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Scaffolding Computational Thinking With ChatGPT
Jian Liao , Linrong Zhong , Longting Zhe , Handan Xu , Ming Liu , and Tao Xie

Abstract—ChatGPT has received considerable attention in ed-
ucation, particularly in programming education because of its
capabilities in automated code generation and program repairing
and scoring. However, few empirical studies have investigated the
use of ChatGPT to customize a learning system for scaffolding
students’ computational thinking. Therefore, this article proposes
an intelligent programming scaffolding system using ChatGPT
following the theoretical framework of computational thinking
and scaffolding. A mixed-method study was conducted to inves-
tigate the affordance of the scaffolding system using ChatGPT,
and the findings show that most students had positive attitudes
about the proposed system, and it was effective in improving their
computational thinking generally but not their problem-solving
skills. Therefore, more scaffolding strategies are discussed with
the aim of improving student computational thinking, especially
regarding problem-solving skills. The findings of this study are
expected to guide future designs of generative artificial intelligence
tools embedded in intelligent learning systems to foster students’
computational thinking and programming learning.

Index Terms—Artificial-intelligence-generated content (AIGC),
ChatGPT, computational thinking (CT), scaffolding.

I. INTRODUCTION

LAUNCHED by OpenAI in November 2022, ChatGPT has
gained many users in a short period of time, and it has

received significant attention in education because it is a major
breakthrough in the field of artificial intelligence (AI), providing
promising benefits for learning and teaching. Researchers and
practitioners from various disciplines now use ChatGPT for
educational applications, such as manuscript writing, assisted
teaching, and computer education [1], [2], [3]. ChatGPT changes
the way we learn in the digital age by enabling more natural and

Manuscript received 31 August 2023; revised 16 January 2024 and 5 April
2024; accepted 9 April 2024. Date of publication 24 April 2024; date of current
version 30 May 2024. This work was supported in part by the Research Projects
Funded by the National Natural Science Foundation of China under Grant
62177039, in part by the Key Projects of Scientific Research in Higher Education
in Chongqing under Grant cqgj23005B, in part by the Research Projects Funded
by the National Natural Science Foundation of China under Grant 62277043, in
part by Chongqing Natural Science Foundation Innovation and Development
Joint Fund Project under Grant CSTB2023NSCQ-LZX0094, in part by the
Research Funds for the Southwest University under Grant SWU2108023, and in
part by the Innovation Research 2035 Pilot Plan of Southwest University under
Grant SWUPilotPlan002. (Corresponding author: Ming Liu.)

This work involved human subjects in its research. Approval of all ethical and
experimental procedures and protocols was granted by the Institutional Review
Board at Southwest University under Application No. SWUFEIRB 2023-0201,
and performed in line with university requirements.

The authors are with the Faculty of Education, Southwest University,
Chongqing 400715, China (e-mail: leojames@swu.edu.cn; linrongzhong032@
163.com; longtingzhe@163.com; xuhandan226@163.com; mingliu@swu.
edu.cn; xietao@swu.edu.cn).

Digital Object Identifier 10.1109/TLT.2024.3392896

intuitive forms of communication with flexible and accessible
AI [4], [5].

As an important skill in the 21st century [6], [7], computa-
tional thinking (CT) involves using fundamental concepts from
computer science to solve problems; it is closely linked to
programming skills, and programming is regarded as the most
appropriate way to enhance students’ CT [8], [9], [10]. Although
ChatGPT is used widely in various fields, its application in pro-
gramming education to foster CT is still in the early exploratory
stage.

Moreover, scholars have claimed that ChatGPT might intro-
duce new challenges and concerns in education [11], [12]. For
instance, students may become overly dependent on ChatGPT,
as excessive reliance on AI tools could impede students’ efforts
to actively pursue their learning goals through independent
thinking [13].

The present study addresses these issues by using scaffolding
as a theoretical lens to frame the application of ChatGPT in
programming learning to promote students’ active learning.
Two general design principles were proposed for applying scaf-
folding in programming course to improve students’ CT with
the support of ChatGPT: 1) integrating ChatGPT with the key
factors of scaffolding and 2) designing interactive modules with
ChatGPT following the developmental process of CT.

Consequently, an intelligent programming scaffolding system
using ChatGPT (IPSSC) was developed for a Data Structures
and Algorithms course at university level. Instead of chatting
with ChatGPT directly, three modules called solution assess-
ment (SA), code assessment (CA), and free interaction (FI)
were designed following a modified CT framework to assist in
scaffolding students to finish the coding tasks of the course.
Therefore, this study designed three interactive modules in
the IPSSC according to the five aspects of the CT framework
proposed by Shute et al. [14], i.e., decomposition, abstraction,
algorithms, debugging, and iterations, the aim being to cultivate
various aspects of students’ CT.

Accordingly, a mixed-method study was conducted, with the
CT Scale (CTS) [7] used as a pre- and posttest instrument in
a quasi-experimental study to evaluate students’ CT levels. A
questionnaire was used to collect students’ perceived effects
and attitudes toward the proposed system. Moreover, nine par-
ticipants were purposely selected for interviews based on the
number of interactions between students and the IPSSC to trian-
gulate students’ experience on the proposed system. In addition,
lag sequential analysis and clustering analysis were used in
this study to mine the interaction patterns because the IPSSC
can record students’ interactions with ChatGPT. The findings
of this study are expected to be used to explore new teaching
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strategies with the support of AI tools based on ChatGPT and
provide design principles for the design and implementation of
systems based on AI-generated content (AIGC) applications in
education.

II. LITERATURE REVIEW

A. ChatGPT

ChatGPT is a next-generation conversational natural language
processing model released by OpenAI in November 2022, mak-
ing AIGC a hot topic in the field of AI [15]. In addition, ChatGPT
is a chatbot based on the underlying technology of generative
pretrained transformer (GPT) models, which have gone through
multiple iterations, evolving from GPT-1, GPT-2, and GPT-3
to the current GPT-3.5 and GPT-4. Each generation has had
an exponential increase in parameters and pretraining data, and
their capabilities in content generation, problem solving, and
creativity are becoming increasingly similar to human cognition
[16].

