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Abstract. Programming syntax is highly complex, which has made it consist-

ently difficult to automate feedback for compiler errors in educational settings. 

Large language models (LLMs) show promise for addressing this issue at scale 

by providing personalized feedback tailored to specific code submissions, but 

the effectiveness of this feedback remains uncertain. This study evaluated the 

impact of GPT-4o at generating real-time feedback for compiler errors during a 

randomized controlled trial. A total of 248 CS1 students participated, submit-

ting 22,674 pieces of code to an automated programming assessment platform. 

Students in the Experimental group received LLM feedback, while the Control 

group did not. Results showed that students who received LLM feedback rated 

it highly for usefulness, and submitted fewer non-compiling code attempts. 

These students also had significantly improved performance in terms of resolv-

ing errors in consecutive attempts compared to the Control group. Affective 

surveys revealed that the LLM feedback group self-reported higher focus and 

lower levels of "confrustion" (a combination of confusion and frustration) after 

encountering compiler errors. When LLM feedback was temporarily disabled, 

students in the Experimental group solved programming problems more quickly 

and demonstrated significant improvement in resolving errors across attempts. 

However, no significant differences were observed between groups in terms of 

final scores on a simulated exam. These findings suggest that LLM-generated 

feedback can improve students' coding experience, engagement, and problem-

solving efficiency in the initial phases of computer science education, though it 

may not lead to better final performance. 

Keywords: Automated Assessment, CS1, Large Language Models, LLM, GPT, 

Compiler Errors, Automated Feedback. 

1 Introduction 

Feedback is an important feature of self-paced learning environments [31]. Over the 

years, it has become a key component of various digital learning platforms, including 

intelligent tutors [14, 31], online courseware [8, 10], and specialized environments for 

programming education [9, 23, 27]. Despite wide adoption, its effectiveness varies 

and studies on the effects of feedback have yielded mixed results: some indicate sig-
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nificant gains in learning outcomes and engagement [1, 34], while others highlight 

potential issues such as misuse or overuse [2]. 

Crafting a feedback message to help students fix an error in programming code is a 

complex task. There are three distinct and very broad error categories: syntax (com-

piler) errors (when code does not compile), runtime errors (when the code compiles 

but an exception occurs while the program is running), and logic errors (when the 

program runs but fails to produce the expected result). Generating feedback for each 

of these areas poses unique challenges. More detailed overview of feedback in pro-

gramming education can be found in [20]. 

This paper focuses on automating feedback for compiler (syntax) errors in an in-

troductory programming course (CS1), because the ability to fix them directly im-

pacts early programming success [5, 11]. Fixing a syntax error may be challenging, 

because compiler messages are often unclear or overwhelming [33], making it diffi-

cult for beginners to understand the source of the problem. But generating meaningful 

feedback that precisely addresses the issue is complicated because of the extensive 

number of possible syntax errors, variations in message content across different com-

pilers for the same language, the unique nature of individual student submissions, and 

the fact that interpreting such feedback may require a level of programming 

knowledge that novices may not yet possess. 

Large language models (LLMs) offer promising avenues for tackling these chal-

lenges, because of the vast repositories of programming data used to train them [8] 

and capacity for contextual awareness [28]. 

Several recent studies have attempted to evaluate the effectiveness of large lan-

guage models in generating feedback for programming assignments. A common ap-

proach in this line of research involves expert evaluation of the feedback content, 

often resulting in high ratings of its quality [6, 15, 17, 26]. However, while expert 

assessments provide a valuable indication of the potential of LLMs, several challeng-

es remain regarding their practical utility in educational settings, particularly for nov-

ice programmers in introductory courses. 

