have developed spe-

cialized LLM-based systems for programming education, aiming

to provide help that supports learning. Some prominent examples

are: CodeTutor: A chatbot using system prompts for educational

responses; its interface is similar to that of ChatGPT and allows stu-

dents to rate feedback at both the message and conversation levels

[16]. CodeAid: An AI tutor providing targeted support, guiding the

student via specific feature selection while avoiding direct solutions

[12]. And CodeHelp: A web interface using multiple prompts to

ensure an appropriate response from the LLM, which also avoids

giving away solutions [25].

While these systems represent important advances, the stud-

ies evaluating them often rely on post-task surveys or analysis

of conversations in a separate chat window, rather than logging

interactions that occur seamlessly within the coding environment

itself. The system used in this study, JELAI, is designed to address

this by integrating the LLM chatbot directly into the notebook en-

vironment, similar to modern development interfaces (like GitHub

Copilot or Cursor), potentially making interaction more intuitive.

3 Methodology
3.1 Research Design and Procedure
Integrating LLMs into authentic classroom settings presents a com-

plex, ill-defined problem for which Design-Based Research (DBR)

is an ideal methodological framework. DBR enables us to move

beyond efficacy questions ("does it work?") to develop a deeper, the-

oretically grounded understanding of how, why, and under what

conditions an intervention functions in a real classroom. Our study

follows a classic DBR cycle: we first used help-seeking theory to

analyze an existing implementation and identify a core pedagogical

problem, then designed and implemented a targeted intervention

to address it, with the ultimate goal of generating shareable design

principles. The aim of this DBR cycle, therefore, is not statistical

generalization to a wider population, but rather the development

of a local theory and shareable design principles grounded in the

complex, authentic context of this specific classroom.

The design centers on a pre-post analysis of an Intervention

Group (IG, N = 18) and a non-equivalent Comparison Group (CG, N

= 19) to contextualize the impact of the intervention.Wemaintained

authentic class sizes to preserve ecological validity and avoid con-

founding variables (e.g., teacher effects) associated with merging

disparate cohorts.

Participants in both groups were recruited from elective Infor-

matica classes at two different Dutch high schools, where they were

introduced to foundational programming concepts (e.g., variables,

conditionals, loops). The non-equivalent Comparison Group was

enlisted to provide context on how unguided help-seeking behav-

iors evolve over a similar timeframe, rather than for direct statistical

comparison. In both settings, students used the JELAI environment

during class assignments under their teacher’s supervision. All

participants and their parents provided informed consent.

The IG’s course was divided into two six-week phases. Partici-

pants were asked to complete two short surveys rating their previ-

ous experience with programming and with LLM chatbots. In the

pre-intervention phase, the unguided use of JELAI by students was

logged, and a midterm exam was administered to identify baseline

help-seeking behaviors and their correlation with performance.

Based on this initial analysis, we implemented a two-part pedagog-

ical intervention. This included a class-wide discussion on the dis-

tinction between instrumental and executive help-seeking, followed

by brief, one-on-one sessions where students reflected on their own

query patterns with a researcher [15]. In the post-intervention

phase, students continued the course with JELAI access, and the

intervention’s effects were evaluated via logs and a final exam.

The CG used JELAI without any specific guidance for their entire

course. The data collected included all interactions with the system

and their final exam scores; no midterm exams or interventions

were administered in this group.

All exams for both groups tested the concepts taught during the

lessons, using a mix of syntax and coding tasks in JELAI, but with

access to Juno deactivated.

3.2 JELAI Environment and Data Classification
The primary learning environment for both groups was JELAI [28],

an open-source platform that integrates an LLM-based chatbot,

Juno, directly into a Jupyter Notebook interface (see Figure 1). Juno

was powered by a Llama3.1:70b
1
open-weights model, guided by

a system prompt
2
to act as a Socratic tutor that avoids providing

direct solutions. JELAI logged all student interactions—including

chat messages, code cell executions, and errors—providing a fine-

grained dataset of the learning process
3
. These logs, along with

student exam scores, served as the primary data for this study.