As a powerful AI language model, ChatGPT is now used
widely in domains, such as human–computer interaction (HCI),
information retrieval, and industries that require specific ex-
pertise, including medicine, finance, law, and computer code
programming [17]. Previous studies have shown that ChatGPT
can generate personalized responses and insightful answers
for diverse purposes and domains based on the specific needs
of users. The conversations are coherent, contextualized, and
human-like [18]. Furthermore, ChatGPT can indirectly enhance
students’ critical thinking and analytical skills by detecting
errors in assignments and providing immediate feedback [15].

However, researchers have gradually expressed their concerns
about the continuous development of ChatGPT. For example,
students may use content generated by ChatGPT as their own
original work in the field of education [18], leading to academic
misconduct. Students who have used ChatGPT are more prone
to plagiarism compared with those who have not [19], posing
serious challenges to academic integrity and fair learning for
students [20]. More importantly, teachers are unable to assess
students’ performance when the latter use ChatGPT during the
learning process, making the monitoring of student learning
issues more challenging [15].

In the context of applying ChatGPT to programming ed-
ucation, instructors traditionally focused on hands-on coding
activities to teach programming [21]. However, students often
struggled to grasp programming logic and troubleshoot code
errors, resulting in lower self-efficacy and motivation. ChatGPT
could provide a potential solution to these challenges [22]. Some
review articles suggest that ChatGPT can assist students in
programming tasks, as ChatGPT can generate code based on
code snippets provided by the user and optimize code perfor-
mance by analyzing programming languages and algorithms.
ChatGPT can also provide personalized feedback and technical
suggestions to help students identify and resolve coding errors
effectively [17], as well as writing more accurate and efficient
code to enhance student engagement and motivation [23], [24].
Consequently, some researchers have conducted experimental
studies leveraging the advantages of ChatGPT in programming

education. For instance, Yilmaz and Yilmaz [22] investigated
the impact of using ChatGPT in programming education on
the learning process and outcomes, and the results indicated
that incorporating ChatGPT in programming education can
enhance students’ CT abilities, learning motivation, and pro-
gramming self-efficacy. However, few studies have focused on
enhancing students’ CT by integrating ChatGPT into learning
systems.

B. Computational Thinking

Scholars’ understanding of CT varies. Wing [25] first formally
proposed the concept of CT as a series of thinking activities
that apply the fundamental concepts and theories of computer
science to problem solving, system design, and the understand-
ing of human behavior. Settle and Perkovic [26] summarized
the seven-dimensional framework of CT as computation, com-
munication, coordination, recollection, automation, evaluation,
and design. The International Society for Technology in Edu-
cation (ISTE) and the Computer Science Teachers Association
proposed an operational definition of CT and a six-dimensional
framework: problem formulation, abstraction, logical thinking,
algorithm application, analysis and implementation of solu-
tions, problem generalization, and migration [27]. Computing at
School proposed a five-dimensional framework for CT: algorith-
mic thinking, decomposition, generalization thinking, abstract
thinking, and assessment skills [28]. The ISTE further refines
the definition of CT to encompass a common reflection of cre-
ativity, algorithmic thinking, critical thinking, problem solving,
collaborative thinking, and communication skills [29].

Many studies involve instructional design for improving CT.
For example, Perez-Marín et al. [30] implemented Scratch
project teaching in primary school classrooms, and the results
of pre-and posttests showed that teaching computer concepts
with Scratch helped to develop CT skills. The combination of
educational robotics and storytelling methods provides teachers
with an interdisciplinary and feasible approach to developing
the CT of children [31]. However, most studies are at the K-12
level, and research involving higher education is lacking [32].

In terms of evaluating CT, various evaluation instruments have
been developed, including test-based evaluation, scale-based
evaluation, programming-based task/project evaluation, behav-
ior analysis, and language expression. In the field of CT measure-
ment, research has been conducted across various educational
levels, including K-12, high school, and college. However, most
studies were focused on assessing CT skills in elementary and
middle schools, and doing so in high schools and colleges has
received less attention, with each comprising 15% of the studies
[33].

Scales of CT skills for college students are typically focused
on cognitive ability and programming proficiency. For instance,
Kılıç et al. [34] designed a test to assess students’ existing
knowledge of computer science concepts, such as variables,
operations, and functions as evidence of their CT proficiency.
The most widely used scale is the 29-item five-point CTS
developed by Korkmaz et al. [7], which assesses students’ CT
skills from a cognitive perspective.
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Many studies have confirmed that technology-based teaching
interventions have a significant positive impact on students’ CT
cultivation [35]. AI-driven tools and environments can increase
student engagement and motivation by interacting with them
and providing them with personalized support and feedback
as they learn to code. In terms of ChatGPT, researchers have
found that using it in programming education can significantly
improve students’ CT skills [22]. However, scholars also claim
that ChatGPT has limitations and potential threats; for example,
overdependence on it may decrease students’ ability to solve
problems [22], [26], [31].

C. Scaffolding

Scaffolding has received considerable attention in education
because it helps students to acquire knowledge and skills grad-
ually in the learning process [36]. Wood et al. [37] defined
scaffolding based on Vygotsky’s concept of the zone of proximal
development as procedural support for children or novices in
problem solving or task completion that cannot be achieved
alone. Scaffolding emphasizes that it will fade out when students
reach a certain level of competence. Melero et al. [38] and
Ma et al. [39] proposed the concept of systematic instruction
scaffolding as the systematic use of technological tools or envi-
ronmental designs, such as learning management systems and
intelligent tutoring systems including computers or AI.

Scaffolding can be categorized into the three role dimensions
of cognitive support, affective support, and transfer of respon-
sibility [40]. Of these, responsibility transfer emphasizes the
withdrawal of scaffolding support, which is also known as fad-
ing. However, it has been shown that scaffolding without fading
in computer-based instruction has a greater positive impact on
students [41]. Technologies such as AI and learning analytics
based on big data are making huge leaps in computer-based
scaffolding; this has been effective in promoting cognitive out-
comes [39], [42], and some researchers have advocated using
scaffolding to support the development of students’ CT [8], [9].

