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About the Beijing Normal University (BNU), 
Beijing, China

Beijing Normal University (BNU) grew out of the Education Department 
of Imperial University of Peking established in 1902, which initiated 
teacher training in China’s higher education. After the development for 
over a century, BNU has become a comprehensive and research-
intensive university with its main characteristics of basic disciplines in 
sciences and humanities, teacher education and educational science.

BNU consists of Beijing Campus and Zhuhai Campus. The University has 
3 faculties, 27 schools, 2 departments, 11 research institutes and 4 
academies. In addition, there are more than 5.4 million books and 8.2 
million e-books in its libraries. BNU is home to more than 35,000 full-
time students, and has more than 8000 faculty members, including 
2562 full-time teachers, 94% of whom have earned a doctoral degree.

At present, the university has established cooperative ties with about 
300 universities and international organizations from more than 40 
countries and regions. Each year, above 900 international professors 
and scholars are invited to lecture and research at the University. And 
BNU has around 2000 long-term international students, the scale of 
which ranks among top in China’s universities.

The motto of Beijing Normal University is “Learn, so as to instruct 
others. Act, to serve as example to all.” 

For more information, please visit: https://english.bnu.edu.cn/
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The Asia-Pacific Society for Computers in Education (APSCE) was 
formed on 1 January 2004. It is an independent academic society 
whose broad objective is to promote the conduct and communication 
of scientific research related to all aspects of the use of computers in 
education, especially within the Asia-Pacific.

The specific objectives of APSCE are: 
l To promote the conduct and dissemination of research employing 

the use of computing technologies in education within the Asia-
Pacific region and internationally. 

l To encourage and support the academic activities of researchers in 
member countries and to nurture a vibrant research community of 
younger as well as more experienced researchers. 

l To enhance international awareness of research conducted by 
researchers in member countries. 

l To obtain greater representation of active researchers from the 
Asia-Pacific region in committees of related leading academic and 
professional organizations and the editorial boards of reputable 
journals. 

l To organize and hold the International Conference on Computers in 
Education (ICCE) conference series in member countries. 

l To engage in other appropriate academic and professional 
activities including but not limited to the setting up of Special 
Interest Groups (SIGs) and the publication of a Society newsletter 
and a Society journal. 

For more information, please visit: https://apsce.net/

Asia-Pacific Society for Computers in Education
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The APSCE International Conference on Computational Thinking (CT) 
and STEM Education (CTE-STEM) is a global academic conference that 
focuses on the field of computational thinking and STEM education. It 
serves as a platform for researchers, educators, policy makers, and 
industry professionals to exchange and share the latest research 
findings, experiences, and perspectives. The conference covers various 
aspects of computational thinking and STEM education, including 
teaching methods, curriculum design, educational technology, 
assessment and evaluation, and more. Participants have the 
opportunity to engage in in-depth academic exchanges and 
collaborations with experts and scholars from different countries and 
regions through presentations, research reports, workshops, seminars, 
and other formats.

With globalization, technology, and informatization, CT and STEM 
education have new perspectives and trends in the context of 
multilateral international relations and complex social environments. 
The 8th APSCE International Conference on Computational Thinking 
and STEM Education 2024 (CTE-STEM 2024) is organized by the Asia-
Pacific Society for Computers in Education (APSCE). CTE-STEM 2024 is 
hosted by the Beijing Normal University, China (BNU). CTE-STEM 2024 
will focus on these themes, sharing experiences, discussing differences, 
reaching consensus, and promoting the development of CT education. 
The conference will include keynote speeches, panel discussions, a 
teachers' forum, and paper presentations.

On behalf of APSCE, BNU and the Conference Organizing Committee, 
we would like to thank all the invited panelists, the keynote speakers, as 
well as paper presenters for their contribution to the success of CTE-
STEM 2024. 

We sincerely hope all  of you wil l  enjoy and be inspired from 
participating in and attending CTE-STEM 2024. 
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Theme: 
Computational Thinking and Computing-related STEM Education
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- Computational Thinking and Unplugged Activities in K-12
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- General Submission to Computational Thinking Education
- Computational Thinking and Evaluation
- Computational Thinking and Data Science
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- Computational Thinking and its Key Elements
- Computational Thinking as Method
- STEM and Interdisciplinary Integration
- Open-Source Software and Hardware for CT and STEM Education

Conference format

CTE-STEM 2024 plans to be run by offline. Accepted English papers will 
be published in Scopus-indexed conference proceedings. Accepted 
Chinese papers will be indexed by CNKI.
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ABSTRACT
This study explores the relationship between computational
thinking and fixed/growth mindset, with the aim of
informing educational strategies that enhance
computational thinking. A survey of 578 university
students was conducted to examine the relationship
between mindset and factors of computational thinking.
The results revealed significant positive correlations
between mindset and computational thinking factors:
creativity, algorithmic thinking, cooperativity, critical
thinking, and problem-solving. Notably, the relationship
between critical thinking and mindset emerged as the
strongest. The relationship between mindset and
cooperative thinking exhibited a weaker correlation than
other computational thinking factors. Furthermore,
significant differences in scores were observed between the
growth mindset group and the fixed mindset group for each
computational thinking factor. These findings suggest that
students with higher creativity, critical thinking, and
problem-solving scores are more likely to belong to the
growth mindset group. In addition, cooperation may affect
the probability of belonging to the higher mindset group,
whereas algorithmic thinking shows no significant effect
on mindset. Considering these findings, we propose a
curriculum grounded in the practical aspects of
computational thinking and mindset.

KEYWORDS
Computational thinking, fixed mindset, growth mindset,
cognitive process, students’ belief

1. INTRODUCTION
1.1. Research Background
In today’s context, problems to be solved have become
increasingly complex and sophisticated, requiring solutions
beyond conventional knowledge and experience. Students
are now expected to learn independently and tackle
unknown problems without giving up. When solving
problems using AI and other technologies, students must
solve them efficiently within predetermined time frames.
Computational thinking is important as it equips students
with the skills to apply AI and programming solutions
efficiently.

Since Wing (2006) introduced the key constructs of
computational thinking outlined by Papert (1993),

extensive research has been conducted in this area,
resulting in numerous practical examples. Computational
thinking plays a significant role in developing human
resources to address social problems.

Several definitions of computational thinking (e.g.,
International Society for Technology in Education (ISTE)
and the Computer Science Teachers Association (CSTA),
2011; Yadav et al., 2014) and several studies identifying
sub-concepts of computational thinking (e.g., Selby &
Woollard, 2013; Wing, 2011; Angeli et al., 2016) exist. In
other words, focusing on sub-concepts and activities in
developing computational thinking is important.

Winthrop (2016) categorizes computational thinking into
four main groups: data practices, modeling and simulation
practices, computational problem-solving practices, and
systems thinking practices. Kalelioglu (2016) conducted a
qualitative content analysis, revealing that the main topics
addressed in the papers focus on activities promoting
computational thinking in the curriculum, whether
computerized or unplugged. Game-based learning and
constructivism form the basis of these papers and their
main theories. The analysis further identifies the most
frequently used words in the definition and scope of
computational thinking, forming the framework for
computational thinking.

To enhance the development of computational thinking, it
is imperative not only to accumulate examples but also to
develop curricula tailored to learners’ actual conditions,
taking into account their psychological state and the
relationship with various skills they possess.

This study focuses on “mindset” as a psychological state,
drawing on Dweck’s (2008; 2014) distinction between
fixed and growth mindsets. Individuals with a fixed
mindset believe their abilities are static and tend to avoid
challenges. On the other hand, those with a growth mindset
believe in improving their abilities through effort and
learning. The study posits that a fixed or growth mindset
influences learning attitudes and outcomes.

Mindset plays a significant role in learning; Limeri (2020)
examined the impact of student’s academic motivation and
engagement on mindset development. The study found
varying degrees of mindset orientation throughout an
introductory computer science course, with certain groups
leaning more toward a fixed mindset. This suggests that
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students’ motivational characteristics may influence
mindset development. Jiang et al. (2023) conducted a study
that focused on the positive effects of a growth mindset on
students’ intentions toward self-regulated learning during
the COVID-19 pandemic. The results show that students’
growth mindset is associated with the support they receive
from teachers and other involved individuals, even in an
online setting. This study underscores the importance of a
growth mindset in an educational context.

Since mindset significantly impacts learning effectiveness
and attitudes toward learning, it is likely to play a crucial
role in classes and practices aimed at fostering
computational thinking.

1.2. Identification of Problems
It has been emphasized that the relationship between
computational thinking and mindset is important for
enhancing future computational thinking development. For
instance, Stella et al. (2021) studied the relationship
between computational thinking and mindset. The study
investigated data science and computational thinking by
examining the mindsets of high school students enrolled in
a STEM-focused curriculum and STEM researchers
working on modeling complex systems. The results
indicated that STEM professionals exhibited consistency
with important aspects of computational thinking, such as
logical reasoning and positive attitudes toward data and
simulation. In contrast, high school students demonstrated
knowledge of logical reasoning but needed a more
developed understanding of the relationship between
models, simulation, and computation. This difference
underscores the importance of computational thinking,
interpreted by the authors as indicative of a gap in the
development of the computational mindset. They argue that
this partially undeveloped computational mindset requires
additional psychological impetus to solve problems and
understand the world.

Asmara (2020) researched computational thinking as a
problem-solving skill, surveying international students
from Taiwan's engineering and social science schools. The
study found differences between engineering and social
science students in their problem-solving approaches,
especially in using structured algorithms. This fundamental
insight sheds light on how differences in academic
backgrounds affect students’ computational thinking and
problem-solving skills. Lodi (2017) emphasized the
importance of interventions that stimulate a CS growth
mindset for students and teachers, recognizing this as a
fundamental and valuable area of computer science
education research.

Although the above studies have reported on computational
thinking and mindset, they have yet to focus on the
difference between a growth mindset and a fixed mindset.
They have been examined in a limited context. To enhance
computational thinking in the future, it is essential to focus
on the relationship between computational thinking, growth
mindset, and fixed mindset and to conduct research based
on the relationship between them. For this purpose, it is
necessary not only to accumulate concrete examples but
also to grasp the actual conditions of learners’

computational thinking and mindset and to examine the
relationship between them. However, to the best of the
authors’ knowledge, no previous studies have addressed
this specific aspect.

In this study, we formulate the following research
questions to understand the relationship between
computational thinking and mindset and to obtain basic
knowledge for the future enhancement of computational
thinking development.

RQ: What is the relationship between computational
thinking, fixed mindset, and growth mindset?

2. METHOD
2.1. Survey Participants and Survey Method
Rakuten Intage, a research company, conducted the survey.
The participants comprised 578 university students (295
males and 283 females), with a mean age of 21.30 years
(SD 2.03) and a survey duration of about 20 minutes. The
participants remained anonymous, with no inclusion of
names, school names, or other personally identifiable
information. Upon completing the survey, participants
received the designated points from this company.

2.2. Survey Items
For demographic information, we included items to
ascertain age and gender. The Japanese version of the
mindset scale, developed by Dweck et al. (2008) (Muto,
2020), was used to measure both fixed and growth
mindsets (refer to Table 1). Although the scale's validity
has yet to be examined, we used it for this study. Items 1 to
3 measure fixed mindset (invert items), and items 4 to 6
measure growth mindset. All items were answered on a 6-
point Likert scale ranging from “6: Strongly agree” to “1:
Strongly disagree.” The sum or average of all items can
measure the participants’ mindset. The total or average
value of all items can be used to measure the mindset of the
participants. In this context, it is assumed that participants
with values above the mean have a growth mindset, while
those with values below the mean have a fixed mindset
(Hong et al., 1999).

Table 1. Items of Fixed/Growth Mindset.
1 You have a certain amount of intelligence, and you really

can’t do much to change it. *
2 Your intelligence is something about you that you can’t

change very much. *
3 You can learn new things, but you can’t really change your

basic intelligence. *
4 No matter who you are, you can change your intelligence a

lot.
5 You can always greatly change how intelligent you are.
6 No matter how much intelligence you have, you can always

change it quite a bit.
*Invert Items

We used the Japanese version of the computational
thinking scale developed by Chikazawa et al. (2022),
adapted from the original scale by Korkmaz et al. (2017),
to assess computational thinking. The reliability and
validity of this scale have been previously examined. The
original computational thinking scale consisted of 29 items,
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but when applied to humanities students, it was reduced to
21 items. However, for this survey, it is impossible to
specify whether the participants are science majors or
humanities majors. Therefore, we opted for the Japanese
version of the 29-item computational thinking scale,
comprising five factors: “creativity (CR),” “algorithmic
thinking (AT),” “cooperativity (CO),” “critical thinking
(CT),” and “problem-solving (PS).” All items were
answered on a 5-point Likert scale ranging from “5:
Strongly agree” to “1: Strongly disagree.”

2.3. Analysis Procedure
A confirmatory factor analysis served as a preliminary
analysis to examine the validity of the items used in this
study. Following this, descriptive statistics were obtained.
Since no normality was observed between the mindset
scale and the computational thinking scale, the correlation
coefficient between the mindset scale and each factor of
computational thinking was calculated. The upper and
lower groups were defined based on the mean value of the
mindset scale, where the upper group refers to the “growth
mindset group,” and the lower group refers to the “fixed
mindset group.” The differences in each factor of
computational thinking between the upper and lower
groups were evaluated using the Wilcoxon rank-sum test.
Subsequently, a two-way logistic regression analysis was
conducted, taking the upper and lower mindset groups as
dependent variables and each factor of computational
thinking as an independent variable. This analysis aimed to
understand how the factor of computational thinking
affects the probability of belonging to a mindset group. The
analysis was performed using R version 4.3.2 with a
statistical significance level set at 5%.

2.4. Ethical Considerations
In this study, we did not include items that could identify
individuals, such as names and school names, and
respondents experienced minimal psychological burden
while answering the survey items. Consent for participation
was obtained at the time of response. This study received
approval from the Tokushima University Ethics Review
Committee (No. 2023-3). The authors declare no conflicts
of interest.

3. RESULTS
3.1. Preliminary Analysis
As a preliminary analysis, we examined the validity of the
items and scales used in this survey. Confirmatory factor
analysis was used to examine the validity of the GFI, CFI,
SRMR, RMSEA, and Cronbach’s alpha coefficient. In
addition, the Shapiro-Wilk test was used to confirm the
normality of each factor. The results are shown in Table 2.

Table 2. Results of Preliminary Analysis.
α CFI GFI RMSEA SRMR W

CR 0.77 0.88 0.95 0.09 0.05 0.98**
AT 0.87 0.95 0.96 0.10 0.05 0.98**
CO 0.84 0.98 0.98 0.13 0.02 0.98**
CT 0.81 0.98 0.99 0.07 0.02 0.98**
PS 0.66 0.95 0.98 0.07 0.03 0.99**
Mindset 0.68 0.41 0.73 0.34 0.21 0.98**
**p < .01 (N = 578)

Table 2 shows that the results of reliability coefficients and
Cronbach’s alpha coefficient for each computational
thinking factor supported the scale’s reliability and validity.
However, all the values tended to be low for mindset. This
suggests that the mindset scale may differ from standard
interpretations in the target population of this study and
that, in general, the scale needs to be reviewed and
contextualized. It also implies that when using mindset
scales, appropriate adjustments and supplementary
explanations are necessary, considering the target
population’s characteristics and cultural background.
However, the validity and reliability of the Japanese
version of the mindset scale itself have yet to be confirmed.
Although these are issues that need to be addressed in
future research, the purpose of this study was to understand
the relationship between the mindset scale and the
computational thinking scale and to obtain basic
knowledge for enhancing education to foster future
computational thinking.