To analyze student queries, we employed a multi-step classifica-

tion process. Drawing from help-seeking theory [18, 14], we first

manually coded the IG’s pre-intervention queries into three high-

level categories: Instrumental (seeking understanding), Executive

(seeking solutions), and Other. This manually coded data was used

to train and validate a few-shot LLM classifier using DSPy
4
, which

achieved an 84% accuracy and was subsequently used to classify

all queries from the CG. For a more detailed analysis within the IG,

queries were also manually coded into finer-grained sub-categories

[25, 31] (see Figure 2).

3.3 Data Analysis
For RQ1, we used Spearman rank correlation (𝜌) due to the small

sample sizes of our groups and potential non-normality of the data.

Similarly, for RQ2, we used Spearman rank correlation (𝜌) to assess

the relationship between instrumental/executive queries and the

grades, as well as a detailed analysis per query type.

For RQ3, investigating the intervention’s influence, we employed

non-parametric tests: the Wilcoxon signed-rank test was used to

compare paired data (e.g., proportion of query types before and

after the intervention for the same students, and midterm vs. final

1
https://ollama.com/library/llama3.1

2
https://github.com/mvallet91/JELAI/blob/celdelta/history_app.py#L88

3
The dataset is available at https://data.4tu.nl/

4
https://dspy.ai/

https://ollama.com/library/llama3.1
https://github.com/mvallet91/JELAI/blob/celdelta/history_app.py#L88
https://data.4tu.nl/datasets/e947292a-bc0f-4da1-a160-58a7f4a49953/1
https://dspy.ai/
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Figure 2: Correlations between student interaction types
and grades, left column is data until the midterm correlated
with the midterm grades, right column is the data after the
midterm, correlated with the final exam grades. (* 𝑝 < 0.05,
** 𝑝 < 0.01, *** 𝑝 < 0.001)

exam scores). All statistical tests were conducted with a significance

level of 𝛼 = 0.05.

Based on coding and dialog logs, we describe the learning ac-

tivities of several participants to contextualize our findings and

illuminate specific behaviors. We also conduct sequence analysis

on the entire group to further explore the behavioral changes. We

describe these insights in the Discussion (in Section 5).

4 Results
This section presents the findings organized by our research ques-

tions, first establishing the baseline behaviors observed in both

groups and then evaluating the impact of the intervention. Stu-

dents in the Intervention Group (IG, N=18) submitted 480 queries

to the LLM, with a mean of 25.4 queries per student. The Compari-

son Group (CG, N=19) submitted 403 queries, with a similar mean

of 21.21 queries per user.

Based on pre-course survey for IG, the students were largely

novice programmers, reporting a low average prior programming

experience (𝑀 = 1.89, 𝑆𝐷 = 1.02) on a 5-point scale. Their self-

reported prior usage of LLM chatbots was moderate, corresponding

to an average use of 1-2 times per week (𝑀 = 3.06, 𝑆𝐷 = 1.11) on a

5-point scale.

RQ1: Correlation Between Interaction Frequency and Per-
formance In the IG’s pre-intervention phase, we found a signifi-

cant, negative correlation between the total number of LLM queries

and midterm exam scores (𝜌 = −0.502, 𝑝 = 0.034), indicating that

higher interaction frequency was associated with lower perfor-

mance. This is consistent with prior ITS research suggesting that fre-

quency often signals a struggling student [2]. Further analysis sug-

gested this was a selection effect; after controlling for students’ self-

reported prior programming experience, which showed a negative

trend with interaction frequency (𝜌 = −0.442, 𝑝 = 0.067), the direct

relationship between frequency and grades became non-significant

(𝑝 = 0.084). In the CG, no significant correlation was found between

total query frequency and final exam grades (𝜌 = −0.059, 𝑝 = 0.811)

RQ2: Impact of Instrumental vs. Executive Queries Analy-
sis of query types in the IG’s pre-intervention phase revealed the

core problem for our DBR cycle. The most frequent query type was

Concept Comprehension (24.7%), followed by Copying Notebook
Questions (19.2%), a clear executive behavior. This was reflected
in the correlations: there was a clear and significant negative corre-

lation between the proportion of executive queries and midterm

grades (𝜌 = −0.851, 𝑝 < 0.001), while instrumental queries showed

no significant correlation (𝜌 = −0.052, 𝑝 = 0.838). The heatmap in

Figure 2 illustrates these relationships across all sub-categories.