Several researchers have conducted empirical studies to ex-
plore how CT is affected by scaffolding strategies, including
instructional scaffolding, resource scaffolding support, feed-
back, and prompting [43], [44], [45]. Scaffolding was found
to positively influence various aspects of CT [8], [9]. Yilmaz
and Yilmaz [22] used ChatGPT as a scaffolding tool to explore
the impact of generative AI on students’ CT, and they found
that ChatGPT had a positive impact on all five dimensions.
Wang et al. [46] showed that scaffolding significantly affected
students’ problem-solving and collaboration skills in CT, which
is consistent with the findings of other studies [47], [48], [49].
In addition, scaffolding improves task understanding and en-
hances conceptual awareness [50] by guiding students during the
learning process and helping them to identify task essentials and
learn about them. Scaffolding can also help students to reflect
on the learning process and assess their own progress [36],
enhancing their reflective thinking [51] and thus also aspects
of CT. Scaffolding fades out when students can complete tasks
independently once they have reached a certain level of problem
solving, creativity, and other aspects of CT.

Fig. 1. Theoretical framework of the IPSSC.

Although scaffolding research has yielded many results, few
previous studies were relevant to scaffolding based on generative
AI for CT. Therefore, this study developed IPSSC to cultivate
students’ CT in programming learning to bridge the gaps in the
study of intelligent scaffolding in CT. The research questions of
this study are as follows.

1) Does IPSSC scaffold CT?
2) What are the students’ behavioral patterns in using IPSSC?
3) What are the perceived benefits and challenges of IPSSC?

III. SYSTEM DESIGN

A. Theoretical Framework

Here, we propose a scaffolding framework to support the five
most relevant dimensions in the CT framework, as identified
by Shute et al. [14], namely, decomposition, abstraction, algo-
rithms, debugging, and iterations. Accordingly, three scaffolding
modules are designed, as shown in Fig. 1, i.e., SA, CA, and
FI. In the SA module, students decompose complex tasks into
smaller ones and abstract them into solution approaches for
similar tasks, the focus being on cultivating students’ task de-
composition and abstraction abilities. The CA module is aimed
at improving students’ algorithm and coding abilities. Students
design algorithms, write code, and continuously debug the code
using this module to identify code errors and then fix them
because ChatGPT can refine algorithms and code [17]. In the FI
module, students can interact with ChatGPT directly to discuss
the topics that have not been covered in the SA and CA modules
to complete the tasks.

B. System Design

The IPSSC was developed in Visual Studio Code using a
front-end and back-end separation approach. React was cho-
sen as the front-end development framework, and Node.js was
selected as the web back-end development framework. Post-
greSQL was used as the database to store student accounts,
interaction records, and other information. An extra GPT-3.5
backend on Amazon Web Services was deployed to receive the
messages from the ChatGPT website through the official appli-
cation programming interfaces (APIs) provided by OpenAI.

The interface of the IPSSC is shown in Fig. 2. The left part is
the interactive area, where students’ questions and ChatGPT’s
responses are displayed. The right part is divided into the three
aforementioned scaffolding modules of SA, CA, and FI. Each
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Fig. 2. Interface of the IPSSC.

module can receive students’ text input and submit it to the
IPSSC backend accordingly.

C. Settings of Embedded ChatGPT

The IPSSC was developed using the GPT-3.5 API to sup-
port multiturn conversations with contextual information. Ta-
ble I gives an example of a teacher and students interact-
ing in the IPSSC to complete a classroom task, where the
first row contains the background of the task set by the
teacher in advance. The students were given a string that con-
tained lowercase letters and parentheses, and the algorithm
had to check whether the parentheses were matched, and
then remove the parentheses and return the modified string,
e.g., the result of the original string “(a(b)c)d” should be
“abcd.”

During the teaching process, the teacher presented the task
to all the students, who had to contemplate their solutions to
the task and input them into the text box in the SA module.
The IPSSC facilitated communication by sending text in the
SA module to ChatGPT through the official APIs provided
by OpenAI and then retrieving the results. The SA module
also automatically attached an additional prompt to have Chat-
GPT assess students’ solutions, as displayed in bold text in
Table I.

Students could then refine their solution or proceed with code
writing by inputting the code into the text box in the CA module.
After the IPSSC sent the code, along with an additional prompt
as shown in bold text in Table I, to ChatGPT through APIs
and retrieved the evaluation results, students could use the FI
module to refine the code or request more relevant information
if modifications were needed.

In brief, the design of the IPSSC provides cognitive sup-
port [40], feedback, and resource scaffolding [43] by offering
students’ personalized responses across three modules. These
modules aim to iteratively enhance their abilities in decom-
position, abstraction, algorithm design, and debugging within
the CT framework [14]. Furthermore, the feedback from the
IPSSC could mitigate the challenges and negative emotions
associated with programming, thereby offering students affec-
tive support [40]. This study did not incorporate fading or the

TABLE I
USE SCENARIO OF INTERACTION

transfer of responsibility, as integrating an additional transfer
task within the limited time of a computer laboratory session was
challenging. Furthermore, existing studies have demonstrated
that scaffolding, even without fading, can have a positive impact
on students [41].
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TABLE II
DEMOGRAPHIC INFORMATION OF PARTICIPANTS

IV. METHODOLOGY

A. Research Settings and Participants

This study involved a course on Data Structures and Algo-
rithms at a university in Southwest China. Twenty-six sopho-
more undergraduates in Educational Technology participated in
the experimental group during the spring semester of 2023, and
23 of them completed the demographic information survey, as
presented in Table II. In addition, another 26 sophomore under-
graduates in Educational Technology (14 male and 12 female)
participated in the control group during the fall semester of 2023.
Similarly, 23 students completed the demographic information
survey listed in Table II.

