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Abstract

Many Al-based code assistants, particularly those powered
by Large Language Models (LLMs), provide complete solu-
tions, which can reduce active problem solving and limit in-
cidental learning, the acquisition of knowledge as a byprod-
uct of task engagement. Such learning requires active par-
ticipation rather than passive acceptance of Al-generated an-
swers, which answers might be incorrect. This study exam-
ines how incidental learning can be supported through guided
interaction. We present LeetCoach, an LLM-assisted coding
platform that applies a cognitive forcing strategy, prompting
learners to reflect and take incremental steps instead of re-
ceiving full solutions. Using LeetCode-style questions, we
conducted a pilot study with novice and advanced college
programmers who completed tasks under assisted and unas-
sisted conditions. Novices showed substantial post-test gains
despite receiving Al guidance only during the intervention,
suggesting that incidental exposure improved later perfor-
mance. Advanced learners showed smaller gains. Across both
groups, participants required fewer debugging attempts in
the post-test compared to earlier stages, indicating improved
debugging efficiency and algorithmic understanding. These
findings provide early evidence that LLMs can be designed
to promote indirect learning while shaping problem-solving
strategies. This work offers a proof of concept for cognitively
informed tutoring systems in computer science education and
discusses implications for integrating LLMs to enhance both
immediate outcomes and lasting skill development.

Introduction

Advances in Large Language Models (LLMs) have led to
accessible assistance tools that can generate code, provide
interactive learning support, and enable new approaches
to programming instruction (Qi, Hartmann, and Norouzi
2023). Prominent examples such as ChatGPT (Kashefi and
Mukerji 2023; Tian et al. 2023; Biswas 2023) and GitHub
Copilot (Nguyen and Nadi 2022; Puryear and Sprint 2022;
Wermelinger 2023; Dakhel et al. 2023) have demonstrated
the ability to produce application-specific code, improving
coding efficiency. Nevertheless, previous research has also
identified potential pitfalls of integrating LLMs into edu-
cational settings (Cambaz and Zhang 2024), including evi-
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dence that students who rely more heavily on LLMs for cog-
nitively demanding tasks (e.g., code generation, debugging)
tend to achieve lower final course grades (Jost, Taneski,
and Karakati¢ 2024). There are also concerns that learners’
overreliance may lead to skill degradation (Yilmaz and Yil-
maz 2023; Zastudil et al. 2023) and superficial engagement.
Given growing concerns about the reliability and trustwor-
thiness of Al, fostering human critical engagement is a nec-
essary component of successful human—Al interaction in ed-
ucational contexts (Kazemitabaar et al. 2025). Recent work
has investigated how interactions with Al-powered decision
support systems can be redesigned using approaches such as
in-the-moment cognitive interventions (Gajos and Mamyk-
ina 2022; Park et al. 2019) to encourage deeper processing
of Al-generated information.

In learning sciences, cognitive engagement refers to the
extent to which learners actively participate in the learning
process, with higher engagement linked to greater instruc-
tional benefits and improved skill acquisition (Gajos and
Mamykina 2022). In programming education, this concept
has informed the design of activities that strengthen prompt-
ing skills and code comprehension (Denny et al. 2024a,b), as
well as the development of coding assistants that avoid pro-
viding direct solutions (Liffiton et al. 2023; Kazemitabaar
et al. 2024). However, most existing studies in programming
education focus on the capabilities or accuracy of Al assis-
tants rather than on how interaction design can influence
learners’ incidental learning in problem-solving strategies.
We argue that instructional design should focus on foster-
ing deeper engagement with Al-generated code to mitigate
skill degradation. Using in-the-moment cognitive interven-
tions (Park et al. 2019), cognitive forcing (Buginca, Malaya,
and Gajos 2021), and metacognitive reflection (Tankelevitch
et al. 2024), we adopt an approach that integrates cognitive
forcing, goal-oriented prompts, and scaffolded guidance for
conceptual understanding and debugging. This approach is
designed to help learners understand problems, reflect on
their reasoning, and engage in iterative refinement to criti-
cally analyze and adapt Al-generated code rather than pas-
sively relying on complete solutions.

