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Abstract. The era of numerical intelligence has put forward higher require-
ments on the computational thinking of college students, and the lack of compu-
tational thinking is still common among college students at present. In an inves-
tigation to find methods and measures to cultivate college students’ computa-
tional thinking that are widely applicable and effective, the study investigated
the effect of artificial intelligence generated content tools in programming edu-
cation to enhance college students’ computational thinking through a 13-week
quasi-experimental study. The results of the study show that (1) conventional
programming education activities do not significantly enhance college students’
computational thinking; (2) artificial intelligence generated content tools in
programming education activities significantly enhance college students’ com-
putational thinking; and (3) uncontrolled use of artificial intelligence generated
content tools is not conducive to the enhancement of learners’ academic per-
formance. On this basis, strategies and suggestions are proposed for better utili-
zation of generative artificial intelligence generated content tools to enhance
college students’ computational thinking ability and academic performance in
programming learning.

Keywords: artificial intelligence generated content, programming education,
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1 Introduction

In the era of digital intelligence, information technology and artificial intelligence are
deeply integrated into our daily lives. They are crucial for driving national progress
and ensuring national security, making them vital to a nation’s competitive
strength[1]. Computational Thinking (CT), the fundamental thinking of computational
science, refers to "a set of problem-solving activities that use the basic concepts of
computer science to solve problems, design systems, and understand human behav-
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ior"[2]. CT is considered a normal cognitive and thinking mode for the present and
the future[3]. It is hailed as one of the most important abilities of the 21st century[4]
and is a capability that every talent in the digital age should possess[5,6]. To this end,
the cultivation of computational thinking skills has been incorporated into primary
and secondary school curricula by the state. Educators and educational researchers
have conducted extensive studies on this, but most of these studies focus on the K-
12[7].

College students, as the main force in accelerating the development of new quality
productive forces, should be cultivated in computational thinking to enhance the
matching degree of talent cultivation and social needs, and attention should be paid to
the improvement of learners’ computational thinking abilities in all disciplines, ma-
jors, and classrooms[8]. Some scholars have already realized the importance of culti-
vating computational thinking in higher education and have tried to improve learners’
computational thinking by combining it with computer-related professional courses,
but most of the related research is still at the theoretical discussion stage, with a lack
of empirical research[9]. At present, there is a general lack of computational thinking
among college students and adult learners in China[10], and there is an urgent need to
find a widely applicable and effective method and measures for cultivating college
students’ computational thinking.

2 Systematic Review of Previous Studies

2.1  Nurturing Computational Thinking

Since the advent of computational thinking, the relevant literature has mainly focused
on K-12. With the deepening of computational thinking research, scholars have grad-
ually shifted their attention to higher education. However, the related research still
focuses more on the theoretical discussion, and there are few empirical studies. For
example, Liu Huibin et al. carried out research on the demand for computer applica-
tion ability from multiple perspectives of students, teachers, and employers, and de-
signed a four-dimensional model for the cultivation of college students’ computation-
al thinking[11]; Li Jiaying et al. analyzed the category characteristics of college stu-
dents’ computational thinking through a scale test[12].

Fortunately, there are a large number of examples of practical research in K-12 that
can inform research in higher education. Currently, K-12 develops learners’ computa-
tional thinking in three main ways: (1) Creating a learning environment for the devel-
opment of computational thinking. That refers to the creation of a learning environ-
ment that can strengthen the thinking process of problem-solving by relying on prob-
lem-solving-oriented computer science or information technology courses (e.g., artifi-
cial intelligence, information technology, programming, etc.) and designing a path-
way for the cultivation of each of these elements on the basis of the basic elements of
computational thinking. Shen et al. created a learning environment for solving real
problems in an artificial intelligence course through the "structure-relationship-value"
method[13], and Hsu et al. created a peer-interactive learning environment in a robot-
ics education activity, which promotes the enhancement of learners’ computational
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thinking skills and co-operative and social skills[14]. (2) Provide learning tools that
foster computational thinking. That is, providing learners with tools that reinforce the
frequency and effectiveness of the application of computational thinking during learn-
ing activities. The tools commonly used by scholars are robots (programmed robots,
chatbots), graphical or modular programming applications, smart toys, gamification
props. For example, Lin et al. used smart toys to improve preschool children’s learn-
ing behavior and enhance their interest in learning and computational thinking[15].
(3) Designing learning activities that develop computational thinking. This means
carefully planning a series of educational or training activities that aim to develop and
improve learners’ computational thinking skills. These practical experiences in K-12,
although they cannot be directly copied and applied, provide positive reference values
for computational thinking development in higher education.