B. Instruments

This study used the CTS as the pre- and posttest instrument.
A learning experience questionnaire was designed to investigate
the perceived experiences of students about the IPSSC with
nonscaled questions. Finally, a semistructured interview outline
was developed to gain insights into the effectiveness of students’
use of IPSSC in the three scaffolding modules of SA, CA, and
FI, as well as its impact on the overall learning outcomes of
the students. The instruments used in the study are explained in
more detail as follows.

1) Computational Thinking Scale: This study used the CTS
developed by Korkmaz et al. [7] to assess the changes in stu-
dents’ CT ability via pre- and posttests. This scale was chosen
for its focus on measuring the cognitive CT ability of college
students, aligning with the purpose of this study. The scale has 29
items for the five subfactors of creativity, algorithmic thinking,
cooperativity, critical thinking, and problem solving. The scale
has five Likert-type evaluation levels, and the higher the score,
the higher the thinking ability of the student. The Cronbach’s
alpha reliability coefficient for the whole scale is 0.822, and

for the five factors, it is 0.843, 0.869, 0.865, 0.784, and 0.727,
respectively.

2) Learning Experience Questionnaire: A questionnaire was
designed to investigate students’ experiences and the perceived
effectiveness of using IPSSC. The questionnaire had three parts,
i.e., basic information, learning effect, and personal attitude,
with a total of 17 items. Cronbach’s α coefficient was used to
measure the reliability of the data. The Cronbach’s α coefficient
for the learning effect and personal attitude as a whole was
0.774, indicating acceptable reliability. The Kaiser-Meyer-Olkin
(KMO) value was 0.660 (>0.6), and the Bartlett test showed a
p-value of 0.000, indicating that the validity of the questionnaire
was within an acceptable range. Basic information was aimed
at obtaining students’ prior knowledge and learning styles,
learning effect was aimed at investigating the perceived effect of
IPSSC, and personal attitude was aimed at investigating learners’
views and preferences about the application of IPSSC.

3) Interview Outline: This study used a semistructured inter-
view outline to investigate further the specific process of students
using the proposed system. A semistructured interview allows
the interviewer to engage in deep communication with the inter-
viewee when necessary; the interviewer can extend the questions
flexibly based on the interviewee’s responses and dig into the
interviewee’s thoughts more deeply when the interviewer finds
worthy viewpoints. The outline had six questions covering four
parts: the general perception of IPSSC, the function of the
three modules of IPSSC, the perceived effectiveness, and the
advantages and disadvantages of using IPSSC.

C. Procedure and Data Collection

The Data Structures and Algorithms course comprised 16
theoretical sessions and seven computer laboratory sessions
throughout the semester. Students in both the experimental and
control groups were asked to complete the CTS pretest before
the first computer laboratory session. Each student was required
to enter a unique secret number known only to them, to ensure
anonymity in the pretest while allowing researchers to track each
student’s responses in the posttest.

In the experimental group, the IPSSC was used to scaffold the
students’ programming during all computer laboratory sessions.
Each student was required to finish a coding task of the course
independently in the first four sessions and collaboratively with
another student in the last three sessions. Students could write a
solution to solve the problem in each task and then paste it into
the SA module of the IPSSC to get feedback from ChatGPT. The
students could then implement the algorithm and send the code
to the CA module to obtain specific feedback on the code. The
students could also use the FI module whenever they wanted.

In the control group, students were asked to complete the same
tasks independently in the first four sessions and collaboratively
in the last three sessions. Instead of using IPSSC to support them
in completing the tasks, students in the control group were only
able to ask the teacher for help if difficulties arose.

After all the computer laboratory sessions had ended, students
in the control group were asked to complete only the CTS
posttest. In contrast, students in the experimental group were
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Fig. 3. Study procedure.

asked to complete both the CTS posttest and the learning expe-
rience questionnaire, using the secret numbering system again
for matching. Also, nine students in the experimental group were
selected for interview based on the number of their interaction
records in the IPSSC. The study procedure is shown in Fig. 3.

D. Data Analysis

This study employed a pre/posttest design to compare stu-
dents’ CTS scores before and after using IPSSC. First, the
Shapiro–Wilk test was utilized to assess whether the subjects
conformed to a normal distribution. Subsequently, the authors
examined whether the variances of the two independent samples
were equal. The independent t-test (IT) or Mann–Whitney U
test (M-W) was conducted to determine significant differences
between the pretest or posttest scores of the experimental group
and the control group at the levels of the entire scale and its
five dimensions, depending on whether the two groups’ data ad-
hered to both normal distribution and homogeneity of variance.
Following this, a paired-samples t-test (PT) or Wilcoxon test
(WT) was applied to ascertain significant differences between
pre- and posttest scores at the levels of the entire scale and its
five dimensions for both the experimental and control groups,
depending on whether the two sets of data met the criteria of
normal distribution and homogeneity of variance. Moreover,
descriptive statistical analysis was used to show the results of
basic information, learning effects, and personal attitudes of the
participants from the learning experience questionnaire for the
experimental group.

Second, descriptive statistics, lag sequential analysis, and
K-means clustering were used to analyze the causal relationships
and interactive patterns in the interaction between students and
ChatGPT in the IPSSC. Descriptive statistics were used to count
the number of interaction records. Lag sequential analysis is
typically used to visualize and analyze behavioral data in HCI,
aiming to examine whether there are statistically significant

sequential relationships between various behaviors [52], [53].
In this study, the lag sequential method was used to analyze
the sequences of students’ interactions in the system. K-means
clustering analysis was used to mine the interaction patterns.

Finally, this study adopted the semistructured interview
method, which refers to informal interviews conducted accord-
ing to a rough outline of the interview [54]. Semistructured
interviews can further obtain students’ authentic thoughts and in-
sights, thus enriching and improving the credibility and accuracy
of the findings. Following the principles of stratified and purpo-
sive sampling, this study interviewed nine students from three
groups: students interacting with ChatGPT in the IPSSC more
often (more than 300 records), moderately (140–150 records),
and less often (30 records or fewer). The different levels of the
students represented different views about communicating with
ChatGPT in the IPSSC and helped the researcher to obtain richer
insights.