First, positive expert evaluations of LLM-generated feedback do not necessarily 

indicate that such feedback effectively supports learners with limited programming 

experience. Prior research has shown that level of expertise influences how effective-

ly LLM-generated assistance can be used [13, 22]. In an experimental lab study with 

CS1 students, feedback generated by GPT-4 for compiler errors in the C program-

ming language only occasionally outperformed standard compiler error messages. In 

contrast, human-written explanations surpassed both LLM-generated and convention-

al messages in both objective and subjective evaluations [32]. Similarly, a two-month 

study conducted in a CS1 course using C# reported mixed results for GPT-4-

generated feedback [25]. 

Second, while some evidence points to the potential benefits of long-term usage of 

LLM-generated feedback, such conclusions have typically been drawn from more 

advanced courses [24]. These courses assume a certain level of prior knowledge, 

which likely influences how students interpret and act upon feedback. Given that 

understanding feedback may be closely tied to programming experience, further in-

vestigation is needed to determine whether similarly positive long-term effects can be 



3 

achieved within a CS1 context, especially among students with minimal or no prior 

programming background. 

Third, much of the current research on LLMs in programming education has fo-

cused on their implementation as interactive assistants, where students engage in dia-

logue with the model [4, 18]. While promising, this approach poses significant inte-

gration challenges. Many introductory computer science courses rely on structured 

pedagogical designs, such as scaffolding and worked-out examples. Transitioning to 

an assistant-based model requires substantial redesign of the course structure and 

careful validation of its pedagogical effectiveness. As an alternative, integrating 

LLM-generated feedback into existing automated assessment platforms may offer a 

more manageable yet still impactful solution – though not without its own challenges. 

Overall, past work suggests that a learner's programming experience may signifi-

cantly affect the effectiveness of LLM feedback for compiler errors, and its long-term 

impact on the early stages of programming education warrants further investigation. 

Thus, it remains an open question whether such feedback can consistently support 

novices at this stage of their learning. 

Therefore, in this study, we focus on two main research questions: (1) How do 

novice CS1 students perceive the quality of LLM-generated feedback delivered on-

the-fly for compiler errors? and (2) What are the long-term effects of this feedback on 

student performance within a platform and learning outcomes? We specifically inves-

tigate whether the limitations previously identified in LLM feedback for compiler 

errors can be mitigated by using GPT-4o, a more recent and advanced model. To this 

end, we conducted an experimental study using an automated assessment platform, 

which delivered GPT-4o-generated feedback for student submissions that contained 

compiler errors. 

2 Methods 

Data for this study was collected during the first two months of the four-month winter 

semester of 2024/2025. The participants were computer science students enrolled in a 

mandatory first-semester course titled "Introduction to Programming" at a large Euro-

pean university. The course focused on programming in C#. A total of 248 students 

consented to participate and completed a pre-test (8 items, 1 point each) designed to 

objectively assess their programming knowledge at the start of the semester. 

We utilized the RunCode platform [23] for automated assessment of programming 

assignments, sharing a total of 149 programming problems with students. Usage of 

the platform was not mandatory, and performance did not count towards the course 

grade. The following topics were covered: types and variables (33 problems), condi-

tional statement (28), recursion (28), loops (17), and loops with arrays (43).  

Assignment difficulty varied, with the easiest problems such as multiplying two in-

tegers, to much more difficult, such as extracting and alphabetically sorting words 

from a given text. All modules containing programming assignments were initially 

locked (for both groups), requiring students to first solve a sequence of several micro-

tasks – simple coding tasks that focus on one particular aspect of the code and require 
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the user to enter (or edit) only one line of the code. They were designed to help stu-

dents understand how different programming components work one-by-one. An ex-

ample of such a task could be: "use the = operator and assign a value to the variable 

age". Though completion of the micro-tasks was required to advance to the program-

ming assignments, neither was required as part of the course grade. 

The platform's assessment process involved compiling and testing the submitted 

code. Submissions that failed to compile were marked as non-compiling. Feedback 

included compiler messages for non-compiling code submissions. For compiling 

submissions students received results for each unit test executed on the code (with 

input values and expected outcome for each unit test), and overall score (the percent-

age of unit tests that ended successfully: 0-100%).  

