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Abstract: We investigate the impact of LLM-generated feedback on first-year students’
programming activities by analyzing interaction logs from the RunCode platform. We
collected log data from 37 students across 22 programming exercises. Data were
collected asynchronously over five weeks as part of an introductory Java programming
course at a university in the Philippines. In this preliminary analysis of the data, we
attempted to answer two research questions: What was the relationship between
students’ feedback usage and the student performance on the next problem? What
was the relationship between students’ use of feedback and future programming
performance? Our results show that feedback usage was not a statistically significant
predictor of next-task performance, next-task error count, or future mean task scores,
but it was a statistically significant positive predictor of future mean error count. These
findings suggest that access to feedback alone does not translate into measurable
improvements in programming performance, and the positive association with future
error counts likely reflects underlying learner difficulty rather than a detrimental effect
of feedback.
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1. Introduction

Feedback plays a critical role in supporting learning, as it enables error diagnosis, promotes
reflection, and provides scaffolding that helps learners regulate their problem-solving
strategies and progressively build understanding (Jackson & Graesser, 2007; Hull & du
Boulay, 2015). Adaptive immediate feedback can increase novice programmers’ engagement
and intention to persist in computer science, reflecting benefits primarily in affective and short-
term performance outcomes (Marwan et al., 2020). However, no amount of feedback will be
useful if students choose not to use it or fail to interpret it correctly. A seminal found that many
students are unable to relate compiler error messages to their mistakes, partly because of
limited knowledge and partly because the messages themselves were poorly constructed
(Becker et al., 2016). More recent studies of automated feedback systems report that novice
learners often struggle to meaningfully interpret detailed corrective feedback or automated
program repairs, suggesting that highly prescriptive assistance may reduce opportunities for
essential cognitive activities such as debugging, tracing, and problem-solving (Kurniawan et
al., 2023).

The emergence of Large Language Models (LLMs) offers an opportunity to provide
novices feedback that is more easily understood. LLMs are deep neural networks designed
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to process complex linguistic structures (Carlini et al., 2021). They have attracted significant
attention within the field of natural language processing (Pankiewicz & Baker, 2023). In recent
years, the emergence of LLMs, most notably OpenAl's GPT series (Brown et al., 2020;
Radford et al., 2019), has enabled the generation of personalized and context-aware feedback
at scale. This capability has positioned LLMs as promising tools in educational contexts, where
they are increasingly explored for their potential to enhance learning experiences (Finnie-
Ansley et al., 2022; Dai et al., 2023; Pardos & Bhandari, 2023). As a result, personalized
feedback is widely recognized as an integral component of effective instructional scaffolding,
supporting learners’ conceptual understanding and skill development (Jackson & Graesser,
2007; Hull & du Boulay, 2015).

We undertake this study to determine how novice programmers engage with
increasingly powerful forms of automated support, such as LLM-generated feedback,
employed in an actual classroom setting. This paper studies how novice programmers made
use of feedback within a platform with automated assessment of programming assignments
and seeks to answer the following research questions:

(RQ1) What was the relationship between students’ feedback usage and the student
performance on the next problem?

(RQ2) What was the relationship between students’ feedback usage and future
programming performance?

1.1 The Use of LLM-based Feedback in Programming Education

Introductory programming courses (CS1) are widely recognized as cognitively demanding for
novice learners, who frequently struggle with syntactic accuracy, logical reasoning, and
debugging processes (Robins, Rountree, & Rountree, 2003; Watson & Li, 2014; Winslow,
1996). Studies have shown that many first-year students are unable to produce correct
program code (McCracken et al., 2001) and that novice programmers often struggle to
understand and interpret program code in classroom settings (Lister et al., 2004). These
persistent difficulties emphasize the need for instructional systems that can respond to
learners during problem-solving in a programming context.

In computing education, new forms of instructional support for learners have been
introduced. Concurrently, a growing body of research has emphasized the importance of
personalizing feedback to enhance student learning outcomes (Deeva et al., 2021). In this
context, studies have begun to explore how large language models (LLMs) can be leveraged
to automate the generation of such feedback. For example, experimental evidence shows that
employing an LLM (OpenAl's GPT-3.5) to generate personalized hints for students on an
automated assessment platform led to higher rates of successful submissions and was
positively rated by learners, suggesting that LLM-based feedback can effectively support
student problem-solving on programming assignments (Pankiewicz & Baker, 2023). However,
the availability of LLM hints may also introduce a risk of over-reliance, as learners initially
struggled more when hints were removed, indicating that careful integration is needed to
balance assistance with independent skill development (Pankiewicz & Baker, 2023).