This study aimed to understand the relationship between
the mindset and computational thinking scales. It is
meaningful to proceed with the analysis using the mindset
scale to achieve this goal. Therefore, we decided to conduct
the research using the mindset scale in this study. Since it
was not confirmed that each factor and mindset scale of
computational thinking had normality, we used
nonparametric analysis in the subsequent studies.

3.2. Descriptive Statistics
Descriptive statistics are shown in Table 3.

Table 3. Results of Descriptive Statistics.
Mean SD

CR 3.56 0.76
AT 3.41 0.62
CO 3.02 0.87
CT 3.35 0.91
PS 3.19 0.80
Mindset 2.96 0.67

(N = 578)

3.3. Relationships between the Mindset Scale and Each
Factor of Computational Thinking
Spearman’s rank correlation coefficients were computed to
examine the relationship between the mindset scale and
each factor of computational thinking. The results are
shown in Table 4.

Table 4. Results of Correlation Analysis.
CR AT CO CT PS

CR 1.00 -- -- -- --
AT 0.42** 1.00 -- -- --
CO 0.45** 0.28** 1.00 -- --
CT 0.60** 0.54** 0.39** 1.00 --
PS -0.06 -0.05 -0.14** -0.03 1.00
Mindset 0.31** 0.23** 0.18** 0.32** 0.29**
**p < .01 (N = 578)

Table 4 shows a moderate to high correlation among
creativity, algorithmic thinking, cooperativity, and critical
thinking, reflecting correlations among the factors of
computational thinking. Critical thinking showed a strong
correlation with algorithmic thinking and cooperativity. On
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the other hand, problem-solving was weakly correlated
with other factors of computational thinking, suggesting
that it may have its unique elements.

Next, as for the relationship between mindset and the
factors of computational thinking, significant positive
correlations were found between mindset and creativity,
algorithmic thinking, cooperativity, critical thinking, and
problem-solving. The relationship between mindset and
cooperativity was weaker than that between mindset and
other factors of computational thinking, but it was still
significant.

3.4. Differences in Computational Thinking Due to
Differences in Mindset
To examine the differences in each factor of computational
thinking based on mindset differences, we analyzed the
differences between the upper group (growth mindset
group) and the lower group (fixed mindset group) using the
Wilcoxon rank-sum test. The results are shown in Table 5.

Table 5. Results of. Differences in Computational Thinking
Based on Mindset.

Upper Group Lower Group WMean SD Mean SD
CR 3.59 0.58 3.25 0.60 54418 **
AT 3.18 0.89 2.87 0.83 50215 **
CO 3.53 0.87 3.19 0.91 50170 **
CT 3.43 0.73 2.97 0.80 54554 **
PS 3.10 0.70 2.84 0.63 50195 **
**p < .01 (N = 578)

Table 5 suggests that students with a high or growth
mindset score higher on all the computational thinking
factors: creativity, algorithmic thinking, cooperativity,
critical thinking, and problem-solving. In other words, a
high level of mindset functions as a factor that positively
influences each factor of computational thinking.

3.5. Impact of Computational Thinking on Fixed/Growth
Mindset
A two-way logistic regression analysis was conducted to
examine the computational thinking factors' influence on
the growth and fixed mindset groups. The upper and lower
mindset groups were used as dependent variables, and each
computational thinking factor was used as an independent
variable. The results are shown in Table 6.

Table 6. Results of Two-way Logistic Regression Analysis.
Factor Estimate Std. Error z value Pr (>|z|)
Intercept -6.95 0.88 -7.92 0.00 **
CR 0.57 0.21 2.76 0.01 **
AT 0.02 0.13 0.15 0.88
CO 0.23 0.12 1.90 0.06
CT 0.52 0.17 3.01 0.00 **
PS 0.81 0.16 5.24 0.00 **
**p < .01 (N = 578)

In Table 6, the coefficients of creativity, critical thinking,
and problem-solving are positive and significant, indicating
that higher scores in these factors increase the probability
of belonging to the growth mindset group. The coefficient
of cooperativity is also positive and tends to be significant,
a factor that may increase the probability of belonging to a

group with a higher mindset. On the other hand, the
coefficient of algorithmic thinking is not statistically
significant and has no significant effect on growth and
fixed mindset.

4. DISCUSSION
These results suggest that students with higher mindsets
tend to exhibit higher scores and abilities in each aspect of
computational thinking. Critical thinking shows a
particularly strong association with mindset. Although the
results are complex and difficult to decipher, all factors
affect mindset when focusing on a single factor of
computational thinking. However, the growth mindset
group’s influence on the mindset differed depending on the
factor. The growth mindset group demonstrated higher
creativity, critical thinking, and problem-solving scores.

In contrast, the effects of algorithmic thinking and
cooperativity on the mindset group were not significant. In
other words, educational programs and teaching methods
focusing on the relationship between mindset and
computational thinking may need to differ between the
high and low mindset groups. In addition to focusing on the
relationship between a single factor of computational
thinking and mindset, it is necessary to emphasize the
relationship between computational thinking and mindset
and develop curricula based on this reality.

The fact that algorithmic thinking's influence on mindset
was not significant when considering the whole of
computational thinking suggests that this ability may be
influenced by factors other than mindset. The weak
correlation between mindset and cooperativity also
indicates that cooperative activities have characteristics
different from other elements of computational thinking,
which should be considered in the design of educational
curricula.

5. IMPLICATIONS FOR CLASSROOM
ACTIVITIES
Adopting flexible and effective teaching methods based on
students’ mindsets and computational thinking abilities is
important in designing educational programs. Specifically,
the significant positive correlations between the
computational thinking factors and mindset underscore the
need for an individualized approach in educational
programs.

The strong association of critical thinking skills with
mindset has an important implication for educational
settings. The results indicate that fostering students’ ability
to evaluate their thinking processes and consider issues
from different perspectives may promote a growth mindset.
Therefore, it may be beneficial to provide students with
opportunities for self-evaluation and self-reflection in the
classroom, along with incorporating activities that
stimulate critical thinking.

On the other hand, the relatively weak correlation between
cooperativity and mindset indicates that educational
interventions focused on cooperative activities may not
directly impact mindset development, or a reverse
relationship may exist. Educators need to recognize this

4



and pay attention to both the development of problem-
solving skills and mindset. However, since the correlation
between cooperativity, creativity, and critical thinking was
observed, it is possible that the setting of combined
activities, such as cooperative problem-solving activities
rather than cooperativity alone, may be effective in
improving one’s mindset as well. Nonetheless, further
investigation is need due to the potential negative
relationship between cooperativity and problem-solving.

Furthermore, significant differences in computational
thinking scores between the growth and fixed mindsets
highlight the importance of adjusting the educational
program based on the student’s mindset level. In other
words, based on the reality of mindset and computational
thinking, the following approaches are assumed to be
effective in meeting the needs of each group.

Special support and approaches that help students develop
their mindset and computational thinking skills, such as
creativity and critical thinking, may be effective for
students with a low mindset. Supporting students in
developing their self-confidence, motivating them to take
on new challenges, and promoting a growth mindset should
be prioritized. Educators should teach students the concept
of a growth mindset, emphasize the importance of
accepting failure as part of the learning process, and
encourage them not to shy away from challenges. Focusing
on the relationship between activities that promote a
growth mindset and computational thinking, providing
simple computational thinking-related tasks, and offering
appropriate support are essential.

On the other hand, lessons and curricula for students with
higher mindsets may be more suitable for those who aim to
improve their critical thinking and creative problem-
solving skills. For example, activities stimulating students’
creativity and problem-solving skills may be practical by
providing complex and challenging computational
thinking-related tasks. Introducing new concepts and
advanced techniques may arouse students’ interest and
curiosity. Furthermore, it is expected that students will be
able to choose their projects and research topics and
develop deeper understanding and application skills
through self-directed learning and inquiry activities.

It may be helpful to promote critical thinking and reflection,
provide opportunities for students to evaluate and reflect on
their work and thought processes, and further develop
critical thinking skills through discussion and presentation.

Common elements of the above curriculum that
accommodate both the highs and lows of mindset include
providing enhanced feedback and support for each learner
based on actual computational thinking and mindset,
offering appropriate feedback and instruction for all
students, and providing individualized progression. This
approach effectively provides appropriate feedback and
support to all students and supports students according to
their learning progress.

As described above, the educational field requires the
design of diverse and comprehensive educational programs
that focus on mindset and computational thinking. This is

expected to realize education tailored to each student’s
needs and maximize all students’ potential.

It is important to note that some analyses of the relationship
between mindset and the factors of computational thinking
treat them as causal relationships. Still, they are compound
correlations, and the relationship between mindset and
computational thinking needs to be clarified. The
relationship between mindset and computational thinking
needs to be clarified. Therefore, it would be effective to
consider these points in curriculum development and create
a flexible form that focuses on both mindset and
computational thinking. Remember that this discussion is
intended to present a case study, not a causal relationship,
and that correlation does not imply causation. Additionally,
other potential factors may exist.

6. SUMMARY AND FUTURE WORK
6.1. Summary of This Study
This study aimed to examine the relationship between
computational thinking and fixed/growth mindset and
obtain basic knowledge for enhancing education that
enhances mindset and computational thinking.
In this study, we clarified the relationship between mindset
and computational thinking and showed the complex
relationship between high/low mindset and each factor of
computational thinking. The results offer valuable insights
for the educational field.
In contrast to prior studies concentrating on the relationship
between mindset and computational thinking, this study
was conducted to understand the actual conditions of
students’ growth/fixed mindset, and computational thinking,
aiming to delineate a specific direction for the curriculum.
The direction of the curriculum was concretely indicated
through a survey study, providing insights into genuine
circumstances of students’ fixed/growth mindset, and
computational thinking. This research is unprecedented; the
results are novel, innovative, and original. The survey
encompassed a substantial number of participants, ensuring
its reliability is assured and contributing to the
advancement of education for nurturing computational
thinking in the future.

6.2. Limitations of This Study
Although the results of this study are important findings for
enhancing the development of computational thinking,
several limitations need consideration, as they may impact
the interpretation of the results of this study and the
direction of future research.
Firstly, although our study found significant correlations
between mindset and each component of computational
thinking, it is important to note that correlations do not
imply causality. In other words, these relationships may be
influenced by other potential variables not considered in
the study, necessitating exploration of these potential
factors. Secondly, within the realm computational thinking,
the impact of algorithmic thinking on the mindset group
was found to be insignificant. Thirdly, this study focused
on specific computational thinking elements and mindsets,
and it is challenging to generalize to all aspects of these
complex structures. Future research should explore the
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relationship between other dimensions of computational
thinking and different types of mindsets.
Subsequent research endeavors should involve the
development of educational practice programs grounded in
the findings of this study, with a subsequent examination of
their effectiveness in practice. Thus, further comprehensive
research is warranted to advance our understanding in this
field.
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ABSTRACT
Stimulating creativity can make an important contribution
to computational thinking (CT) of elementary school
students who attend childcare after school. Since learning
goes beyond time spent in school, it makes sense to offer
students in childcare-centres meaningful CT-activities that
exceed more common applications of technology for CT-
development, like programmable robots or serious games.
Such approaches provide, besides a focus on visual
modality, promising opportunities emphasising auditory
modality. Reasoning from such different contextual
perspective, it’s interesting to explore whether self-creation
of electronic music using music-producing software has an
effect on CT-development, and what added value can be
attributed to creativity. Therefore, an experimental mixed-
methods-study was conducted among elementary school
students aged 10 to 13 within a childcare setting using FL-
Studio© music producing software. Quantitative data were
obtained by pretest-posttest-assessment administering the
validated Computational Thinking test (CTt). Qualitative
data were obtained conducting interviews and observations
during and after each session asking questions to what
magnitude students grasped CT sub-characteristics, to what
extent creativity and creative thinking played a role, and
what perceptions students themselves had in this regard.
Our results indicate that applying music-making software
has a significant effect on CT-development where the focus
is on the invocation and utilisation of auditory modality.
Remarkable effects could be identified on CT-
(sub)characteristics ‘loops,’ ‘conditionals,’ ‘nesting,’ and
required CT-tasks. Our study also found that technology-
enhanced music producing stimulates creativity, which
appears an important parameter regarding CT-development.
It is recommended to conduct further research on the
intersection between CT and creativity using combinations
of different modalities.

KEYWORDS
Technology-enhanced learning, computational thinking,
creativity, music producing, output modalities

1. INTRODUCTION
A variety of plugged-in and unplugged approaches offer
effective opportunities regarding the development of
computational thinking (CT). Frequently this involves
more traditional applications of technology such as
programmable artefacts like robots, or the use of physical
board games. The intervention and subsequent
determination of the effect of programming thereby occurs

primarily by means of visual perception through
observation, interpreting icons, reading text, writing syntax
or by physical, kinaesthetic experience. Furthermore,
fostering creativity appears to be an important parameter in
the development of CT. Previous studies show that creative
thinking and creative action can lead to extraordinary
discoveries in solution processes for challenging problems,
and that the learning environment used can be conditional
for this. It is therefore valuable to investigate whether less
common approaches such as appealing to auditory
modality can also have a distinctive impact on the (further)
development of CT, and what important influence can be
attributed to creativity in this regard.

Previous studies indicated a link between music making
and CT, to which combining self-producing music and
programming into one activity enables an identifiable
development on CT (Chong, 2018; Petrie, 2019). There is
also evidence for interrelationships between CT and
creativity (Israel-Fishelson & Hershkovitz, 2022) and point
to positive effects of creativity through the application of
educational robotics on CT development (Chevalier et al.,
2020; Noh & Lee, 2019). In addition, research also
distinguishes between two types of creativity, namely:
creative thinking and computational creativity, where
creative thinking should be seen as the innovative process
of solving challenging problems, and where computational
creativity is characterised by applications of computer
technology to mimic, study, stimulate and enhance human
creativity (Israel-Fishelson et al., 2021).
Our experimental mixed-methods design study focuses on
whether self-creation of electronic music using technology
enhanced music-producing software has an effect on CT-
development, and what added value can be attributed to
creativity. Participants were 8 primary school students who
attend childcare after their regular schooling and in which
CT proficiency was assessed using the validated
Computational Thinking Test (CTt) (Román-González et
al., 2017) targeted to students from 10 to 16 years old.

2. METHODOLOGY
This study was conducted among 8 primary school students
aged 10 - 13 years in after school childcare in the
Netherlands, focusing on the last cycle of primary
education (grades 5 and 6). In five sessions of one hour
each, participating students worked together in dyads to
produce an electronic dance music track (Edm) using the
professional music producer software FL-Studio© (Figure 1
and Figure 2). These five sessions were held at the
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childcare location where students attend after their regular
school day. In each of the five sessions an instruction part -
processing part - own design part – in-between & end
evaluation part - and appreciation part were applied.

Figure 1. Students Composing Music.

Figure 2. Impression FL-Studio© Music Producing
Software.

All students first received a basic instruction on how the
music producing software works, how music is arranged, in
which structure an Edm-track is designed (intro - break -
build-up, drop - outro), how samples and instruments from
the music library can be dragged into the worksheet, how
to add effects to it, etc. After all the basics were explored
and mastered, students were given the task of creating their
own Edm-track where they could independently make their
own choices in terms of rhythm, instruments, percussion,
sound samples, vocals, effects and volume settings to be
selected. Based on their own creative disposition, students
could then make their own choices and decide how they
wanted to shape the Edm-track to be produced. Students
could increasingly take their own initiative and direction,
each time using their own creativity within the musical
parts to be designed, with the final goal of a completely
elaborated Edm-track.
Before and after the study, students where administered the
validated CT questionnaire (CTt) that assessed their
proficiency on CT. This questionnaire, based on
visualisations, pictograms and representations using arrows
and Scratch-based programming images, consists of 28
items in which knowledge regarding the computational
concepts addressed "loops, conditionals and functions", the
presence of "nesting", and the required CT-tasks

"debugging, completion and sequencing" can be
determined (Figure 3 and Figure 4).