While solving assignments on the platform students self-reported their affective 

states through a dynamic HTML element presented directly after they received sub-

mission results with the question: "Choose the option that best describes how you feel 

at the moment" with the following response options: Focused, Anxious, Confused, 

Frustrated, Bored, Other (in this order) and appropriate emoticons to visually high-

light each of the available responses. This set of affective states was chosen based on 

their importance for learning [12]. In previous research, it has been found that unre-

solved confusion and frustration negatively impact learning outcomes in similar ways 

[16, 19], and theoretical work has argued that extensive empirical evidence demon-

strates that the two affective states form a confrustion constellation, where it matters 

less whether a student is specifically confused or frustrated than details of the experi-

ence (such as resolution, duration, interpretation) which produce common results 

across both affective states [21, 29]. Hence, we decided to combine these affective 

states prior to our study (but still asked students to self-report using commonly under-

stood terms). To avoid irritation that could arise from being required to fill out the 

affect survey too frequently, it was not presented after every submission, but random-

ly, with a probability of 1/10. 

Students in the Experimental (GPT) condition additionally received feedback gen-

erated automatically using the OpenAI’s GPT-4o model for submissions containing 

compiler errors. Feedback was created via an API request using the approach to 

prompt generation described in [25] and consisted of the following parts: 1) general 

instructions for an assistant, 2) text of a programming assignment, 3) student code, 4) 

list of detected compiler errors. Feedback examples were not added to the prompt, 

which resulted in more detailed responses from the utilized GPT-4o model. Feedback 

was displayed to students as a pop-up immediately after submission. Once the pop-up 

was closed, the feedback remained accessible below the code editor for further re-

view. To evaluate the usefulness of GPT-generated feedback, students in the Experi-

mental group were also presented with a dynamic HTML element prompting them to 

rate the usefulness of the feedback they received. The rating was collected using a 5-

point Likert scale, ranging from "1 – Not useful at all" to "5 – Extremely useful." This 

survey appeared after every fifth instance of GPT feedback provided to the student. 

To assess programming competency, a non-graded simulated exam was organized in 

the middle of the semester (after 2 months), featuring two programming assignments 

drawn from previous exams: the first focused on loops and numerical arrays, and the 
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second on loops and string operations. These assignments were made available on the 

platform, and students had the opportunity to complete them within a fixed 60-minute 

timeframe from home, similar to their regular use of the platform. While multiple 

attempts were allowed, the platform only displayed the total score and did not provide 

details of the unit tests executed on the code. However, if compiler errors were de-

tected, they were presented to students, just as they would be if the tasks were solved 

locally on their computers. For these assignments GPT feedback was not provided. 

3 Results 

In this section, we analyze the reception of the GPT feedback and examine its impact 

on affect based on student reports after the submission of code containing compiler 

errors. We further assess student performance on the platform, and for assignments 

with GPT feedback disabled for the Experimental group. 

3.1 Pre-test scores 

To verify that both groups had comparable baseline knowledge prior to the interven-

tion, a Mann-Whitney U test was conducted to compare pre-test scores between the 

Experimental (N=121, Mdn=4) and Control (N=127, Mdn=4) groups. The results 

showed no statistically significant difference in pre-test performance between the two 

groups, (W=7502, p=0.748). 

3.2 Usefulness of the GPT feedback 

To evaluate the perceived usefulness of the GPT generated hints, a total of 1036 re-

sponses were collected from N=62 students within the Experimental (GPT) group 

throughout the duration of the study (as a reminder, use of the tool was not mandato-

ry). The Control group did not have access to the GPT feedback; therefore, no re-

sponses were recorded from this group. Figure 1 displays the histogram of the fre-

quency of students according to the median rating they gave to received feedback, 

with the x-axis representing the median of the feedback rating for a student. The ma-

jority of students (81%) rated the feedback they received as very or extremely useful – 

this shows a positive reception of the GPT feedback feature by students. The useful-

ness of feedback was rated significantly higher than the neutral midpoint of 3 

(Mdn=4.5), as indicated by a one-sample Wilcoxon signed-rank test (W=1424.5, 

p<0.001). 

