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Abstract
CS1 programming assignments (PAs) provide students with vital
coding experience, but creating programs with the correct output
does not guarantee full coding proficiency. Questions on Learner’s
Code (QLCs) are assessment questions about a student’s own PA so-
lution to evaluate their conceptual understanding. While traditional
QLCs are about the student’s authored code, this study investigates
whether answering AI-generated questions about peer code can
strengthen learning outcomes. We conducted a classroom study
comparing CS1 students who received LLM-generated QLCs based
on either their own code (Self; 𝑛 = 16) or a classmate’s code (Peer;
𝑛 = 19), alongside an anonymized control group of students who
did not answer QLCs (Baseline; 𝑛 = 56). Results indicated similar
scores and time spent on exercises between the Peer group and the
Self group. The Peer group scored significantly higher (𝑝 = 0.033)
on the final exam than the Baseline group, indicating latent learning
benefits for cumulative exam outcomes. Peer group participants also
rated the helpfulness of QLCs higher than those in the Self group,
citing the value of exploring alternative implementations of famil-
iar tasks. These findings indicate that answering LLM-generated
questions based on peer code effectively encourages reflection and
reinforces computing concepts.

CCS Concepts
• Social and professional topics → Computing education; •
Applied computing→ Interactive learning environments.
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1 Introduction
Most CS1 courses rely on programming assignments (PAs) to build
students’ coding experience through hands-on practice. However,
novice programmers frequently struggle to develop code compre-
hension and programming skills alongside these PAs [10, 20]. Even
if a student submits a working solution, there is not a guarantee
they fully understand their code or the concepts behind it [13].
Lehtinen et al. [16] previously introduced Questions on Learner’s
Code (QLCs), questions asked about a student’s own PA solution to
evaluate code comprehension. The empirical study discovered one
third of CS1 students failed to answer at least one QLC correctly,
indicating an evident gap in conceptual understanding. Addition-
ally, the authors found that answering QLCs correctly was higher
correlated with CS1 student success and retention compared to
submitting a working PA solution. This finding opens the potential
for QLCs to be adapted as a novel reviewing strategy, not just an
evaluation technique.

However, individual adoption is limited by scalability since man-
ually creating QLCs for every student and PA would be highly
time-intensive. Early automated QLCs frameworks used predefined
templates and static parsers [15, 17, 22], but these rigid generation
methods restrict the scope of questions that can be asked. Large
Language Models (LLMs) offer a flexible alternative because they do
not have restrictions on code style or programming language, allow-
ing them to evaluate open-ended code solutions without needing
strict, pre-defined parsing rules. Given their expanding adoption
in CS education [21], recent work [5] has validated that LLMs can
successfully generate high-quality QLCs for CS1 students.

Leveraging this automated adaptability of LLMs, we propose a
novel pedagogical approach: investigating whether students benefit
from answering QLCs derived from peer code submissions rather
than their own. The inspiration comes from “unseen code analysis,”
where evaluating unfamiliar code snippets, either from peers [8]
or external sources [7, 19], enhances code review capabilities, ex-
poses students to alternative solution strategies, and refines their
overall programming skills [8, 19]. However, to our knowledge,
no prior work has attempted a peer approach with QLCs. Much
like traditional peer code review, students who have already com-
pleted a PA approach a classmate’s code with an established context.
This pre-existing knowledge minimizes extra cognitive load [25]
needed to understand the problem, allowing students to focus on
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deeper conceptual reasoning rather than navigating an entirely
new problem.

We aim to answer the following questions:

• RQ1: How does answering LLM-generated QLCs on one’s
own code versus a peer’s code impact student learning out-
comes?

• RQ2: How do students perceive the relevance, comprehensi-
bility, and helpfulness of LLM-generated QLCs when applied
to their own code versus a peer’s code?

We release the source code, system prompts, recruitment documents
and anonymized data analysis to be publically available1.

2 Background & Related Work
Questions on Learner’s Code. Previous literature has indicated
poor conceptual understanding [12], program comprehension [10],
and code writing abilities [18, 20] among new programmers. Since
functioning code can be written with trial-and-error or external
assistance, a working PA solution does not guarantee coding profi-
ciency [13]. QLCs were proposed by Lehtinen et al. [16] to support
and evaluate a thorough understanding of a student’s own code.
These questions prompt students to critically analyze their imple-
mentation, which has been shown to benefit students’ learning
outcomes [26].