As a result, LLMs potentially attract attention in both computing education and software
development (Takerngsaksiri et al., 2023), as they offer promising capabilities for automating
programming-related tasks and providing on-demand assistance to learners (White et al.,
2023). However, despite the increasing use and availability of LLM-based feedback in
programming education, there remains a limited empirical understanding of how learners
engage behaviorally with such feedback in actual classroom settings, and whether accessing
this feedback translates into immediate or sustained performance improvements. This study
attempts to address these gaps by analyzing students’ behavioral interaction within an LLM-
assisted learning platform using actual programming course contents.



1.2 RunCode Platform

RunCode is a cloud-based programming platform designed to help students learn and practice
fundamental coding concepts. The platform integrates Large Language Model (LLM)-based
assistance, enabling the delivery of context-aware hints, explanations, and feedback to
learners who encounter difficulties while solving programming tasks. The platform has been
deployed in a university setting since 2017 and was originally developed for students enrolled
in programming courses at the Warsaw University of Life Sciences (Pankiewicz, Baker &
Ocumpaugh, 2023).

RunCode has been used in several contexts to study student engagement, learning
behavior, and the effects of automated and Al-supported feedback in programming education.
Specifically, prior work has employed RunCode to examine how gamification elements (e.g.,
progress indicators and achievements) influence students’ task completion patterns and
engagement in introductory programming courses, revealing differential effects for beginners
and students with prior programming experience (Pankiewicz, 2020). More recently, RunCode
has also been used as an experimental platform to investigate the integration of LLMs to
generate automated, personalized hints for programming assignments, allowing researchers
to analyze performance across attempts, feedback usage, time-on-task, and potential over-
reliance on Al-generated feedback (Pankiewicz & Baker, 2023). RunCode feedback was
shown to increase student performance and persistence (Zhou et al., 2025), increase student
engagement, and lower levels of confusion and frustration. These prior explorations using
RunCode were conducted in universities in developed countries. We were interested in
conducting similar studies in a developing country context to see whether the effects of the
platform and of LLM-supported feedback were similar. Testing a system in a culturally different
context helps determine how transferable it is. Testing Al-powered systems within under-
resourced educational institutions is particularly interesting, as results give insight into how
equitably such resources can be shared.

1.3 RunCode Customization for the Study

The RunCode problem sets used in this study were customized to align with the local
curriculum and pedagogical standards. The problem sets used were co-designed with faculty
members teaching CS1 in the higher education institution, to ensure their compliance and
validity to be used in the experiment. Each programming task was designed with clearly
defined specifications, including a task title, a detailed task description, and starter code.
RunCode utilizes function-based programming tasks and validates student submissions
through predefined test cases. These test cases were defined during the creation of the
programming assignments. Figure 1 illustrates an example programming task used in this
study and deployed via RunCode.

In the process of solving a task, students may have needed to submit more than one
possible solution. A task was therefore associated with one or more submissions. RunCode
executed each submission and checked its outputs against predefined test cases. A
submission was considered correct only if it successfully passed all test cases. If a submission
was incorrect, RunCode generated feedback for compiler or logical errors. The feedback,
however, was not automatically displayed. Rather, students were only given an indicator that
the feedback was available. Students had to click the feedback (bulb) icon labeled “Hint”. Only
then would RunCode show the feedback (see Fig 1).

The feedback of RunCode was generated using OpenAl’s APl (GPT-5 model) using a
predefined prompt in response to compilation errors, runtime errors, or unit test failures in the
student’s code. An example of such feedback was shown in Figure 1, which was derived from
an error made during submission. Once displayed, the feedback can be toggled on or off by
clicking the arrowhead icon located on the same line as the Hint icon. RunCode logs these
toggle actions, which are interpreted as an indication that the student accessed the feedback.
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Figure 1. Programming task illustrating a student error and the corresponding LLM-generated
feedback provided in the RunCode platform.

