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Abstract: Generative AI tools, such as ChatGPT, have garnered significant interest in educational 

settings, owing to their ability to facilitate automated code generation and provide assistive support 

in programming tasks. However, there is limited research on how pre-service teachers interact with 

ChatGPT during programming learning and how these interactions are associated with 

computational thinking (CT) skills. This study utilized screen recording software to record the 

interactive learning process between pre-service teachers and ChatGPT. A total of 37 pre-service 

teachers completed five experiments, which ranged from low to high difficulty. Then, the authors 

employed a framework to analyze pre-service teachers’ questioning behaviors, aiming to investigate 

the significance of ChatGPT in facilitating their learning. After analyzing pre-service teachers’ 

responses to coding tasks and CT questions, the results show that ChatGPT supports programming 

learning and significantly promotes CT abilities among learners. Among the six types of pre-service 

teachers’ questioning behaviors, “Original Question Replication” was negatively associated with 

post-test CT level, while “Functionality Analysis” was positively associated with post-test CT level. 

In addition to initial patterns observed in simpler tasks, learners exhibited more pronounced 

questioning behavioral changes and cognitive engagement when tackling more complex 

programming challenges. These findings aim to inform educational frameworks that explore how 

to effectively integrate generative AI, emphasizing the cultivation of strategic questioning skills to 

enhance CT and programming proficiency among future educators.  
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1 Introduction 

Digital literacy is crucial for pre-service teachers, with computational thinking (CT) serving as a 

core component. However, the advent of generative artificial intelligence (GenAI), exemplified by 

ChatGPT, imposes new demands on the cultivation of pre-service teachers' CT. Unlike conventional 

interaction technologies that operate on pattern matching or pre-programmed scripts (Shum, He, & Li, 

2018; Krishnan, Gupta, & Singh, 2022), GenAI in AI-assisted programming contexts functions 

simultaneously as a cognitive partner and a pedagogical scaffold to support iterative problem-solving. 



Therefore, it is necessary to examine how pre-service teachers interact with ChatGPT in programming 

learning and how such interactions are related to their CT development. 

Driven by the rapid development of GenAI, ChatGPT is increasingly playing a significant role in 

education (Silva, Ramos, de Moraes, & Santos, 2024). ChatGPT is a large language model (LLM) tool, 

powered by machine learning technologies, which enhances its abilities to understand and interact like 

a human (Jeon & Lee, 2023). It is a versatile tool that can assist with a variety of tasks, including 

writing, translation, and content generation based on cloud-based information and user input (Santhi & 

Srinivasan, 2024). It serves as a resource for both teachers and students by providing immediate 

feedback (Chen, Jensen, Albert, Gupta, & Lee, 2023), improving the efficiency of teaching and 

learning processes (Vinichenko, Melnichuk, & Karácsony, 2020), and offering other forms of 

personalized support (Bahrini et al., 2023). Similarly, ChatGPT proves invaluable for solving complex 

problems, receiving feedback, and explaining programming code, especially when working under tight 

deadlines (Silva et al., 2024). However, despite its benefits, ChatGPT also presents challenges to 

traditional education, such as facilitating cheating in online exams and generating human-like text that 

may be used by students in their assignments (Adeshola & Adepoju, 2023). These concerns necessitate 

a cautious approach from stakeholders when integrating ChatGPT into education. While it holds the 

potential to effectively reduce confusion and enhance learning outcomes, this potential still requires 

further validation within the context of developing professional digital competencies. 

Programming education provides students with invaluable skills and knowledge that are 

considered essential business assets (Yilmaz & Yilmaz, 2023a). Before the rapid development of 

conversational AI, people often used Q&A websites to learn programming. However, ChatGPT offers 

distinct advantages over traditional Q&A websites like Stack Overflow and GitHub. Its strengths 

include automated programming assignment support and real-time feedback (Liu, Tang, Li, Chen, & 

Liu, 2023). It excels in providing concise explanations and examples of programming concepts, along 

with ensuring correct logical and syntactic implementations. Moreover, ChatGPT is believed to 

enhance learners’ programming skills, including code repair, summarization, completion, correction, 

classification, and generation (Rahman & Watanobe, 2023). However, limitations to the application of 

ChatGPT in programming education are evident: for instance, it struggles with complex logical 

reasoning, such as solving mathematical problems and handling unverified information (Rahman & 

Watanobe, 2023). These limitations highlight a crucial gap: simply accessing the tool does not 

guarantee the development of higher-order thinking (Liao et al., 2024). Thus, investigating how pre-

service teachers interact with ChatGPT to overcome these limitations is key to understanding effective 

digital literacy cultivation. 

CT has attracted significant attention in recent years from educators, policymakers, and 

researchers, due to its growing importance in an increasingly digital and technology-driven world. CT 

is fundamental not only for success in computer science and engineering but also for supporting 

problem-solving, critical thinking, and creativity across disciplines. Research has demonstrated that 

programming education is an important way to enhance CT (Wei & Chou, 2020; Yilmaz & Yilmaz, 

2023a), because it encourages problem-solving skills, fosters logical reasoning, and promotes the 

ability to break down complex tasks into manageable parts (Çiftci & Bildiren, 2020; Yildiz Durak, 



2020). Some teachers are already adopting ChatGPT in programming education to improve teaching 

effectiveness (Aviv, Leiba, Rika, & Shani, 2024). However, the effects of ChatGPT on CT among pre-

service teachers still need to be further explored.  

In response to these research gaps, this study aims to examine changes in pre-service teachers' CT 

during ChatGPT-assisted programming learning, while also analyzing questioning-behavior differences 

in various levels of CT. We anticipate that our findings will provide valuable insights and strategies for 

integrating ChatGPT into programming education, particularly by emphasizing strategic questioning 

and cautious interpretation of CT score changes. 