Two approaches have been used to implement QLCs in class-
rooms. Researchers either 1) manually wrote questions [16] or 2)
extracted information from code and used pre-defined templates
to generate questions [15, 17, 22]. While reliable, manually creat-
ing questions is not scalable for large numbers of students. Using
templates allows for automation, but it limits the types of QLCs to
primarily be syntax-focused, and an already-developed template is
not easily generalizable to other PAs or programming languages.
LLM Question Generation. Modern LLMs can help provide a
solution to these barriers of scalability, question diversity, and gen-
eralizability. Prior work has demonstrated that LLMs can effectively
generate multiple-choice questions (MCQs) for CS classrooms au-
tomatically [6, 24, 27, 28], making LLMs a viable alternative for
QLC generation. Since LLMs do not rely on specific programming
languages, unlike previous QLC automation attempts [17, 22], LLM-
based generation provides a generalizable approach for creating
QLCs for CS1 students. Supporting this potential, recent work by
Goodfellow et al. [5] explores a highly similar approach to dynami-
cally generate QLCs using aMoodle Virtual Learning Environment2
plugin powered by GPT-4o.
Unfamiliar Code Analysis. CS1 students perceived unseen code
analysis as helpful for developing their program comprehension and
coding proficiency [4, 7]. Previous investigations include explicit
code tracing [7], plain-English explanations [19, 23], and think-
aloud exercises [9, 10]. As discussed by Kapoor et al. [11], students
believe that the familiar problem context provides essential scaf-
folding to promote code understanding because they already know
the underlying logic and goals.

1https://github.com/largehappygroup/qlcs-files
2https://moodle.org/

Figure 1: The architecture for the platform, including how
QLCs are generated.

3 Study Design
In this section, we present our approach of automatic QLC gen-
eration to improve student learning outcomes and investigate the
efficacy of answering peer code QLCs. We designed a custom plat-
form leveraging ChatGPT to automatically generate QLCs based
off self or peer code, assign exercises to students, and collect an-
swers and observations about QLCs. We deployed our approach in
a CS1 classroom at an accredited university in the US during the
Spring 2026 semester. In the following subsections, we describe the
website application and the details of the classroom study where
this system was implemented.

3.1 QLC Generation Platform
Figure 1 outlines the architecture for the website application. The
platform is deployed on an on-premises server for institutional
compliance, it consists of a react-ts frontend with an Express and
NodeJS backend through a RESTful API. Most data (e.g., users,
exercises, PAs) is stored in a local MongoDB3 database on the server.

When a user logs into the website, the SSO will redirect them
to the Dashboard page. First-time users are given the student role
and randomly assigned to the Self or Peer group as described in
Section 3.3.

3.1.1 Website Pages.

• Dashboard: Students access their current exercises, and
faculty get graphs about students’ performance.

• Chapters: Students can review previous exercise results,
and faculty can edit PA details.

• Progress: Faculty can view individual students’ progress
and download results in a CSV file.

• Exercises: Faculty can generate and look over exercises
before they are released to students.

3.1.2 Exercise Generation. We generate QLCs with the GPT-5.2
model from Amplify API 4 in two steps. We first provide the LLM
with a PA solution and ask it to provide 1) a list of relevant question
types and 2) directives to generate the exercise. These artifacts
are fed to the same LLM to output an exercise with five QLCs,
which is returned as a structured JSON object. Each QLC includes

3https://www.mongodb.com/try/download/community
4https://www.vanderbilt.edu/generative-ai/custom-software-pilot-amplify/
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a correct answer with a corresponding explanation and three in-
correct answers with tailored hints [2] for each option. We chose
this two-stage pipeline based on our preliminary exploration of
various prompt strategies. Providing structured question types and
directives yielded more technically correct results than single-step
prompting. This approach removed ambiguous code quality cri-
tiques prone to multiple valid answers. The system prompts for
question generation can be modified according to an instructor’s
needs to incorporate specific topics and learning objectives.