2.2 Programming Education Contributes to the Formation of
Computational Thinking

Computational thinking has always been closely associated with programming educa-
tion since its birth. Programming is widely recognized as the ideal medium for the
development of computational thinking, and programming education has naturally
become the main way to develop computational thinking[3, 16].

To be specific, programming provides a structured and logical approach to prob-
lem-solving, and by writing code, debugging, and optimizing programs, learners can
exercise and develop computational thinking in a systematic way. Therefore, many
experts have analyzed and studied the enhancement of learners’ computational think-
ing through programming education. By analyzing 26 empirical studies, Gao Hongyu
et al. found that programming education can effectively enhance the development of
computational thinking in early childhood (0-8 years old), but the effect of different
programming tools on the enhancement of computational thinking is not the same, in
which tangible programming tools are more suitable for early childhood direct per-
ception, hands-on experience and practical operation[17]. Zhang et al. indicated that
computational thinking can be acquired through programming education by analyzing
55 empirical studies at the K-9[18]; Hsu et al. analyzed 120 articles at the K-12 over
ten years (2006-2017) and found that enhancing learners’ computational thinking
through programming education was the main way[19]. It is evident that the role of
programming education in the development and promotion of computational thinking
in k-12 is well established, but the effect of programming education activities on
computational thinking in higher education needs to be further investigated.

2.3  Artificial Intelligence Generated Content Into Programming
Education

Despite the growing interest in learning programming, learning programming remains
a challenging and complex process for most students. Many learners may choose to
give up halfway through their programming studies for several reasons, including the
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lack of required support and guidance during the programming process as well as the
difficulty often encountered in debugging errors in the program[20].

The artificial Intelligence generated content tools provide a glimpse to crack this
dilemma. Artificial intelligence generated content (AIGC) is an artificial intelligence
technology that employs a deep learning approach to train large amounts of data to be
able to create new content that is close to human behavior[21]. The technology has
received a lot of attention in the education sector thanks to the rollout of an AIGC tool
(Chat-GPT). Chat-GPT is an intelligent dialog system based on a large language
model, capable of assisting learning and teaching through the input, interaction, and
generation of natural language text, providing students and teachers with more con-
venient and efficient learning[22,23]. Similarly, the tool provides excellent support
for programming learning. Specifically, the AIGC tool provides easy access, supports
multiple languages, and requires no programming learning experience, which greatly
reduces the threshold of programming learning; second, the AIGC tool provides fast
response, allows queries and searches, and intelligent responses, which meets the
personalized needs of programming learning; and lastly, the AIGC tool provides clear
explanations and programming examples, as well as provides resources on high-level
topics, which expands the programming learning depth and breadth[24]. However,
most of the research related to the AIGC into programming learning remains in theo-
retical studies, and further empirical studies are necessary.

Based on this, this study aims to analyze the impact of AIGC tools on learners’
computational thinking and academic performance in programming education and
explore the reasons for their utility. To come up with guidance recommendations for
utilizing AIGC tools to empower learners to improve their computational thinking and
academic performance in programming learning. The specific research questions are
as follows:

* RQ1: what is the influence of programming education activities on college stu-
dents’ computational thinking?

* RQ2: what changes in college students’ computational thinking are produced
when using AIGC tools to assist programming learning?

* RQ3: what is the academic performance of college students when using AIGC
tools to assist programming learning?

3 Methodology

3.1 Participants and Experimental Settings

The subjects of the study were two randomly selected freshman classes at a university
in western China, with 225 students in total, including 107 students in the experi-
mental class and 118 students in the control class. The students in these two classes
had similar basic knowledge of programming, and there was no significant difference
in computational thinking ability. These students took the public course Python Pro-
gramming together.