2 Literature review 

2.1 The development of ChatGPT 

ChatGPT is among the most advanced chatbots created so far, leveraging artificial intelligence 

(AI) to create a chat environment and responses that appear human. The first chatbot, ELIZA, was 

developed in 1966 and could generate simple responses that appeared to demonstrate an understanding 

of the questions asked by humans, using pattern matching and substitution techniques (Shum et al., 

2018). In the 1980s and 1990s, chatbots evolved based on pre-programmed scripts (Krishnan et al., 

2022). A common example is online chatbots used in sales, where the issue lies in the chatbots’ lack of 

sufficient problem-solving capability and effective dialogue management, resulting in unsatisfactory 

experiences. Since 2000, the advent of machine learning has significantly enhanced chatbot capabilities 

(Adamopoulou & Moussiades, 2020). A notable example is IBM Watson, which can understand and 

respond to natural language queries. As natural language processing (NLP) and AI have progressed, 

chatbots have evolved to “listen” and “speak” more like humans, as illustrated in technologies like Siri, 

which can answer questions and send messages (Nadkarni, Ohno-Machado, & Chapman, 2011). The 

integration of chatbots into real-life applications has been further advanced by OpenAI with the 

development of ChatGPT based on the GPT-3 model, a powerful language model designed to 

understand and generate human-like text (Liao et al., 2024). This model provides more accurate and 

contextually appropriate responses, and importantly, most versions of ChatGPT are available to users 

free of charge. 

ChatGPT offers several benefits for stakeholders, enhancing their ability to deliver education 

effectively and efficiently (Nadkarni et al., 2011). On one hand, it provides personalized learning 

support, including tailored feedback, increased accessibility, and interactive conversations that allow 

students to grasp difficult concepts at their own pace (Alshahrani, 2023). In turn, teachers also benefit 

from professional development, using ChatGPT as a collaborator to complete tasks such as drafting 

emails, reports, and lesson plans. These advantages are explored in Popovici’s (2023) research, where 

ChatGPT was employed as a tool for learning and assessment in undergraduate computer science 

courses. The results indicated that the use of ChatGPT for programming instruction offers certain 

advantages, including improved student programming scores, which echoes the findings from other 

studies (Liao et al., 2024). These studies indicate that ChatGPT has considerable application potential 

in programming education. 



2.2 Computational thinking  

Drawing from established frameworks, such as the Information Technology Curriculum Standards 

for Compulsory Education (Ministry of Education, China, 2022) and international standards (e.g., 

ISTE), digital literacy comprises four core dimensions: Information Consciousness, CT, Digital 

Learning and Innovation, and Information Social Responsibility. Notably, CT is a problem-solving 

process aimed at developing participants’ high-level abilities in “thinking” and “doing”, which is one 

of the most crucial skills in the 21st century. In 2006, Wing described CT as the ability to solve 

problems, design systems, and understand human behavior, drawing on concepts fundamental to 

computer science.  To effectively cultivate CT, Brennan and Resnick (2012) proposed a three-

dimensional framework, which includes computational concepts, computational practices, and 

computational perspectives. Further research has deepened our understanding of CT, with the 

International Society for Technology in Education (ISTE, 2015) providing one of the most widely 

accepted definitions and frameworks. According to ISTE (2015), CT encompasses creative thinking, 

algorithmic thinking, collaborative learning, critical thinking, problem-solving, and communication 

skills. Specifically, creative thinking enables individuals to generate new ideas and propose diverse 

solutions; algorithmic thinking helps individuals solve problems in an organized and systematic 

manner; critical thinking supports individuals in making informed decisions through deep analysis of 

complex issues. Collaborative learning fosters teamwork and enhances problem-solving by leveraging 

diverse perspectives, while communication skills are essential for clearly expressing ideas and 

engaging in effective exchanges. It is important to note that CT has been used as an indicator of 

learning outcomes. Korkmaz, Çakir, and Özden (2017) proposed a CT framework and applied it in 

various learning settings. To validate the framework, they developed a questionnaire consisting of five 

dimensions, which has been widely used to assess students' CT skills. 

Numerous studies have illustrated the capacity of CT to devise innovative solutions to problems, 

leverage algorithmic thinking, and foster effective communication and collaboration within a 

supportive environment. Hava and Ünlü (2021) found that CT skills are a significant predictor of 

interest in STEM careers and attitudes toward inquiry, and these skills can be effectively developed. 

Yang, Lai, and Wang (2023) also stated that CT skills have a positive impact on students’ academic 

performance, especially in the areas of problem decomposition and algorithm design. Nowadays, 

programming environments are widely regarded as an effective way to cultivate CT skills. Lin and 

Chen (2020) found that students using a deep learning-based recommendation system for programming 

education showed significant improvement in CT skills compared to those using a non-deep learning 

system. Notably, some studies have reported that the incorporation of generative AI (such as ChatGPT) 

into programming tasks can reduce coding time, allowing students to devote more time to algorithmic 

thinking and effective problem-solving (Yilmaz & Yilmaz, 2023a).  According to a study by Yilmaz 

and Yilmaz (2023a), in a Java language environment, ChatGPT can significantly improve students’ 

creativity, algorithmic thinking, cooperativity, critical thinking, and problem-solving skills. Liao (2024) 

also found that ChatGPT, when employed as a scaffold, can significantly improve students’ CT. With 

the help of ChatGPT, users can access the code and resources through various kinds of interactions. 



However, while significant research has investigated CT and its potential and challenges in 

programming learning, this study aims to provide more insights into learner-ChatGPT interactions and 

their influence on CT. 

2.3 Programming course 

Programming courses are structured to develop participants’ technical skills and problem-solving 

abilities in coding and software development, which are foundational for their future digital teaching 

practices. These courses foster an understanding of programming languages, algorithms, and 

computational logic, which are essential competencies in the 21st century. While traditional Q&A 

websites have long been beneficial in coding education, Liu and Tang (2023) found that learners are 

increasingly inclined to use ChatGPT, citing the superior code quality and faster task completion as 

primary reasons. Despite these preferences, the study also noted that traditional websites and ChatGPT 

exhibit comparable performance. In a quasi-experimental study, Jing et al. (2024) explored how 

various factors such as AI literacy, programming knowledge, and technical cognitive abilities influence 

the use of AI in programming. Expanding on these findings, Sun et al. (2024) examined the impact of 

ChatGPT on students’ programming behaviors, performance, and perceptions, comparing ChatGPT-

facilitated learning with self-directed learning approaches. Their results align with Jing et al. (2024) 

research, which also highlighted the positive influence of AI tools on students' learning efficiency. 