Figure 3. Example Question CTt-Questionnaire.

Figure 4. Example Question CTt-Questionnaire.

Regarding the relationship between CT and creativity, we
apply the same principles as formulated by Brennan &
Resnick (2012) in their 3D-framework. In it, a relationship
between CT and creativity is assumed. In our study, in
which technology-enhanced music tracks are composed,
we focus on developing CT-skills and include the findings
of a creative attitude. We ground on studies by Doleck et al.
(2017) and Rotem et al. (2020) which demonstrate that
creativity is strongly related to CT. We focus on the
perception of creativity through flexibility, analytical
problem solving, entrepreneurship, perseverance,
imagination and cooperation (Fukui et al., 2022). Therefore,
in addition to quantitative data collected, qualitative data
were also established regarding the importance of creativity
and a development on CT. For this purpose, a survey was
prepared consisting of 14 questions according to a 3-point
Likert scale (‘not true - sometimes – true’) including 3
open-ended questions, that was benchmarked prior to the
study with a focus group of educational subject matter
experts. By administering this survey after each session,
each individual student was questioned to what extent
he/she had a grasp of CT sub-characteristics, to what extent
creativity and creative thinking played a role, and what
perception the students themselves had in this regard. This
involved using questions such as: "Do you remember the
arrangement you used in your work?"; "Were you able to
understand and organize the information you were given?";
"Were you able to find and also resolve/debug errors?";
"In what ways were you creative? Where does that show?".
Based on the survey data obtained, an analysis was
conducted that reflected a more detailed development of
the students in addition to an analysis of the CTt-
questionnaire.
Furthermore, and in addition to the questionnaire and
survey administered, free observations were carried out
during each session in which approach behaviour, the level
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of cooperation between students and other worthwhile
perceptions were recorded.

3. RESULTS
First, it can be stated that based on the chosen approach, all
students were well able to design and produce an Edm
dance track independently from their own creative
perspective. Through the structured setup, each student
managed to apply all the necessary parts of the music
producer software. Selecting chords, designing a melody,
choosing own samples and instruments, assigning them to
the mixer, arranging them in the playlist and then building
the track in layers worked well. Adding markers to build
and structure the track also made it feasible and
manageable. All students managed to design and arrange a
full Edm-track in five sessions. As a result, the musical
results are all different, extraordinary and appealing.
Second, regarding a determinable development on CT, an
analysis of the data obtained from the validated CTt-
questionnaire by studying the means (Table 1) shows that
students score better on all measured characteristics in the
post-test in a comparison with the pre-test.

Table 1. Analysis CTt-Questionnaire.

Variables
Pre-test Post-test

M SD M SD

Total (28) .54 .149 .70 .147

Loops:
repeat times .49 .159 .66 .116
Loops:
repeat until .48 .182 .60 .198
Loops:
combined .48 .151 .63 .149
Conditionals:
if/simple .35 .243 .54 .173
Conditionals:
if-else .47 .411 .66 .352
Conditionals:
while .34 .129 .56 .116
Conditionals:
combined .39 .183 .59 .183
Functions .53 .452 .78 .248

Nesting .41 .190 .62 .177

CT-skill:
completion .53 .165 .67 .214
CT-skill:
debugging .53 .212 .73 .237
CT-skill:
sequencing .56 .181 .71 .132
Note: Variable = measurable value; total = number of
questions Correct CTt questionnaire; computational
concept addressed = loops, conditionals, functions, nesting;
completion = completed by CT; debugging = reformulating
of problems; sequencing = sequence; M = mean-value; SD
= standard deviation.

To determine at which of the different CT
(sub)characteristics a significant effect was measurably
caused by the intervention and what measurable effect
could be attributed to it, a paired-sample t-test was
performed (Table 2). This conducted analysis shows that
significant differences were found for the full CTt-
questionnaire (‘Total’), as for the CT (sub)characteristics: a)
‘loops - repeat times, simple, combined’; b) ‘conditionals -
if/simple, while, combined’; c) ‘nesting’; and d) for the CT
concepts addressed - ‘debugging & sequencing’. From the
data presented, by calculating Hedges g, it can also be
inferred that the intervention applied achieves a small (g =
0.2) to low-medium effect (g = 0.5) on the various sub-
characteristics of CT.

Table 2. Development of Computational Thinking.
Paired Sample t-test (n = 8)

Variable t p g
Total (28) -5.32 .001* .094
Loops:
repeat times -4.58 .003* .120
Loops:
repeat until -3.00 .020* .133
Loops:
combined -5.30 .001* .090
Conditionals:
if/simple -2.55 .038* .234
Conditionals:
if-else -2.05 .080 .291
Conditionals:
while -3.86 .006* .180
Conditionals:
combined -4.89 .002* .129
Functions -2.16 .068 .369
Nesting -4.43 .003* .147
CT-skill:
completion -2.12 .072 .209
CT-skill:
debugging -2.65 .033* .241
CT-skill:
sequencing -3.66 .008* .132

Note: Variable = measurable value; total = number of
questions correct CT questionnaire; computational concept
addressed = loops, conditionals, functions, nesting;
completion = completed by CT; debugging = reformulating
of problems; sequencing = sequence; M = mean-value; t =
t-value paired samples; p = p-value paired samples; g =
effect size based on Hedges g for different sample sizes; *
= significant effect measured (≤ .05).

Third, a further analysis of the administered survey asking
questions regarding CT sub-characteristics ('problem (re)-
formulation, data collection, data analysis, data
visualisation, problem decomposition, abstraction,
algorithms and procedures, automation, simulation and
modelling, and parallelisation') reveals in general that, as
the number of sessions progressed, the scores for
recognition ('true') increased and even doubled in total
when comparing the findings from the first with the last
session. We notice that the characteristics 'problem
decomposition' (breaking down a task into smaller orderly
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tasks) and the component 'algorithms and procedures'
(using a series of ordered steps to solve a problem) were
rated "sometimes" the most by students. Interestingly, the
CT sub-characteristic ‘analysing data’ (logically arranging,
analysing and understanding data) received high scores.
Also, the CT sub-characteristic ‘visualise data’ (being able
to use and process information) predominantly showed the
highest score among students in all meetings. Furthermore,
the scores for ‘not true’ decreased by 33 %. We could
perceive that during the experiment, students started to
self-recognise the skills related to CT more. The level of
decrease in the ‘not true’ component reflects this shift.
Fourth, in order to determine a development on creativity
and creative thinking, students answered three open-ended
questions for each session. These questions were about (1)
The way students felt they had been creative, (2) The
perceived extent of collaboration, and (3) Whether students
could apply what they had learned to other subjects at
school. The first thing to note is that the responses to the
questions became more specific and clear as the number of
sessions progressed. For example, in the beginning the
responses were, "We tried a lot, you got to do it yourself
and I got creative”. At the last sessions, the responses were
such as: "I got to choose a lot myself and try a lot, we got
to design our own beat, and we have a very different
melody”.
Fifth, similar comments are recorded in several observation
reports. One observation report mentions that students are
having an attentive conversation about what choices to
make, and also that they save the composed Edm-track
when they both like it. It is also observed that students
comment on their track. In another observation, it was
recorded that students can quickly pick up what they
learned on their own, with the observation mentioning that
students remember well what they did last time. Being able
to apply what they learned to other subjects at school
proved a difficult connection for students. There were
responses such as: "I can apply it to music, I can't apply it
at school, but I can apply it at home”. Yet there were two
responses that made a connection. They formulated this as:
"I can apply it in discovering your own mistakes and
sometimes I can apply it in reviewing at school”. All
observation reports noted a high level of cooperation
among students. Even when cooperation resulted in a
difference of opinion, work continued constructively.
Observations from the observation reports included
students discussing together, actively questioning each
other, choosing together which music sample to use. They
remind each other to adopt silence when explanations were
given or questions were answered. One observation in
particular stated: In time, the Edm-tracks take a bit more
shape, now the students get a bit more aware of the other
pairs and the track they have made, want to hear it from
each other. Of particular note is another comment from
students that was reflected in an observation report:
"Maybe next time we can really figure it out ourselves",
"Yes, but we still have to learn it completely first".
Apart from all data obtained from the survey and the
observations, the Edm-tracks created were also examined
more closely to obtain an indication of the level of
creativity and uniqueness. What is striking to report is that

all Edm-tracks differ in choices selected, contain a totally
different sample-usage, arrangement and combinations
made, as well as showing extensive use of parallel
arranging of music samples. Despite the fact that all tracks
follow the same build-up and design-structure, all tracks
have an originality and unique sound introduced by
students themselves. The ability to select and combine
available samples and instruments themselves certainly
contributes to this, as does the facilitator's provision of
space for the students’ own choices and creative process.

4. DISCUSSION AND CONCLUSIONS
Overall, this research shows that students are still eager to
learn after a busy school day and demonstrates the
opportunities provided by less obvious technology-
enhanced environments for CT-learning. More specifically,
a significant development in CT could be unambiguously
identified through the use of music-producing software,
where an application as such implies a clear affinity with
programming and required underlying skills. The focus on
the combination of both visual and auditory modality
indicates interesting development opportunities in this
regard. The chosen approach regarding working with FL-
Studio© allows for active stimulation of CT, creativity
development and creative thinking in addition to producing
and making music. This appears to be conditional for
approaching challenging problems open-mindedly and
solving them creatively. The set-up and organisational form
used shows that students can learn a lot from and with each
other. This is reflected in the high rating the students
themselves gave about their level of cooperation and also
becomes insightful from the observation reports. Our
findings pave the way for further research into the effect
and impact music producing applications can generate and
potentially contribute to students’ developmental potential.

4.1. Limitations and Further Directions
Despite the limited number of respondents in this study, a
significant development on almost all CT sub-
characteristics, computational concepts addressed and
required computational tasks has been demonstrated. In
follow-up research, larger numbers of respondents will be
used for which it is expected that more impactful results
can be demonstrated. It is also worthwhile to investigate
whether other types of music producing software
programmes generate the same yields. It is also interesting
to explore whether other types of modalities (feel, taste,
smell, etc.) or combinations made could add value to CT-
development in a similar study.

5. ACKNOWLEDGEMENT
We would like to thank the students and supervisors of
MIK & PIW Groep, specifically BSO location Montessori -
MIK childcare Maastricht, the Netherlands for their
cooperation. Also a special word of thanks to the Belgium-
based music software company Image-Line Software in the
person of Kim de Meyst for providing the digital audio
workstation program FL-Studio©.

10



6. ETHICAL STANDARDS
The research ethics committee (cETO) of the Open
University of the Netherlands has reviewed the proposed
research and concluded that this research is in accordance
with the laws, regulations and ethical codes for research
involving human subjects (reference:
Ceto_RP102/U202302855).

7. REFERENCES
Brennan, K., & Resnick, M. (2012). New frameworks for
studying and assessing the development of computational
thinking. Proc. of the 2012 Annual Meeting of the
American Educational Research Association. Vancouver,
BC, Canada: AERA.

Chevalier, M., Giang, C., Piatti, A., & Mondada, F. (2020).
Fostering computational thinking through educational
robotics: a model for creative computational problem
solving. International Journal of STEM Education, 7 (1),
1-18.

Chong, E. K. (2019). Teaching and learning music through
the lens of computational thinking. International
Conference on Art and Arts Education (ICAAE 2018).
Yogyakarta, Indonesia: Atlantis Press.

Doleck, T., Bazelais, P., Lemay, D. J., Saxena, A., &
Basnet, R. B. (2017). Algorithmic thinking, cooperativity,
creativity, critical thinking, and problem solving:
exploring the relationship between computational
thinking skills and academic performance. Journal of
Computers in Education, (4), 355-369.

Fukui, M., Sasaki, Y., & Hirashima, T. (2022). An
Exploratory Study of the Relationship between

Computational Thinking and Creative Attitudes among
University Students. CTE-STEM 2022 Conference. Delft,
Netherlands: TU Delft OPEN Publishing.

Hershkovitz, A., Sitman, R., Israel-Fishelson, R., Eguíluz,
A., Garaizar, P., & Guenaga, M. (2019). Creativity in the
acquisition of computational thinking. Interactive
Learning Environments, 27 (5-6), 628-644.

Israel-Fishelson, R., & Hershkovitz, A. (2022). Studying
interrelations of computational thinking and creativity: A
scoping review (2011–2020). Computers & Education,
176, (104353), 1-22.

Israel-Fishelson, R., Hershkovitz, A., Eguíluz, A., Garaizar,
P., & Guenaga, M. (2021). The associations between
computational thinking and creativity: The role of
personal characteristics. Journal of Educational
Computing Research, 58 (8), 1415-1447.

Noh, J., & Lee, J. (2020). Effects of robotics programming
on the computational thinking and creativity of
elementary school students. Educational Technology
Research and Development, 68 (1), 463-484.

Petrie, C. (2022). Interdisciplinary computational thinking
with music and programming: a case study on
algorithmic music composition with Sonic Pi. Computer
Science Education, 32 (2), 260-282.

Román-González, M., Pérez-González, J.-C., & Jiménez-
Fernández, C. (2017). Which cognitive abilities underlie
computational thinking? Criterion validity of the
Computational Thinking Test. Computers in Human
Behavior, 72, 678-691.

11



Hierarchical Computer Science Curriculum in High School:A Practice in Beijing
National Day School

Weiqi ZHANG1*, Zijie ZHENG2*, Siyao HAN3, Xingming WANG4

1,2,3,4Beijing National Day School, China
zhangweiqi@bnds.cn, zhengzijie@bnds.cn, hansiyao@bnds.cn, wangxingming@bnds.cn

ABSTRACT
The People’s Republic of China's Ministry of Education
introduced the first K-12 Standard for high school
computer science (CS) courses in 2017. CS course is also
known as Information Technology course in high school
period in China. However, the majority of Chinese high
schools lack a systematic curriculum, operationalized
courses, and experienced teachers, resulting in challenges
in implementing the courses as per the Standard. To
address this, our paper presents a hierarchical framework
for CS courses at Beijing National Day School (BNDS),
including compulsory, elective compulsory, and optional
courses. We share a synopsis, examples, and student
performance to offer insights for other high schools,
particularly in developing countries, aiming to develop
their own CS courses.

KEYWORDS
Computer science curriculum, Hierarchical curriculum
framework, Information technology, Beijing National Day
School

1. INTRODUCTION
Information technology and its influence in 5G, Artificial
Intelligence, Internet of Things and Cloud Computing has
been booming in decades. More and more countries have
realized that the information technology plays an
increasingly important role in the international competition.
Besides reforming the college curriculum to train more
professionals, the ministries of education in these countries
have also published before-college national curriculum
standards in computer science (CS) to guarantee a general
education of computer programming and computational
thinking around their societies (Every, 2015). In 2011, the
Computer Science Teachers Association (CSTA) in U.S.
published its first K-12 CS curriculum standard to provide
the guidance and contents for the programming courses in
primary schools and high schools (K-12, 2011). In 2016,
CSTA revised the curriculum standard, in which the
concept of computational thinking is emphasized and many
advanced contents such as Data Analysis and Artificial
Intelligence are added (K-12, 2016). In many other
developed countries, such as U.K. and Australia, the
ministries of education published the standards in last
decade and required that each high school and primary
school must offer compulsory CS courses for their students
(National, 2013) and (National 2015) In Asia, Japan issued
its new edition of curriculum standard in 2018, in which
each high school is required to establish the optional
programming courses for each student before 2021
(Learning, 2018).