Nvivo, a qualitative analysis research tool, was used to analyze
the interview transcripts by coding the sentences, including
important ideas in the transcripts. Codes with similar meanings
were combined, and codes containing multiple meanings were
split into multiple codes. All codes were then categorized based
on the interview questions, and the number of excerpts attached
to each code was counted to demonstrate the popularity of each
idea. After one author of the study extracted all codes from
the transcripts, another author verified the coding by reviewing
all codes and the attached excerpts and then discussed with the
previous author to reach an agreement on each code in the coding
scheme.

V. RESULTS AND FINDINGS

A. Does IPSSC Scaffold CT?

All students in both the experimental group (n = 26) and the
control group (n = 26) were required to enter a unique secret
number known only to the student during both the pretest and
posttest phases to ensure anonymity in the surveys. Twenty-two
pairs of secret numbers were matched between the pretest and
posttest in both the groups. Therefore, 22 participants for each
group were selected for the data analysis of CTS.

The Shapiro–Wilk test was applied to determine that the
sample followed a normal distribution when p> 0.05; otherwise,
it deviated from normality. The results of the normality test
indicated nonnormal distribution in three dimensions for the
control group, including CT ability (p= 0.002), critical thinking
ability (p = 0.008), and problem-solving ability (p = 0.007).
Furthermore, the data in the dimension of cooperation ability
did not adhere to a normal distribution for both the experimental
group (p = 0.009) and the control group (p = 0.023). However,
the variances were consistent across all samples. Nonparametric
methods were applied to examine differences between groups
and within groups for the data that did not conform to normal
distribution.

Tables III and IV present a comparative analysis of intragroup
and intergroup differences in the CTS dimensions. The results of
the IT and M-W on pretests show that there were no significant
differences between the experimental group and the control
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TABLE III
COMPARATIVE ANALYSIS OF INTRAGROUP DIFFERENCES ON THE CTS

DIMENSIONS

group at all dimensions, including CT (p = 0.057), creativity
(p = 0.084), algorithmic thinking (p = 0.193), cooperativity
(p = 0.317), critical thinking (p = 0.083), and problem solving
(p = 0.548).

Regarding the general CT dimension, the results from the
posttest IT and the M-W (see Table IV) revealed significant
differences in CT abilities between the experimental and control
groups (p = 0.032). In addition, students in the experimental
group showed significant improvement in CT abilities from
pretest to posttest (p = 0.015), while no significant differences
were observed between the pretest and posttest results in the CT
abilities of students in the control group (refer to Table III). These
findings suggest that employing the IPSSC as a scaffold in the

TABLE IV
COMPARATIVE ANALYSIS OF INTERGROUP DIFFERENCES ON THE CTS

DIMENSIONS

Data Structures and Algorithms course significantly enhances
students’ CT skills overall.

The results for the dimensions of creativity (p = 0.006),
algorithmic thinking (p = 0.006), and critical thinking (p =
0.039) show significant improvements in either intragroup or
intergroup differences. Surprisingly, the students’ problem-
solving skills in the experimental group decreased significantly
from pretest to posttest (p = 0.015), although there was no
significant difference in the results of the intergroup posttest
comparison, which may be attributed to the small sample
size.

B. Patterns of Interaction With ChatGPT

Fig. 4 displays a weekly graph of the HCIs of the experimental
group across seven sessions of the study. The graph illustrates
a rapid increase in HCIs from 613 to 884 between the first and
second weeks. This surge may be attributed to the upgrade of
the IPSSC from GPT-3 to GPT-3.5 in the second week, enabling
learners to engage in multiturn conversations with ChatGPT.
There was no computer laboratory session on May 1 due to the
national labor holiday.
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Fig. 4. Number of HCIs per week.

Fig. 5. Normal distribution plot of the number of HCIs.

TABLE V
BEHAVIOR FREQUENCY OF INTERACTION RECORDS

However, the overall number of records in the remaining
weeks was lower than in the first and second weeks. This could
be attributed to the diminishing novelty as learners became more
familiar with ChatGPT in the IPSSC. Alternatively, students
might have become more proficient in using the IPSSC to obtain
the desired results with fewer interactions.

A normal distribution diagram (see Fig. 5) was created
to show the central tendency of the total number of HCIs
and the dispersion of individual student interactions. The
diagram indicates that the highest probability of interac-
tion counts falls within the range of 100–200 per student,
and the number of HCI records is approximately normally
distributed.

The interaction records for each module were counted, as
given in Table V. Records that were relevant to the course

TABLE VI
BEHAVIOR FREQUENCY IN FREE INTERACTION

content were then identified and counted, and the results
show that most records were relevant to the course content
(1420/1910). Students used the FI module the most (907/1230)
and the CA module the least (161/174), but there were only
a few irrelevant records in the CA module. According to the
results, students used the FI module the most in the HCI
process, although they made use of the other two to some
extent.

The interaction records for each component of CT in the
FI module were counted, as given in Table VI. The results
show that the interaction topics covered all components of CT,
especially debugging (329), abstraction (219), algorithms (192),
and decomposition (128).

The sequential interaction patterns were further analyzed
using lag sequential analysis. The interaction sequences of each
student were imported into GSEQ5, a lag sequential analysis
software package, and Table VII gives the transitions from the
previous behavior to the next. For example, the datum in the first
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TABLE VII
BEHAVIOR FREQUENCY CONVERSION TABLE

TABLE VIII
ADJUSTED RESIDUAL TABLE

Fig. 6. State transformation diagram.

row and third column of Table VII represents students engaging
first in SA and then proceeding to FI, with a behavior sequence
represented as SA-FI and a transition count of 91.

An adjusted residual table (see Table VIII) was generated to
facilitate the calculation of residual values for the frequency of
each sequence, and the values in this table represent the residual
values (Z-scores). According to the theory of lag sequential
analysis, the sequence relationships between each behavior have
statistical significance when the Z-score is greater than 1.96.
Table VII shows that three behavior sequences reached signifi-
cance, namely, SA-SA, CA-CA, and FI-FI.