2. Methods
2.1 Participants

Participants were first-year, first-semester computer science students at a private higher
education institution in the Philippines. Inclusion criteria required participants to be at least 18
years old at the time of data collection and to be officially enrolled in Introduction to
Programming (CS1), the first major programming course in their curriculum. The course
introduced foundational programming concepts and was a requirement subject for students at
this year level. Following the university’s curriculum, all programming problems were for Java.

A total of 126 students were enrolled in CS1. Of these, 33 declined to participate, 93
initially provided informed consent to participate in the study; however, one participant later
withdrew. Of the remaining 92 participants, only 37 were included in the final analysis, as they
both accessed feedback and completed the exercises in the prescribed order. These two
factors were essential for the analysis. Participation was voluntary, and platform usage did not
count toward the final grade.



2.2 Data Collection Procedure

All programming activities were conducted using RunCode asynchronously. The platform
automatically logged all student interactions during all the programming tasks. RunCode
produced a submission-level dataset in which each row corresponded to a single code
submission with a unique ID. Each submission row included student account identifiers,
corresponding task IDs, timestamps, and compilation and testing results. Along with the
submission-level dataset, RunCode also produced datasets for the hints clicked dataset, hint
contents dataset, affect dataset, difficulty level dataset, and other task-related and
engagement-related datasets.

All students were assigned RunCode user accounts. To preserve the students’
anonymity, only the teachers knew the student-user account mapping. The research team
only had access to the user accounts and therefore could not trace RunCode activity back to
specific students. The logs of all students who did not consent to be part of the study were
removed during data preprocessing. The final dataset enabled analysis at multiple levels, such
as the submission, problem, and student levels, including attempts and LLM-supported
behaviors.

The data collection process took place over 5 weeks from October 2025 to November
2025. A total of 22 RunCode programming tasks were made available. The scope of these
exercises was data types, operations, conversions, decision structures, and iterative
constructs. Conduct of the study had formal ethics approval from the University’s research
ethics office.

3. Analysis

To determine the relationship between feedback use and task difficulty, as indicated by
student error, we conducted a forward-looking analysis. For each task n, students were divided
into feedback users and non-feedback users based on whether they accessed feedback for
at least one submission for that task. For each group, we then computed average performance
on all subsequent tasks (n + 1 to the final task). Performance on each task was operationalized
using two complementary measures derived from the RunCode submission logs:

e Error occurrence was a task-level indicator with a value of 0 if there were no task
submissions with errors and 1 if there was at least one submission with an error. For
each student, the mean future error rate was computed as the proportion of
subsequent tasks (n + 1 to the last task attempted) in which at least one error occurred.
Higher values indicate poorer performance.

e Task score or percent of tests passed was defined as the final correctness score
recorded by the system for each task, expressed as the proportion of tests passed
(range: 0 to 1). This measure allowed for partial credit when solutions passed some
but not all tests. For each student, the mean future task score was computed as the
average of the final task score across all subsequent tasks (n + 1 through the final
task).

Note that the task score was not the inverse of error occurrence, nor was it defined as the
reciprocal of the number of attempts. While error occurrence captured the presence of non-
compiling submissions, task score reflected solution correctness, and the two measures
capture distinct aspects of performance. To avoid confounding effects due to task order, the
analysis was restricted to 37 students who, as mentioned in section 2.1, (a) accessed
feedback at least once and (b) completed the tasks in the same prescribed sequence.
Furthermore, all variables used in the analysis were operationalized as follows.

e Feedback usage was defined as a binary indicator at the task level, where a value of
1 indicates that a student accessed feedback (i.e., toggled the hint interface at least



once) for any submission within that task, and O otherwise. This measure reflected
feedback access rather than confirmed engagement with or application of the feedback.

e Feedback opportunities, on the other hand, refer to instances in which feedback was
made available to the student, typically following incorrect submissions, where the
system indicated that feedback could be accessed.

e Task score was defined as the final correctness score recorded by the learning
platform for a given task, expressed as the proportion of test cases passed (e.g., range:
0 to 1). This score corresponded to the student’s last submission for that task.

e Error occurrence was defined as a task-level binary indicator, with a value of 1 if at
least one submission for the task resulted in a compilation or logical error, and O if all
submissions were error-free.

e Error count was defined as the total number of compiler errors and warnings generated
across all submissions for a given task.