In recent years, the State Council and the Ministry of
Education of the People’s Republic of China have also
realized the significance of the before-university CS
courses (Information Technology). In 2017, the Ministry of
Education published the first edition of national curriculum
standard (Standard) of CS courses in high school (National,
2017). Under a series of guidance documents published
between 2018 and 2020 by the State Council such as
Education Modernization 2035 (Education, 2019), the
Ministry of Education revised the Standard and published a
new edition in 2020 (National, 2020). Compared with the
CS curriculum standards in many other countries, the
Standard in China emphasizes more on the “competence”
than “contents”.

In the Standard, four core competence which the high
school students develop through CS courses are proposed:
information consciousness, computational thinking,
electronic learning and innovation, responsibility in
information society Information consciousness is the
sensitivity to information and judgment of information
value. Computational thinking refers to the thought process
involved in expressing solutions as computational steps or
algorithms. Electronic learning and innovation is to the
ability to solve problems creatively, complete learning
tasks and form innovative works by evaluating and
selecting digital resources and tools. Responsibility in
information society is the responsibility of individuals in
cultural cultivation, moral standards and self-discipline in
the information society.

Based on four core competence, the Standard also
illustrates a hierarchical framework of courses which can
be operationalized and guide each high school to organize
and practice its own CS courses. The framework includes
three layers of courses: compulsory courses, elective
compulsory courses, and optional courses. Each student in
the high school must join the compulsory courses to learn
the fundamental concepts of computing, data science,
information system, and information society. In the elective
compulsory courses, students can select two or three
specific directions among 6 modules for further study: data
structure, web science, data analysis, fundamental of
artificial intelligence, 3D design, and open-source hardware
project. For the students who are very interested in CS and
tend to choose CS as the major in the university, they can
select the optional courses such as the computing
algorithms and mobile application design.

Although the Standard has provided a forward-thinking
guidance in core competence and CS courses, the reality is
far away from the ideal. Most high schools in China have
difficulties in carrying out the entire CS course framework
as the Standard expects. In Zhejiang province, even though
the CS is an elective subject of National College Entrance
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Examination in China, i.e., Gaokao, which has an equal
status with biology and chemistry, most high schools can
only provide compulsory courses for their students and
train their students how to handle the exams rather than to
teach the knowledge and improve the programming
abilities (Gaokao, 2014). In other provinces, the situations
are much worse, a number of high schools even compress
or cancel their CS courses. The reasons are very
complicated. For example, compared with the giant internet
companies, the salary for staff in high school is relatively
low. Thus, most high schools can hardly recruit capable
teachers to offer CS courses. In addition, there are few
systematic and suitable teaching experiences and materials
in CS as the reference for high school teachers and students
(D. Sun, 2019).

Fortunately, in some large cities in China, such as Beijing,
Shanghai, and Shenzhen, a few high schools in the
forefront of education reform have attached much
significance to the CS sources. Some of them have
practiced a complete framework of courses. In this paper,
we briefly introduce the hierarchical and systematic CS
courses and the teaching experience in BNDS, which is one
of the top schools in China. About 12 percent of the 600
students in BNDS will enter the top 2 universities in China
after high school each year. There are more than 10 CS
teachers, most of whom has master or higher degrees. They
are the very foundation to carry out this framework of
courses.

Specifically, we first introduce the entire framework of
courses. Then, we will provide how we develop and
practice the compulsory courses, the elective compulsory
courses, the optional courses, and the Innovative talents
program, respectively. In each kind of courses, we provide
a synopsis, some typical examples, and the performance of
students. We hope that the framework can provide a certain
degree of reference for other high schools to develop their
CS courses.

2. Hierarchical CS Courses
In BNDS, the framework of CS courses has been refined in
2017 since the Standard was published by the Ministry of
Education. The original technology courses are classified
into two categories: the general technology courses and the
CS courses. In the general technology courses, students
learn various skills of engineering, e.g., mechanical
technique, circuit design, architecture, and even costume
design. In comparison, the CS courses concentrate on the
knowledge and skills in computer science, e.g.,
programming, algorithms, data analysis, and computer
system.

Figure 1. Hierarchical CS Course Framework

The framework of CS courses in BNDS is shown as a
pyramid in Figure 1. From the bottom to the second top

layer, the framework of CS courses includes compulsory
courses, elective compulsory courses, optional courses as
the Standard requires. The compulsory courses on the
bottom layer are similar to the course of introduction to
computing in college, the goal of which is to make students
understand the basic principles of computer and program
through the learning of a specific programming language
like Python. Python is a programming language that is easy
to get started. Python is a relatively high-level language,
which is not as complex as C++ and Java in syntax. It is
very close to the expression of natural language. Therefore,
Python is suitable for beginners especially for high school
students. Programmers can usually complete some simple
work on Python after a short period of learning.

The compulsory courses are open for all junior high school
students. On the second layer, when all students have the
fundamental abilities using programming language and
handling simple algorithms, the students can select two
elective courses to do some applications in their senior high
school career based on their own interests, such as robotics
and big data. On the third layer, the optional courses are
carried out for the students specific interested in CS, in
which the student can learn deeper and more professional
knowledge in CS, e.g., algorithms in Olympiad in
Informatics (OI), machine learning methods, and
mathematical modeling.

In addition, a number of talent students can accomplish the
regular high school courses or even the undergraduate
courses in college without difficulties. The regular courses
can hardly satisfy these students' desires. Thus, besides the
courses in the Standard, on the top of the Pyramid, we
provide the Innovative Talents Program for the talent
students with the assistance of universities and companies.
The students in the Innovative Talents Program can do
their own research under the guidance of many CS
professionals in universities’ labs.

In the rest of this paper, we will provide more details of the
courses on each layer. On each layer, the synopsis, some
typical examples of teaching process, and the performance
of students are given, respectively. Furthermore, we will
introduce how we improve the framework during practice
and provide a typical course project in the end of this paper.

3. Compulsory Courses
The compulsory courses aim to make students understand
the basic principles of computer and program through
learning a specific programming language like Python. The
compulsory courses are open for all 250 students in the K-
12 program between Grade 8 and Grade 9(Grade 9 is the
first year of the senior high school in this program). The
courses are based on school-made text books according to
the Standard, which last for 4 semesters. In each semester,
2 × 45 minutes are taken per week. All the tasks are
finished during the class so that there is no homework for
students.

The compulsory courses can be divided into two stages.
Each stage lasts for 2 semesters. In the first stage, the
students learn the basic syntax and logic of Python, a
number of basic algorithms and data structures in the first
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semester, including input/output, branch and loop, list,
string, dictionary, enumeration method etc. in python.
Some comprehensive algorithms such as recursion
backtracking method are also offered to the students who
are interested in CS. Besides the regular interpretation by
the teachers in class, the teaching and learning process is
supported by a customed Online Judge (OJ) platform. On
the OJ platform, hundreds of questions such as A + B
Problem (input a and b then print a + b) are designed by the
CS teachers for the students to practice the basic logic and
syntax of Python. Algorithms, and data structures can also
be practiced using OJ. Students can upload their program to
the OJ website, which will judge validity of the program
and give students feedback in seconds. All the problems are
designed carefully by the teachers according to the
students' fundamentals in mathematics and science, and
cognitive level.

Figure 2. The OJ platform and the performance of students

Some typical questions on the OJ platform and the
performance of students are given in Figure 2. According
to the teaching practice experience, we find that OJ scoring
and feedback mechanism can effectively stimulate students'
interests in programming. At the same time, the OJ can
help teachers to analyze the performance of students and
improve the teaching and learning process. We find that
more than 60 percent of students can apply the algorithms
and data structures to solve new problems on OJ platform
at the end of the semester. About 30 percent of students can
make approximate imitations to solve the similar problems
taught in class. Only a few students need to solve the same
questions repeatedly to learn some basic concepts and the
skills of programming. Finishing the first stage, students
can learn how to program in Python and how the computer
works and their responsibility in the information society.

Figure 3. The project of word statistics in the Romance of
the Three Kingdoms

The stage 2 of the compulsory courses lasts for 2 semesters.
In stage 2, the CS teachers design a series of projects to
help students improve the capabilities of CS engineering.
The problem in each project is usually generated from a
problem in the daily life. Specifically, the CS teachers

simplify the problems, highlight the concepts of CS and
integrate the algorithm and data structure training in each
project. An example is given in Figure 3. The students
learn The Romance of the Three Kingdoms (RTK) in their
Chinese courses in Grade 8. Thus, the CS teachers establish
a project on the RTK, i.e., to find the most frequent names
in RTK. To do the projects, the students need to learn the
basic concepts of word segmentation and word frequency
statistics in computational linguistics, and eventually use
the file operations and dictionary structure to accomplish
the program. More than 60 percent students can accomplish
the task under the guidance of CS teacher, in which 30
percent excellent students can further revise the algorithm
and apply this method to analyze other books. The projects
in stage two can help students review the knowledge in
stage one. Building their own programs to solve the real-
life problems can also help them reach the deeper level
understanding of knowledge.
Through compulsory courses, the students cultivate the
fundamental abilities of programming and computational
thinking, which help them to have a better understanding of
the digital world and live a better life in the future. The
students can apply the algorithms and data structures to
solve simple problems with computers. Further, through a
number of projects generated from the daily life, the
students have already developed the fundamental CS
engineering capabilities.

4. Elective Compulsory Courses
In order to meet the personalized needs of different
students, we also design and carry out a variety of school-
based elective compulsory courses, which correspond to
one or more modules of the elective compulsory courses in
the Standard. All students in BNDS must select at least two
elective compulsory courses in Grade 10 or Grade 11. Each
course lasts for 1 semester and costs 2 × 45 minutes per
week. There is no homework for students.

Table 1. The scheme of elective compulsory courses
Course Name Introduction
AI technology Develop a number of AI programs
App Inventor Develop APP for mobile devices

Database Build a website by Python using
database. Focus on backend

Web Design Build a website by Python and web
design. Focus on frontend

Big Data and
Intelligent
System

Train voice data with advanced
machine learning model and test on

Robot
Programming
and Gaming

Develop a game and game AI by
Python

AI & Robot Build and program robot to
accomplish given task

NLP Use Python to process language data
Image

processing Process image by PS and Python

As shown in Table 1, the scheme of elective compulsory
courses includes multiple CS directions: artificial
intelligence (AI) technology, APP inventor, web design,
database, big data and intelligent system, programming and
gaming, AI$\&$robot, and image processing. In each
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course, the students accomplish a series of comprehensive
projects in a specific realm of CS. For example, in the
Programming and Gaming course, the students design the
Gomuku AI and compete with each other. In the APP
inventor course, the students design APPs to automatically
recognize the followers and cars. In the AI & robot course,
students train the robot to accomplish all kinds of tasks. In
the AI technology course, the students learn AI algorithms
and use Python modules to develop multiple applications.
An example is shown in Figure 4, in the AI technology
course, three students design an intelligent campus guide
on WeChat for the visitors to BNDS, which is exhibited in
the first International Conference on Artificial Intelligence
and Education in 2019 (A report, 2019).

Figure 4. Student's project: an intelligent campus guide

Through elective compulsory courses, each student can
develop abilities to write relatively complicated CS
programs and deal with the comprehensive realistic
problems in different CS directions. We believe that these
abilities can help students accomplish various projects of
their majors in college.

5. Optional Courses
The optional courses are open for the excellent students
who are very interested in CS and want to learn deeper
knowledge and skills in the CS-related fields. Thus,
students in all grades can select the optional courses based
on their interests and abilities. Meanwhile, the duration of
each course and the class hours per week depend on the
specific needs of each course. Some students may spend
more than ten hours digging into a specific project, which
is motivated by their interests. The scheme of the optional
courses is shown in Table 2, which includes the
mathematical modeling, geographic information system,
MIT Sea Glide, automatic driving, first tech challenge,
internet-of-things (IoT) system, advanced technologies in
AI, and the OI course.

Table 2. The scheme of optional courses
Course Name Introduction
Mathematical
Modeling

Model real-life problem and solve
it by program

Geographic
Information
System

Use program to monitor and model
geographic information

MIT Sea Glide Build and program an under-water
robot

Automatic driving Build and program a self-driving
car

First Tech
Challenge

Build and program a remote-
control robot to complete all kinds

of challenge

IoT System Build all kinds of smart home tools
using board and chips

Advanced
Technologies of

AI

Learn advance AI tech and use it
to solve real life problem

Olympiad in
Informatics

Learn algorithms and data
structure for Olympiad in

Informatics
The difficulty of each course is high and the contents are
almost approximate to the corresponding courses in the
universities. For example, in Mathematical Modeling
course, many famous partial differential equations (PDE)
models are introduced such as Arm Race Model. The
students will model the realistic problems using the typical
PDE models and solve them with computers. In the
Advanced Technologies of AI course, the students can
learn the core ideas of many machine learning algorithms
such as supporting vector machine and neural network. The
students in OI courses can learn complicated algorithms
and data structures, and take part in the OI Competitions
(Kolstad, 2007). In Figure 5, we provide the increasing
number of first prize winners of BNDS in the National
Olympiad in Informatics in Province (NOIP) and the
Certified Software Professional-Senior (CSP-S)
competitions, which are the typical provincial level
programming contests in China. More than 20 students per
year won the first prize since 2018. It is worth pointing out
that one student won the gold medal in the National OI
contest of China (NOI) in 2019 and two students won the
same prize in 2021, one of which is the 8th place among all
the competitors in China. Our students win at least one
gold medal in each NOI since then.

Figure 5. The increasing number of NOI/CSP-S first prize
winners in BNDS

Even though each optional course is difficult to learn and
most contents in the optional courses are not directly
related to the National College Entrance Examination, the
students in BNDS hold very high enthusiasm for
participation. The standard class size is 12 in each course
per semester. However, the applicants are usually far more
than 12 for some optional courses. Thus, we believe that
through proper education and guidance, more students
themselves will pay more attention to learning knowledge
and improving real abilities rather than test training.

6. Innovative Talents Program
A number of talented students in BNDS can easily
accomplish the regular high school courses and even the
foundation undergraduate courses. Meanwhile, they also
have great interest and talent in one or more specific
research field. Those students are expecting to enter the
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professional laboratories carrying out the scientific research
under the guidance of professors in college.

In order to satisfy these students' expectation, BNDS
associated with the China association for Science and
Technology have established the Innovative Talents
Programs to support these talented students. The Programs
have been supported by Tsinghua University, Peking
University, University of Chinese Academy of Sciences,
Beihang University and more than 25 top universities. In
each year, BNDS can recommend more than 40 talented
students enter these universities to engage in the scientific
research in the math, physics, chemistry, biology, computer
science or engineering science. During the one-year
training process, these students master the basic methods of
literature search, scientific investigation and data
processing.

Figure 6. A project developed by the student in the
Innovative Talents Program

For example, a talented student in Grade 10 proposed a
novel skin color model for the mobile image under the
guidance of the computer science professor in Beihang
University. As showed in Figure 6, compared to the skin-
color model for solving the complex illumination and
background, the model has the characteristics of pertinence
and high computational efficiency based on the
normalization method in the process of the combination
with haircut and face. Based on this achievement, this
student achieved the First Award of China Adolescents
Science and Technology Innovation Contest, and Mayor's
Award for Beijing Youth in Science and Technology.