3.3 Affective states 

To understand the impact of the GPT feedback feature on student affect, we per-

formed an analysis of responses in the affect survey displayed after receiving the re-

sults for the submission. The most frequently reported state in both conditions was 

focused (56%). A total of 2788 survey responses were collected (Experimental: 1288, 
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Control: 1500) from 117 students (Experimental: 60, Control: 57) during the period of 

study. 
 

 

Fig. 1. Distribution of students according to the median rating for received GPT feedback. 

Out of these responses, 1300 (Experimental: 583, Control: 717) were reported directly 

after receiving feedback for a non-compiling submission. In the following analysis we 

excluded students with less than 3 responses. To compare differences in the propor-

tions of the affective states reported by each student after a non-compiling submis-

sion, non-parametric Mann-Whitney U tests were calculated, due violation of normal-

ity assumptions. To control the false discovery rate resulting from multiple compari-

sons, the Benjamini-Hochberg alpha correction was applied. Two affective states 

showed marginally significant differences between conditions. For focused, students 

in the Experimental group reported higher rates (Mdn=0.66, N=50) than those in the 

Control group (Mdn=0.4, N=46), (W=1471.5, adjusted α=0.0125, p=0.018, for a non-

parametric Mann-Whitney U test). For confrustion, students in the Experimental 

group reported lower rates (Mdn=0.13) than those in the Control group (Mdn=0.22), 

(W=866.5, adjusted α=0.025, p=0.037, for a non-parametric Mann-Whitney U test). 

For anxiety, the Experimental group reported a median that was not significantly dif-

ferent (Mdn=0, Mean=0.04) from the Control group (Mdn=0, Mean=0.06), (W=1054, 

adjusted α=0.05, p=0.364, for a non-parametric Mann-Whitney U test). The same was 

true for boredom (Exp. Mdn=0, Mean=0.05 vs. Contr. Mdn=0, Mean=0.04), 

(W=1188.5, adjusted α=0.075, p=0.694, for a non-parametric Mann-Whitney U test). 

The means reflect that there was some small amount of anxiety and boredom despite 

medians being 0. 

3.4 Student progress on the platform 

During the study period, students performed 22,674 code submissions for program-

ming assignments in modules: types and variables, conditional statement, arrays and 
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loops: in the Control group: 12,226 (N=78), and in the Experimental (GPT) group: 

10,448 (N=71), with an average of 152.2 submissions per student (Contr.=157, 

Exp.=147.1). There were 9,304 (41%) non-compiling submissions (Contr.=5,369, 

Exp.=3,935). The number of students who submitted code at least once is lower than 

the total number of students in the experiment, as not all participants joined the plat-

form. 

To understand the impact of the automated GPT feedback on student progress 

within the platform, we analyzed the rate at which students completed programming 

assignments. We compared the number of successfully solved tasks within the first 

200 submissions on the platform, averaging the number of tasks solved per student in 

each condition. Students supported by GPT feedback for compiler errors seemed to 

perform slightly better in terms of the number of completed assignments within the 

first 200 submissions (Figure 2). 

 
 

 

Fig. 2. Relationship between the number of submissions and tasks solved for GPT Feedback 

and Control Groups (first 200 submissions). 

We also compared the total number of completed assignments between both groups. 

This difference was not statistically significant (GPT Mdn=50.5, Control Mdn=41, 

W=2900.5, p=0.426 for a non-parametric Mann-Whitney U test).  