To evaluate our final strategy, we generated 54 questions from 13
CS1 PA solutions of varying complexity from three online sources5.
These questions were verified by two co-authors who have knowl-
edge of CS fundamentals. The reviewers evaluated the questions
against a rubric for linguistic clarity, course appropriateness, code
tracing reliance, objective answerability, and overall technical cor-
rectness. Across all the categories, 80% of the generated questions
were rated usable, with a prevalence-adjusted and bias-adjusted
kappa (PABAK) score of 0.74, indicating substantial inter-rater reli-
ability [14].

3.1.3 Answering QLCs. When a student opens an exercise, they
receive a PA code submission, a query and four answers in random
order. An incorrectly-chosen answer will result in a hint being
displayed and a prompt to try again. Since questions may contain
LLM hallucinations, we provided a hyperlink for students to con-
tact the research team if they suspect any part of the question to
be incorrect (e.g., incorrect answer or explanation, unreasonable
query). Students cannot move on until they eventually provide the
correct answer, which the backend verifies with the correct answer
stored in the database.

Figure 2 shows the student view upon submitting the correct
answer, where they are presented with a detailed explanation on
why the option was right. Students were asked to rate the question’s
clarity (1: Very hard to 5: Very easy to understand) and helpfulness
(1: Not helpful to 5: Very helpful for understanding coding concepts).
Students could also flag student-written code they suspected was
AI-generated. To ensure no student code had unfamiliar syntax, the
research team discussed flagged submissions post-hoc to ensure
there was a consensus for appropriateness for the CS1 level.

3.1.4 Feedback on Overall Experience. The feedback form includes
the following statements:

• S1: The exercises are easy to understand.
• S2: The exercises are asking reasonable questions.
• S3: The exercises are helping me better understand the pro-
gramming assignment code they are based on.

• S4: The exercises are overall helping me better understand
the Java programming language.

• Please give any additional feedback you have about the ex-
ercises.

Except for the last free-response question, all are rated on a Likert
scale: Strongly Disagree (1), Disagree (2), Neutral (3), Agree (4), and
Strongly Agree (5).

5https://www.w3resource.com/java-exercises/index.php,
https://github.com/HarryDulaney/intro-to-java-programming,
https://github.com/pavel-rossinsky/java-a-beginners-guide-herbert-schildt

Figure 2: The layout of an exercise popup for a correctly-
answered question.

3.2 Classroom Setting
We conducted an IRB-approved classroom study during the Spring
2026 semester with undergraduate students enrolled in a CS1 course
at an accredited university in the United States. The class is required
for all CS majors and minors, some engineering majors, and is open
to non-majors6. The goal of this introductory course is for students
to learn Java fundamentals and object-oriented design.

Weekly PAs are built into the course for coding practice, and
each student independently completes them (excluding assistance
from instructional staff). Automated test cases on an external auto-
grading service evaluate the correctness of the code solutions with
respect to a pre-defined test suite. There are 29 PAs and four ex-
ams (3 midterms, 1 final) during the 16-week semester. The study
procedure started after the second midterm (Week 7) and ended
the week of the third midterm (Week 11). The study was conducted
over 10 PAs, with topics ranging from if-statements, loops, arrays,
file input/output, and the Random object.

3.3 Participant Recruitment
A research teammember held a 10-minute recruitment presentation
during CS1 class periods. Students were sent a follow-up email with
1) a link to a consent form to be signed by eligible students, 2) a link
to the website application, and 3) a link to the recruitment slides
and a platform user manual.

Eligible students (at least 18 years old and enrolled in CS1) had
half a week to opt into the study through the consent form and
make an account with their institution credentials. Participants
provided basic identifiable information (e.g., name, email address,
student ID) and their level of programming experience (years and
previous coursework) prior to CS1 in the consent form. All CS1
students, including non-participants, who completed at least 90% of
exercises and completed the feedback form were eligible to receive
extra credit applied to their final CS1 grade. We excluded all non-
participating students’ exercise and feedback data from analysis.

There are four groups defined within the scope of this paper:
• Self: Students received QLCs about their own PA code.

6The university does not require declaration of majors during the first year, which is
when students are expected to take this course.
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Figure 3: The classroom deployment procedure, from groups
to assigning exercises

• Peer: Students received QLCs about an anonymized peers’
PA solution.