Most prior research on Al code assistants in the con-
text of programming education has relied on closed-source
commercial services, such as OpenAl’s GPT-4, to provide
Al-assisted learning experiences (Kazemitabaar et al. 2025;



Biswas 2023). While effective, these systems can be costly
and inaccessible to many Al practitioners and researchers.
The potential of open-source, lightweight, and cost-effective
LLMs, which provide transparency and public access, re-
mains largely underexplored in computer science education.
Moreover, these models can be configured through prompt
engineering to deliver learner-specific guidance tailored to
individual needs (Logan IV et al. 2021; Zhao et al. 2023).
However, limited work has examined how such models can
be integrated with pedagogy-driven interaction designs that
align with the incremental nature of problem solving, where
understanding fundamental concepts and developing algo-
rithmic thinking are essential.

This paper addresses this gap by investigating how in-
cidental learning can be supported through guided interac-
tion that incorporates a cognitive forcing strategy into open-
source LL.M-based code assistance. We present LeetCoach,
an open-source LLM-powered platform to provide imme-
diate task-oriented assistance that is lightweight and eas-
ily adaptable to educational settings. Rather than provid-
ing complete solutions, LeetCoach uses step-by-step, goal-
oriented prompts to encourage learners to reflect on prob-
lems, approach debugging conceptually, and iteratively test
and refine their code.

We conducted a pilot within-subjects study with 19 stu-
dents, classified as novice or advanced, using LeetCode-
style data structure problems. Each participant completed
three tasks: a pre-intervention task without Al assistance,
an Al-assisted intervention task, and a post-intervention task
without assistance. This design allowed us to evaluate both
the immediate impact of Al guidance during the intervention
and learning gains in subsequent problem-solving. Results
showed that novices achieved substantial post-intervention
improvements despite receiving Al guidance only during the
intervention, suggesting strong incidental learning effects in
terms of algorithmic understanding and debugging skills.
Advanced learners exhibited smaller gains, indicating that
benefits may be greater for less experienced programmers.
Post-study surveys provided insight into learners’ percep-
tions of guidance and engagement.

In summary, we make the following contributions:

* We present LeetCoach, an open-source, lightweight
LLM-based coding assistant that integrates a cognitive
forcing strategy with goal-oriented prompts and scaf-
folded guidance to support incidental learning through
active problem-solving without providing full solutions.

We further demonstrate, through a within-subjects study
with novice and advanced programmers, that such guided
Al interaction can lead to incidental gains in debugging
skills and algorithmic understanding, with stronger ef-
fects observed for novices.

Related Work

LLM-Powered Programming Assistance in Education.
Recent studies show that human-aligned LLM-based coding
assistants can enhance students’ debugging efficiency and
conceptual accuracy (Wong and Tan 2024), and that LLM-
generated test cases can improve understanding of algorith-
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mic reasoning (Kumar and Lan 2024). While these assis-
tants can generate, explain, and debug code, they present
two key challenges for programming education. First, their
outputs are inconsistently accurate for complex coding prob-
lems (Kazemitabaar et al. 2023, 2025; Prather et al. 2024).
These inaccuraries make overreliance on Al solutions risky
for novice programmers who must learn the syntactical
structures of programming languages and the algorithmic
reasoning of programming problems (Gajos and Mamyk-
ina 2022; Giiner and Er 2025; Kazemitabaar et al. 2023;
Miedema, Aivaloglou, and Fletcher 2022). Such depen-
dence can impede novice programmers’ development of crit-
ical programming skills, namely decomposition, indepedent
debugging, transferrable problem-solving, and algorithmic
logic (Kazemitabaar et al. 2025; Qureshi 2023; Zhai, Wi-
bowo, and Li 2024). Second, most studies on LLM-based
assistants rely on commercial APIs such as OpenAl (Biswas
2023; Hammer et al. 2024). Proprietary LLMs are costly,
less adaptable for classroom use, and typically limit re-
search to a single popular platform: ChatGPT (Hammer
et al. 2024; Shen et al. 2024). Open-source LLMs, however,
enable prompt-level control, making it more feasible to em-
bed learning-centered scaffolds directly into Al interactions.