A rank-based regression analysis was conducted to assess the impact of GPT feed-

back on the frequency of submissions containing compiler errors, controlling for pre-

test scores. The results revealed a significant reduction in the average frequency of 

non-compiling submissions for participants in the GPT group compared to the Control 

group (β=−0.049, t(145)=−2.01, p=0.047). Pre-test scores also had a significant nega-

tive association with the frequency of errors (β=−0.041, t(145)=−7.35, p<0.001), indi-

cating that higher pre-test scores were linked to fewer errors. The model explained 

approximately 29.3% of the variation in the frequency of compiler errors 
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(R2
robust=0.293) and was statistically significant overall (F=29.47, p<0.001). These 

findings suggest that availability of GPT feedback contributed to a measurable reduc-

tion in submissions containing compiler errors. 

To better understand the trajectory of the intervention's impact, we also compared 

the frequency of non-compiling submissions across the first 7 attempts on each task 

for both groups. Frequency was calculated as the ratio of non-compiling submissions 

to the total number of submissions. For each attempt, we calculated error frequency 

cumulatively including all submissions up to this attempt. A linear mixed-effects 

model was conducted to examine the effects of group (GPT vs. Control), attempt, and 

their interaction on the frequency of non-compiling submissions. The random inter-

cept for participants accounted for variability between students (σ2=0.03), and residu-

al variability was small (σ2=0.002). The results showed that the GPT and Control 

groups did not differ significantly in their mean frequency of non-compiling submis-

sions at the first attempt (GPT: Mean=0.43; Control: Mean=0.39; b=0.040, SE=0.029, 

t(146)=1.36, p=0.175). Additionally, there was no significant main effect of attempt 

(b=0.001, SE=0.001, t(886)=1.45, p=0.148), suggesting that the frequency of non-

compiling submissions did not consistently change across attempts. However, a sig-

nificant interaction between group and attempt (b=−0.011, SE=0.001, t(886)=−7.44, 

p<0.001) indicated that the GPT group improved over time, with frequency of non-

compiling submissions decreasing significantly faster than in the Control group (Fig-

ure 3). These findings highlight the effectiveness of the intervention in reducing non-

compiling submissions over consecutive attempts. 

3.5 Performance after GPT feedback disabled 

To understand the potential impact of GPT feedback feature on student performance 

even after it is no longer available, we analyzed submissions made on a non-graded 

simulated exam, featuring two programming assignments drawn from previous ex-

ams: the first (T1) focused on loops and numerical arrays, and the second (T2) on 

loops and string operations. For these tasks, GPT feedback was disabled for the Ex-

perimental group. 

N=82 students attempted the first task (T1) with 39 students correctly solving the 

assignment (Control: 21, Experimental: 18) and 74% average score. N=55 students 

(Control: 27, Experimental: 28) attempted the second task (T2) and 21 students cor-

rectly solved the assignment (Control: 9, Experimental: 12) with 55% average score. 

We calculated the total score as the sum of the highest scores obtained for each 

task and conducted a rank-based regression analysis to examine the effect of group 

assignment on total scores, while controlling for pre-test scores. The pre-test scores 

had a positive and significant effect on final scores (β=0.100, t(80)=4.667) p<0.001), 

indicating that higher pre-test scores are associated with higher final scores. However, 

assignment to the GPT group (β=−0.082, t(80)=−0.799, p=0.427) did not show a sta-

tistically significant effect on final scores.  

To evaluate differences in terms of non-compiling submissions, we conducted a 

rank-based regression analysis to examine the effect of group assignment on the fre-

quency of non-compiling submissions, while controlling for pre-test scores. The anal-
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ysis revealed that pre-test scores had a significant negative effect on the frequency of 

non-compiling submissions (β=-0.095, t(80)=-8.099, p<0.001), indicating that higher 

pre-test scores were associated with fewer non-compiling submissions. In contrast, 

assignment to the GPT group did not have a statistically significant effect (β=0.043, 

t(80)=0.772, p=0.442). 
 

 

Fig. 3. Error frequency across consecutive attempts for GPT Feedback and Control Groups 

(assignments with GPT feedback enabled). 