In recent years, an increasing number of talented students
haven been trained with the scientific research and practical
skills through the Innovative Talents Program. These
students show promise to become scientists in the
fundamental and advanced subjects in the field of math,
physics, chemistry, biology, computer science or
engineering science.

7. Courses Iteration
It has been more than 6 years since the Standard was
published and 5 years since we began to establish our new
CS course framework. The teachers in BNDS keep revising
the framework and the courses in it. With the courses
reform, we paid more attentions improving the students’
consciousness of solving practical problems with
computers, i.e., information consciousness, to purely
teaching the programming skills. The teachers brought
more synthetic and cultural projects into the compulsory
courses in recent years in comparison with the course
beginning in 2018. For example, to teach the concept of
Key-Value relation in Python, the teacher designed a “peer
comment projects”. In the project, the students need to

build a comment program using Dictionary in Python that
record the comments of their friends. This project can also
guide students to learn how to do the proper comments on
the Internet.

In addition, the teachers are trying to bring more and more
real-life projects into courses and make the class more
student-centric these years. The students can build their
own recite app in their literature class. In math class they
use python to modelling coronavirus propagation during
the Covid-19 pandemic for instance.

As for the elective compulsory courses and optional
courses. A number of courses which is less interested by
students was replaced by new one. A robot building course
transformed into an AI recognition course for example.

Figure 7. The 3-year AI Framework

Finally, since more and more students have already
accepted Python programming training in their primary
school careers. A number of students in Grade 8 and Grade
9 feel that the CS course content is too simple for them. A
3-year AI curriculum framework, as shown in Figure 7,
which might be fully explained in other papers (Zijie,
2023). A part of the material has been accomplished as
open source for reference.

8. Case Study
In this part, we will introduce a typical project we practiced.
We call it the Average Face of BNDS. It is in the last
semester of the compulsory courses when the students are
at Grade 9. Students are required to solve a real-life
problem, to calculate the average face of BNDS which can
be used to help school’s information platform check
whether an ID photo is proper or not. The project contains
the basic idea of encoding, image processing and
classification algorithm, which will not only deepen
students’ understanding of how computer works but also
lead to some other AI project in future.

Students can use web crawler or other techniques to get a
bunch of images first, which will review the knowledge
about Web, file, and the Internet. They use python to create
the final work base on the images they got. The second part
of this project will help the student get a deeper
understanding of how images are stored in the computer
system. The project supported by all the modules provided
in Python such as CV2 and requests. One of students' code
in the image processing part of the project is shown in
Figure 8. The annotation is added afterwards for readers of
this paper. Since the students have learned web crawler and
CV2 in former projects, the coding can be done by
themselves. They can also get structured guidance
throughout the project on our course web site. Teachers
work as an advisor.
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Figure 8. CV code of the project

Most of students can get a picture of the average face of
BNDS as showed in Figure 9. A number of students want
to create a personalized picture which is different from
others. Some students create the average face of their
favorite cats, others may focus on basketball teams. Some
students use the same procedure to create an art image in
Ninja NARUTO as Figure 10. They download hundreds of
different images using web crawler. Then they merge all
the pictures into one.

Figure 9. Average Face Demonstration

Figure 10. Image Fusion Demonstration

Students can get art pictures of their own in this project,
review their computer science knowledge, achieve a higher
programming ability and get some basic idea of
classification method. 20 percent of the students can
migrate the skills they learned in this project and use them
to solve similar problems. The rest of the students can
finish the project with teachers' help.

9. Conclusions
In this paper, we introduced the hierarchical framework of
CS courses and the teaching experience in BNDS. The
framework includes the compulsory courses, the elective
compulsory courses, and the optional courses according to
the Standard, and the Innovative Talents Program based on
the student cognitive situations in BNDS The students can
develop the fundamental competence in computational
thinking and CS engineering through compulsory and
elective compulsory courses. Through practicing, we
verified that with individualized education and guidance by
schools and teachers, more students themselves can pay
more attention to learning knowledge and improving real
abilities in CS rather than test training. We also verified
that the high school students have abilities to accomplish
the entire curriculum in the Standard. We hope that our
framework and teaching experience can provide a certain
reference for other high schools to develop their own CS
courses, especially for the high schools in the developing
countries.

10. REFERENCES
A report of UN’s AI conference in China
http://m.haiwainet.cn/middle/3543599/2019/0524/content_3156
2878_1.html People's Daily, May, 2019.

AI course material of BNDS
https://www.bilibili.com/video/BV12R4y1F7UQ?share_source
=copy_web&vd_source=ca9ee67f2189c612bd2ca8755b7037a3

BNDS Online Judge Platform https://onlinejudge.bnds.cn

Bradski G. The Open CV Library[J]. Dr Dobbs journal of
software tools, 2000.

D. Sun and Y. Li, “The Development Status, Research
Hotspots and Enlightenment of Youth Programming
Education in China and Foreign Countries: Also Discuss
the Implementation Strategy of Programming Education
for China in the Age of Intelligence,” Journal of Distance
Education, Vol. 3, pp. 47-50, Mar. 2019.

“Education Modernization 2035,” State Council of The
People’s Republic of China, 2019.

“Every Student Succeeds Act,” Department of Education of
Unite States, 2015

“Gaokao Reform in Zhejiang Province,” The Peoples’
Government of Zhejiang Province, 2014.

Kolstad, Rob, and Don Piele. “USA computing
Olympiad(USACO).” Olympiads in Informatics 1 (2007):
105-111.

“K-12 Computer Science Standards,” Computer Science
Teachers Association, 2011.

“K-12 Computer Science Standards,” Computer Science
Teachers Association, 2016.

“Learning Guidance Essentials,” Ministry of Education,
Culture, Sports, Science and Technology-Japan, 2018.

National Olympiad in Informatic of China
https://www.noi.cn/gynoi/jj

“National Curriculum England: Computing Programmes of
Study,” Department of Education, 2013.

“National Curriculum of Digital Technology,” Australian
Curriculum Review Consultation, 2016.

“National Curriculum Standard,” Ministry of Education of
The People’s Republic of China, 2017.

“National Curriculum Standard,” Ministry of Education of
The People’s Republic of China, 2020.

Requests module of Python http://docs.python-requests.org
The International Olympiad in Informatics
https://ioinformatics.org/

Webb, Norman L. “Depth-of-knowledge levels for four
content areas.” Language Arts 28. March 2002.

Zijie Zheng, Siyao Han, Weiqi Zhang, Xingming Wang,
and Chao Gong,”Why and How to Teach Machine
Learning in High School –A Practice in Bejing National
Day School in China”, ACM TURC '23: Proceedings of
the ACM Turing Award Celebration Conference - China
2023 July 2023 Pages 89–91.

17

http://m.haiwainet.cn/middle/3543599/2019/0524/content_31562878_1.html
http://m.haiwainet.cn/middle/3543599/2019/0524/content_31562878_1.html
https://www.bilibili.com/video/BV12R4y1F7UQ?share_source=copy_web&vd_source=ca9ee67f2189c612bd2ca8755b7037a3
https://www.bilibili.com/video/BV12R4y1F7UQ?share_source=copy_web&vd_source=ca9ee67f2189c612bd2ca8755b7037a3
https://onlinejudge.bnds.cn
https://www.noi.cn/gynoi/jj
http://docs.python-requests.org
https://ioinformatics.org/


Block-based versus Text-based Programming: A Comparison of Learners’
Programming Behaviors, and Computational Thinking Skills toward

Programming

Zhanyan QI1, Yutong FU2, Yicheng QIAN3, Liwen SHI4, Dan SUN5 and Cheekit LOOI6
1,2,3Jing Hengyi School of Education,Hangzhou Normal University,China

2023211003003@stu.hznu.edu.cn, 2023211003039@hznu.edu.cn, 2023211003014@hznu.edu.cn

ABSTRACT
In an era where computational literacy is paramount, many
global schools are stressing the importance of K-12
programming education. This field is predominantly
composed of two separate modalities – block-based
programming modality and text-based programming
modality. Previous research may not have provided a
complete understanding of the differences between these
two modalities as it did not take into account both the
learning process and learning outcomes. This study aimed
to compare secondary students’ programming behaviors
and computational thinking skills between two modalities
through a quasi-experimental design in a Chinese
secondary school. The findings showed that (1) learners in
TPM encountered more syntactical errors and spent more
time between two clicks of debugging, while learners in
BPM had more code-changing behaviors by adjusting
programming blocks, made more attempts of debugging,
and had more irrelevant behaviors; (2) learners in BPM
achieved a higher level of computational thinking skills; (3)
Code Changer, Minimal Debugger, Maximal Debugger,
Distracted Coder and Average Coder were identified
through students’ programming behavior in two
programming modalities, and differences in their CT skills
and attitudinal data were revealed. Lastly, pedagogical
implications based on the findings are also discussed.

KEYWORDS
Computational thinking, Text-based and block-based
programming modality, Programming behaviors

1. INTRODUCTION
Computational thinking (CT) is a vital 21st-century
competency, integral to K-12 student education (Wing,
2014). Nations like China, the US, and the UK have
integrated computer programming into their K-12 curricula,
primarily employing two core methodologies: block-based
programming modality (BPM) and text-based
programming modality (TPM) (Jocius et al., 2021). BPM
utilizes visual aids, making it more approachable to
beginners, whereas TPM involves traditional coding in
text-based programming languages, equipping learners for
professional programming tasks (Weintrop & Wilensky,
2019).

Although past studies have evaluated differences between
TPM and BPM regarding student learning and the
necessary skillset for each modality, there is a lack of
research examining how the learning process influences
performance within the context of TPM and BPM
(Weintrop & Wilensky, 2017). This gap underscores the
need for an in-depth assessment of the divergence between

TPM and BPM, considering both the learning process and
the outcome. Given the prominence of CT and
programming in K-12 curricula, it's essential to
comprehend each modality's respective characteristic and
how they can efficiently bolster student learning (Grover,
2021).

Our research aimed to bridge this gap by contrasting the
effectiveness of TPM and BPM in a Chinese secondary
school through a quasi-experimental design. We
scrutinized students' programming behaviors and CT skills
across both modalities to evaluate which encourages
programming practice. The insights garnered from our
study can guide educators in creating more effective
instructional methodologies to foster students'
programming skills and CT development.

2. LITERATURE REVIEW
2.1. Block-based and Text-based Programming
Modalities
Turing Award recipient Dijkstra once underscored the
profound impact our tools have in shaping our cognitive
capacities. This principle resonates with the significant role
that programming styles play in altering students' thought
processes, a crucial consideration for educators in computer
programming. Block-based and Text-based programming,
BPM and TPM respectively, are extensively utilized i K-12
education. BPM, designed with a unique "programming-
primitive-as-puzzle-piece metaphor," visually represents
codes to simplify usage and prevent syntax mistakes,
making computer science more approachable for novice
learners (Bau et al., 2017). Multiple BPM platforms like
Scratch, Blockly, and Alice are built to reduce the learning
curve by addressing syntax complexities (Grover, 2021).
Given these advantages, BPM is a preferred choice in
introductory computer science curriculums nationwide.

Compared to BPM, learners perceive TPM as more
authentic and empowering in their programming journey. It
offers advanced learning opportunities and participation in
professional work that can't be fulfilled by BPM alone.
Nevertheless, as students progress, they often grapple with
syntax errors and frustration, leading to higher dropouts in
TPM courses. Hence, various teaching strategies are
deployed to alleviate these difficulties, to support text-
based programming, and to boost students' interest and
motivation towards TPM (Sun et al., 2021).

2.2. Computational Thinking and Programming
CT encompasses analytical thinking common to areas such
as mathematics and engineering and can be fostered
through diverse means such as computer science games,
language learning techniques, and STEM activities (ISTE,
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2015; Wing, 2014). Programming, among other strategies,
is known to effectively improve learners' CT skills. The
concept of CT has been divided into domain-specific and
domain-general definitions. The former relates to
knowledge and skills for solving specialized problems in
computer science or programming; tools like Dr. Scratch or
the Bebras test are used for evaluation. The latter views CT
as competencies for solving everyday life problems across
all learning domains, constituting creative, algorithmic,
critical thinking, problem-solving, and collaboration skills
(Tsai et al., 2021). Higher-level metacognitive skills
regulate CT, and it's seen as algorithmic problem-solving
while promoting team communication and collaboration.
Its main elements include algorithmic thinking, problem-
solving, creativity, critical thinking, and cooperativity. A
CT scale was developed to measure students' proficiency in
these elements (Román-González et al., 2017). Previous
studies regarding programming's effectiveness typically
assessed learners' knowledge mastery, with fewer focusing
on higher-order thinking. Preliminary programming
teaching often starts with console-based languages for
learners to comprehend basic concepts without the added
complexity of a visual interface.

Consequently, the understanding of differences between
BPM and TPM is a research interest, particularly in
benefiting secondary students' programming learning and
fostering interest in computer science. This research will
gather multi-modal data to analyze students' programming
behaviors and CT skills across these modalities.

3. METHODOLOGY
3.1. Research Purpose and Questions
This study aimed to understand how TPM and BPM impact
learners' CT skills. Carried out in a secondary school, it
employed a quasi-experimental design and collected data
encompassing learning logs and CT skills test. Analytical
methods such as statistical and cluster analysis were used
to compare behaviors and proficiencies in TPM and BPM.
The results will inform future pedagogical strategies and
research in computer programming. The specific research
questions are: RQ1: What were the differences in learners’
behaviors in learning via TPM versus BPM? RO2: What
were the differences in learners’ CT skills in learning via
TPM versus BPM?

3.2. Educational Context
The research was conducted in a compulsory course titled
“Information Technology,” which was carried out in a
Chinese secondary school during the autumn of 2020. A
quasi-experimental design was utilized to investigate the
differences in learners’ programming behaviors and CT
skills toward programming in TPM and BPM. There were
32 learners in the TPM class and 32 learners in the BPM
class. Students were around 13, and most of them did not
have programming experience in formal education. Classes
were taught by the same instructor, who maintained a
similar teaching style under two modalities, offered the
same instructional materials to learners, and used the same
teaching guidance for each class, except the materials were
presented via TPM or BPM.

The course encompassed three phases and six instructional
sessions, each taking 45 minutes. Phase I introduced
programming basics and either TPM or BPM. Phase II
involved practice in programming with sequential,
selective, looping, and function structures in the designated
programming modality. Phase III was a series of projects
that tested knowledge from Phase II. Concepts, algorithms,
and coding were taught contextually in the TPM or BPM
class. The platform used was Code4all (see Fig. 1), a Pencil
Code-developed environment that supports both TPM and
BPM. However, unlike Pencil Code, Code4all restricts
users to either a block-based or text-based interface,
without switching between them. Thus, BPM class learners
used a drag-and-drop mechanism, while the TPM class
typed commands one character at a time. The platforms
were identical apart from their modality, including
language, visual execution environment, and environmental
scaffolds. The underlying language was CoffeeScript,
known for its syntactically light nature and active user base
(Weintrop & Wilensky, 2019).

Figure 1. The Code4all programming platform and two
programming interfaces used in this study.

3.3. Date Collection
To capture learners' programming learning performance,
we collected multi-modal data, including platform logs,
students' CT skills, and attitudinal data. Secondly, we
collected data about learners’ CT skills before and after the
intervention, and learners in TPM and BPM took the same
test. The test instrument for CT skills was adapted from the
CT scale (CTS) developed by Korkmaz et al. (2017). This
5-point Likert scale contains five factors (creativity,
algorithm thinking, cooperativity, critical thinking and
problem solving) and 22 test items. Notably, the CTS was
validated and applied among Chinese K-12 learners by Bai
& Gu (2020).