Incidental Learning in AI-Assisted Systems. Incidental
learning, a by-product of engaging in tasks like problem
solving or advice seeking rather than explicit instruction,
plays an important role in the development of transferable
understanding (Watkins and Marsick 1992). In program-
ming education, Al systems can facilitate incidental learn-
ing by provoking students to make in-the-moment decisions,
test hypotheses, and engage with system feedback to itera-
tively guide problem-solving. Previous work has shown that
incidental learning depends on the level of cognitive par-
ticipation and can arise from collaborative decision-making
tasks (Berlin and Jeffries 1992; Marsick et al. 2017). More
recent research indicates that Al assistance, such as pro-
viding recommendations and explanations, improves im-
mediate task accuracy but rarely results in learning (Gajos
and Mamykina 2022; Kazemitabaar et al. 2023). In con-
trast, “explanation-only” conditions, in which learners re-
ceive an Al-generated explanation without any accompa-
nying recommendation and must independently derive their
own conclusions, have been shown to produce significant
learning gains (Gajos and Mamykina 2022; Kazemitabaar
et al. 2025). Similarly, research shows that slowing down
the Al assistance process to require users to make a deci-
sion first can further improve learning outcomes (Park et al.
2019; Green and Chen 2019). Building on these insights,
our work investigates how Al-assisted programming envi-
ronments can incorporate explanation-only and reasoning-
first interaction patterns to operationalize incidental learning
principles in problem-solving tasks.

Cognitive Forcing Strategies in Al-assisted Learning.
Cognitive Forcing Functions (CFFs) can reduce overre-
liance on Al output by prompting users to slow down,
consider alternatives, predict next steps, or commit to a
choice before seeing Al output. While CFFs increase learn-

ers’ cognitive load (Bucginca, Malaya, and Gajos 2021),



. (a) Sample Code Problem Description _

88. Balance Point Finder Code Editor

(b) Timer

Skip Problem

(d) Solution
Evaluation

Test My Code Submit Code

(c) Code
| Refinement

Imagine a seesaw with several weights placed on it,
represented by an array of integers weights with size n.
Your task is to find the balance point on the seesaw. The
balance point is an index where the total weight on the left
is exactly equal to the total weight on the right.

The platform accepts Python only.

| T

You can write your solution in pseudocode or any coding language,
then run Refine My Code to convert it into Python and replace with your current code.

If the point is at the far left, the left side has no weights, so
its total is .

The same applies if the point is at the far right - there would
be no weights on the right side.

Return the first position (from the left) where the seesaw
balances. If there's no such point, return -1.

LeetCoach handles the input; your job is to implement
the function and return the output. No need to read the
input or print the output.

from typing import List

def find_balance_point(weights: List[int]) —> int:

Example 1

Input:

weights = [1,7,3,6,5,6]
Output:

3

] (e) Code Development Area
l (f) Chat Assistant - ..

Ask LeetCoach!

Figure 1: Front-end user interface for the LeetCoach programming platform used in the study. The interface includes: (a) Sample
Code Problem Description, which presents the problem statement and input/output specifications; (b) Timer, enables users to
skip the problem after 10 minutes; (c) Code Refinement, a button which translates non-Python or pseudocode to executable
Python; (d) Solution Evaluation, two buttons which run the user’s code for feedback or final submission; (e) Code Development
Area, which is the workspace for writing and editing code in any language before refinement; and (f) Chat Assistant, or Ask
LeetCoach, which is an Al-assisted guidance tool available only during the intervention problem (see Fig. 3 for examples).

such strategies also introduce metacognition into learn-
ing processes (Tankelevitch et al. 2024; Kazemitabaar
et al. 2023). Strategies such as “trace-and-predict”, where
learners step through Al-generated code and predict vari-
able values, or “lead-and-reveal”, which conceals code
and prompts algorithm construction before revealing each
line, have been shown to enhance skill transfer to simi-
lar tasks (Kazemitabaar et al. 2025). However, trade-offs in
cognitive load, learner acceptance, and conceptual knowl-
edge remain contested (Buginca, Malaya, and Gajos 2021;
Miedema, Aivaloglou, and Fletcher 2022), and scaffold-
ing control is often limited when working with proprietary
LLMs. Our design leverages an open-source platform to em-
bed CFFs enabling learning for transfer, which responds
to calls in the literature for pedagogically aligned Al sys-
tems (Qureshi 2023; Zhao et al. 2023; Prather et al. 2024).