However, Sun, D., et al. (2024) further explored how ChatGPT influenced learners' problem-solving 

strategies and overall engagement, finding that students who used ChatGPT demonstrated more 

efficient debugging and a greater sense of confidence in their coding abilities, suggesting a shift in both 

cognitive and affective aspects of programming as a digital practice. 

Moreover, ChatGPT has been applied to programming numerical algorithms for complex 

problems such as the Poisson equation, the diffusion equation, and the incompressible Navier-Stokes 

equations. Despite some limitations, such as issues with the generation of singular matrices and 

operations on arrays with incompatible sizes, ChatGPT has proven effective in solving numerical 

algorithm problems (Kashefi & Mukerji, 2023). When comparing ChatGPT-generated Python code to 

human-written solutions, Adamson et al. (2023) concluded that the AI-produced code is comparable in 

terms of accuracy and readability, with users displaying an optimistic attitude toward this capability. 

Additionally, ChatGPT has been integrated into programming assessments, offering benefits such as 

time efficiency, high-quality evaluations, unbiased grading, and immediate feedback. These advantages 

help alleviate the workload of educators, allowing them to focus on more complex teaching tasks 

(Jukiewicz, 2024). In a qualitative study involving in-depth interviews with programming instructors, 

Husain (2024) highlighted several advantages of using ChatGPT in programming instruction, such as 

practical code applications, personalized and interactive learning, a wide range of programming 

problems and alternative solutions, while also acknowledging drawbacks such as the provision of 

inaccurate resources and undesired responses. Similar findings were reported in a literature review by 

Anagnostopoulos (2023), who examined the applications, advantages, and disadvantages of ChatGPT 

in programming education, concluding that ChatGPT functions effectively as both a coding assistant 

and a tutor. Furthermore, Yilmaz and Yilmaz (2023b) employed open-ended questions to investigate 



perceptions of the benefits and limitations of ChatGPT in the programming learning process. The study 

found that students saw ChatGPT as beneficial for providing fast, accurate answers, improving 

thinking, aiding debugging, and boosting confidence. However, its limitations included fostering 

laziness, providing incomplete or incorrect answers, and causing professional anxiety.  

It is now well known that programming education plays a crucial role in cultivating students’ CT, 

while for the students who are unfamiliar with programming, they often drop out or lose interest due to 

its complex concepts and syntax (Grover & Pea, 2013). ChatGPT has been increasingly incorporated 

into education, offering advantages such as real-time feedback and personalized learning, which show 

great potential for Python courses. However, little research has offered any insight into how ChatGPT 

supports pre-service teachers in learning Python programming, specifically regarding how their digital 

questioning behaviors contribute to enhancing computational thinking. Given the gaps in research 

highlighted across the previous sections, this study aims to answer the following research questions:   

RQ1: How do pre-service teachers’ CT levels change after participating in ChatGPT-assisted 

programming learning? 

RQ2: What are the differences in questioning behaviors of pre-service teachers with different CT 

levels when using ChatGPT?  

RQ3: How are pre-service teachers’ questioning behaviors when using ChatGPT correlated with 

their post-test CT levels? 

RQ4: What questioning behavioral changes with ChatGPT do pre-service teachers exhibit across 

tasks of varying difficulty? 

3 Method 

This study adopted a one-group pretest–posttest design combined with process-based behavioral 

analysis. This type of design is commonly discussed in experimental and quasi-experimental research 

methodology (Campbell & Stanley, 1963). This design allowed us to examine CT score changes and 

associations between questioning behaviors and CT levels, but not to make strong causal claims about 

ChatGPT. Table 1 summarizes the relationship among participants, research questions, collected data, 

and analysis methods. The following subsections describe (1) the participants, (2) the study procedure, 

and (3) the questioning-behaviors coding scheme and data analysis. 

Participants 
Research 

questions 
Collected data Data analysis methods 

37 (17 males 

and 20 females) 

RQ1 

Pre-service teachers’ CT 

levels before and after the 

experiment 

Paired sample t-test (pre-

test and post-test) 

RQ2 

Behavior classifications of 

pre-service teachers grouped 

as high and low level 

Mann-Whitney U test 

(high-level and low-level) 

RQ3 

Relationship between pre-

service teachers' questioning 

behaviors and post-test CT 

Regression analysis 



level 

RQ4 

Frequency of pre-service 

teacher questioning 

behaviors across learning 

stages 

Sankey diagram 

Table 1. Research design 

3.1 Participants 

This study was conducted with junior pre-service teachers majoring in Educational Technology at 

a university in eastern China. All participants were enrolled in a Python programming course designed 

to strengthen programming skills and prepare them for future teaching. The experiment was conducted 

in the second half of the semester and initially involved 59 pre-service teachers (28 males and 31 

females). Before the experiment, all participants had completed prior introductory Python learning and 

had acquired the basic programming knowledge required for the subsequent experiments. For the final 

analysis, only participants with complete matched pre-test, post-test, and valid video data across the 

five experiments were retained, resulting in an analytical sample of 37 pre-service teachers (17 males 

and 20 females). 

3.2 Study procedure 

The experiment was conducted in three phases as shown in Figure 1: (i) pre-experiment, (ii) 

experiment process, and (iii) post-experiment. The entire procedure took five weeks, with four lessons 

per week. All pre-service teachers received instruction from the same teacher and used ChatGPT 

individually for assistance. The phases of the procedure are presented below: 

 

 

 Figure 1. Experimental design flowchart 

 

Phase 1: Pre-experiment 

Step 1.1: Training and pilot study 

To ensure pre-service teachers fully comprehended the research process, the researchers provided 



them with a detailed explanation of the study’s content, procedures, and research methods. All pre-

service teachers agreed to participate and consented to the collection of relevant data by the 

researchers, with the understanding that they could withdraw from the experiment at any time. 

To conduct the pilot study, screen recording software (EV) was installed on the lab computers by 

a teaching assistant to capture pre-service teachers’ interactions with ChatGPT during Python practice. 