• Baseline: Students did not complete any QLCs.
• Other: Students under special cases (e.g., completed at least
one exercise and didn’t opt into the study, didn’t take an
exam). These students were exempt from all data analysis.

Figure 3 outlines the experimental procedure. Upon account
creation, the platform randomly divided participants into the Self
and Peer groups, and both groups used the platform unmonitored.
Following each PA deadline, a researcher uploaded student code
and test case reports from the external autograding service into
the application server. To ensure quality, the researcher briefly
screened the generated outputs and fully regenerated any exercises
that contained duplicate questions or answers.

The application backend routed exercises based on group assign-
ment while enforcing several system constraints:

• Filtering: To guarantee code quality, the Self group auto-
matically received a peer’s code if their own code failed to
compile or scored below 75% of test cases.

• Anonymization: All author-identifying information (e.g.,
comments and filenames) was strictly stripped from code,
and no author was notified of who reviewed their work.

• Privacy: Consented study participants received exercises
exclusively generated from other participants’ code.

Students completed the feedback form in Section 3.1.4 every
other week to evaluate their experience.

4 Results
Out of 95 students enrolled in CS1 for Spring 2026, 44 opted into
the study. A total of 35 active participants (Self: 𝑛 = 16; Peer:
𝑛 = 19) completed 276 of 427 assigned exercises. The distribution of
active Self and Peer group students are shown in Table 1. The Self
and Peer groups submitted 19 and 22 feedback forms, respectively.
The Baseline group (𝑛 = 56) contain the remaining CS1 students
who did not participate, including eight opted-in students who did
not complete any exercises. Finally, four students were put in the
Other group and excluded from any data analysis: one opted in late,

Table 1: Demographics for Self and Peer groups.

Demographics Self Peer
Gender Male 11 8

Female 4 7
Others 1 4

Prior Coding Experience No Experience 3 5
Beginner 10 9
Intermediate 3 5
Advanced 0 0

Prior Programming Courses Taken 4 8
Not Taken 12 11

two non-participants completed exercises, and one non-participant
missed at least one required exam.

The exceptional scenarios described in Section 3.3 required inter-
vention. Specifically, 7.73% of assigned exercises (2.8% of completed
exercises) required a Self group participant to receive a peer-based
exercise because their own code failed to meet requirements. 3.98%
of assigned exercises were regenerated due to duplicate questions
or answers. Students also reported 13 suspected cases of LLM hallu-
cinations. After manual review by the research team, 12 instances
were verified as hallucinations. Nine of them occurred from the
LLM miscounting characters in a string, two were from arithmetic
errors, and one was due to the UI not being distinct with white-
space differences between answers. The corresponding questions
were marked as correct in the database, and the affected students
received a detailed explanation of the error.

In our experiment, there were participants who answered QLCs
based on code written by others. However, we note that it is possible
two students may coincidentally produce highly similar code for
CS1-level assignments. Therefore, we used theMeasure Of Software
Similarity (MOSS) [1] to quantify the similarity between the Peer
group participants’ code and the student code from the QLCs they
answered. We measured an average MOSS similarity of 0.26 (out
of 1.0), indicating a very low lexical and syntactic similarity. This
suggests that Peer group participants were examining structurally
different code from their own submission.

4.1 RQ1: Impact on Learning Outcomes
Across all completed exercises, students in the Self group achieved
a similar average score (0.65 ± 0.29) to those in the Peer group
(0.63± 0.29). Total time spent per exercise was also similar between
the two groups, with the Self group averaging 417𝑠 ± 414𝑠 and the
Peer group averaging 415𝑠 ± 415𝑠 . Pairwise 𝑡-tests indicated the
differences in both score (𝑝 = 0.678) and total time spent (𝑝 = 0.960)
per exercise were not statistically significant.

We analyzed student performance across exams to evaluate the
impact of exercises on learning outcomes. The average exam score
for each group is shown in Table 2. Midterms 1 and 2 were combined
to create an exam score baseline since both were given before the
study began. Pairwise 𝑡-tests were conducted between the three
groups for each exam period. No statistically significant differences
were discovered for the combined exams or Exam 3. On the final
exam, most comparisons were similarly insignificant, except for
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Table 2: Exam Scores for Each Student Group

Group Exams
1 & 2 3 Final

Self 82.93 ± 10.52 79.53 ± 14.07 82.73 ± 12.76
Peer 83.72 ± 6.25 83.61 ± 9.34 83.24 ± 8.52
Baseline 80.64 ± 11.31 78.18 ± 16.24 76.35 ± 18.69

Table 3: Average and Distribution of Per Question Ratings
(1-5).