Method

This study examines whether open-source LLM coding as-

sistants with cognitive forcing can promote incidental learn-

ing of problem-solving skills in programming education.
Our primary research questions are:
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* RQ1: To what extent can open-source LLLM-based assis-
tants, augmented with cognitive forcing strategies, im-
prove learners’ immediate problem-solving performance
and debugging skills in programming tasks?

* RQ2: How effectively does this approach support inci-
dental learning, as reflected in performance and debug-
ging skill gains on post-intervention (post-test) problems
completed without Al assistance?

LeetCoach: Guided Code Assistance with LLMs

The platform architecture consists of three layers.

Interface. The learner-facing interface, built in React,
provides standard features along with two LLM-powered
components: Refine and Chat (Fig. 1). Refine translates
pseudocode, draft ideas or non-Python code into Python, let-
ting users focus on problem-solving rather than syntax. Chat
is the primary assistant and central pedagogical tool offer-
ing guidance throughout problem-solving. In this study, our
LLM analysis focuses mainly on Chat.

System. The backend, built with Flask, coordinates prob-
lem management, user-assistant dialogue, and model exe-
cution. For model inference, we employed the open-source



LLM System

fo)—

Prompt-Based

Role Setup Response to user

I
L
I

T

Context
Problgm. Last N chats
description
—
/ — N =—
— | —
I

Database

Problem System Chat System

Figure 2: Overall flow showing how the LLM, operating via
a fixed prompt as a Coding Assistant, tailors its answers by
retaining context from chat history and problem content.

Gemma 3 (27B) model, accessed through the Ollama REST
API'. Although Gemma 3 was selected for its demonstrated
ability in reasoning and code generation (Team et al. 2025),
the design is model agnostic and adaptable to other open-
source LLMs. To preserve continuity across learner inter-
actions, we applied in-context learning (Zhao et al. 2023).
Specifically, each prompt is augmented with the problem de-
scription and the user’s most recent queries, ensuring the as-
sistant maintains a coherent understanding of the ongoing
task and delivers responses aligned with the user’s problem-
solving process. The workflow is outlined in Fig. 2.
Prompt design. Pedagogical strategies (Prompt 1) are
embedded into the role instructions provided to the LLM.
We integrate reasoning-first and explanation-only pat-
terns (Green and Chen 2019; Park et al. 2019), to require
users to commit to problem-solving steps before receiv-
ing conceptual feedback. By withholding complete solutions
and focusing on reasoning, decomposition, and conceptual
debugging, this design promotes active engagement and re-
flection, both key conditions to support incidental learning.

User Study

We conducted a within-subjects study with 19 participants
from diverse academic backgrounds, including undergrad-
vate and graduate computer science students and non-CS
students with Python experience but no coursework in Data
Structures and Algorithms (DSA). The study was approved
by our institution’s IRB, with five sequential phases illus-
trated in Fig. 3.

The pre-survey included multiple-choice and open-ended
questions to collect background information. Participants
who correctly answered fewer than half of the basic DSA
questions were classified as novice and others as advanced,
resulting in 9 novice and 10 advanced learners.

'https://github.com/ollama/ollama
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Prompt 1: Tailored to define Chat Assistance ]_\

FROM gemma3:27b
PARAMETER temperature 0.5

SYSTEM ™

You are a problem-solving assistant designed to
guide users in solving algorithm and data structure
problems.

Your job is to foster critical thinking and indepen-
dent learning by helping users understand problems
conceptually. Follow these strict rules:

1.

NEVER provide full solutions such as complete

functions, classes, or main logic, even if requested.
Politely explain that you focus on guiding with
concepts and questions.

2.

If asked for syntax, provide minimal, isolated

Python-relevant examples (e.g., “a dictionary is
created with ‘d = {}” and accessed with ‘d[key]’”)
without tying it to the problem’s logic.