In the CG, a similar directional trend was observed, with a weak,

non-significant negative correlation between executive queries and

final grades (𝑟ℎ𝑜 = −0.260, 𝑝 = 0.281). As shown in Figure 4, this

group’s engagement declined after an initial novelty period. While

the proportion of executive queries shows a downward trend over

time, the pattern is marked by high fluctuation and sparse data in

later weeks, preventing any firm conclusions about self-correction.

This finding suggests that without guidance, unproductive help-

seeking patterns do not reliably resolve on their own.

RQ3: Influence of the Pedagogical Intervention The inter-

vention in the IG served as a clear inflection point, prompting a sig-

nificant shift in behavior (Figure 3). AWilcoxon signed-rank test on

paired data (N = 14) showed that the proportion of executive queries,

which had been rising, decreased significantly post-intervention,

with a large effect size (𝑊 = 15.0, 𝑝 = 0.036, 𝑟 = 0.560). This be-

havioral change was accompanied by a reduction in overall query

volume. While the average final exam grade (M=7.56, SD=1.97) was

higher than the midterm grade (M=7.28, SD=2.00), this improve-

ment was not statistically significant (𝑊 = 34.0, 𝑝 = 0.083), though

the medium-to-large effect size (𝑟 = 0.409) suggests a potentially

meaningful change. This contrasts with the fluctuating, direction-

less patterns in the CG in Figure 4, reinforcing that the observed

shift in the IG was a direct result of the intervention.

4.1 Qualitative Cases of LLM Interaction
Qualitative analysis of the IG’s interaction logs provides crucial

context for our findings, revealing distinct learner profiles and

the nuanced impact of our intervention. High-achieving students

demonstrated a variety of effective strategies. Some used the LLM

sparingly, relying on strong independent skills, while others effec-

tively used it as a conceptual partner, asking instrumental questions

(e.g., “what is the difference between = and ==?”) instead of request-

ing direct fixes.

The intervention’s potential is best illustrated by contrasting

two students. Mary, who initially relied on executive queries and

pasting errors, shifted to asking for general algorithms after the
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Figure 3: Weekly message counts and proportions per type for the Intervention Group

Figure 4: Weekly message counts and proportions per type for the Comparison Group

intervention, leading to improved grades (7.30→ 8.65). Mary had a

high number of total interactions with Juno and was one of the most

active students in terms of code cell executions. Conversely, Sam

markedly improved their help-seeking strategy—shifting from 58%

executive queries to 64% instrumental—but saw their grades decline

(5.50→ 4.37). Sam’s case critically suggests that while behavior can

be changed, this may not be sufficient to overcome foundational

knowledge gaps.

This behavioral shift was mirrored across the group. To un-

derstand changes in student workflows, we analyzed sequential

patterns of log events using a fixed-window approach, examining

the two actions preceding and two actions following each LLM

interaction. Pre-intervention, a dominant pattern was reactive and

superficial: students would encounter an error, immediately ask

the AI for a fix, and then paste the provided code (Edit → Error
→ Interaction → Edit → Success). After the intervention,

this pattern became less frequent. In its place, a more proactive and

engaged workflow emerged, where students would successfully

execute code and then consult the AI, likely for planning or concep-

tual clarification, before proceeding with another successful action

(Edit → Success → Interaction → Edit → Success). This
shift from using the AI as a reactive code-fixer to a proactive con-

ceptual partner reinforces the positive behavioral change observed

in the quantitative data.

5 Discussion
Addressing RQ1, our finding of a significant negative correlation

between unguided LLM usage and exam scores is consistent with

prior research [13]. However, our analysis suggests this is not a

simple causal relationship, as it contradicts results from similar

studies with a more guided LLM programming tool [25, 12]. A
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plausible explanation is a selection effect, whereby students with

less prior programming experience—who are already more likely to

struggle—are the ones self-selecting into higher usage of the tool [2].

Controlling for the self-reported prior experience showed that the

initial negative correlation is better explained by this selection effect.

This trend is echoed in our qualitative observations; the highest-

performing students used the LLM sparingly, whereas students who

struggled, such as Sam, demonstrated a higher query volume.