Additionally, the researchers asked pre-service teachers to create a ChatGPT account if they did not 

already have one. Following the training in Phase 1, the pre-service teachers were given one class 

period to familiarize themselves with the EV software and ChatGPT. Meanwhile, the researchers were 

available to help address any issues that pre-service teachers encountered. Notably, pre-service teachers 

were asked to try to solve problems to the best of their knowledge with the assistance of ChatGPT. 

Once the pilot study was completed, data collection began. 

Step 1.2: Pre-test 

The pre-test, known as the Computational Thinking Scale (CTS), was applied to measure the pre-

service teachers’ baseline CT skills before the experiment. This study used an online questionnaire 

platform to collect CT skill data. The researchers distributed the questionnaire link during class and 

asked pre-service teachers to complete the questionnaire by the sixth week of the study.  

Phase 2: Experimental process 

We divided the pre-service teachers’ learning into three stages—preliminary, intermediate, and 

final—based on the increasing difficulty of the Python content. The preliminary stage included 

Experiments 1 and 2, which focused on basic Python control structures, including selection structures 

and loop structures. The intermediate stage included Experiments 3 and 4, which involved file 

operations, function definition, and function use, enabling pre-service teachers to develop moderately 

complex programs. The final stage included Experiment 5, which focused on practical applications of 

Python, including NumPy and data visualization. These five experiments were arranged in order of 

increasing knowledge difficulty, from simple to complex, and were required to be completed by 

students in class. 

Step 2.1: Teacher-centered education 

At the start of each class, the first two hours of each class were dedicated to teacher instruction. 

The teacher first explained the main content of the lesson so that pre-service teachers would understand 

the key Python concepts and skills. During this period, pre-service teachers were required to operate 

the lab computers to practice basic exercises from the textbook. The teacher provided guidance and 

assistance as pre-service teachers encountered questions or challenges during their practice. 

Step 2.2: ChatGPT-assisted task completion 

During the final two hours of each class, the teacher assigned 3-4 tasks closely related to the 

learning content to further improve pre-service teachers’ programming skills. Then, pre-service 

teachers first started the EV screen recording software on the lab computers to record their learning 

process. Then they utilized PyCharm to run the Python programs and used ChatGPT as an individual 

learning assistant during task completion.   

Phase 3: Post-experiment 

In the twelfth week of the semester, after the five-week experimental process had ended, the 



researchers distributed the same CTS questionnaire as used in Phase 1. After the post-test data were 

collected, pre/post CT score changes were analyzed. Additionally, the screen-recorded videos recorded 

by pre-service teachers during the experiment were collected. During Phase 2, the pre-service teachers 

finished their task interactions with ChatGPT and recorded the entire interaction process. The teacher 

was responsible for collecting the pre-service teachers' videos using a U disk. These videos were then 

screened and coded to analyze pre-service teachers’ questioning behaviors when using ChatGPT.  

3.3 Behavior coding scheme 

In the context of these learning tasks, learners interacted spontaneously with ChatGPT. Drawing 

on prior research (Han et al., 2024), this study operationalized each learner-generated submission to 

ChatGPT as a single coding unit—encompassing natural-language questions, prompts, code snippets, 

error messages, debugging requests, or mixed text-and-code inputs. Given that ChatGPT typically 

responded immediately to each learner submission, instances of consecutive learner-generated 

submissions were virtually nonexistent.  

To classify these questioning behaviors, we drew upon Hartley, Hayak, and Ko (2024), who 

identified several prompt types that can influence students' independent learning, including 

instructional materials, content area tools, feedback and assessment, and planning. However, the advent 

of ChatGPT has fundamentally altered the nature of these interactions. As Sun et al. (2024) described, a 

general behavioral coding scheme for student-ChatGPT engagement encompasses actions such as 

posing questions to ChatGPT, copying and pasting error codes from the console, reading ChatGPT's 

feedback, and transferring code from ChatGPT into PyCharm. Furthermore, Groothuijsen (2024) 

identified ChatGPT's primary roles in programming education as concept understanding, code 

generation, error checking and debugging, and code optimization. Inspired by these prior studies and 

informed by our own observational data, we developed a six-category coding scheme to systematically 

classify participants' questions and actions, as presented in Table 2. 

Code Description Cohen’s κ Representative example 

Original 

Question 

Replication (OR) 

Directly copying the full task 

question into ChatGPT to 

obtain an answer 

0.87 

“Use Python to input a 

student’s score and output 

the corresponding grade 

according to the following 

rules...” 

Original 

Question 

Decomposition 

(OD) 

Copying parts of the question 

that are not understood to 

obtain an answer from 

ChatGPT. 

0.74 
“What does ‘corresponding 

grade’ mean in this task?” 

Code 

Verification (CV) 

Submitting self-written code, 

AI-generated code, or console 

output to ChatGPT for 

checking or debugging 

0.81 

“My code reports 

FileNotFoundError. Please 

help me check this code: 

[code].” 

Functionality 

Analysis (FA) 

Prompting ChatGPT for 

explanations when the steps 

toward the solution are 

understood but the methods 
used in the process are unclear 

0.72 

“How does with 

open(filename, 'r') as f: 

work in Python?” 



Code Description Cohen’s κ Representative example 

Original 

Question 

Replication (OR) 

Directly copying the full task 

question into ChatGPT to 

obtain an answer 

0.87 

“Use Python to input a 

student’s score and output 

the corresponding grade 

according to the following 

rules...” 

Original 

Question 

Decomposition 

(OD) 

Copying parts of the question 

that are not understood to 

obtain an answer from 

ChatGPT. 

0.74 
“What does ‘corresponding 

grade’ mean in this task?” 

Code 

Verification (CV) 

Submitting self-written code, 

AI-generated code, or console 

output to ChatGPT for 

checking or debugging 

0.81 

“My code reports 

FileNotFoundError. Please 

help me check this code: 

[code].” 

Follow-up 

Questioning (FQ) 

Asking follow-up questions 

based on ChatGPT’s answers. 
0.78 

“Can I use plt.scatter() 

instead of plt.plot()?” 

Irrelevant 

Behavior (IB) 

Other unrelated questioning 

behaviors. 
0.90 

“What should I eat for 

lunch?” 