3.4. Date Analysis
We used multiple analytical approaches, such as statistical
and clustering analysis, to examine the impact of learners'
programming learning quality between TPM and BPM.
Firstly, according to extracted variables and previous
studies (Pereira et al., 2020), this study identified five
programming behaviors: Average number of code-changes
(AnC), Number of Irrelevant behaviors (NoIB), Number of
debugs (NoD), Average time between two debugs (AtD),
and Number of errors (NoE). It should be noted that,
despite the learner’s coding in different programming
modalities, the codes recorded by the Code4all platform
were in a text-based format. Descriptive statistics were
used to provide an overall view of distribution of
programming behaviors between TPM and BPM. To
uncover hidden patterns in the complex dataset, we used
clustering algorithms. Noting the heterogeneity in learners'
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behaviors, we utilized their logs to cluster them and
analyze their programming behaviors within each cluster.
We employed the popular k-means algorithm which
involves selecting the optimal number of clusters, variable
selection, data standardization, and initial cluster center
selection. Repeat iterations of assigning points to the
closest center and recalculating the centers ensued until
convergence was reached. The cluster characteristics were
evaluated and interpreted per the research question and
hypotheses, using the mean silhouette coefficient to
determine the ideal number of clusters. RapidMiner and
Python were used for this clustering analysis (Rousseeuw,
1987).

Secondly, we conducted a T-test to examine the difference
in CT skills between the TPM and BPM groups.
Furthermore, we utilized Analysis of Variance (ANOVA)
to explore the difference in learners' CT skills among
different clusters.

4. RESULTS
4.1. Learners’ Programming Behaviors in Two
Modalities
The results in Table 1 showed that some obvious
differences in learners’ programming behaviors between
the two modalities. In particular, learners in TPM
encountered more errors (NoE: M = 8.81, SD = 20.17) than
those in BPM (NoE: M = 4.97, SD = 5.31). Learners’
average time spent between two clicks of debug button in
TPM (AtD: M = 84.74, SD = 83.35) was almost twice as
long as that in BPM (AtD: M = 46.97, SD = 32.19). In
addition, learners’ average amount of code changing in
BPM (AnC: M= 25.80, SD = 15.93) was slightly higher
than that in TPM (AnC: M= 24.81, SD = 39.33). The
number of clicks on debug button made by learners in BPM
(NoD: M = 37.73, SD = 20.25) was higher than that in
TPM (NoD: M = 32.03, SD = 43.06). Learners in BPM
(NoIB: M = 35.20, SD = 24.06) had more irrelevant
behaviors than those in TPM (NoIB: M = 25.53, SD =
17.26).

Table 1.Mean and standard deviation of the programming
behaviors for TPM and BPM

M N AnC NoIB NoD AtD NoE

TPM 32 24.81
(39.33)

25.53
(17.26)

32.03
(43.06)

84.74
(83.35)

8.81
(20.17)

BPM 32 25.80
(15.93)

35.20
(24.06)

37.73
(20.25)

46.97
(32.19)

4.97
(5.31)

To further explore the differences in programming
behaviors between the two modalities, learners’
programming behaviors were modeled by using the
features presented in Table 2. Previous studies found that it
was possible to draw patterns using fine-grained data from
one programming course (Estey & Coady, 2016). We
inspected the k-means clusters, and the convergence of k-
means was achieved in the 10th iteration with k = 5 as the
best value with the highest value of mean silhouette
coefficient (0.57). 23.44% of the learners were assigned to
Cluster 1, 20.31% to Cluster 2, 3.12% to Cluster 3, 6.25%
to Cluster 4 and 46.88% to Cluster 5. Fig. 4 depicts the
programming profile of learners for each cluster in two
modalities.

Comparing the features among five clusters, Cluster 1 was
identified as the Code Changer, they had the second highest
frequency of code changing (AnC: M = 44.53, SD = 10.69)
and the number of clicks on debugs (NoD: M = 60.73, SD
= 11.28), the second lowest number of irrelevant behaviors
(NoIB: M = 23.73, SD = 12.09), and the moderate
frequency of the number of errors (NoE: M = 10.67, SD =
7.89) amongst the five clusters. Based on the clustering
analysis, we found that five students from TPM and ten
students from BPM were assigned to this cluster. Cluster 2
was identified as the Minimal Debugger where students
had the longest time interval between two clicks of debug
(AtD: M = 174.43, SD = 72.95), and the lowest frequency
of code changing (AnC: M = 4.00, SD = 2.45), number of
clicks on debugs (NoD: M = 7.69, SD = 3.73), and the
number of errors (NoE: M = 0.38, SD = 0.62). According
to the cluster analysis results, it was determined that this
particular cluster comprised ten students from TPM and
three students from BPM. Two learners from TPM were
clustered into Cluster 3 which was identified as the
Maximal Debugger. Here, they had the highest frequency
in code changing (AnC: M =162.00, SD = 35.00) and the
numbers of debugs (NoD: M =179.50, SD = 40.50), and
they encountered the highest number of errors (NoE: M
=82.00, SD = 14.00), and had the lowest frequency in
irrelevant behaviors (NoIB: M =14.78, SD = 10.78) among
five clusters. Cluster 4, which was identified as the
Distracted Coder, had the highest frequency of irrelevant
behaviors (NoIB: M = 84.25, SD = 11.09), the second
lowest frequency of the number of debugs (NoD: M =
10.00, SD = 11.47), and the moderate behavior of the
number of errors (NoE: M = 11.75, SD = 3.47). This
cluster consisted of two students from TPM and two
students from BPM. Cluster 5, which was identified as the
Average Coder, had the average frequency of code
changing, number of debugs, number of errors, irrelevant
behaviors, and the time interval between two clicks of
debugs among the five clusters.

4.2. Learners’ CT Skills in Two Modalities
As to RQ 2, regarding learners’ CT skills, there was no
significant difference (creativity: p = 0.286; algorithm
thinking: p = 0.185; cooperativity: p = 0.217; critical
thinking: p = 0.067; problem solving: p = 0.095; overall CT
skill: p = 0.941) before the intervention. The results
revealed that, after the intervention, statistically significant
differences were identified for algorithm thinking (t = 3.23,
p = 0.002), cooperativity (t = -2.11, p = 0.038), problem
solving (t = -2.72, p = 0.008) and overall CT skills (t = -
2.58, p = 0.012). In terms of algorithm thinking,
cooperativity, problem solving and overall CT skills,
learners in the BPM group outperformed those in the TPM
group (Table 2).

Table 2. Statistical summary of learners’ CT skills in the
two modalities

CT Group M SD t p

Creativity
TPM 3.83 0.83 -1.65 0.103

BPM 4.16 0.60

Algorithm TPM 3.57 0.87 -3.23** 0.002
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thinking BPM 4.24 0.66

Cooperativity
TPM 3.85 1.07 -2.11* 0.038

BPM 4.35 0.68

Critical
thinking

TPM 3.78 0.94 -1.05 0.296

BPM 4.00 0.66

Problem
solving

TPM 3.94 0.67 -2.72** 0.008

BPM 4.39 0.63

Overall
TPM 3.79 0.75 -2.58* 0.012

BPM 4.23 0.53

Note. *p < .05; **p < .01.

5. DISCUSSION
5.1. Addressing Research Questions
With the more pervasive development of computer
programming education, there is increasing research on
how learning occurs under the two typical programming
modalities (BPM and TPM). This study collected multi-
modal data to analyze students’ programming behaviors
and CT skills in two programming modalities. Learners’
CT skills under two modalities were compared through pre-
/post-test.

For research question 1, this research revealed that learners
in TPM tended to spend more time between two clicks of
debug button and encountered more syntactical errors.
Students in BPM spent more time on code changing
(operating blocks and adjusting parameters), made more
attempts at debugging, and had more irrelevant behaviors.
The research revealed five clusters based on students’
programming behaviors, including Code Changer (C1),
Minimal Debugger (C2), Maximal Debugger (C3),
Distracted Coder (C4), and Average Coder (C5).

Post-test comparison of students' CT skills in BPM and
TPM showed BPM learners excelling in algorithmic
thinking, cooperation, and overall CT abilities. The block-
based format of BPM provides an intuitive, concrete
coding experience, aiding the comprehension of basic
programming concepts and the development of algorithmic
thinking. BPM's iterative development system allows
learners to see immediate results and provides
collaboration tools enhancing CT essentials, like
communication, cooperation, and social skills (Grover,
2021).

Additionally, in TPM, frequent coding and debugging is
associated with higher problem-solving performance, likely
due to the expressive nature of languages like Python and
their flexibility in designing tailored solutions (Kölling et
al., 2015). Conversely, block-based programming
languages, such as Scratch or Blockly, rely on pre-built
code blocks and may limit the complexity and abstraction
that can be achieved (Weintrop & Wilensky, 2019). Active
coding and debugging is crucial for developing
programming concepts and problem-solving skills, students
can develop a deeper understanding of programming
concepts and become more proficient at identifying and
resolving problems.

6. CONCLUSION AND FUTURE
DIRECTIONS
Recognizing specific differences in programming
modalities is key to advancing computer programming
education and supporting computational literacy. This
quasi-experimental study at a secondary school compared
BPM and TPM, looking at learners' behavior and CT skills,
yielding variation between the methods. Nonetheless, this
research has three limitations. First, the study's context and
potential unrepresentativeness of the sample necessitate
careful interpretation and replication with larger, diverse
samples. Second, relying on survey and behavioral data,
future studies may benefit from performance-based tests or
observations for deeper insight into CT skills. They could
also utilize mixed methods, including qualitative interviews
to uncover learners’ experiences and BMP and TPM's
synergistic potential. Third, aligning with multimodal
learning analytics trends, our data, from log files and
surveys, could be supplemented in future research with
various data sources to delve into learners’ behavior,
cognition, metacognition, and social activities during
programming learning.

In essence, instilling CT in young learners to prepare them
for future schooling and careers is critical. This study,
exploring differences in block-based versus text-based
programming learning, provides valuable insights for
effective K-12 programming education and relevant CT
skill development.
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ABSTRACT
With the rapid development of information technology,
computational thinking has become one of the core
abilities necessary for talents in the 21st century. With
the promulgation of the Information Technology
Curriculum Standards for ordinary High Schools (2017
edition) and the Information Technology Curriculum
Standards for Compulsory Education (2022 edition),
computational thinking has attracted more and more
attention in school education. Based on the analysis of
curriculum standards, this paper studies the current
situation of computational thinking of junior middle school
students in China through the evaluation tool of IT
curriculum standards developed by a research team. It is
found that there are significant differences in the level of
computational thinking in different grades of junior high
school students, with higher level of computational
thinking modeling and lower level of automation and
systematization. On the basis of this, this paper puts
forward some training suggestions in order to provide
reference for the development of computational thinking
education for junior middle school students in our country.

KEYWORDS
Curriculum standards; Computational thinking; Middle
school students; Development status

1. INTRODUCTION
As a new way of thinking, the importance of computational
thinking is increasingly recognized. Computational
thinking was first proposed in 1996 by Professor Seymour
Paper of MIT, What is more recognized is that Professor
Jeannette M.Wing of Carnegie Mellon University in the
United States published a study on Computational thinking
in Communications of the ACM magazine in 2006
Definition of Thinking: Computational thinking is a series
of thinking activities covering the breadth of computer
science, such as problem solving, system design, and
human behavior understanding using the basic concepts of
computer science . (WING JM, 2006)

In our country, with the development of science and
technology and the reform of education, computational
thinking has become the important content of middle
school education. Information Technology Curriculum
Standards for Senior High Schools (2017 edition) clearly
points out that information awareness, computational
thinking, digital learning and innovation, and information
social responsibility are the four core qualities of

information technology curriculum, highlighting the
importance of computational thinking. (Cao Xiaoming &
Anna, 2018) Computational thinking has become an
essential skill for individuals to succeed in a complex
technological culture. (Fu Qian, Xie Bochao & Zheng
Yafeng, 2019) With the promulgation of the"Compulsory
Education Information Technology Curriculum Standards
(2022 edition)", computational thinking is sinking from the
high school stage to the primary and secondary school
stage. It clearly distinguishes the different requirements for
the development of computational thinking of students in
high school and compulsory education, and does not
require them to learn and use programming language in
middle and high school, while "mastering the basic
knowledge of algorithm and programming" is included in
the course content (goal).

On the contrary, in the continuous process of the gradual
development of computational thinking, the
problem-solving exercises completed by students in junior
high school are indispensable accumulation to support the
development of computational thinking to a higher level,
and directly support the learning of program design and
algorithms in senior high school. Therefore, the
investigation of the development status of junior high
school students' computational thinking will help us to
have a clearer understanding of current students'
computational thinking ability, and find problems from it,
so as to make adjustments to the further training of
students' computational thinking and achieve the best
results. Therefore, this paper investigates the current
situation of the development of junior high school students'
computational thinking, aiming to find out the existing
problems in the development of junior high school
students' computational thinking, and provide reference for
the research on the cultivation of junior high school
students' computational thinking ability.

2. RESEARCH BASIS
2.1. The Concept of Computational Thinking
Since ancient times,computational thinking has been a
necessary quality of thinking for the development of social
production. (Xie Yueguang, Yang Xin & Fu Haidong,
2017) But the concept of computational thinking is
understood differently by different people.As shown in
Table 1, it is part of the definition of computational
thinking organized by the author.

Table 1. A Description of the Definition of Computational
Thinking.
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Based on the above views, this study adopts the description
of computational thinking in Ren Youqun and curriculum
standards, and defines computational thinking as a series of
thinking activities that abstract, decompose, model and
design algorithms to solve problems in the process of
problem solving, so as to help people better understand and
analyze complex problems and form solutions.

2.2. The Literature Development Trend of Computational
Thinking Research.
In this paper, the literature of CNKI is used as the source
of literature search, with "computational thinking" as the
keyword, the search was limited to core journals and the
past ten years, and a total of 266 literature records were
retrieved so far. In terms of the overall number, there is
still a lack of research on computational thinking. Figure 1

shows the quantitative development trend of computational
thinking research literature since 2014.

Figure 1. Computational Thinking Literature Publication
Trend Chart.

As can be seen from Figure 1, the annual trend of literature
publication shows an overall upward trend, indicating that
computational thinking research has received more and
more attention and attention at present, and this upward
trend will continue in the future.

3. RESEARCHMETHODS AND TOOLS
3.1. Research Methods
Questionnaire survey method, also known as questionnaire
method, is a survey method in which the investigator uses
a unified designed questionnaire to learn about the
situation or solicit opinions from the selected survey
objects. Questionnaire survey is a kind of research method
to collect information by asking questions in writing. In
this study, a computational thinking assessment tool for
middle school students based on curriculum standards
developed by the research team was adopted. The
questionnaire contains a total of 15 questions, which are
divided into five dimensions of modularization,
formalization, modeling, automation and systematization
according to the curriculum standard. There are 3
questions under each level of index, among which the
questions are designed as easy and difficult according to
the difficulty level of 25%, 50% and 75% of junior high
school students' ability. Four scores were assigned from
high to low to reflect students' level of computational
thinking after statistical analysis.

3.2. Trial Test
The research team tested the evaluation tool in one grade
7 and one grade 8 (a total of 75 students) of a middle
school. The evaluation tool of the test consisted of 15
questions, which were set to be submitted within 35
minutes, and 64 questionnaires were finally collected.
The test results show that most of the students completed
and submitted the test questions within the prescribed
time, indicating that the set of questions is more
scientific.

3.2.1. Reliability Analysis
The reliability of assessment tools is analyzed to verify the
reliability and stability of test results. Klonbach α value is
used to verify the reliability. Its specific value range and
corresponding evaluation results are shown in Table 2
below.