For RQ2, our analysis revealed a sharp contrast: executive help-

seeking was detrimental to performance, whereas instrumental

help-seeking had a more complex and non-significant correlation.

This suggests that sustained high frequency of any help-seeking,

even theoretically beneficial instrumental queries, likely indicates

persistent difficulty that impacts overall performance [17]. When

a struggling student turns to the LLM, a tendency to seek direct

solutions rather than explanations will naturally hinder learning

and exam performance. This pattern of superficial engagement is

supported by our finding that 19.2% of queries in the IG involved

copying questions. Such a pattern may then lead to a breakdown in

the learning process, where the learner fails to actively process the

information provided and just pastes the solution into the notebook

[29]. Furthermore, the integration of the LLM may be changing

the process from writing code to a more complex co-creation and

verification, increasing the challenge for less experienced students

[26].

The Comparison Group provides important context, illustrat-

ing that these unproductive patterns do not self-correct. Without

guidance, the CG’s engagement with the chatbot was marked by

fluctuating help-seeking proportions and an overall decline in use

after an initial novelty period (Figure 4). Instead of converging on

productive strategies, students engaged in less-focused conversa-

tions, eventually diminishing the perceived usefulness of the tool

and reverting to asking their human teacher for assistance—a find-

ing consistent with prior work [24, 16]. This waning engagement

likely explains the lack of a clear correlation between their usage

and final grades.

Our mid-course intervention for RQ3 successfully guided stu-

dents away from detrimental executive behaviors and toward more

effective instrumental strategies [19]. Post-intervention data indi-

cated success in shifting relative usage: the percentage of executive

questions decreased significantly for the group, with a large effect

size. And while there was a reduction in use after the novelty of the

first 3 weeks, it was not as marked as in the Comparison Group or

similar studies [16]. This behavioral shift toward more instrumental

approaches was also demonstrated in the post-intervention query

patterns of both Mary and Sam (Section 4.1).

5.1 Practical Implications for Educators and
System Designers

The findings from this study provide several actionable recommen-

dations for practitioners seeking to effectively integrate LLMs into

programming education.

For Educators:

• Teach Help-Seeking as a Skill: Do not assume students know

how to use LLMs effectively. Our intervention’s success sug-

gests that educators should explicitly teach the distinction

between instrumental ("how does this concept work?") and

executive ("fix my code") queries.

• Design for Metacognition: Assignments should be designed

to discourage simple solution-seeking. Instead of tasks that

can be solved with a single block of code, educators can

create multi-part problems or require students to submit a

brief "learning journal" with their code, explaining a key

concept they learned from the LLM or a particularly helpful

interaction. This incentivizes and makes the learning process

visible for students and instructors.

• Use Analytics for Formative Feedback: The methods used in

this study—analyzing query types and error rates—can serve

as a powerful tool for formative assessment. An instructor

could review interaction logs to identify groups of students

who rely heavily on executive help and provide targeted,

individual guidance long before a summative exam.

For System Designers:

• Prioritize Pedagogy over Task Completion: Educational chat-

bots should not be neutral answer-bots. The underlying sys-

tem prompts must be engineered to be pedagogical agents

that prioritize learning. This means adding guardrails to

the LLM to prevent it from providing direct solutions and

instead guiding the student toward a conceptual understand-

ing, much as a human tutor would.

• Implement Adaptive Scaffolding: Systems should be designed

to detect patterns of unproductive learning behaviors, like

executive help-seeking or help-avoidance. For example, if

a student submits consecutive "fix-it" queries, the system

could automatically intervene with a metacognitive prompt,

such as, "It looks like you’re stuck, can you tell me what you

were trying to do with this code?" This automates the kind

of guidance that proved effective in our intervention.

• Make Learning Visible to the Learner: Future iterations of

educational programming environments could include a

learner-facing dashboard that provides simple analytics (e.g.,

"This week, most of your questions were productive—great

job focusing on improving your understanding!"). This feed-

back loop empowers students to monitor and regulate their

own learning behaviors, fostering the kind of self-awareness

demonstrated by our high-achieving participants.