This experiment is a 13-week pre/post-test non-reciprocal control group quasi-
experimental study. Specifically, the content of the course is extensive and requires a
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lot of practice, so both classes adopt the blended learning mode of "online + offline".
"Online" is equipped with a full set of online self-study courses, and "offline" is car-
ried out in the form of a combination of classroom theoretical learning and practical
training. The difference between the two classes is that the teacher provides each
student with the AIGC tool (ERNIE Bot) as a learning assistant during the practical
exercises. At the same time, a tutorial on how to use the AIGC tool and its techniques
was provided. It is worth noting that only the learning performance assessment was
conducted in the 13th week, and the assessment was conducted through a computer-
ized paperless exam. In the experiment, the researcher conducted a pre-test and a
post-test on the computational thinking of the students in the experimental and control
classes, respectively.

3.2  Computational Thinking and Academic Achievement Testing Tools

Based on analyzing the evaluation system of computational thinking proposed by
Chen Xingye and Brennan et al[25,26], and referring to the scale cases of Zhang Yi,
Yang Gang, and Kang et al, a multidimensional test scale for college students’ com-
putational thinking were determined[27,28]. The measurement scale contains five
ability dimensions of decomposition, abstraction, modeling, algorithm, and evalua-
tion, with a total of 17 questions. Cronbach’s alpha (Cronbacha) coefficient was used
as the measure for reliability analysis. The results showed that Cronbacha=0.94 for
the pre-measurement and Cronbacha=0.96 for the post-measurement, which made the
reliability of the scales acceptable on the whole. Meanwhile, the results of the validity
test showed that the KMO value of each dimension was greater than 0.9, and the re-
sults of Bartlett’s spherical test showed Sig.<0.01, which showed good overall validi-

ty.

3.3  Data Collection and Analysis

This experiment was conducted to obtain data on both computational thinking and
academic performance. Computational thinking data were collected through a line
matrix; academic performance data were collected through a computerized paperless
exam. Computational thinking was measured in two groups before and after the ex-
periment. After the data were recovered, invalid data were removed if the length of
the answer was too short and if the answers to all questions were the same. A total of
407 data were obtained, including 188 in the experimental group (93 in the pre-test
and 95 in the post-test) and 219 in the control group (107 in the pre-test and 112 in the
post-test). The collection of academic performance data took place after the experi-
ment and 225 answer sheets were obtained, of which 107 were from the experimental
group and 118 from the control group.

To analyze the impact of programming education and AIGC tools on computation-
al thinking and academic performance, an independent samples t-test was used and
the results were visualized. For the purpose of further analyzing the essential reasons
for the utility of programming education and AIGC tools in learning activities, learn-
ers were randomly interviewed and exchanged after the experiments, and the ex-
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changes included the methods of solving difficulties in the process of completing the
project, the views on AIGC tools, the learning gains of the programming course, and
the opinions and suggestions, and so on.

4 Results and Discussion

4.1  The Influence of Programming Activities on College Students’
Computational Thinking

In this section, we counted the computational thinking of the control group before and
after the experiment and visualized the statistics (see Fig.1). Analyzing Fig.1, we have
the following observations.

0.0009

Evaluation
Algorithmic 0.0578
Pre-test
Modeling 0.0052
Post-test
Abstraction 0.0078
Decomposition 00116

Score for Computational Thinking P-value

Fig. 1. Analysis of differences in dimensions of computational thinking before and after the
experiment in the control group.

Overall, learners in the control group showed some improvement in computational
thinking after the experiment, but the improvement was not significant. Specifically,
the T-test results of decomposition ability are P=0.8116>0.05; abstraction ability is
P=0.7633>0.05; modeling ability is P=0.2683>0.05; algorithmic ability is
P=0.3680>0.05; and evaluation ability is P=0.5778>0.05.

Programming activities are most effective in improving modeling. In particular,
learners improved by an average of 0.04 in decomposition (pre-test M=3.02,
SD=0.67; post-test M=3.06, SD=0.81); by an average of 0.05 in abstraction (pre-test
M=2.99, SD=0.62; post-test M=3.04, SD=0.76); and by an average of 0.18 in model-
ing (pre-test M=2.88, SD=0.69; posttest M=3.06, SD=0.77); in algorithmic ability by
an average of 0.13 (pretest M=3.04, SD=0.61; posttest M=3.17, SD=0.69); and in
evaluation ability by an average of 0.08 (pretest M=2.99, SD=0.56; posttest M=3.07,
SD =0.77).
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4.2  The Impact of AIGC tools on College Students’ Computational
Thinking

In this section, we counted the computational thinking of the experiment group before
and after the experiment and visualized the statistics (see Fig.2). Analyzing Fig.2, we
have the following observations.