Table 2. Klonbach α Value Range.
Value Range Evaluation Result
above 0.9 The reliability is excellent

between 0.8 and 0.9 Good reliability, no need to
delete any questions

Source Definition
Jeannette
M.Wing,
Carnegie
Mellon
University,USA
(2006)

Computational thinking is a series of
thinking activities covering the breadth
of computer science, such as problem
solving,system design, and human
behavior understanding using the basic
concepts of computer science. (WING
JM, 2006)

International
Association
for Educational
Technology(IS
TE)and
Computer
Science
Teachers
Association(CS
TE) (2011)

Computational thinking is a problem
solving process, involving the
elaboration of problems, the
organization, analysis and presentation
of data, the formulation, identification,
analysis and implementation of
solutions, and the migration of
problem solving processes. (Cao
Xiaoming & Anna, 2018)

Ren Youqun
ect.(2016)

Computational thinking is a unique
problem-solving process that can help
people better understand and analyze
complex problems, so as to form
problem solutions with formal,
modular, automated, systematic and
other computational characteristics.
(Ren Youqun, Sui Fengwei & Li Feng,
2016)

Information
Technology
Curriculum
Standards
for Senior
High Schools
(2017)

Computational thinking refers to a
series of thinking activities generated
by an individual in the process of
forming a solution to a problem by
applying the thought methods in the
field of computer science. (Ministry of
Education of the People's Republic of
China , 2018)

Curriculum
Standards
for Information
Technology in
Compulsory
Education
(2022)

Computational thinking refers to
thinking activities such as abstraction,
decomposition, modeling and
algorithm design involved in the
process of problem solving by
individuals using thought methods in
the field of computer science. (Ministry
of Education of the People's Republic of
China, 2022)
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between 0.7 and 0.8 Acceptable
below 0.7 Unacceptable

As shown in Table 3, the α value of the computational
thinking evaluation tool in this study is 0.815, indicating
that the reliability of the test paper is good.

Table 3. Reliability Analysis.

3.2.2 Validity Analysis
Structural validity is a reflection of whether the experiment
can really measure the constructed theory. In this study,it is
used to explain whether the setting of each item is
reasonable, and the test questions are tested through
confirmatory factor analysis. As shown in Table 4, the
KMO value is 0.627, exceeding 0.5, and the significance is
less than 0.05, indicating that the data is suitable for factor
analysis.

Table 4. Validity Analysis.
KMO 0.627

Bartlett Test of
Sphericity

Approximate
Chi-square 209.716

df 105
P .000

4. ANALYSIS OF THE DEVELOPMENT
STATUS OF JUNIOR HIGH SCHOOL
STUDENTS' COMPUTATIONAL
THINKING
4.1. Basic information of survey objects
This study focused on sending questionnaires to grade 7
and grade 8 students in three regions. Among them, there
were 152 in grade 7, accounting for 49.5%, and 155 in
grade 8, accounting for 50.5%; There were 147 boys,
accounting for 47.9%, and 160 girls, accounting for 52. 1%;
There were 194 people in area A, accounting for 63.2%,
100 people in area B,accounting for 32.6%, 5 people in
area C, accounting for 1.6%, and 8 people in other areas,
accounting for 2.6%.

4.2. Correlation analysis
The correlation analysis of the five index dimensions of the
evaluation tool of computational thinking is carried out,
and the results are shown in Table 5.

Table 5. Correlation Analysis between the Dimensions of
Computational Thinking of Junior High School Students.
Dimension 1 2 3 4 5
Modularization

Formalization .238*
*

Modeling .343*
*

.316*
*

Automation .113* .187*
*

.151*
*

Systematization .181*
*

.296*
*

.309*
*

.248*
*

Note: **p<0.01; 1:modularization; 2:formalization;

Dimension 1 2 3 4 5
3:modeling; 4: automation; 5:systematization.
As can be seen from Table 5, there is a positive correlation
between the five dimensions.In computational thinking,
modularization allows the overall problem to be broken
down into smaller, more manageable parts, while
formalization allows these parts to be more normalized and
precise, leading to better understanding and solving of the
problem. Modeling makes problems simpler and clearer,
thus providing the basis for automation, which in turn
makes the modeled solution more efficient and reliable,
thus improving the efficiency and quality of problem
solving. Systematization is interrelated with other
dimensions, modularization, formalization, modeling, and
automation are all in order to better achieve the goal of
systematization, that is, to understand and solve problem
from a holistic perspective. Therefore, in the teaching
process, teachers should pay attention to the connection
and integration between these dimensions, so as to better
cultivate students' computational thinking ability and
creativity.

4.3. Difference analysis

4.3.1. Gender difference analysis
The author conducted an independent sample T test on the
gender of the research object. As shown in the Table 6, In
the Levin variance equality test, P=0. 155 >0.05, indicating
that the score variance of students of different genders is
equal, and the significance P=0.299>0.05, indicating that
the score difference of students of different genders is not
statistically significant.

Table 6. Sex-independent Sample T Test.
Levin's
test for
variance
equality

Mean equivalence t test

F Si
g. t df

Si
g.
(2-
t)

Mean
Diffe
rence

Std.
Error
Diffe
rence

A
V
G

Equiva
riance
assum
ed

2.
02
8

0.
15
5

1.
04 305

0.
29
9

0.047
79

0.045
95

Equiva
riance
not

assum
ed

1.
03
5

292.
713

0.
30
2

0.047
79

0.046
18

4.3.2. Grade difference analysis
Independent sample T-test was conducted for grades. As
shown in the Table 7, P=0.003 in the Levin variance
equality test indicates that the score variance of students of
different genders is not equal, and the significance P
indicates that the score difference of students of different
grades has significant statistical significance.

Table 7. Grade Independent Sample T Test.
Levin's
test for Mean equivalence t test

Cronbach’s Alpha Item
0.815 15
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variance
equality

F Si
g. t df

Si
g.
(2
-t)

Mean
Diffe
rence

Std.
Error
Diffe
rence

A
V
E

Equiva
riance
assume

d

8.6
93

0.0
03

4.3
44 305 0 0.193

87
0.044
63

Equiva
riance
not

assume
d

4.3
54

291
.22 0 0.193

87
0.044
53

4.3.3. Regional difference analysis
The variance analysis of regions was performed, as shown
in the Table 8 and the significance was 0.417>0.05,
indicating that there was no significant difference in the
calculation thinking scores of students in different regions.

Table 8. Regional Variance Analysis.
SS df MS F Sig.

BG 1.154 7 0.165 1.019 0.417
WG 48.353 299 0.162
Total 49.507 306

4.3.4. Dimensional difference analysis
The differences of the five index dimensions of the
evaluation tool of computational thinking are analyzed, and
the results are shown in Table 9.

Table 9. Differential Analysis between the Dimensions of
Computational Thinking among Junior High School

Students.
Dimension Score F LSD

Modularization 3.21±0.62

24.728** 5，4＜2
＜1＜3

Formalization 3.19±0.60
Modeling 3.37±0.63
Automation 2.97±0.63

Systematization 2.92±0.72
Note:**p<0.01;1:modularization;2:formalization;3:modeli
ng;4:automation;5:systematization.
As can be seen from Table 9,the F value between the
groups is 24.728, and the significance is indicating that the
computational thinking level of junior high school students
has significant differences in different dimensions. The
LSD(minimum significant difference)method was used to
compare the difference between the mean values of
different dimensions of computational thinking of junior
high school students. It was found that the difference
between automation and systematization level of junior
high school students was not significant, but the level of
automation and systematization level of junior high school
students was significantly lower than that of the other three
dimensions, and the level of modeling was significantly
higher than that of other levels.

4.4. Conclusion

4.4.1. Junior high school students have significant
differences in the level of computational thinking in
different grades
Students in Grade one have a relatively weak foundation of
computational thinking. In problem solving, we begin to
try to break down complex problems into smaller, more
manageable parts, which is the first manifestation of
modularization in computational thinking. However,it is
still difficult to describe the problem by using normalized
language and symbols, and the formalization level needs to
be improved. The second grade students have more
knowledge accumulation and skills improvement in
computational thinking, and begin to try to use abstract
models to describe and solve problems, which shows that
their modeling ability has been enhanced. And with the
in-depth understanding of programming, the second grade
students began to realize the importance of automation,
and tried to use computers to achieve some automated
tasks.

4.4.2. Junior high school students have higher level of
computational thinking modeling
From the difference analysis,it can be seen that junior high
school students have a higher level of computational
thinking modeling. Junior high school students are in their
adolescence. At this stage,students have strong curiosity
and thirst for knowledge. They like to explore new things
and have a strong interest in computer programming and
other technologies. Secondly, the cognitive ability of
junior high school students is gradually mature, and they
can understand and master relatively complex logical
relations and abstract concepts. In the learning process of
computational thinking, they can better abstract problems
in real life into mathematical models for solving them.In
addition, more and more schools begin to pay attention to
the training of computational thinking, and set up
programming, robotics and other courses, which provide
students with practical operation opportunities, so that they
can continuously improve the level of modeling in
practice.

4.4.3. Junior high school students have low level of
automation and systematization of computational
thinking
From the difference analysis, it can be seen that junior high
school students have a low level of automation and
systematization of computational thinking. First of all,
junior high school students are at a critical stage of
thinking development, their logical thinking and abstract
thinking abilities are still under construction, and they may
not be able to fully understand and master complex
concepts and systems, which leads to certain difficulties in
the automation and systematization of computational
thinking. Secondly, in the current junior high school
education system, there are still some deficiencies in the
training of computational thinking. Although many schools
have begun to pay attention to the teaching of
computational thinking, on the whole, the relevant
curriculum and teaching resources are still limited, which
cannot meet the needs of students' all-round
development.In addition, because junior high school
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students are in adolescence, some students may have
problems such as inattention and weak self-management
ability, which also affects their learning of automation and
systematization of computational thinking.

5. TRAINING SUGGESTIONS ON
COMPUTING THINKING FOR JUNIOR
HIGH SCHOOL STUDENTS
5.1. Teaching by stages
In the face of the significant differences in the level of
computational thinking of junior high school students in
different grades, the method of phased teaching can be
adopted. First, differentiated teaching plans can be
formulated for students in different grades. For lower
school students, emphasis is placed on the development of
basic concepts and skills, while higher school students can
focus more on the development of complex problem
solving and systematic thinking. Secondly, the advanced
courses are designed in stages to ensure that students
gradually transition to the next stage of learning on the
basis of mastering the previous stage. This can not only
ensure the learning effect of students, but also avoid
affecting the enthusiasm of students because the difficulty
span is too large.

5.2. Enhance the automation and systematic training of
computational thinking
The level of automation and systematic thinking in the
computational thinking of junior high school students is
relatively low, so we should strengthen their training. First,
it is important to ensure that students have a solid basic
knowledge of mathematics, algorithms and data structures,
which is the foundation for developing the ability to
automate and systematize computational thinking.
Secondly, teach students some systematic thinking
methods, such as system analysis,design and evaluation, to
help them master the way of systematic thinking. Thirdly,
through the completion of some complex projects
involving system design and automation, students can
exercise computational thinking in practical operation
and improve their automation and systematization ability.
In addition, students can be encouraged to explore
automated and systematic applications of computational
thinking to improve their abilities through independent
learning and practice.

6. SUMMARY
With the promulgation of the Core Literacy of Chinese
Students' Development, computational thinking has
become one of the four core literacy of information
technology discipline. (Zhang Xiaoqing, Li Peng, Wen
Chang & Li Haixiao, 2019) Training computational
thinking is conducive to improving students' information
technology knowledge and skills, and cultivating students'
interdisciplinary comprehensive problem-solving ability.
(Chen Peng, Huang Ronghuai, Liang Yue & Zhang Jinbao,
2018) The promulgation of the "Compulsory Education
Information Technology Curriculum Standards (2022
edition)" will sink computational thinking from the high
school stage to the primary and secondary school stage.As
a transitional stage between primary school and high
school, junior high school plays a vital role in bridging the

development of computational thinking. Therefore,research
on the development status of junior high school students'
computational thinking is also extremely important.

In line with the development requirements of the
information age, this paper investigates and studies the
current situation of junior middle school students'
computational thinking ability through the evaluation tool
based on information technology curriculum standards
developed by the research team, and concludes that there
are significant differences in the level of computational
thinking of junior middle school students in different
grades. The present situation of high level of modeling and
low level of automation and systematization of
computational thinking in junior middle school students is
presented. In this paper,some suggestions on the training of
computational thinking in junior middle school students
are given in order to provide reference for the development
of computational thinking education in junior middle
school students in China. However, due to the small
number of respondents, the results of this survey are
lacking in universality and need to be further improved in
the future.
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Secondary Education Teachers' Self-Efficacy and TPACK Patterns Relating to
Computational Thinking: A Cluster Analysis

ABSTRACT
This research aimed to validate a computational thinking-
TPACK survey for secondary school teachers in the
compulsory education and identify profiles of teachers'
self-efficacy in teaching computational thinking (CT). A
questionnaire based on the TPACK framework was
administered to 234 teachers, and confirmatory factor
analysis and cluster analysis were performed. The results
showed that while teachers had sufficient pedagogical
knowledge (PK), there was room for improvement in the
CT content-related dimensions. STEM teachers rated
themselves higher in these dimensions compared to non-
STEM teachers. However, there were no significant
differences based on gender or teaching experience. Three
distinct profiles of teachers' CT-TPACK self-efficacy were
identified. This study highlights the importance of
professional development and support for teachers in
successfully integrating CT into education. Government
initiatives that recognize the significance of CT should
prioritize these areas to enhance teachers' confidence and
competence in teaching CT.

Keywords
computational thinking, self-efficacy, teacher profiles,
TPACK, secondary education

1. INTRODUCTION
The fusion of computer technology and programming has
significantly impacted society, becoming imperative for
academic and professional success in the 21st century
(Shute et al., 2017). This influence has given rise to the
recognition of computational thinking (CT) as a crucial
21st-century skill, integrated into national curricula
globally (Angeli et al., 2016). In alignment with this trend,
the Flemish government has made "computational thinking
and acting" a mandatory learning goal in secondary schools
since September 2019 (Gesquière, 2022). However,
challenges arise due to the lack of teacher expertise in
computer science and the interdisciplinary nature of CT
(Angeli & Giannakos, 2020; Güven & Gulbahar, 2020).

This study aims to understand teachers' self-perceived
ability to teach computational thinking and proposes a
methodology using two-step clustering analysis for a
nuanced examination of their self-efficacy beliefs. By
exploring teachers' attitudes and perceptions, the research
seeks to contribute insights for designing effective training
and preparation programs to integrate CT into education.

1.1. Computational Thinking
The integration of programming and CT in education has
historical roots, with CT defined by Wing (2006) as a
problem-solving approach drawing from computer science
concepts. While definitions vary, CT is recognized as a
distinct psychological construct, encompassing problem-
solving abilities applicable beyond computer programming
(Román-González et al., 2019). The study operationalizes
CT based on frameworks from CSTA, ISTE, and literature

synthesizing CT abilities (ISTE and CSTA, 2011; Oliveira
et al., 2019; Shute et al., 2017)

1.2. Teaching Computational Thinking
Teaching CT involves designing practices that develop CT
abilities in learners, impacting STEM fields and critical
thinking skills (Angeli et al., 2016). Various frameworks
guide CT integration, including those from NSF, ISTE,
CSTA, and the Partnership for 21st Century Skills (2011).
While research suggests positive impacts on students,
challenges persist, such as teachers' limited understanding
of CT and a lack of professional development opportunities
(Feng & Yang, 2022; Kong et al., 2023).