5.2 Contributions
This study makes several distinct contributions. Methodologically,

it provides a concrete example of a DBR cycle applied to the inte-

gration of generative AI, demonstrating its value in moving from

a vaguely defined problem ("students might misuse LLMs") to a

specific, evidence-based diagnosis: the negative impact of unguided

executive help-seeking. The iterative process of analysis, design,

and evaluation refined our understanding, yielding tangible design

principles rooted in authentic classroom practice.

Furthermore, the JELAI integration serves as a novel research

instrument, capturing granular workflow data (e.g., the sequence

of execution after a query) that is lost in studies relying on external

chat interfaces. The analytical approach of classifying help-seeking

intent (instrumental vs. executive) and analyzing error rates pro-

vides a replicable framework for future research.
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Empirically, our exploratory study further strengthens evidence

that simply providing access to an LLM does not guarantee positive

learning outcomes and can, in fact, correlate with lower perfor-

mance if students adopt non-adaptive strategies. Critically, the

qualitative case studies—particularly the divergent outcomes of

Mary and Sam—demonstrate that while help-seeking behaviors can

be improved through direct intervention, overcoming foundational

knowledge gaps presents a significant challenge.

Theoretically, this research extends help-seeking theory into the

context of modern generative AI, confirming that the instrumental-

executive framework is a powerful lens for understanding student

behavior with these tools. By connecting the observed behaviors

to established learning science concepts such as the "illusion of

understanding" [29], this work highlights the critical need for ed-

ucational LLMs to be designed not as answer providers, but as

pedagogical tools that actively foster student metacognition and

critical thinking [9].

5.3 Limitations
This study has several limitations that warrant consideration. First,

as an exploratory study, the small sample sizes restrict the gener-

alizability of our findings. The observed negative correlation for

specific instrumental comprehension subcategories (as shown in

Figure 2) or the lack of significant correlation for total instrumental

frequency may be heavily influenced by the specific usage patterns

of the lowest- and highest-performing students.

Second, our analysis was confined to interactions with the in-

tegrated JELAI chatbot; unmonitored use of external LLMs (like

ChatGPT) or other help sources (peers or family) could have con-

founded the relationship between measured usage and learning

outcomes. While students were asked to only use Juno during class,

there was no strict enforcement, and they were allowed to chat

with each other or ask the teacher for help.

Third, the qualitative analysis of sequential patterns, while in-

dicative, is based on aggregated top frequencies and does not cap-

ture workflow changes with rigor. Finally, other individual factors,

such as motivation and self-regulation, as well as variations in exam

difficulty, may have also influenced the observed trends.

Finally, while this study focused on student help-seeking behav-

iors, it did not strictly evaluate the accuracy of the LLM’s responses.

The risk of hallucinations or bias remains a critical challenge in

educational AI, one that pedagogical interventions alone cannot

resolve, necessitating further technical safeguards [7].

5.4 Future Work
Future work should aim to address these limitations. Replicating

this study with larger, more diverse samples is necessary to enhance

generalizability and obtain more robust correlation estimates. Re-

search designs could incorporate methods to account for external

tool usage and other forms of help-seeking, such as self-reporting

or a more detailed log analysis.

Further investigation into sequential patterns could involve more

advanced sequence mining techniques on larger datasets to iden-

tify macro-trends, or potentially linking specific micro-patterns to

learning outcomes at the individual student level [27]. Furthermore,

employing experimental designs that control for prior knowledge,

motivation, and other individual differences would help isolate

the specific impact of different LLM interaction types and frequen-

cies. Investigating the learning trajectories associated with specific

help-seeking patterns, particularly for mid-range performers [11],

and exploring optimal LLM design features that effectively scaffold

learning remain important avenues for further research [30].

6 Conclusion
This study investigated the role of LLMs in introductory high school

programming, finding that they can act as both a learning partner

and a hindrance. Our initial results confirm the risks: increased

interaction, particularly driven by executive help-seeking, corre-

lated with lower exam performance. While a targeted pedagogical

intervention reduced detrimental behaviors, it did not lead to a

statistically significant improvement in average grades. Ultimately,

this research concludes that the value of an LLM is not inherent to

the technology but is critically dependent on pedagogy. Providing

access alone is insufficient and can be counterproductive. To en-

sure LLMs serve as a "friend" and not a "foe," educators and system

designers must co-develop learning environments that explicitly

teach and scaffold productive, instrumental learning strategies.
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