Table 2: Questioning behavior coding scheme, category-specific Cohen’s κ values, and 

representative examples 

After extracting participants' ChatGPT submissions from the screen recordings and segmenting 

them into coding units, two trained coders independently coded a randomly selected subset of 200 

interaction records to ensure the reliability of the coding scheme. Prior to coding, both coders 

underwent training using a standardized coding manual. The key category definitions and 

representative examples from the manual are summarized in Table 2. Inter-coder reliability was 

assessed using Cohen's κ, yielding an overall κ of 0.806, which exceeds the commonly accepted 

threshold of 0.70. Category-specific κ values ranged from 0.72 to 0.90, as reported in Table 2. 

When coding disagreements arose, the two coders first discussed the cases based on the 

operational definitions and coding rules. If consensus could not be reached, a third expert was 

consulted to make the final decision (Sun et al., 2021; Sun et al., 2024). Notably, the main source of 

disagreement involved distinguishing OD from FA, particularly when learners' prompts contained 

overlapping functions. For example, the prompt "Should I use if...elif...else to classify the scores?" was 

disputed as OD versus FA and was ultimately coded as FA by the third expert. The rationale was that 

the learner understood the task goal but was uncertain about which programming structure was 

appropriate for achieving it.  

3.4 Data analysis 

We conducted pre- and post-tests to assess learners’ CT, adapted from the CTS (Korkmaz et al., 

2017). The CTS measures five dimensions: algorithmic thinking (AT), cooperative learning (CO), 

critical thinking (CR), problem solving (PS), and creativity (CE). The survey consists of 29 

measurement indicators across these five dimensions, and the validity and reliability of the CTS have 

been proven (Korkmaz et al., 2017). To verify the applicability of the CTS in this study, we conducted 

reliability and validity tests on the pre-test data after it was collected. The Kaiser–Meyer–Olkin (KMO) 



value was 0.812, exceeding the recommended threshold of 0.800, indicating that the data were suitable 

for factor-based validity assessment. Cronbach’s alpha for the overall scale was 0.898, indicating good 

internal consistency. In addition, Cronbach’s alpha values for each CT dimension exceeded 0.7, 

indicating acceptable internal consistency within each dimension. A total of 59 questionnaires were 

distributed for both the pre-test and post-test using the CTS. The pre-test received 52 valid responses, 

resulting in an 88% validity rate, while the post-test had 51 valid responses, yielding an 86% validity 

rate.  

We gathered the video data through EV screen recording software across five experiments, with a 

total of 59 pre-service teachers participating. As shown in Figure 2, the actual number of valid videos 

varied across the five experiments. Over the five-week collection period (Weeks 7–11), a total of 210 

valid videos were obtained, with weekly counts of 47, 42, 44, 39, and 38, respectively. To ensure data 

continuity and consistency, only participants with matched valid pre-test, post-test, and video data 

across the five experiments were retained for the final analysis, resulting in an analytical sample of 37 

pre-service teachers. The final analytical video corpus therefore consisted of 185 videos, corresponding 

to approximately 6,475 minutes of analyzed video data.   

Our video data captured both recording duration and total interaction count. Although Prior video-

based research on ChatGPT-assisted programming has reported recording duration and coded behavioral 

frequencies (Sun et al., 2024), they were not incorporated into our analysis. Recording duration was 

excluded because the screen recordings contained substantial periods of non-questioning activity, such 

as reading task instructions, writing and running code, reviewing ChatGPT responses, and waiting for 

program output. Total interaction count was also excluded because using it would have transformed the 

six coded behaviors into relative proportions, thereby obscuring meaningful differences in learners' 

overall questioning volume. 

  

Figure 2. Data collection result 

There were four steps in the analysis phase. The data analysis process is shown in Figure 3. First, 



a paired sample t-test was conducted to analyze the pre- and post-test results of pre-service teachers' 

CT, aiming to determine whether their CT scores changed after the ChatGPT-assisted programming-

learning activities (RQ1). Second, we used the pre-test data to divide pre-service teachers into groups 

based on their CT levels, with the median score (85 points) serving as the threshold. Pre-service 

teachers who scored above the median were assigned to the high-level group, while those who scored 

at or below the median were placed in the low-level group. This resulted in 18 pre-service teachers 

assigned to the high-level group and 19 pre-service teachers in the low-level group. Then, a Mann-

Whitney U test was conducted to analyze whether there were differences in questioning behaviors 

between pre-service teachers in the two groups (high-level and low-level) for RQ2. Third, we used 

regression analysis to examine the relationship between pre-service teachers’ questioning behaviors 

and their post-test CT levels (RQ3). Finally, a Sankey diagram was employed to capture the changes in 

pre-service teachers' questioning behaviors across different task difficulties (RQ4).  

 

Figure 3. Data analysis process 

4 Results 

4.1 RQ1: Comparison of pre-service teachers’ CT between pre-test 

and post-test 

A paired-sample t-test was conducted to measure the difference in pre-service teachers’ CT before 

and after the experiment. Before conducting the t-test, the normality of the differences between pre-test 

and post-test scores was assessed using a Q-Q plot and the Shapiro-Wilk test (p = 0.577 > 0.05), 

indicating that the data met the normality assumption for the t-test. The results outlined in Table 3 

indicate that the post-test CT score (M = 91.62) notably surpassed that of the pre-test (M = 85.78) (p < 

0.05), indicating a significant increase in pre-service teachers’ CT scores after the learning activities. 

However, given the one-group pretest–posttest design, this increase should not be attributed solely to 

ChatGPT. The detailed information in Table 4 reflects the difference in pre-service teachers’ 

performances across the sub-dimensions of CT. The post-test scores of CO (M = 16.35), CR (M = 



19.73) and AT (M = 18.59) were superior to the pre-test scores of CO (M = 15.54), CR (M = 17.84) 

and AT (M = 16.22), respectively. These findings denote those participants made notable 

improvements (p < 0.05) in cooperative learning, critical thinking and algorithmic thinking during the 

experiment. In contrast, there were no significant differences in the dimensions of CE and PS (p > 

0.05). The post-test scores of CE (M = 22.27) and PS (M = 14.68) were slightly higher than the pre-test 

scores of CE pre-test (M = 22.03) and PS (M = 14.16). This indicates that the use of ChatGPT in 

programming had a minimal impact on problem solving and creativity. 