A state transform diagram (see Fig. 6) was created to depict
the transitions of students’ behaviors throughout the learning
process. The learning behaviors SA, CA, and FI all have arrows
pointing to themselves, and their Z-scores are all greater than
1.96, indicating statistical significance. This suggests that stu-
dents tend to repeat certain actions over and over again in the
learning process, which could be evidence of deep learning by
exploring better answers via multiturn interaction.

The Z-score for the SA–SA sequence is the highest, indicating
that students are more inclined to follow steps in their learn-
ing activities initially. However, the Z-score for the CA–CA
sequence is much lower compared to the other two behavior
sequences. This suggests that learners may encounter difficulties
in code writing during CA and consequently do not persist in
communicating with ChatGPT in CA. As a result, they exhibit

TABLE IX
K-MEANS CLUSTERING ANALYSIS

a preference for interacting with ChatGPT via the FI module to
seek answers to their questions.

Analyzing the values on the arrows among the three sequences
shows that the average number of behavior transitions for learn-
ers is highest for the sequences SA–FI and FI–SA, and the values
are relatively consistent. This indicates that students tend to
complete SA before engaging in FI when interacting with the
AI. The sequences SA–CA and CA–SA have the lowest average
number of behavior transitions, suggesting that students are less
inclined to follow a sequential order for CA after completing
SA. Therefore, it can be concluded that students tend to exhibit
behavior sequences such as SA–FI, FI–SA, CA–FI, and FI–CA
in their learning process.

Furthermore, this study used K-means clustering analysis to
classify the students’ personal preference types into four cat-
egories: interaction-oriented, solution-oriented, solution–code-
oriented, and solution–interaction-oriented (see Table IX). The
K-means clustering analysis used in this study could determine
the classification of samples based on a small number of known
clusters. The authors attempted to classify the subjects into three,
four, and five categories, and the results indicated that four
categories are the most appropriate for showing the distinctions
among the categories, and no category could be further subdi-
vided. The naming of the four proposed categories was based
on which one or two modules were used the most.

As given in Table IX, 12 students in the interaction-oriented
category preferred to use the FI module to solve problems,
accounting for 87.62% of the total proportion among the three
modules. Three students in the solution-oriented category were
more inclined to use the SA module to solve problems, ac-
counting for 89.19% of the total proportion. Four students in
the solution–code-oriented category mainly used the SA and
CA modules. The reason could be that some students prefer to
learn step by step in the learning process, constantly improving
their solutions in the SA module, and then completing the code
writing. Because of the high level of participation in the first
two modules, students can solve the difficulties they encounter
on their own, so there are fewer utterances in the FI module.
Finally, seven students in the solution–interaction-oriented cat-
egory were more inclined to solve problems in the FI and SA
modules. Combining the analysis of the state transform diagram,
these students were more inclined to use the FI module after the
SA module to solve problems.
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TABLE X
ANALYSIS OF LEARNING EXPERIENCE QUESTIONNAIRE

C. Perceived Benefits and Challenges

This study used both a questionnaire and interviews to in-
vestigate the perceived benefits and challenges of the IPSSC.
First, the researcher conducted descriptive statistical analysis
on the questionnaire survey results (see Table X). Next, the
researcher used the Nvivo12 software to conduct qualitative
analysis of the interview results. The interview content was
divided into five parts, namely, overall feelings, perceived effect,
SA module, CA module, and FI module. Positive and negative
effects were compiled under each of the five parts, and the rel-
evant content was coded under this categorization, with coding
specifics, as given in Table XI. The results of the analysis are as
follows.

1) Perceived Learning Effect: The results of the question-
naire showed that more than 60% of the students could under-
stand the information provided by IPSSC well, and more than
90% reported that the information provided by the IPSSC was
beneficial for solving problems, indicating that the IPSSC can
solve most problems for students. The coding of the interview
content showed that the interviewed students believed that the
IPSSC could improve their learning in Data Structures and
Algorithms to different degrees, including enlightening think-
ing, improving programming ability, and improving information
acquisition efficiency.

2) Solution Assessment: The questionnaire results showed
that 43.5% of the students believed that the IPSSC could give a

TABLE XI
CODING SCHEME FOR INTERVIEW DATA

reasonable evaluation of the solutions written by students. More-
over, students could gain thinking inspiration from the feedback
generated by ChatGPT. However, the feedback provided by
ChatGPT in the IPSSC had some drawbacks. For example, the
optimized solution given by the IPSSC was sometimes more
complex than the student expected for code implementation
and did not meet the current teaching progress and difficulty.
Consequently, this might increase the cognitive load of students
and cause unnecessary difficulties in problem solving.

3) Code Assessment: The questionnaire results showed that
43.5% of the students thought that the IPSSC was helpful for
identifying and correcting the errors in the code by using the CA
module, while 52.2% remained neutral. The content analysis
of the learners’ interview responses revealed that the number
of positive feedback instances from the students regarding the
CA module was much higher than that of negative feedback.
The interviewed students reported that in the CA module, the
IPSSC could identify the problems in the code and suggest how
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to modify and optimize it. However, students sometimes needed
to rework the answers from the IPSSC to make the code run
successfully.

4) Free Interaction: The questionnaire results showed that
69.6% of the students believed that the FI module in the IPSSC
could provide useful feedback on solutions or ideas to finish the
tasks in the computer laboratory sessions. The coding analysis
of the interview transcripts also showed that the function of FI
is powerful. Students generally believed that ChatGPT in the
IPSSC played three roles in their learning: teacher, database,
and learning aid. Students reported that the IPSSC could help
them understand the code, understand concepts, and even help
them write code when using the FI module. However, some stu-
dents reported that ChatGPT in the IPSSC sometimes could not
fully understand the students’ difficulties if the questions were
not asked appropriately. Therefore, whether the students could
get the desired answer mostly depended on their questioning
strategies.