These results showed that the learners in the experimental group showed a massive
improvement in computational thinking after the experiment, with significant im-
provements in decomposition (P=0.0116<0.05), abstraction (P=0.0078<0.05), model-
ing (P=0.0052<0.05), and evaluation (P=0.0009<0.001).

The AIGC tool improved learner decomposition, abstraction, modeling, and evalu-
ation better than algorithms. Specifically, learners improved by an average of 0.38 in
decomposition (pretest M=2.97, SD=0.68; posttest M=3.35, SD=0.61); 0.38 in ab-
straction (pretest M=2.93, SD=0.62; posttest M=3.30, SD=0.59); 0.46 in modeling
(pretest M=2.78, SD=0.71; posttest M=3.24, SD=0.69); in algorithmic there was an
average improvement of 0.26 (pre-test M=2.99, SD=0.52; posttest M=3.25,
SD=0.63); and in evaluation there was an average improvement of 0.47 (pre-test
M=2.83, SD=0.56; posttest M=3.30, SD = 0.66).

Evaluation 05778
Algorithmic 0.3680
Pre-test

Modeling 0.2683
Post-test

Abstraction 0.7633

Decomposition 08116

Score for Computational Thinking P-value

Fig. 2. Analysis of differences in dimensions of computational thinking before and after the
experiment in the control group.

4.3  The Effect of AIGC tools on College Students’ Academic
Achievement

In this section, we counted the academic performance of the experiment group and
control and visualized the statistics (see Fig.3). Analyzing Fig.3, we have the follow-
ing observations. AIGC tools to promote computational thinking.
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Fig. 3. Analysis of differences in academic performance between the experimental group and
the control group.

The results indicate that control group (M=75.86, SD=13.89) significantly
(P=0.0013<0.05) outperformed the experimental group (M=69.96, SD=13.13) in
terms of academic performance, especially in terms of the percentage of low perform-
ers (academic performance<60) and high performers (academic performance>80).
Specifically, the control group (N=45, or 38.14%) had more high-performing students
than the experimental group (N=15, or 16.82%) as a percentage of the entire class,
and the control group (N=15, or 12.71%) had fewer low-performing students than the
experimental group (N=19, or 17.76%) as a percentage of the entire class.

The control group had a higher highest academic performance (Academic Perfor-
mance=100.00) than the experimental group’s highest academic performance (Aca-
demic Performance=98.00) and a higher lowest academic performance (Academic
Performance=26.50) than the experimental group’s lowest academic performance
(Academic Performance=18.00).

5 Conclusion

5.1 Conventional Programming Education Activities Are Not
Significant Promoting Computational Thinking Among College
Students

Through the exploration of the results of the difference analysis of the dimensions of
computational thinking before and after the experiments of the control group, we
found that the conventional programming education activities have a certain en-
hancement effect on the computational thinking of college students, but its effect is
not very significant. This is due to the fact that conventional programming education
activities tend to focus only on learners’ understanding and memorization of computa-
tional concepts such as sequence, condition, loop, operators, and other computational
concepts in programming activities, as well as the operation and practice of computa-
tional practices such as writing programs, testing and debugging, which only remain
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in the cultivation of the basic knowledge, and operational skills, neglecting the culti-
vation of learners’ thinking such as decomposition, abstraction, induction, and sum-
marization. Brennan et al. advocate the need to develop learners’ computational think-
ing at both cognitive and non-cognitive levels to support this conclusion to some ex-
tent[29]. Nevertheless, because learning to program is a challenging and complex
process, learners can become slack when they are unable to get timely guidance and
help during the learning process. In our interviews, some learners in the control group
said that "when faced with a complex programming project and did not know where
to start, there was a certain degree of trepidation". This is a good indication that con-
ventional programming education activities need to be further designed in order to
effectively enhance learners’ computational thinking. Zhang et al. have already at-
tempted in this regard, as they enhanced college students’ computational thinking,
programming self-efficacy, and academic performance by providing learning scaf-
folds with progressive flowcharts in their programming education activities[30].

5.2 AIGC Tools in Programming Education Activities Significantly
Enhance Computational Thinking in College Students

After a comprehensive analysis of the multidimensional differences in computational
thinking before and after the experiments of the experimental group, it was found that
the use of the AIGC tool in programming education activities had a significant effect
on the enhancement of college students’ computational thinking. Especially in key
thinking such as decomposition, abstraction, and modeling, the improvement of eval-
uation ability is most prominent, but the improvement of the algorithm is not very
significant.