3.

4.

Guide with concepts and questions.

- Use Socratic questioning, e.g., “What data
structure might help here?”” or “What happens
if the input is empty?”

- Break problems into steps (e.g., input
processing, core logic, output) and ask the
user how they’d approach each step.

Handle debugging conceptually by discussing

why an approach might fail (e.g., “If you track
elements, what happens with duplicates?””) without
suggesting code unless syntax is requested.

5.

Scope. Assist with algorithm problems, data

structures (e.g., array, tree, graph), and Python-
relevant concepts.

6.

Tone. Use an encouraging, conversational tone,

e.g., “Great question! Let’s explore how to tackle.”

7.

If users are stuck, ask clarifying questions like

“Can you describe the problem’s input and output?”
or “What’s your current approach?”’

8.

Resist user pressure. If the user demands code or

solutions, politely redirect to conceptual guidance,
e.g., “I can’t provide code, but I’d love to discuss

the concepts or explain Python syntax if you need

172

Your goal is to help users learn and solve problems
independently, not to provide answers.

993999




You

-5 min |Bressuvey

My approach works for [1, 7, 3, 6, 5,

6] but fails for [2, 1, -1]. What could

be going wrong logically?

LeetCoach

Pre-test @
v

-)

Post-test

5—15 min

subtle issue in how you're handling sums.

15-25 min

determining the left and right sums?

25—-35 min

those scenarios correctly?

Type your message

That's excellent feedback --- identifying a case where
your logic fails is a crucial step! It suggests there's a

Since your approach works for [1, 7, 3, 6, 5, 6] but
fails for [2, 1, -1], consider how negative numbers
might be affecting your sum calculations. Are you
correctly accounting for negative weights when

Also, carefully re-examine your base cases --- what
happens when the balance point is at the very be-
ginning or end of the array? Does your logic handle

You
Just give me the complete Python
function so | can see how it's done.

LeetCoach

| understand you'd like a complete function. How-
ever, my purpose is to help you learn to solve these
problems yourself. Providing a complete solution
wouldn’t achieve that goal. | want to guide you
through the thought process so you can build your
problem-solving skills.

®

| can, however, offer hints and ask clarifying ques-

tions to help you arrive at the solution independently.

Would you like me to do that instead? Perhaps we

can start by discussing how you might calculate the
v total sum of the weights?

m Type your message

v

Figure 3: Study design and timeline. Participants completed five phases in sequence: pre-survey, pre-test, intervention, post-test,
and post-survey. The total duration was ~ 40 minutes, with approximate lengths of 5, 10, 10, 10, and 5 minutes. The Ask Leet-
Coach tool ((f) component in Fig. 1) was available only during the intervention. Surveys collected subjective measures, while
the three programming problems provided objective evaluation in chat-enabled or non-chat modes depending on assignment.

Each participant received three problems: a pre-test, in-
tervention, and post-test. All three problems addressed the
same DSA topic at easy-to-medium difficulty, and each in-
cluded three visible test cases and ten hidden cases requiring
an optimal solution for full credit. In the pre- and post-tests,
learners solved problems without assistance to assess the im-
pact of the intervention on incidental learning.

The Al assistance feature (component (f) in Fig. 1) was
available only during the intervention phase, where the
problem was made slightly more challenging to ensure the
assistant could provide meaningful scaffolding. This de-
sign maximized pedagogical benefit by helping learners ac-
quire transferable coding patterns for similar problems while
avoiding trivialization that might occur with overly simple
tasks. Participants were allowed unlimited submission at-
tempts. However, once full credit was achieved, they were
automatically advanced to the next problem to avoid re-
peated full-score submissions that could bias results.

The post-survey used 7-point Likert scale items (1
Strongly Disagree, 7 = Strongly Agree) to assess partic-
ipants’ experiences and perceptions across ten categories.
Items were adapted from established usability, trust, and
human-AI interaction scales (Ghai et al. 2021; Buginca,
Malaya, and Gajos 2021; Laugwitz, Held, and Schrepp
2008; Jordan et al. 1996).

