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Abstract: Learning programming can be difficult, especially for beginners. This study 
examines the potential of ChatGPT to influence students’ programming performance 
by analyzing self-reported on-task behaviors. Sixty-two first-year IT and CS students 
were randomly assigned to a control group and an experimental group. Participants of 
the study completed a hands-on GUI-based programming task using Java Swing. 
Findings showed significant differences in help-seeking behaviors between groups, 
with ChatGPT users seeking less help from instructors. While self-reported task 
success was significantly higher among ChatGPT users, on-task performance metrics 
like error count and code execution attempts were not associated with task success. 
These findings suggest that while ChatGPT may support performance on programming 
tasks, its pedagogical implications require careful consideration to scaffold learning 
effectively and avoid over-reliance on the tool. 
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1. Introduction 
 
Many students in introductory programming courses, particularly those without prior coding 
experience, face significant challenges in learning and understanding programming concepts 
(Javier, 2021; Muntanga et al., 2023). These difficulties extend beyond writing code to include 
reading, interpreting, and debugging programs (Msane et al., 2020; Thuné & Eckerdal, 2018; 
Robins, Rountree, & Rountree, 2003). For example, McCracken et al. (2001) found that most 
first-year students were unable to produce syntactically and logically correct code, while Lister 
et al. (2004) observed that novice programmers struggled with code comprehension. These 
recurring issues have been widely recognized (Lahtinen, Ala-Mutka, & Järvinen, 2005; Kaila 
et al., 2010; Höök & Eckerdal, 2015), often leading students to develop negative perceptions 
of programming courses (Lai et al., 2022). 
 To address these challenges, various tools have emerged to support students in 
acquiring programming skills. One of these is the use of large language models (LLMs), such 
as ChatGPT, which have shown promise in automating code generation and offering real-time 
support to novice programmers (White et al., 2023; Takerngsaksiri et al., 2023). ChatGPT, a 
neural network-based generative AI model, can generate complex responses and has been 
widely applied in domains like programming and software development (Petrovska et al., 
2024; Kadir et al., 2023). Several studies have documented the usefulness of ChatGPT and 
similar tools in improving productivity and workflow among professional developers (Sauvola 
et al., 2024; Deniz et al., 2023; Benaich & Hogarth, 2021). These tools are now being adopted 
in educational settings, particularly in computer science education (Silva et al., 2024), where 
they have been utilized for code generation (Denny et al., 2024), error correction (Sobania et 
al., 2023), and syntax assistance. 
 Despite growing integration of these, there is still limited empirical evidence on how 
tools like ChatGPT influence novice programmers’ problem-solving behaviors, particularly 
during hands-on programming activities. While several existing studies have focused on 
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student perceptions (Yilmaz & Yilmaz, 2023; Sun et al., 2024), performance comparisons (Xue 
et al., 2024; Kozar et al., 2024), or theoretical overviews (Kasneci et al., 2023; Lo, 2023), few 
have investigated the nature of students' on-task behaviors while using AI assistance in 
programming. In particular, the relationship between tool usage, task success, and behavioral 
indicators such as help-seeking, debugging efforts, and persistence remains underexplored. 
 This study contributes to the discourse on generative AI in computing education by 
analyzing self-reported on-task performance metrics during a programming task with or 
without ChatGPT assistance. Focusing on performance behaviors, it examines engagement 
and interaction strategies through indicators such as completion time, code executions, and 
error frequencies (Robins et al., 2003). While not direct measures of cognitive gains, these 
metrics offer valuable proxies for understanding how students navigate programming 
challenges in real time. This study is part of a threefold research initiative exploring the role of 
Gen AI in computing education. An overview of these interrelated studies was published in 
LCNS Augmented Cognition HCII 2025 (Ocay and Rodrigo, 2025). 
 

Specifically, the study aims to answer the following research questions: 
 
RQ1: What is the difference in self-reported on-task performance between students 

who used ChatGPT and those who did not? 
RQ2: What is the relationship between the self-reported on-task performance metrics 

and the overall self-reported task success of the students? 
RQ3: Is there a significant difference in overall self-reported task success between 

students who used ChatGPT and those who did not? 
 