5) Attitude and Feelings: The results of the questionnaire
showed that 73.9% of the students agreed with the integration
of IPSSC into the Data Structures and Algorithms course, while
26.1% were neutral. Moreover, 82.6% of the students were
willing to continue to use the IPSSC to assist them in their
learning. Some students believed that the IPSSC was a large
knowledge base, which could improve the efficiency of infor-
mation acquisition. The IPSSC could improve programming
ability and inspire thinking to a certain extent through reasonable
teaching design. Students also reported some drawbacks of
the tools. For example, most students worried that they might
over-rely on the IPSSC and, thus, fail to finish similar tasks
without its support. Also, the answers from the IPSSC had
low innovation because ChatGPT only synthesized the existing
learning materials on the Internet. In addition, ChatGPT still
could not answer complex questions accurately to a certain
degree.

VI. DISCUSSION

A. Affordance of ChatGPT on Scaffolding CT

The main purpose of this study was to investigate the affor-
dance of ChatGPT on scaffolding CT via the CTS analysis,
the interaction patterns, the questionnaire, and the interview
transcripts. The CTS findings are generally aligned with those in
[8], in which incorporating ChatGPT in programming education
was shown to enhance students’ CT abilities, especially in
the dimensions of creativity, algorithmic thinking, and critical
thinking.

Creativity involves introducing new relations and forming
new combinations from one or more concepts in the mind for
the purpose of looking at events from different aspects [55].
The paired t-test results showed that the creativity of students
in the experimental group improved significantly, and this result
is supported by the students’ interview reports, such as those
reporting that the IPSSC inspires learning motivation, deepens
the understanding of the relevant knowledge, and optimizes
students’ ideas, as given in Table XI. Therefore, the IPSSC
can inspire students’ thinking and enhance their creativity by

optimizing their problem-solving ideas in the SA module and
helping them understand the concepts involved in the course in
the FI module.

Algorithmic thinking is the ability to think about, understand,
apply, evaluate, and create algorithms [56]. The t-test results
indicate a significant improvement in the algorithmic thinking
of students in the experimental group. A possible reason for this
improvement is that the IPSSC can assist students in identify-
ing problems in their code and optimizing it to enhance their
understanding of algorithms. The interview results revealed that
the CA module could assess code somewhat accurately, identify
problems within it, and optimize it in detail, thereby reinforcing
the aforementioned statements. In addition, the FI module can
aid in understanding both code and concepts, enabling students
to write code, as illustrated in Table XI.

Critical thinking is viewed as the skill of determining as-
sumptions, hidden beliefs, values, and attitudes [7]. The M-W
revealed that posttest scores for critical thinking skills in the
experimental group were significantly higher than those in the
control group, while no significant differences were found in
the pretests between the two groups. This may be due to Chat-
GPT not providing entirely accurate responses, as indicated by
students’ interview reports in Table XI. Students still need to
critically discern whether the provided responses are correct to
complete the tasks.

To date, few studies have investigated the interaction patterns
between students and ChatGPT. The present findings regarding
interaction patterns show that most students kept using the
proposed system to support them to finish the tasks via multiple
turns of conversation with ChatGPT, although different students
tended to use the scaffolding modules in the proposed system
in different ways. Also, the conversations in the FI module
basically covered all the CT components in [8], showing that
the proposed system can help students to improve their CT in
most aspects, including decomposition, abstraction, algorithms,
and debugging.

Other findings from the questionnaire and interviews show
that ChatGPT in the proposed system can provide instant feed-
back and evaluate the solution and code in the tasks accurately
to some degree. The students also reported that the IPSSC
increased their motivation, improved their understanding of
the algorithms and code, helped them to search for relevant
information, and inspired them to think more openly and deeply.
As a result, most of the students had positive attitudes toward
the tools and were willing to use them in the future.

These findings show that the IPSSC is more than a substitute
for teacher evaluations. In addition to providing assessments
anywhere and anytime, the IPSSC can also provide personalized
guidance for individual student to solve encountered problems
and optimize task solutions, algorithms, and code via multiple
rounds of interaction.

However, the findings also show some drawbacks of using
ChatGPT in programming learning. For example, the problem-
solving skills of students in the experimental group decreased
significantly, which is in conflict with the findings in [8]. When
the authors conducted in-depth interviews with students on their
experiences of using the IPSSC, most students mentioned that
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they directly turned to the IPSSC for help when they had diffi-
culty in a programming task, because the IPSSC could generate
code feedback based on the requests in most cases. Most students
reported that they easily became dependent on it, leading to a
lack of their own thinking and simply running the code provided
by the IPSSC. Meanwhile, Table IX shows that most students fell
into the pattern of being interactive-oriented, i.e., they preferred
to use the FI module directly. This finding supports the interview
conclusion that students often turned to the IPSSC for help and
occasionally overlooked the steps to refine their own solution
and code.

Studies have shown that learning programming enhances
students’ problem-solving skills [57]. However, this process
requires learners to actively engage their minds in understand-
ing the fundamental concepts of programming, as well as
in analyzing, organizing, implementing, and evaluating code
[58]. In this study, according to the quantitative and qualita-
tive results from interaction records and interview data, stu-
dents primarily used ChatGPT in the FI module to directly
obtain code, subsequently failing to engage in active thinking
or to independently apply fundamental programming concepts
to their solutions. Consequently, students’ problem-solving
skills declined due to an overreliance on ChatGPT, rather than
improving.

Employing ChatGPT simplifies the process of obtaining an-
swers or information, which can adversely affect students’ ca-
pacity to independently solve problems [2]. In the forthcoming
era of human–machine symbiosis, education will increasingly
depend on AI and must prioritize the development of higher
level learning outcomes [59]. Therefore, the design of learning
content and tasks continues to be a primary concern [11], [60].
In brief, we assert that integrating intelligent tools, such as Chat-
GPT, into educational practices does not ensure a positive effect
on all aspects of learning. Some skills, such as problem solving
in CT, may be negatively impacted without further design, so
the instructional design is the key to determining the impact of
the AI tools on instruction or learning.