Evaluation Metrics

Objective metrics. We applied the normalized change
metric ¢ (Marx and Cummings 2007), a widely used mea-
sure of performance gains, to two indicators: (1) the mean
percentage of test cases passed at submission and (2) the
mean of debugging attempts (code tests) before submission.
Immediate Benefit. We quantified it as the improvement ob-
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served at the intervention phase compared to the pre-test:

intervention—pre

) 1—pre

intervention—pre
pre

if intervention > pre

(D

if intervention < pre

0 if intervention = pre

Here, pre and intervention correspond to the respective
phase values for the two performance indicators.
Learning. To quantify learning (Gajos and Mamykina
2022), we calculated the ¢ value from pre- to post-test per-
formance indicators.

St— .
% if post > pre
_ post—pre :
C=9 o if post < pre 2)
0 if post = pre

Debugging attempts, which are not ratio-scale measures,
were normalized by dividing each participant’s total by the
maximum observed across all users and problems, mapping
values onto a 0—1 scale suitable for the analysis.

Subjective measures. We analyzed post-survey responses
to assess participants’ perceptions of LeetCoach in support-
ing learning and overall user experience, based on the con-
structs introduced earlier.

Results

Fig. 4 shows learner outcomes across the three phases
for problem-solving performance (mean percentage of
test cases passed) and debugging efficiency (mean num-
ber of code testing attempts). As expected, given their
stronger background, advanced participants consistently
outperformed novices, achieving higher pass rates and re-
quiring fewer attempts.
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Figure 4: Performance across three phases for advanced and novice learners. Error bars show 95% confidence intervals.
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Figure 5: Performance across three phases for advanced and novice learners. Error bars show 95% confidence intervals.

RQ1: Immediate Benefits with Guided Assistance

Figures 5a and 5b illustrate the immediate effects of guided
assistance on problem-solving and debugging. Advanced
participants’ performance remained stable above 80% across
phases (Fig. 4a), and their normalized change in test cases
passed was slightly negative (M = —0.03). A Wilcoxon
signed-rank test found no significant difference between im-
mediate and learning phases for advanced participants (p >
.05), suggesting that reasoning-first scaffolding caused tem-
porary cognitive friction rather than immediate gains.

Novices, by contrast, showed modest positive gains (M =
0.06) in passing rates during the intervention despite lower
baseline performance. The improvement was not statisti-
cally significant but it indicates that the scaffolding strategy
supported gradual progress without instant solutions.

For debugging attempts, both groups made slightly more
debugging attempts during intervention (Fig. 5b). This pat-
tern can be interpreted as a form of cognitive drift, where
reasoning-first scaffolding temporarily increases cognitive
load and effort as learners adapt to explanation-based strate-
gies. While this raises short-term effort, it is designed to fos-
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ter incidental learning of problem-solving skills.

RQ2: Learning Gains Without Assistance

Post-test results revealed substantial learning gains, partic-
ularly for novices, consistent with the delayed effects of
reasoning-first scaffolding. As shown in Fig.4a, novices be-
gan with lower pass rates but steadily improved, nearly clos-
ing the gap with advanced participants by the post-test. This
improvement is further reflected in the normalized change
analysis (Fig.5a), where novices exhibited large positive
gains despite modest immediate benefits. In contrast, ad-
vanced participants maintained high accuracy across phases,
leaving little room for improvement, as reflected in their
modest learning gains (Fig. 5a, right).

Both groups required fewer debugging trials by the post-
test (Fig.4b). While novices initially made more attempts,
both groups converged by the end. Normalized change re-
sults (Fig.5b) confirm that novices achieved a larger rela-
tive reduction in attempts, indicating improved accuracy and
greater code efficiency.

The post-test demonstrates preliminary learning trends
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Figure 6: Average user ratings (on a 7-point Likert scale)
across various survey metrics, comparing two groups.

despite limited immediate improvement. These findings
highlight the pedagogical value of reasoning-first scaffold-
ing. Novices improved in accuracy and efficiency, while ad-
vanced learners benefited through reduced debugging at-
tempts. By withholding direct solutions and emphasizing
explanation, the system encouraged learners to reflect on
their problem-solving process. Although this increased ef-
fort during the intervention, it translated into meaningful
gains in the post-test. Although not statistically significant,
the consistent trends across both measures indicate mean-
ingful progress. These delayed gains reflect the assistant’s
intentional design to promote deeper strategy development
and knowledge transfer rather than short-term performance.