2. Methods and Procedures 
 
2.1 Participants and Experimental Design 
 
Sixty-four first-year students from two Philippine universities participated in the study. After 
excluding two students due to incomplete data, 62 participants remained (Male=46, 74.2%; 
Female=16, 25.8%). All were enrolled in an introductory Java programming course and had 
no exposure to GUI programming using Swing components. 

Participants were randomly assigned to a control group (n=31), which used PDFs, 
slides, and videos, or an experimental group (n=31), which used ChatGPT. Both groups 
received a 22-minute video tutorial on Java Swing, then completed a 40-minute programming 
task, that is to build a basic calculator app with GUI components. The experimental group 
used the same native ChatGPT version throughout the activity for assistance. 
 
2.2 Measure: On-Task Performance Metrics  
 
To evaluate ChatGPT’s impact on students’ engagement and outcomes in programming, we 
adopted on-task performance metrics grounded in prior studies on novice programmers 
(Robins, Rountree, & Rountree, 2003). Participants self-reported these metrics using a web-
based interface that logged task-specific actions during the hands-on session (see Figure 1). 
 
2.2.1 Error Count (ErrorCount) 
 
Error count is an indicator of problem-solving strategy in programming, where a high frequency 
suggests ineffective or underdeveloped approaches (Lahtinen et al., 2005; Robins et al., 2003; 
Winslow, 1996). This refers to the total number of errors a student records during the coding 
task, incremented with each occurrence using the logging system. Only positive values are 
accepted. 
 
2.2.2 Number of Attempts to Execute the Code (NumAttemptsExecCode) 
 



A common strategy in problem-solving is trial and error (Iyagba, 2020). Often used by novice 
programmers through repeated code execution attempts (Lister et al., 2004), which reflects 
iterative refinement leading to solutions (Lahtinen et al., 2005; Jadud, 2006). This metric tracks 
the frequency a student executes code during the task, with each attempt logged as a single 
increment. 
 
2.2.3 Number of Times Sought Help from Teachers (NumTimesHelp) 
 
Help-seeking is widely recognized as a sign of engagement and effective problem-solving 
(Nelson-Le Gall, 1985; Newman & Schwager, 1995). This metric tracks how often a student 
requested help during the task, with each instance logged as a single increment. 
 
2.2.4 Task Success (TaskSuccess) 
 
A binary metric that captures whether the student completed or solved the programming 
problem. Students report this by indicating “Yes”, which means the task was completed, or 
“No”, which means the task was not completed at the end of the programming task. 
 
2.3 Data Collection Procedure 
 
To ensure ethical compliance, the study obtained clearance from the Ateneo Research Ethics 
Office. Participation was strictly voluntary. 

Data on students’ on-task performance was collected using a custom-built web 
application called the Study User Interface (SUI, see Figure 1), developed with JavaScript, 
HTML, and CSS, and using Firebase as the backend. This platform allowed students to record 
performance logs during and after the hands-on task. This includes the on-task performance 
metrics mentioned in section 2.3.  

 
 
 
 
 
 
 
 
 

 
Figure 1. User Interface for Students during Hands-on Task. 
 
During the 40-minute task, participants interacted with the Student User Interface (SUI) 

to record task-related actions in real time. Selecting START initiated the session timer, while 
each error and debugging event was incrementally logged at the moment of occurrence. Upon 
selecting FINISH, participants provided self-assessment data, including the number of help 
requests, perceived code quality, and task success. Built-in input validation ensured data 
consistency and accuracy, thereby minimizing memory bias. 

 
2.4 Statistical Analysis 
 
An independent non-parametric test was used to compare on-task performance metrics 
between groups. Descriptive statistics, including mean and frequency analysis, were 
employed to identify group differences. A point-biserial correlation analysis was conducted to 
assess relationships between task success and each performance metric. Fisher’s exact test 
was used to examine whether task success rates significantly differed between the 
experimental and control groups. 
 