B. Demands on Further Design of Scaffolding

Here, four scaffolding strategies are proposed to refine the
design of IPSSC with the aim of further improving CT in
programming learning, especially regarding problem solving.

1) Scaffolding With Fading: Fading is considered as an im-
portant component in the framework of scaffolding [40], but
whether scaffolding should be implemented with or without
fading in computer-based instruction is still controversial [36].
This study used a scaffolding design without explicit fading
because of the time limitation of the computer laboratory ses-
sions. Nonetheless, Fig. 5 shows that the number of weekly
HCIs decreased gradually. Although a possible reason for this is
novelty effect (i.e., students gradually become less interested in
a new technology as they become more familiar with the tools),
a more reasonable explanation is that the students became more
competent coders and, therefore, did not need ChatGPT as much,
i.e., the scaffolding of IPSSC faded implicitly.

As previously mentioned, the students’ problem-solving
skills, as measured by the CTS, decreased significantly. One
possible reason for this decline could be that they had become ac-
customed to relying on ChatGPT in the IPSSC to solve problems.
As a result, they might have lacked confidence when confronted
with similar tasks without the assistance of AI tools. Therefore,
it would be intriguing to investigate whether an explicit fading
design plays an important role to better support students in
solving problems by themselves. For example, the teacher could
give students a relatively small task to solve with the support of
ChatGPT embedded in the AI tools and then ask them to finish
a similar task without the support of ChatGPT. The students
would be expected to generalize and transfer their knowledge to
solve similar tasks. The fading design would also be aligned with
the generalization component in the CT framework proposed by
Shute et al. [14], which has not yet been integrated into the
design of this study.

2) Personalized Scaffolding: Analysis of the interaction pat-
terns between students and ChatGPT in the IPSSC shows
that different students preferred different patterns, including
interaction-oriented, solution-oriented, solution–code-oriented,
and solution–interaction-oriented. These findings align with the
rationales of personalized learning, where each individual stu-
dent has different learning demands and learning styles [61].
Therefore, although ChatGPT3.5 can track conversation history
and provide contextual answers, it is important to examine
further the learning style and zone of proximal development
of each student and provide support accordingly.

3) Scaffolding to Ask the Right Questions: According to
the students’ reports, it is important to ask ChatGPT the right
questions to get more accurate and detailed answers. However,
most students have limited knowledge for framing the questions
well on their own. A possible solution is to provide students
with more guidance on the strategies of querying ChatGPT in
an appropriate way. Thus, two types of scaffolding could be
designed: 1) process scaffolding, which scaffolds the students
to follow the steps in the learning process toward CT [62] and
2) prompt scaffolding, which support students to phrase better
prompts as questions [63].

4) Human–Computer Collaborative Scaffolding: Many stu-
dents reported that ChatGPT is still not smart enough to under-
stand their needs, and a better solution could be to incorporate the
instructor into the scaffolding process [64]. Although the IPSSC,
as currently designed, can record students’ conversations with
ChatGPT for the teacher to review, how the teacher can scaffold
the learning process collaboratively with AI tools embedding
ChatGPT should be examined further. For example, while Chat-
GPT has the advantages of responding instantly and covering
every student, its ability to understand complex questions is still
limited. Teachers can better understand students’ needs with
these tools. However, guiding individual students takes time,
and it is difficult to cover every student individually in a session,
especially when the class has many students. Therefore, the tools
can leverage the advantages of both humans and machines by
providing functions to identify the students who have the most
difficulties in conversing with ChatGPT, and teachers can then
intervene accordingly. Moreover, it is necessary to investigate
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further how the teacher and the AI tools could better scaffold
multiple students to finish a task because the CTS results show
that the increase in cooperativity was not significant.

C. Demands on the Next Generation of AIGC

The present findings from the questionnaire and interviews
also provide insights into designing AIGC models for better
supporting CT and programming learning.

First, most students reported that ChatGPT3.5 was still not
smart enough to understand all of their demands, especially
when the questions were complex. The responses of ChatGPT
were then inaccurate to some degree in this case, and students felt
that ChatGPT only synthesized the answers from the Internet.
In addition, the answers of ChatGPT were repeated sometimes
even when the students asked similar but different questions. It
is then necessary to keep improving the intelligence of AIGC
models to improve the answer quality for instructional purposes.

Another demand on the AI tools is to integrate emotion recog-
nition to provide responses accordingly, because some students
mentioned that ChatGPT could not understand their emotions
during the learning process. For example, AI tools could offer
more detailed information if the system visually detects that a
student is confused by the previously generated text. Otherwise,
the AI tools only need to provide concise answers thereafter.

Finally, it is important to have the AI tools provide responses
in rich media to help students better understand the concepts,
flows, or algorithms in programming learning. As shown in
the students’ demographic information in Table II, 74.0% of
those in the experimental group and 65.22% in the control group
preferred video and picture learning materials, while only about
13% in both groups preferred text learning materials. However,
ChatGPT3.5, as used in this study, could only interact with
learners in text form, which may have influenced the learning
outcomes accordingly.

VII. CONCLUSION

This article proposed an IPSSC following the theoretical
framework of CT and scaffolding. Three modules were designed
in the proposed system, i.e., SA, CA, and FI. The findings of the
mixed-method study showed that the IPSSC was effective for
improving the students’ CT generally, and most had positive
attitudes about the proposed system. However, the results also
showed that the problem-solving skills of the students in the
experimental group decreased significantly after the study. Four
further scaffolding strategies were then proposed to guide the
design of the tools embedding ChatGPT to foster students’ CT
and programming learning.

Although this study has provided initial findings to enrich the
theories and practice of AI-supported programming learning, it
has limitations due to the short preparation period. For instance,
the scaffolding strategy used in this study is still in an exploratory
stage, and the design of the IPSSC could be further refined based
on the four proposed scaffolding strategies. The sample size of
the study is also limited.

The future plan resulting from this study is to refine the IPSSC
following the proposed scaffolding strategies. A design-based

research will then be conducted to examine the new design and
relevant design principles on a larger scale of participants.
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