Metrics Self Peer
Average Distribution Average Distribution

Clarity 3.54 1 5 3.59 1 5
Helpfulness 3.41 1 5 3.63 1 5

Table 4: Average and Distribution of Feedback Form Likert
Scale Responses.

Statements Self Peer
Mean Distribution Mean Distribution

S1: Understanding 3.08 1 5 3.83 1 5
S2: Reasonable 3.58 1 5 4.25 1 5
S3: Helpful Code 3.58 1 5 3.67 1 5
S4: Helpful Java 3.67 1 5 3.83 1 5

a significant difference observed between the Peer and Baseline
groups (𝑝 = 0.033; Cohen’s 𝑑 = 0.411).

4.2 RQ2: Student’s Perceptions of QLCs
4.2.1 Per Question Ratings. To evaluate users’ perception of the
generated question quality, we aggregated the per-question ratings
for clarity and helpfulness across all completed exercises. Table 3
shows the average and distributions of those aggregated Likert scale
ratings. Pairwise t-tests were conducted to compare these metrics
between groups. While the difference in perceived clarity was not
statistically significant (𝑝 = 0.401), the helpfulness 𝑡-test observed
a highly significant difference (𝑝 < 0.001; Cohen’s 𝑑 = 0.200). This
indicates the Peer group rated the individual questions as more
helpful than the Self group.

4.2.2 Feedback Form Responses. Feedback form responses as out-
lined in Section 3.1.4 were collected during the second and fourth
week of the study. For students who successfully responded in both
instances, a paired t-test revealed no significant differences, so the
Likert scale ratings were averaged in such cases. Table 4 displays the
average and distribution of Likert scale ratings for each statement
across the Self and Peer groups.

Pairwise 𝑡-tests conducted on the four survey statements re-
vealed statistically significant differences between the groups for
statements S1 (𝑝 = 0.015; Cohen’s 𝑑 = 1.081) and S2 (𝑝 = 0.021;
Cohen’s 𝑑 = 1.033), indicating the Peer group rated the questions
as easier to understand and more reasonable than the Self group
did. S3 (𝑝 = 0.732) and S4 (𝑝 = 0.368) did not reveal a statistically
significant difference between the two groups.

We also gave students the option to add their comments as free
text. We conducted a Braun and Clarke [3] thematic analysis on
the statements for each group.

4.2.3 UI/UX and Formatting Barriers. This was the most preva-
lent theme throughout the feedback, with eight Self group and
three Peer group students noting interface and formatting obstacles
that prevented them from understanding a question fully. Some
mentioned an issue of extremely long answers (typically questions
where the student had to predict the output given an input), for
example:

“The formatting of the questions cuts off the end of a lot of the
answers, and some all have the same beginning so I end up just
randomly choosing an answer.” (Self participant)

Some noted that the LLM would choose questions where the
difference between answers would be subtle formatting details (e.g.,
newline character or trailing whitespace) with no font differentia-
tion, which made selecting an answer difficult:

“...therewere two answer choices that looked the same, but...the
newline was placed differently...it is hard to tell visually.” (Self
participant)

“...lack of font difference makes it hard to tell where the ‘Run
1’ output ends and where ‘Run 2’ starts...” (Self participant)

Additionally, the website application was designed to shuffle the
answer choices to ensure LLM generated output wasn’t predictable
based on position. However, this actually became a pain point and
added unnecessary cognitive load for two Self group students:

“...it would be better if the answer choices stay in the same spots
after you get a question wrong because it takes too much time to
read through the same answer choices again...” (Self participant)

4.2.4 LLM-generated Artifacts. Four Self group students and one
Peer group student identified the queries from some questions as
too long. This is likely an artifact of the LLM-generated output:

“...the prompts are rather long and more about code application
than actually understanding.” (Peer participant)

4.2.5 Student Cognitive Engagement. One Self group student and
two Peer group students mentioned reading the code itself wasn’t as
necessary to answer the question since they were already familiar
with the task:

“...it doesn’t help all that much to use the PA assignments as
examples, as we can work through the problems without even
looking at the code.” (Self participant)

Two Self group students and one Peer group student also men-
tioned a disconnect between the exercise questions and the ones
on an exam, for example:

“More complex questions would be nice. Maybe further appli-
cations like what might be seen on a test.” (Peer participant)

4.2.6 Positive Reinforcement. Two students in the Peer group men-
tioned they found the exercises helpful for reinforcement and for
seeing code implementations they hadn’t done in their own pro-
grams:
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“I also havent implemented the for each things in my own
code, so this was helpful in helping me understand that more.”
(Peer participant)

5 Discussion
Students who answered questions about a classmate’s code per-
formed just as well (Self: 0.65 vs. Peer: 0.63) and spent the same
amount of time (Self: 417𝑠 vs. Peer: 415𝑠) on the exercises as those
who answered questions about their own code. This is an indication
that unfamiliar code questions do not inherently hinder student
performance on these code exercises.

Additionally, the Peer group on average achieved 6.89% higher
on the final exam than the Baseline group, which was a statistically
significant difference (𝑝 = 0.033). However, this significance was
absent for exam 3 (𝑝 = 0.366). This discrepancy suggests that
the peer code questions may have advantages that are latent or
cumulative rather than immediate.

The Self group was much more critical of the readability and
fairness of the questions compared to the Peer group, and they
left more comments about UI/UX and formatting. One explana-
tion outcome could be constraints of cognitive load [25], where
understanding complex logic consumes most of a problem-solver’s
processing capacity. Because the Self group was already highly fa-
miliar with their own code, their intrinsic cognitive load was lower
than that of the Peer group. This freed up the necessary bandwidth
to notice and critique more external factors like formatting and
interface design.

Students in both groups generally held a positive perception
regarding the helpfulness of QLCs. This is more apparent by look-
ing at the distribution of S3 and S4 in Table 4. This aligns with
findings from previous studies [5, 22], where students reported
QLCs as helpful in developing a better understanding of their code
and programming concepts. However, despite these positive per-
ceptions, only the Peer group experienced a significant increase in
exam scores, and this occurred only for the final exam. Similar to
[5], the immediate impact of LLM-generated QLCs on summative
assessments for a student’s own code remains non-significant. This
suggests that while most students value the exercises, the measur-
able cognitive benefits may be more subjective or might not be
evident in short-term exam performance.

Future research could be a longitudinal study tomeasure the long-
term impact of QLCs on student performance, especially as students
transition to more rigorous programming courses. Furthermore,
the current implementation of the system is limited to providing
students with an explanation of the correct answer. Although it
generates hints on why the other answers are incorrect, supplying
direct and targeted feedback on specific misconceptions may be
more effective in improving immediate learning outcomes.

6 Threats to Validity
Students who opted into the study were offered extra credit, which
may have led specific students (e.g., those with lower grades or more
concern over GPA) to participate. Additionally, code submissions
were filtered to include only those that successfully compiled and
passed 75% of the autograding test cases. This baseline requirement
ensured that no student was unfairly disadvantaged by receiving

non-functional code that could either result in unpredictable ques-
tion generation or hinder the students’ ability to answer the QLCs.
Given the large volume of generated content, exhaustive manual
verification of every exercise before giving them to students was
unfeasible. We mitigated the risk of LLM errors by performing a
high-level screening process of the generated questions and a direct
reporting system for students to flag any remaining issues.

7 Conclusion
We conducted a controlled experiment with 35 CS1 students to
investigate whether LLM-generated Questions on Learner’s Code
(QLCs) derived from peer code offer distinct learning benefits com-
pared to QLCs generated from a student’s own code. While we
observed no immediate differences in performance or time spent
during the exercises, both groups generally perceived the activi-
ties as moderately understandable and helpful. Notably, the Peer
group rated the exercises as significantly more helpful (𝑝 < 0.001)
after completion. Additionally, the results of this study imply that
answering questions about peer code may lead to long-term ben-
efits on cumulative exam outcomes. These findings suggest that
LLM-generated QLCs based on peer code serve as a viable and valu-
able tool for broadening conceptual understanding in introductory
programming courses.
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