 



3. Discussion of Findings 
 
3.1 (RQ1) Comparison of Self-Reported On-Task Student Performance  
 
A Mann-Whitney U test was conducted to compare self-reported on-task performance 
between groups. Among the three indicators, only the number of help-seeking instances 
differed significantly (U=606.50, p=.024), with the control group (M=1.29, SD=2.75) requesting 
help more frequently than the experimental group (M=0.16, SD=0.37). This suggests that 
students without AI support relied more on external instructional help, aligning with prior work 
highlighting novice learners' reliance on external scaffolds (Lister et al., 2004; Vygotsky, 1978). 

No significant differences were observed for ErrorCount or NumAttemptsExecCode. 
However, mean comparisons showed that students using ChatGPT had slightly more 
executions (M=5.65 vs. M=4.71) and more errors (M=3.81 vs. M=3.16), possibly reflecting 
more trial-and-error attempts encouraged by immediate AI feedback. While this may indicate 
iterative engagement, it does not confirm improved understanding. Prior research suggests 
novice programmers often iterate without grasping underlying logic (Lahtinen et al., 2005; 
Lister et al., 2004). These findings suggest that ChatGPT may support sustained engagement 
and reduced instructor dependence but do not confirm cognitive gains or deeper learning. 
 
3.2 (RQ2) Relationship between Self-Reported On-Task Metrics and Task Success 
 
A point-biserial correlation showed that self-reported task success was not significantly related 
to ErrorCount (rpb=.099, p=.445), NumAttemptsExecCode (rpb=.004, p=.976), or 
NumTimesHelp (rpb=.056, p=.664). This indicates that the amount of effort or frequency of 
activity did not directly translate to task success. 

However, correlations were found among the behavioral metrics themselves. Students 
who executed code more often tended to encounter more errors (rpb=.465, p<.001), and those 
who executed more also sought help more often (rpb=.265, p=.037). These patterns reflect 
typical novice strategies that use trial-and-error and help-seeking (Lahtinen et al., 2005; 
Puustinen & Rouet, 2009; Vygotsky, 1978; Lister et al., 2004) in navigating problems and 
tasks. 

These results suggest that while students may demonstrate high activity levels, these 
do not reliably indicate success. Educational designers may need to design interventions that 
promote more reflective, strategic problem-solving behaviors rather than relying solely on 
behavioral persistence, such as trial-and-error strategy. 
 
3.3 (RQ3) Differences in Self-Reported Task Success Rates 
 
A significant difference in task success was observed between groups. Fisher’s exact test 
(p<.001) and chi-square analysis (χ²(1)=18.645, p<.001) showed that students with ChatGPT 
reported higher success rates than those without. While encouraging, these are self-reported 
success outcomes and should not be interpreted as evidence of improved programming 
competence. 

These findings are consistent with prior work highlighting the potential of generative AI 
tools to support novice learners (Kasneci et al., 2023). However, the increased success may 
reflect perceived progress or reliance on AI-generated solutions rather than a deeper 
understanding of the programming concepts. 
 
4. Conclusions 
 
With the growing interest in AI’s impact on programming education, this study examined 
ChatGPT’s influence on students’ performance behaviors through self-reports. Findings show 
that ChatGPT users sought less human assistance and executed their code more often, 
suggesting that AI use may encourage more independent, iterative problem-solving. However, 
behaviors such as error count, code execution, and help-seeking showed no significant link to 



reported task success. This indicates that high engagement does not necessarily translate to 
deeper conceptual learning. 

Students in the experimental group reported higher success rates, which may reflect 
greater confidence in task completion. While this aligns with industry observations of AI tools 
improving productivity, it raises important pedagogical questions about overreliance and 
surface-level learning. As generative AI tools become more accessible in educational 
contexts, thoughtful integration into programming pedagogy is essential.  
 
5. Limitations and Future Work 
 
This study used self-reported data, which remain prone to bias despite real-time entry. Future 
work should triangulate these with ChatGPT logs, including chat transcript analysis to analyze 
student behaviors further, and use pretest and posttest analyses to determine learning gains.  
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