The final dataset included logs from 37 students who completed two sets of programming
exercises for two instructional groups of topics. The first set comprised 12 exercises, while the
second set included 10 exercises, resulting in a total of 22 exercises administered across the
cohort. In summary, we collected 1188 total submissions and 144 total feedback requests.
Moreover, during the experiment, the task completion rate was 96.6%, the feedback request
rate was 11.8%, approximately 1 in 9 actions was a feedback request, and the average
number of attempts per task was 2.17. These indicators were used to analyze student
feedback access and performance within the learning platform.

3.1 RQ1: What was the relationship between students’ feedback usage and the
students’ performance on the next problem?

To examine whether using feedback on a given task was associated with immediate changes
in subsequent performance, we estimated mixed-effects lagged regression models predicting
performance on task n + 1 as a function of feedback use on task n. Because students
completed multiple programming tasks, the mixed-effects models accounted for repeated
observations within students. The lagged design ensured that feedback usage on task n
temporally preceded the performance outcome on task n + 1, thereby reducing concerns about
simultaneity bias.
Feedback usage was operationalized as a binary indicator at the task level:

FeedbackUsed, , — {1 if student 7 accessed at least one feedback item on task n

0 otherwise

Two complementary measures of performance were examined:

¢ Next-task score, defined as the proportion of passed test cases on task n + 7:
Score; 11 € [0, 1]

o Next-task error count, defined as the total number of compiler errors and warnings
on task n + 1. Because this variable was positively skewed, a log transformation was
applied:

log(ErrorCount;,, ., + 1)

For each outcome, we estimated a mixed-effects regression model of the form:
Yini1 = Bo + BiFeedbackUsed; ,, + 3,Yi, + B3 log(ErrorCount;,, + 1) + Yiask + % + €in

where:

° Yini is either the next-task score or the next-task error count



o Ttask represents task fixed effects

o UYijsarandom intercept for student i, accounting for repeated observations

€ n. )
. L s the residual error term

Feedback usage on task n was not a statistically significant predictor of next-task performance,
after controlling for current performance (B = —-0.020, p = 0.166). Similarly, feedback usage
did not significantly predict next-task error count (B = 0.069, p = 0.566). The models explained
a moderate proportion of variance in outcomes (next-task score: Marginal R* = 0.252,
Conditional R? = 0.277; next-task error count: Marginal R? = 0.354, Conditional R? = 0.385),
indicating that while the overall models capture meaningful variance, feedback usage itself
was not a significant contributor. These results suggest that simply accessing feedback is not
associated with measurable improvements in subsequent task performance or error reduction.
The small and non-significant effect sizes further indicate limited practical impact, implying
that feedback access alone may be insufficient to produce short-term gains, and that how
students engage with and apply feedback likely plays a more critical role.

3.2 RQ2: What was the relationship between students’ feedback usage and future
programming performance?

To assess whether feedback usage was associated with longer-term performance trends, we
extended the lagged approach by examining students’ performance across all subsequent
tasks following a given task n.

For each student-task pair, future performance was computed using all tasks
completed after task n:

e Future mean score:

N
1
FutureMeanScore; ,, = — Score; .
nn K 2,
k=n+1

e Future mean error count: N

L X
FutureMeanError; , = K Z ErrorCount; ;.
k=n+1

Where:
e Nis the final task completed by student
e K= N-nisthe number of future tasks completed

As with RQ1, the future mean error count was log-transformed prior to modeling.
The same mixed-effects structure was used, replacing the next-task outcome with
the corresponding future mean outcome:

yhuwe — g+ 8 FeedbackUsed; , + Y + B3 log(ErrorCount; ,, + 1) 4 Yask + Ui + €.

n

Feedback usage on task n was not significantly associated with future mean task scores after
controlling for current performance (f = —0.007, p = 0.569). However, feedback usage was a
statistically significant positive predictor of future mean error count (8 = 0.124, p = 0.037). The
models explained a modest proportion of variance at the fixed-effects level but substantially
more when accounting for random effects (future mean score: Marginal R? = 0.084,
Conditional R? = 0.642; future mean error count: Marginal R = 0.116, Conditional R = 0.789).
These results suggested that while accessing feedback was not associated with improved
future performance in terms of scores, it was associated with higher error counts across
subsequent tasks. The small effect size for scores and the positive association with errors may
have indicated that feedback access alone did not translate into improved learning outcomes
and may have reflected underlying task difficulty, learner struggle, or selective use of feedback
by students encountering challenges.