Such results are related to the characteristics of the AIGC tool. Specifically, learn-
ers naturally exercise decomposition, abstraction, modeling, and evaluation as they
work with the AIGC tool. For example, learners need to accurately describe the prob-
lem when asking questions to the AIGC tool for the AIGC tool to generate more accu-
rate answers. To get accurate answers, learners sometimes need to break down com-
plex questions into smaller questions that can be understood by AIGC. It is in this
process of asking questions again and again that the learner’s decomposition is sub-
consciously improved[24]. The difficulty in programming activities is the determina-
tion of program correctness and code optimization, which requires learners to repeat-
edly review the code they have written. The AIGC tool, with its ability to quickly
locate erroneous code fragments and provide multiple optimization solutions, greatly
reduces the time spent on single-time error location and iterative optimization, thus
increasing the frequency of evaluation and optimization. This is the reason why the
improvement in learner assessment is most prominent. The poor improvement in al-
gorithmic ability is because the AIGC tool provides learners with direct answers
without the process of transforming problem-solving from symbolic representations to
computational models (sequences and rules).
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5.3 Uncontrolled use of AIGC tools is Detrimental to Learners’
Academic Achievement

Through the exploration of the results of the difference analysis of the academic per-
formance between the experimental group and the control group after the test, we find
that the AIGC tool facilitates the programming learning of the learners and reduces
the requirements of the hands-on projects on the learners’ basic knowledge of literacy
and use, which makes the learners of the experimental group rely on the AIGC tool in
the hands-on projects. It is difficult for them to complete various practical projects
when they are separated from the support of the AIGC tool, which ultimately leads to
the unsatisfactory academic performance of the experimental group. This is a strong
indication that the uncontrolled use of AIGC tools in programming education activi-
ties is detrimental to the academic performance of learners.

In specific, during the practical training, learners in the experimental group will re-
ly on the AIGC tool to complete a practical training project. In the process of practical
training, learners can quickly complete the training projects by summarizing the an-
swers based on the feedback from the AIGC tool. This process does not require learn-
ers to write and debug programs word by word, which reduces the frequency of learn-
ers’ use of syntax, statements, and other basic knowledge, making most learners in the
experimental group not very solid in their mastery of programming basics. This is the
root cause of the poor performance of these learners in the academic achievement
tests that are not supported by the AIGC tool. Moreover, some of the learners in the
experimental group indicated that using the AIGC tool was about completing learning
tasks and not about helping themselves learn. These learners immediately used the
AIGC tool to get a solution to the problem at the first moment they encountered the
problem, did not actively think about it, amplified learning inertia, and became carri-
ers of the answers from the AIGC tool, which made them not know where to start
when they independently faced the problems in the academic achievement test[31].
Therefore, to avoid AIGC tools replacing learners’ thinking and over-reliance on
AIGC tools, and to make AIGC tools useful learning assistants, there is a need to
intensively monitor and manage learners’ use of AIGC tools in learning activities.

6 Summary, Limitations, and Future Directions

The speedy development of Artificial Intelligence (AI) technology puts higher de-
mands on the computational thinking of college students. However, the problem of
lack of computational thinking is widespread among college students and adult learn-
ers at present. Therefore, there is an urgent need to find methods and measures for the
cultivation of computational thinking among college students that have a wide range
of applicability and good enhancement effects. Based on this, this study launched a
13-week educational activity of integrating AIGC tools into programming education
with 225 freshmen students as research subjects. Based on analyzing and comparing
the differences in learners’ computational thinking and academic success before and
after the experiment, and combining the results of interviews and exchanges, three
conclusions were drawn. Based on the conclusions of this study, suggestions on how
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to better utilize AIGC tools to enhance learning and promote the development of
computational thinking ability are proposed, to provide certain references for the cul-
tivation of college students’ computational thinking. There are also some shortcom-
ings in this study: the academic performance assessment focuses on programming
knowledge and skills, and the dimensions of the assessment are not very comprehen-
sive. Future research will focus on the behavior of learners and deeply explore the
mechanism of the influence of AIGC tools on computational thinking. To better uti-
lize AIGC tools to empower college students’ computational thinking to enhance their
achievements.
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