Name 
Paired (M±S.D) M difference 

(Paired1-Paired2) 
t p 

Pre-test Post-test 

CT 85.78±11.041 91.62±10.634 -5.838 -3.310 0.002 

Table 3: Paired-sample t-test for CT 

Dimensions 
Paired (M±S.D) M difference 

(Paired1-

Paired2) 

t p 
Pre-test Post-test 

CO 15.54±2.256 16.35±2.137 -.811 -2.541 .016 

CR 17.84±2.863 19.73±3.168 -1.892 -4.086 <.001 

AT 16.22±3.735 18.59±3.253 -2.378 -4.437 <.001 

CE 22.03±3.700 22.27±3.603 -.241 -.268 .790 

PS 14.16±3.571 14.68±4.497 -.514 -.535 .596 

Table 4: Paired-sample t-test for the dimensions of CT 

4.2 RQ2: Questioning behaviors across groups with different CT 

Based on the normality test results, the frequencies of the six types of pre-service teachers’  

questioning behavior were not normally distributed. Therefore, a Mann-Whitney U test was used to 

compare the high- and low-level groups. The results are presented in Table 5.  

In the high-level group, the most frequent questioning behaviors were FA (Median = 15.00, IQR 

= 5.50–17.25) and FQ (Median = 9.00, IQR = 3.75–11.25), indicating that these pre-service teachers 

had a clear understanding of the solution concept but were less familiar with the methods. Moreover, 

rather than simply copying and pasting questions to obtain answers, they engaged in deeper exploration 

of the questions. In contrast, most pre-service teachers in the low-level group exhibited OR (Median = 

8.00, IQR = 2.00–12.00) and OD (Median = 9.00, IQR = 2.00–12.00), suggesting that, due to an 

insufficient knowledge base, these pre-service teachers were more likely to copy the questions, either 

in part or in full, to receive direct answers from ChatGPT. 

Additionally, these results indicate significant differences between the high-level groups and low-

level groups in the use of behaviors such as OD, FA and FQ. OR showed a marginal difference, 

whereas CV and IB did not differ significantly between the two groups. In particular, there were 

significant differences in OD (Z = 2.933, p < 0.05), FA (Z = 2.731, p < 0.05) and FQ (Z = 2.138, p < 



0.05) behaviors. This further highlight that low-level pre-service teachers used ChatGPT to get direct 

answers, while high-level pre-service teachers constructed knowledge through exploratory 

conversations with ChatGPT. Meanwhile, the two groups rarely chose the IB behavior, and no 

significant difference (p > 0.05) was found between them, which means that pre-service teachers 

possessed good programming literacy. 

Behaviors 

Group (M（P25,P75）) 
Z p High-level  

(N=18) 

Low-level 

 (N=19) 

OR 3.00(0.75,6.25) 8.00(2.00,12.00) 1.863 0.062 

OD 2.00(0.75,4.50) 9.00(2.00,12.00) 2.933 0.003 

CV 7.00(3.75,12.25) 6.00(3.00,8.00) 0.992 0.321 

FA 15.00(5.50,17.25) 2.00(1.00,12.00) 2.731 0.006 

FQ 9.00(3.75,11.25) 3.00(0.00,9.00) 2.138 0.033 

IB 0.00(0.00,1.25) 0.00(0.00,1.00) 0.238 0.812 

Table 5: Mann-Whitney U test 

4.3 RQ3: The relationships between questioning behaviors and post-

test CT 

This study used multiple linear regression analysis to explore the relationships between 

participants’ questioning behaviors and post-test CT level, with post-test CT level as the dependent 

variable and the six questioning behaviors as the independent variables. Prior to performing the 

analysis, the assumptions required were checked. First, a histogram of the standardized residuals was 

created, confirming that the residuals were normally distributed. Then, a scatterplot of the standardized 

residuals against the standardized predicted values was generated to confirm that the assumption of 

homogeneity of variance was met. Finally, the variance inflation factor (VIF) values for each 

independent variable were much lower than the threshold value of 10, indicating no collinearity 

problem. 

The multiple linear regression analysis was then performed. The result indicated that the overall 

regression model was a good fit for the data (F = 16.752, p < 0.001). Next, the regression coefficients 

for each independent variable were analyzed. The R2 value of the regression model was 0.770, showing 

that the six independent variables together explained 77% of the variation in CT level. Only two 

independent variables, OR and FA, made statistically significant contributions to the regression model 

(p < 0.05). The full multiple linear regression model is presented in Table 6, and a simplified equation 

based on significant predictors is described below.  

Computational thinking level = 87.959-0.482*OR+0.638*FA 

Specifically, OR was significantly negatively associated with CT level (B = -0.482, p = 0.021), 

indicating that more frequent direct replication of original questions was associated with lower CT 

scores. However, FA was significantly positively associated with CT level (B = 0.638, p = 0.005), 

showing that more frequent functionality-analysis questioning was associated with higher CT scores.  

Dependent 

variable 

Independent 

variable 

Unstandardized 

coefficients 

Standardized 

coefficients t p VIF 

B Std.Error Beta 

CT level constant 87.959 3.758 - 23.406 <.001 - 



OR -.482 .198 -.287 -2.437 .021 1.810 

OD -.072 .199 -.044 -.359 .722 1.952 

CV -.203 .246 -.090 -.827 .415 1.553 

FA .638 .212 .473 3.008 .005 3.225 

FQ .423 .210 .261 2.011 .053 2.196 

IB -.410 .840 -.044 -.488 .629 1.050 

R2=.770, Adjusted R2=.724, F=16.752 (p<0.001) 

Table 6: Multiple Linear Regression 

4.4 RQ4: The evolution of pre-service teachers’ questioning behaviors 

across different learning stages 

The Sankey diagram demonstrates the frequencies of pre-service teachers’ questioning behaviors 

across different stages, comparing the questioning behavior patterns between high-level and low-level 

groups (see Figure 4). The questioning behaviors of high-level participants in the preliminary, 

intermediate, and final stages centered on CV (P-Freq.=40, I-Freq.=58, F-Freq.=71), FA (P-Freq.=88, 