Users’ Experience and Perceptions

Post-survey responses (Fig. 6) provide insights into users’
experience with the system. Both groups reported high lev-
els of engagement, clarity of instructions, and interface sat-
isfaction (means > 5 on a 7-point scale), indicating strong
usability and positive learner experience. Group differences
were minimal, suggesting that the design was accessible and
effective across skill levels. Likewise, perceptions of Al sup-
port were favorable overall. Both groups agreed that the
Al improved problem-solving, met expectations, and could
be trusted, though advanced learners provided consistently
higher ratings. This is likely due to their ability to better as-
sess correctness and leverage guidance for conceptual rein-
forcement. As expected, novices perceived greater platform
and problem difficulty, while advanced learners rated both
lower, consistent with their skill levels. Importantly, both
groups expressed positive intentions for future use.

Discussion and Conclusion

In this work, we introduced LeetCoach, a lightweight open-
source LLM-driven platform, and conducted an exploratory
user study to examine the effects of guided interaction us-
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ing cognitive forcing strategies for incidental learning. Our
results showed modest post-test gains, especially among
novices, who improved in problem-solving accuracy and
debugging efficiency, while advanced learners benefited
mainly through reduced effort. This aligns with prior work
showing that scaffolding most benefits less-experienced
learners (Wood, Bruner, and Ross 1976). These findings also
highlight the effectiveness of our reasoning-first scaffolding
approach. By withholding full solutions and encouraging re-
flection, users experienced productive struggle and demon-
strated durable learning when working independently.
Implications for Al-assisted learning tutoring. These re-
sults underscore the value of scaffolding strategies that pri-
oritize metacognitive engagement over short-term perfor-
mance gains, a theme increasingly gaining traction in re-
cent research on Al in education (Engelmann, Bannert,
and Melzner 2021; Feng et al. 2025; Kazemitabaar et al.
2025). For instance, Phung et al. (2025) demonstrated how
metacognitive prompts that encourage learners to plan be-
fore debugging improved programming accuracy and reflec-
tive practice. Ma et al. also showed how LLM-empowered
scaffolding through learner—LLM co-decomposition of pro-
gramming problems and support for collaborative deci-
sion making lead to greater engagement and critical think-
ing (Ma et al. 2025a,b). Complementing these findings,
cognitive modeling research shows that integrating LLMs
with experience-based learning theories can potentially im-
prove understanding of how Al feedback aligns with human
decision-making (Nguyen, Jamale, and Gonzalez 2024).
Our work extends these insights by demonstrating that cog-
nitive forcing through reasoning-first prompts can foster in-
cidental learning even with lightweight, open-source LLMs.
By constraining such models through role-based prompts,
we illustrate how small yet configurable LLMs can be strate-
gically deployed to provide pedagogical benefits.
Limitations and Future Work. Our study provides encour-
aging preliminary evidence but remains exploratory, with
several limitations that suggest directions for future work.
First, potential confounds such as practice or familiarity ef-
fects may have influenced performance, and causal interpre-
tations should be made cautiously given the non-randomized
design. Second, we examined only pretrained, open-source
LLMs within a specific task domain, which may limit gen-
eralizability to real-world programming contexts. Future re-
search should explore broader tasks, incorporate fine-tuned
or proprietary models (e.g., GPT-4), and investigate fine-
tuning strategies to better balance scaffolding and respon-
siveness. Third, problem difficulty was not formally vali-
dated by experts, and the study was not a randomized con-
trolled trial with direct baseline comparisons. Larger-scale
studies with expert-validated tasks and randomized designs
are needed to further validate and extend our findings. Fi-
nally, incorporating adaptive, real-time scaffolding respon-
sive to learner behavior could further enhance both immedi-
ate feedback and long-term skill transfer.
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