A linear mixed-effects model was conducted to examine the effects of group (GPT vs. 

Control), attempt, and their interaction on the frequency of non-compiling submis-

sions. The random intercept for participants accounted for variability between stu-

dents (σ2=0.14), and residual variability was small (σ2=0.01). The results indicated 

that there was no significant difference in frequency of non-compiling submissions 

between the GPT group (Mean=0.57) and the Control group (Mean=0.48; b=0.084, 

SE=0.083, t(83)=1.02, p=0.312). However, there was a significant main effect of 

attempt, with frequency of non-compiling submissions decreasing over time 

(b=−0.010, SE=0.003, t(508)=−3.67, p<0.001). Importantly, a significant interaction 

was found between group and attempt (b=−0.013, SE=0.004, t(508)=−3.12, p=0.002), 

indicating that the GPT group improved at a faster rate than the Control group (Figure 

4). 

These findings suggest that even after the GPT feedback was not available, stu-

dents in the Experimental condition had a reduced frequency of non-compiling sub-

missions over time compared to the Control condition. 
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3.6 GPT feedback disabled – time to solve 

We further compared both groups in terms of time performance and conducted a rank-

based regression analysis to examine the time required to solve each assignment (T1 

and T2), controlling for pre-test scores. 

 

 

Fig. 4. Error frequency across consecutive attempts for GPT Feedback and Control Groups 

(GPT feedback disabled). 

For the first task (T1), the analysis revealed that condition significantly predicted the 

time needed to complete the assignment, with participants in the GPT condition show-

ing a significant reduction in completion time compared to those in the Control condi-

tion (β=−567.81, t(36)=−2.832, p=0.007). Pre-test scores, however, did not have a 

significant effect on ranked assignment completion time, (β=−38.448, t(36)=−0.888, 

p=0.38). 

To complement the rank-based regression results, we calculated the means of com-

pletion times: 1645s (27m) for the Experimental (GPT) group and 1992s (33m) for 

the Control group. While rank-based regression is robust to outliers, its coefficients 

reflect relative differences in ranks rather than absolute values, limiting interpretabil-

ity on the original scale. Means provide a clearer sense of the practical differences 

between groups. 

For the second task (T2), we applied the same rank-based regression method. The 

results indicated a marginal effect of group membership, with participants in the GPT 

condition showing a potential (marginally significant) reduction in ranked completion 

time compared to the Control group (β=−642.94, t(18)=−2.037, p=0.057). Pre-test 

scores again did not significantly predict ranked completion time (β=−92.93, 

t(18)=−0.985, p=0.337). The mean completion time for the GPT condition was 1489s 

(25m), while the Control group had a mean completion time of 1854s. (31m). These 

findings suggest that, after controlling for pre-test scores, condition was a significant 
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factor influencing assignment completion time in terms of rank order, with partici-

pants in the GPT condition generally completing the assignment faster than those in 

the Control group. On average, in the GPT group it took 20m 22s to perform the first 

submission for task T1, and 21m 43s in the Control condition. For task T2, GPT con-

dition needed 22m 43s, and Control group 26m 21s to perform the first submissions. 

For both tasks, consecutive submissions happened earlier in the GPT condition than in 

the Control group. Results are presented on Figure 5.  
 

 

Fig. 5. Submission time across attempts for tasks T1 and T2 in GPT Feedback and Control 

Groups. 

These findings suggest that, after controlling for pre-test scores, the earlier presence 

of GPT feedback was a significant factor influencing later assignment completion 

time (without GPT feedback), with participants in the GPT group generally complet-

ing the assignment faster than those in the Control group. This finding is similar to 

[24], where a significant improvement in terms of time needed to solve was observed 

for assignments on which GPT feedback was disabled. 

4 Discussion 

In this study, GPT-4o was used to automate feedback generation for non-compiling 

submissions on the platform for automated assessment of programming assignments. 