I-Freq.=100, F-Freq.=104) and FQ (P-Freq.=60, I-Freq.=77, F-Freq.=77). These questioning behaviors 

demonstrated an increasing trend, as shown in Figure 4(a). This suggests that as programming tasks 

increased in difficulty, pre-service teachers in the high-level group were inclined to use ChatGPT for 

code self-checking, method exploration and question-asking, which may reflect a more analytical use 

of ChatGPT during programming learning. In contrast to the performance of high-level pre-service 

teachers, pre-service teachers in the low-level group adopted different questioning behavior patterns 

across the three stages of the programming process. They most frequently chose OD (P-Freq.=70, I-

Freq.=76, F-Freq.=65), followed by OR (P-Freq.=75, I-Freq.=61, F-Freq.=50), with both behaviors 

presenting a decreasing trend over time. In addition, the frequency of CV (P-Freq.=18, I-Freq.=42, F-

Freq.=31) and FQ (P-Freq.=14, I-Freq.=18, F-Freq.=25) increased in the intermediate and final stages 

compared to the preliminary stage, as shown in Figure 4(b). These descriptive results suggest that as 

the difficulty of programming tasks increased, pre-service teachers in the low-level group increasingly 

used ChatGPT to check the code and ask programming questions, while reducing their question 

copying behavior.  



 

(a) The Sankey diagram of high-level pre-service teachers 

 

(b) The Sankey diagram of low-level pre-service teachers 

Figure 4. Sankey diagram illustrating pre-service teachers from different CT level groups  



 
(a) Example of a high-level pre-service teacher’s questioning behaviors 

 

(b) Example of a low-level pre-service teacher’s questioning behaviors 

Figure 5. Examples of questioning behaviors by pre-service teachers in different CT level groups  

 

In order to further explore the questioning behaviors of pre-service teachers in both groups of pre-

service teachers at different task stages, we conducted a case analysis of one pre-service teacher from 

each group (see Figure 5). Figure 5(a) shows the questioning behaviors of a high-level pre-service 

teacher in the preliminary and final stages. The pre-service teacher exhibited more FA and FQ 

behaviors, suggesting that they frequently asked questions about frequently asked problem-solving 

questions and sought clarification on ChatGPT’s answers. For example, the pre-service teacher asked 

ChatGPT, “I want to use Python to find the red font in a document. Can I use the ‘for loop’?” (FA) and 

“What if I want to use the Python.docx library?” (FQ). Compared to the preliminary stage, there was an 

increase in CV behavior during the final stage. For example, the pre-service teacher prompted 

ChatGPT, “Please help me check this part of the code ... (part of the code written by the pre-service 

teacher).” Conversely, the number of OD behaviors decreased.  

Meanwhile, the changes in the behaviors of the low-level pre-service teacher between the 

preliminary and final stages are shown in Figure 5(b). The pre-service teacher adopted OR, OD, and 

CV behaviors during both stages, although OR and OD were used less in the final stage. For example, 

the pre-service teacher asked ChatGPT, “How to use Python language to output ... (original title)” 

(OR), “What is ... (part of the original title)” (OD), and “(Self-written code) What's wrong with the 

above code?” (CV). 



5 Discussion  

Building on the presented results, this section delves into the factors influencing pre-service 

teachers' CT and discusses the variations in their questioning behaviors both between and within the 

high-level and low-level groups. 

5.1 CT scores increased after ChatGPT-assisted programming 

learning (RQ1） 

This study found a significant increase in pre-service teachers' overall CT scores after the 

ChatGPT-assisted programming-learning activities, with significant increases in CO, CR, and AT. 

These findings are consistent with previous research, such as that by Katz et al. (2023), who used 

ChatGPT for topic identification and accuracy assessment of student teamwork feedback. Their study 

showed that ChatGPT can help analyze and process feedback more effectively, which falls under 

algorithmic thinking. Furthermore, Shanto et al. (2024) proposed that students used ChatGPT for multi-

stage operations while answering questions following it, and the conclusion was that ChatGPT could 

enhance students' critical thinking. Moreover, participants said using ChatGPT in programming boosts 

their cognitive abilities. As it cuts coding time, students can spend more time on algorithmic thinking 

for problem-solving (Yilmaz & Yilmaz, 2023a), AI-driven tools and environments can increase student 

engagement and motivation by providing them with personalized support, interaction, and feedback as 

they learn to code (Liao, 2024), which supports the conclusions in this study.  

However, because this study did not include a control group, the observed increase in CT scores 

may also reflect programming instruction, repeated testing, practice effects, or familiarity with the 

CTS. In addition, contrary to previous research by Yildiz Durak (2020), the changes in students’ PS 

and CE scores were minor compared to pre-test scores. This disparity might be explained by students’ 

blind reliance on generative AI tools (Liu et al., 2023). This indicates that while ChatGPT is a powerful 

tool, its benefit depends on how pre-service teachers interact with it. 

5.2 Pre-service teachers with different CT levels exhibit different 

questioning behaviors when using ChatGPT (RQ2） 

This study revealed differences in questioning behaviors between high-level and low-level pre-

service teachers when using ChatGPT. Significant differences were observed in OD, FA, and FQ; OR 

showed a marginal difference; CV and IB were not significant. The most frequent behaviors in the 

high-level group were FQ and FA, while most pre-service teachers in the low-level group chose OR 

and OD. Similar research conducted by Lei et al. (2024) found that among students of different ability 

groups, the behaviors of high-ability groups focused on programming practices, with problem-solving 

being more operational, such as problem analysis, schematic design and strategy use. In contrast, the 

behaviors of the low-level groups focused on computational concepts. This aligns with our findings: 

pre-service teachers in the high-level group demonstrated higher self-awareness in programming and 



were more likely to complete programming tasks with the help of ChatGPT. However, pre-service 

teachers in the low-level group were more dependent on ChatGPT and had less of a self-directed 

thinking process. In addition, Sun et al. (2021) noted that high-ranked students and middle-ranked 

students are characterized by high interaction, social support, and a process-oriented approach. In 

contrast, low-ranked student pairs are characterized as less interactive, lack social support, and are 

often distracted from programming. These findings collectively suggest that questioning behaviors 

serve as a key indicator of pre-service teachers’ digital literacy, distinguishing between those who 

actively leverage AI for learning and those who passively rely on it. 