4. Conclusions

This study analyzed observable behavioral patterns within an Al-assisted programming
learning platform and their association with performance outcomes. Interpreting these findings
required careful consideration of how key variables were operationalized. In particular,
feedback usage reflected access to feedback rather than direct evidence of students’
engagement with or understanding of that feedback. Therefore, the present analyses should
be interpreted as measuring observable feedback access rather than whether students read,
understood, or successfully applied the feedback. As a result, the log-based design captured
observable associations between behavior and performance but provided only a partial view
of the underlying learning processes, which may include unobserved cognitive and
metacognitive factors.

The results indicated that feedback usage was not a statistically significant predictor
of next-task performance, next-task error count, or future mean task scores, but it was a
statistically significant positive predictor of future mean error count. Taken together, these
findings suggested that simply accessing feedback does not lead to immediate or sustained
improvements in programming performance as measured by scores. The positive association
with future error counts likely reflected underlying learner difficulty; students who are struggling
may have been more inclined to access feedback, rather than a negative effect of feedback
itself. Overall, the small or non-significant effect sizes pointed to a limited direct impact of
feedback access on performance outcomes. These findings should be interpreted in light of
the study context, where tasks may have been relatively accessible, and students had prior
exposure to foundational programming concepts, potentially reducing the observable impact
of feedback. More importantly, the results highlighted that access alone is insufficient; the
effectiveness of feedback likely depends on how students interpret, process, and apply it
during problem-solving.

We continue to investigate interactions between students and feedback, and the
relationship between outcomes, because it addresses broader questions about the design and
implementation of learning environments for programming. In this instance, the deployment of
RunCode within the Philippine university required some customization. The sequence of
topics, as well as the programming conventions enforced by the Philippine teachers,
prevented the use of existing RunCode exercises and necessitated the crafting of new
exercises whose solutions were consistent with the implemented curriculum. Otherwise, the
technical deployment and use of RunCode were problem-free. This could be attributed in part
to the fact that the Philippine university and its faculty and students were relatively well-
resourced. The same may not be true if we had implemented RunCode under different
circumstances.

Crafting instructional interventions such as LLM-generated feedback, hints, and
learning scaffolds requires substantial time and effort from educators and researchers.
Although the present findings indicate that feedback access alone was not associated with
immediate improvements in programming performance, they should not be interpreted as
evidence that such interventions lack value. Rather, the results suggest that the effectiveness
of LLM-supported feedback depends not merely on its availability but on how learners
understand, engage with, and apply the feedback during problem-solving. These findings
therefore motivate continued investment in designing such instructional features that are
pedagogically meaningful, timely, and capable of promoting deeper cognitive engagement
instead of simply increasing access to assistance. An important next step, therefore, is to
examine students’ perceptions of the usefulness of LLM-generated feedback, particularly in
relation to their observed patterns of engagement and performance. Combining these
perception data with behavioral logs and performance measures may provide a more
complete understanding of how students engage with and benefit from Al-supported feedback.



5. Limitations and Future Work

While this study provides initial insights into students' use of LLM-generated feedback in an
authentic programming environment, several opportunities remain for future research. First,
the analyses were conducted on a subset of students who satisfied the study's inclusion
criteria, which were necessary for the lagged analyses. Future studies involving larger and
more diverse student populations would help establish the generalizability of the findings.
Second, the present study did not consider students' prior programming ability, which may
influence how learners engage with and benefit from LLM-generated feedback. Incorporating
measures of prior ability could provide a deeper understanding of differences in feedback use
across learners. Finally, future work may complement fine-grained measures of feedback
access with richer interaction data, such as time spent on feedback, scrolling behavior, code
revisions, and qualitative methods (e.g., interviews or think-aloud protocols), to provide a more
comprehensive understanding of how students interpret, engage with, and apply LLM-
generated feedback.
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