According to survey responses, a significant majority of students (81%) rated the 

usefulness of feedback positively and only 8% did not find it beneficial. The student 
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ratings were significantly higher than the neutral midpoint and better than in past 

studies involving GPT feedback for programming assignments [24, 25]. 

Compared to previous studies, our method differed in several ways: 1) the use of 

the GPT-4o model, improved compared to the older GPT-4 and GPT-3.5 models, 2) a 

more extended intervention, involving a wide range of assignments of various diffi-

culty, 3) rather than turning off GPT feedback at the halfway point and evaluating 

performance after that point (as in [25]), we tested the effectiveness of the interven-

tion on a separate set of tasks, at the same time for all students. 
We found that students in the GPT condition significantly less frequently submit-

ted non-compiling code when GPT feedback was available. Additionally, the fre-

quency of non-compiling submissions decreased significantly faster in GPT group. 

For assignments with GPT disabled for the Experimental group, this effect persisted, 

and the GPT condition again resulted in significantly faster decrease in the frequency 

of non-compiling submissions across consecutive attempts, compared to the Control 

group. Additionally, we observed that students in the GPT condition needed signifi-

cantly less time to complete assignments when GPT was disabled. However, these 

shorter-term benefits did not result in higher final scores on a simulated exam for the 

GPT condition, and neither condition was at ceiling, suggesting that the GPT condi-

tion was not successful at producing better learning that transferred to an external 

task. 

According to student self-reports, the availability of GPT feedback led to signifi-

cant differences in terms of higher levels of focus and lower levels of confrustion. 

This was a  positive outcome of the intervention – according to the literature, in-

creased focus has been often found to be positively associated with learning [7, 30], 

while confrustion has a more complex and often negative relationship to learning [3]. 

Previous studies on GPT feedback for programming assignments in CS1 showed 

mixed results. It has been reported that GPT-4 feedback for the C language outper-

formed standard compiler messages only in 1 out of 6 tasks, measured by student’s 

time-to-fix each problem, and handwritten explanations outperformed the LLM mes-

sages [32]. According to [25], GPT-4 messages for C# language also were not equally 

good in addressing all compiler errors and did not effectively help students resolve 

errors requiring deeper understanding of data types.  

In this study, we utilized the newest GPT-4o model, to investigate whether it led to 

better results than its predecessor. We offered GPT feedback for a larger set of CS1 

assignments of more varied difficulty. We attempted to provide a thorough evaluation 

of the observed impact from many different angles: feedback reception (perceived 

usefulness), effectiveness (ability to improve non-compiling submissions in consecu-

tive attempts), and learning transfer and outcomes (if the effect of the intervention 

persists to later tasks where the feedback is no longer given). Our study demonstrates 

the potential of the GPT-4o model to significantly enhance the learning experience in 

introductory programming courses by producing a persisting reduction of non-

compiling submissions, fostering focus, and decreasing confusion/frustration, while 

suggesting that the ultimate goal of better learning outcomes has still not been 

reached. 
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This study has several limitations that will necessitate further investigation. It was 

conducted over a period of only two months, covering half of the four-month semes-

ter. Future research should investigate the long-term effects of GPT feedback on stu-

dent performance and learning outcomes across semesters or academic years. Another 

limitation is the sample size and single setting, which may impact the robustness and 

generalizability of the findings. Future studies should replicate this intervention with 

larger and more diverse participant groups to enhance external validity. Additionally, 

this study focused solely on C#, while introductory computer science courses often 

involve other programming languages, such as Java and C++. Expanding future re-

search to include a wider range of programming languages and more demanding 

courses, such as data structures and algorithms, would provide a more comprehensive 

understanding of the efficacy and applicability of GPT feedback across different CS 

contexts. 

Overall, this study suggests that using an LLM to automate feedback generation 

can offer benefits for both performance and emotional engagement in the initial phas-

es of programming education, potentially reducing barriers and making CS education 

more accessible. However, there remains considerable room for improvement. 
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