5.3 Questioning behaviors are associated with pre-service teachers' CT 

development (RQ3) 

The results of this study indicate that different questioning behaviors were associated with post-

test CT level. Among the six questioning behaviors explored, OR was significantly negatively related 

to CT level. This behavior may hinder learners’ ability to solve problems and weaken their 

understanding and mastery of code. Moreover, Xu et al. (2023) suggested that when learners just copy 

and paste code mechanically, they may not understand the logic and functions of the code, making it 

difficult for them to make necessary modifications or debug effectively. This suggests that over-

reliance on OR creates a barrier to developing robust CT. In contrast, FA was significantly positively 

related to CT level, suggesting that the greater use of this behavior predicted higher CT performance. 

This implies that when pre-service teachers understand the steps required to solve problems and have 

some level of coding ability, but lack clarity on the specific functions needed to solve the problem, they 

can effectively complete programming tasks with the help of ChatGPT. This finding is also supported 

by Basit Qureshi (2023), in this paper, the average score of the experimental group (using ChatGPT) 

was higher than that of the control group. Besides he also noted that ChatGPT gives step-by-step 

guidance, explaining the underlying algorithm and offering code snippets to help students understand 

the solution.  

5.4 Pre-service teachers with different CT levels exhibit different 

questioning behavioral characteristics at varying task difficulties 

(RQ4) 

The results of the Sankey diagram revealed that pre-service teachers in both the high-level and 

low-level groups displayed different behavioral characteristics at different task stages of programming 

learning. Specifically, high-level pre-service teachers adopted more CV, FA, and FQ behaviors in the 

final stage, while the low-level pre-service teachers showed a decrease in OR and OD behaviors, 

coupled with an increase in CV and FQ behaviors in the final stage. These descriptive patterns suggest 

a possible shift from direct answer-seeking toward more active engagement as the experiments 

progressed. Therefore, it could be concluded that the behaviors of both groups of pre-service teachers 

in the final stage were better than those in the preliminary stage. This improvement may be attributed 



to the support ChatGPT provided at the earlier stages of learning in the experiment, when it offered 

supports on the basics of the Python programming (Hartley, Hayak, & Ko, 2024). As their foundational 

skills improved, pre-service teachers became more confident in exploring complex functions rather 

than seeking direct answers. Additionally, by comparing the changes in pre-service teachers' behaviors 

across the five experiments arranged in an intended order of increasing difficulty, we found that 

matching the difficulty of the programming tasks with pre-service teachers’ actual level of competence 

may support more productive engagement with programming tasks. According to Kanellopoulou et al. 

(2021), educators should encourage students to play educational games that promote CT competencies, 

based on personalized learning paths. 

6 Conclusion 

This study demonstrates several key conclusions with important implications for pre-service 

teachers, teachers, and the development of curricula and assignments that incorporate ChatGPT. 

Firstly, the results confirm that pre-service teachers’ CT scores increased significantly after ChatGPT-

assisted programming learning. Moreover, there are clear differences in the types of questioning 

behaviors used by pre-service teachers with varying levels of CT. Pre-service teachers with higher CT 

levels tend to break down problems and actively engage with ChatGPT to seek solutions, while pre-

service teachers with lower CT levels are more inclined to directly ask ChatGPT for answers. These 

questioning behaviors were associated with pre-service teachers’ CT levels. And the behavioral 

differences between pre-service teachers suggest that pre-service teachers may require individualized 

learning paths to support their CT.  

Based on this work, teachers should develop differentiated instruction strategies that cater to 

varying levels of CT, while also teaching effective prompting techniques. For pre-service teachers with 

lower levels of CT, educators should encourage and guide them in breaking down their questions, 

reflecting on them, and refining their questioning skills. This will help pre-service teachers gradually 

formulate open-ended questions and engage in deeper inquiry. Pre-service teachers should be 

encouraged to learn with AI supports, such learning tools and resources, that views as learning clues 

instead of learning outcomes, in order to promote the expansion of their thinking. Product developers 

can optimize user interfaces to guide effective questioning, even provide arguable or emotional 

feedback. These efforts can enhance problem-solving skills, foster cognitive conflict, and ultimately 

improve learning outcomes with AI tools.  

However, this experiment has several limitations. First, programming learning itself can impact 

pre-service teachers' CT, making it difficult to attribute the improvement in CT solely to this 

experiment. Second, the final analytical sample consisted of only 37 pre-service teachers, which may 

limit the generalizability of the findings. Third, the experiment did not account for variations in 

instructional designs and teaching methods, which could have influenced the results. Fourth, all 

questioning-behavior variables were analyzed solely as observed event counts, overlooking the 

integrated comparison between standardized data and actual behavioral data. Additionally, the behavior 

coding used in this study was based on a comprehensive integration of previous coding frameworks, 

and further refinement is required. Due to limitations in the product version available during the study, 



it was not possible to conduct the experiment using a higher version. Therefore, the experiment did not 

explore whether using a more advanced version of ChatGPT. 

In the future, research on the role of generative AI in relation to pre-service teachers' CT should 

be further extended, especially in different instructional design settings and by inviting more 

participants. Furthermore, the issue of human-AI interaction in collaborative learning environments 

should be a key focus for future research. As artificial intelligence becomes increasingly prevalent in 

education and tools like ChatGPT continue to evolve, effectively integrating human intelligence with 

artificial intelligence in collaborative learning environments will become a common scenario. Future 

studies could explore the role of AI in group collaboration, particularly in facilitating communication 

among team members, problem-solving, and co-construction of knowledge. Research should examine 

how AI impacts collaborative learning within different types of groups, especially in interdisciplinary 

teams and diverse learner populations. Additionally, it is crucial to deeply analyze the underlying 

factors behind improvements in CT, establish a scientific behavioral framework, and examine the 

dynamic interactions between artificial intelligence tools and pre-service teachers. 
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