1.3. Teachers' Sense of Efficacy
Teacher self-efficacy, defined by Bandura (1997)
significantly influences student learning. High self-efficacy
correlates with innovative teaching practices, technology
use, and positive classroom environments. This study
explores teachers' self-efficacy through standardized scales
like TSES and TSECT, emphasizing the link between CT
and technological pedagogical content knowledge
(TPACK).

1.4. TPACK
The TPACK framework, developed by Mishra and Koehler
(2006), provides a lens for understanding the interplay of
technology, pedagogy, and content knowledge in teaching.
This study utilizes TPACK to explore teachers' self-
efficacy in integrating CT, recognizing the need for
comprehensive assessment in educational settings.

1.5. Purpose and Research Questions
Given the ongoing integration of CT into education, this
study aims to validate a CT-TPACK survey, identifying CT
teaching self-efficacy profiles. The research questions
focus on the measurement validity of TPACK self-report
items, differences in CT-TPACK variables based on
teachers' characteristics, and the identification of teacher
profiles regarding CT-TPACK.

2. METHOD
2.1. Participants
A total of 209 grade 8-9 secondary school teachers from
the Flemish education system participated, recruited
through convenience sampling. The sample included 44
male (21%) and 165 female (79%) teachers, reflecting the
gender distribution among teachers in Flemish secondary
education in grade 8-9.

2.2. Measures
The questionnaire, adapted from (Schmid et al., 2020),
measured teachers' self-efficacy in teaching computational
thinking. Items were translated into Dutch for the Flemish
context, ensuring content validity through expert reviews.
Participants rated items on a five-point Likert scale.
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2.3. Analyses
Confirmatory factor analysis (CFA) assessed the factor
structure's validity. Scale reliability was assessed using
Cronbach’s α. Pearson's correlation analysis examined
inter-correlations among factors and relationships with
demographic variables. Two-step cluster analysis identified
CT self-efficacy profiles. Silhouette measures determined
the optimal number of clusters.

2.3.1. Validation of the Instrument
CFA assessed the CT-TPACK scale's factor structure.
Scale reliability was evaluated using Cronbach’s α.
Analyses were conducted using R and packages such as
lavaan and psych.

2.3.2. Correlation Analysis
Pearson's correlation analysis explored relationships
between CT-TPACK factors and demographic variables.
Effect sizes were interpreted following J. Cohen's
conventions.

2.3.3. Identifying Profiles
Two-step cluster analysis was used to identify CT self-
efficacy profiles. The silhouette measure determined the
optimal number of clusters. IBM SPSS Statistics and R
were employed for the analyses.

3. RESULTS
3.1. Validation of the Instrument
Addressing the first research question, a reliability analysis
and confirmatory factor analysis (CFA) were conducted to
assess the fit of the data to the theoretical structure. The
seven-scale TPACK model showed an acceptable fit (CFI
= .95, RMSEA = .05). Internal consistency, measured by
Cronbach's alpha, was high across scales, (except for
Pedagogical Knowledge (PK), which just exceeded the
acceptable threshold.

3.2. Factor Loadings and Mean Scores
All factor loadings exceeded 0.4, indicating moderate to
strong relationships. Mean scores for the scales revealed
that teachers rated their Pedagogical Knowledge highest,
followed by Technological Knowledge (TK),
Technological Pedagogical Knowledge (TPK),
Computational Knowledge (CK), Pedagogical
Computational Knowledge (PCK), Technological
Computational Knowledge (TCK), and Technological
Pedagogical Computational Knowledge (TPCK). The
variation in Pedagogical Knowledge ratings was lower than
other knowledge types.

3.3. Correlation Analysis
Pearson's correlation analysis demonstrated significant
intercorrelations among CT-TPACK subscales. Notably,
strong correlations were observed between PCK and TPCK,
as well as TPK and TPCK. Teacher experience and gender
showed marginal or insignificant correlations with
subscales. However, a modest correlation was found
between teaching STEM subjects and self-efficacy in CK (r
= .35) and TCK (r = -.35).

Figure 1. CT-TPACK scale variables by subject

3.4. 3dentifying Profiles
A three-cluster solution was optimal, explaining variance in
knowledge types. Cluster characteristics and a graphic
representation were generated. STEM teachers were more
prevalent in Cluster 3, while non-STEM teachers were
distributed across clusters. Predictor importance indicated
TCK, PCK, TPCK, and CK as crucial for cluster
membership.

Table 1. Comparison of motivation profiles

3.5. Cluster Characteristics:
Cluster 1 (25%): Low knowledge levels, particularly in
PCK and TCK, indicating the lowest TPCK. Cluster 2
(32%): Mediocre knowledge levels across all scales, with
slightly higher TPK and neutral levels in other areas.
Cluster 3 (43%): High knowledge levels across all scales,
with significantly higher TPCK than Clusters 1 and 2.

These results provide a nuanced understanding of CT
teaching self-efficacy profiles among secondary school
teachers, highlighting variations in knowledge types and
their distribution across clusters.

Figure 2. CT-TPACK scale variables by cluster
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4. DISCUSSION & CONCLUSION
This study aimed to validate a CT-TPACK survey for
Flemish secondary school teachers and explore their self-
efficacy in teaching computational thinking (CT) using the
seven TPACK knowledge dimensions. The research
questions led to valuable insights that contribute to the
broader understanding of CT integration in education.

4.1. Research Question 1: TPACK Self-Report Items
Validation
The questionnaire demonstrated satisfactory fit indices,
validating its reliability. Intercorrelations between
subscales aligned with previous studies, reinforcing the
robustness and generalizability of the results. Notably, the
moderate correlation between Technological Knowledge
(TK) and Content Knowledge (CK) suggests an interesting
connection, likely rooted in the overlap between
Technological Innovation and Computational Thinking.

Varying knowledge levels among teachers, especially in
TK and CK, highlight the need for targeted professional
development. The overall neutral stance of teachers across
domains indicates a call for additional support to facilitate
successful CT integration in the Flemish education system.

4.2. Research Question 2: Differences in TPACK
Variables
Teaching experience exhibited minimal influence on
TPACK self-assessment, emphasizing consistency
regardless of experience. However, subject background,
particularly STEM vs. non-STEM, revealed noteworthy
differences, with STEM teachers reporting higher self-
efficacy in CK and TCK. This underscores the role of
content specialization in shaping teachers' perceptions of
their CT-related knowledge.

These findings offer crucial implications for professional
development, urging targeted support for non-STEM
teachers in CK and TCK to bridge knowledge gaps
effectively.

4.3. Research Question 3: Teacher Profiles
Three distinct clusters of teacher profiles emerged,
revealing variations in self-efficacy across TPACK
dimensions. Cluster 1, representing 25% of teachers,
exhibited the least favorable profile, indicating lower
confidence in CT integration. Cluster 2 displayed a
moderate profile, while Cluster 3, comprising 43% of
teachers, showcased the most favorable profile with high
self-efficacy across TPACK dimensions.

STEM teachers predominated in the favorable Cluster 3,
aligning with their generally higher self-efficacy. This
further emphasizes the importance of subject specialization
and content expertise in CT integration.

4.4. Conclusion
In conclusion, this study addressed the challenges of CT
integration in compulsory education by validating a CT-
TPACK survey and examining teachers' self-efficacy. The
findings underscore the importance of targeted professional
development initiatives to enhance teachers' knowledge and
skills, particularly in content-related dimensions. As

governments worldwide recognize the significance of CT,
efforts should focus on empowering teachers through
ongoing training, fostering effective CT integration, and
nurturing critical thinking and problem-solving skills
among students.

Building on this study’s contributions, there's a compelling
need to translate its findings into actionable strategies for
teaching practice. Educators and policymakers can use this
research as a blueprint for developing targeted professional
development that addresses specific gaps in teachers' CT
knowledge and self-efficacy. Future investigations could
employ a longitudinal approach with a more varied
participant pool to gain richer insights into the evolution of
teacher profiles and the tangible effects of professional
development on CT pedagogy. By doing so, they can create
a more conducive environment for CT integration across
educational settings.
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ABSTRACT
Students often encounter challenges in grasping basic
concepts and principles of programming. These are partly
due to difficulties in understanding basic concepts, partly
difficulties when modelling class diagrams, and partly, the
lack of individualized guidance. OOP is chosen for this
project, as it enables study of computational thinking’s (CT)
decomposition, algorithmic logic, pattern recognition and
abstraction in diverse similar yet adapted/differentiated
scenarios. A chatbot application is proposed in contrast to
intelligent tutoring systems (ITS), as ITS requires rigorous
modelling and testing. The chatbot can capitalize on CT, to
serve as a modular/agile teaching assistant, to assist novice
students to reinforce and debug their own understanding,
for more meaningful engagement and knowledge retention.
The chatbot also provides students with comprehensive
OOP and class diagram learning materials, e.g. recap
questions, exercises, quizzes, gamified challenges and
basic personalized guidance and support, to enhance
engagement and motivation in learning OOP and class
diagram concepts. A reward system is also implemented to
encourage students to take on challenges, earn points and
redeem rewards. Alpha-beta user testing are carried out to
assess user experience and learner satisfaction. Findings are
promising. Sample size however, is small. Furthermore,
our weak AI personalized chatbot still needs refinement
and enhancement.

KEYWORDS
Efficacy, Design, CT, OOP, Chatbot, Concepts, Modelling,
Class Diagrams, Personalized Guidance, Debug,
Gamification, Chunking/granularity

1.INTRODUCTION
Mastering OOP requires substantial time and effort to
master. This struggle is evident through the prevalence of
four common mistakes made by students, when modelling
class diagrams. These four common mistakes, include
syntactic errors, class-related errors, attribute-related errors
and association-related errors. They can eventually affect
the quality of the program, as the diagrams may contain
inaccuracies, redundancies, or omissions.

Moreover, students sometimes lack individualized
guidance as university lecturers lack time to provide instant
and personalized feedback to each student, especially in
huge class. Lecturers often need to prioritize delivery and
discussions, within the given timeframe.

Furthermore, students who have just started learning, are
not familiar with programming syntax. Though OOP
exercises involve working on a compiler that promptly
displays syntax errors whenever mistakes are made,
comprehending these syntax errors can be challenging.

Errors are mostly described in technical terms, leading to
increased frustration and a high likelihood of students
giving up easily. Hence, an alternative solution should be
developed to address these challenges and enhance students’
learning experience.

1.1. Objectives
Wing’s (2006) computational thinking (CT) emphasizes the
link between computer science and real-life, while Brennan
& Resnick’s (2012) CT, focuses on developing concepts,
practice and perspectives. With these in mind, we have
chosen OOP because it enables study of decomposition,
algorithmic logic, pattern recognition and abstraction, in
diverse similar yet differentiated scenarios.

The main objective of this project is to develop and test the
efficacy of the design of an interactive prototype, which
provides students with opportunities to engage via practice
exercises, quizzes and gamified challenges. The lessons
cover fundamental OOP principles, and concepts e.g.
classes, objects, inheritance and class diagrams. Simple
personalized guidance supports students’ specific needs
and learning pace. The voice chatbot guides students
through learning materials and explains syntax errors using
non-technical terms.

2.RELATEDWORK
2.1. Challenges to Learning OOP
Several research papers are analysed to identify the
challenges, that students normally face in learning OOP.

2.1.1. Issues in Modelling Class Diagrams
Object-oriented programming and class diagrams are
interrelated, as the class diagram presents a comprehensive
view of the classes and their relationships, including
association, aggregation, composition and inheritance, in a
single picture (Nikiforova, Sejans, & Cernickins, 2011;
Shmallo, & Shrot, 2020).

However, students often encounter issues when it comes to
modelling complete and accurate class diagrams, due to the
diagrams’ size and complexity during the design, analysis
and maintenance stages. These result in inaccuracies,
redundancies and omissions when modelling a class
diagram.

These errors stem from incorrect understanding, which is
often a result of either overly general knowledge structures
or unclear, faulty or missing knowledge components, or
inconsistency in adhering to conventions (Shmallo & Shrot,
2020). More specifically, Kayama, Ogata, Asano, and
Hashimoto’s (2016) study on 174 beginner-level university
students’ understanding when modelling class diagrams,
has revealed four types of errors (Table 1), i.e. syntactic,
class-related, attribute-related and association-related errors.
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Table 1. Common Types of Errors Made when Modelling Class Diagrams and their Respective Error Categories

2.1.2. Lack of Individualized Learning Support
In traditional learning settings, it is difficult to provide
individualized learning support or address each student’s
requests (Hobert, & Wolff, 2019). This is true, especially in
universities, where large classes pose additional challenges
for lecturers in terms of workload and opportunities for
meaningful interaction (Cunningham-Nelson, Boles,
Trouton, & Margerison, 2019). This will negatively impact
students’ academic performance and overall satisfaction.

2.1.3. Difficulty in Coping with OOP Learning Tools
Students also find it challenging when coping with the
tools utilized when teaching OOP. Some of these teaching
tools are initially designed for professional software
engineers. This results in programming languages and
programming environments, that are too complex for
learners to handle and comprehend, especially for
beginners (Kölling, 1999).

2.2. Addressing Challenges in Learning OOP

2.2.1. Virtual Learning Companion (VLC)
By analysing the challenges associated with learning OOP,
a major portion of these challenges stems from insufficient
support available to students during their learning journey.
Building on Self’s (1988) Intelligent Tutoring Systems
(ITS), Chan and Chou (1995) have introduced Learning
Companions (LC), for primary schools. At the highest level
of the LC, a reciprocal tutoring mode is adopted, i.e., the
student and the virtual learning companion, take turns to be
tutor and tutee. An overlay student modelling approach
enables mapping of the student and LC’s performance to
the expert teacher’s performance. This will enable learning/
refinement of the rules in the LC. More well-known LCs
are Google Assistant, and IBM’s Jill Watson (Wang, Jing,
Camacho, Joyner & Goel, 2020).

2.2.2. Educational chatbots
Personalized educational chatbots provide an easy and
cost-effective method to simplify and focus the processes
of teaching and learning (Kuhail, Alturki, Alramlawi, &
Alhejori, 2023; Okonkwo, & Ade-Ibijola, 2021). Through
chatbot conversations, lecturers can identify areas where
students struggle, and assess their learning abilities
(Okonkwo & Ade-Ibijola, 2021b). In another example,
Latham, Crockett, McLean, and Edmonds’ (2012) study
finds that, students provided with a learning path tailored to
their individual learning styles, achieve 12% more accurate
answers, compared to those who utilized chatbots without

personalized learning materials. Personalized educational
chatbots can generate learning materials customized to
meet the specific individual needs of students, resulting in
increased motivation and engagement (Baskara, 2023).
Thus, by establishing a more assisted learning environment,
students can pursue their studies, at their preferred pace,
and in their preferred style. This greatly helps in facilitating
a thorough comprehension of the topics being studied,
ultimately resulting in better knowledge retention.

2.2.3. Types of Chatbot
There are different types of chatbots, e.g. rule-based
chatbots which are more structured with pre-defined input,
processing and output, AI (unsupervised or supervised
learning) chatbots, which learns over time, linguistic
chatbots e.g. Messenger, and contextual chatbots.
Contextual chatbots are the most advanced, as they
reference prior conversations, and their history, to identify
the progression of a conversation, and possibly what may
be next (Chaturvedi, Srivastava, Rai, & Cheema, 2020).
These chatbots can involve only text, or include voice as
well.

3. METHODOLOGY
This project is implemented using the iterative incremental
prototyping methodology, where the system’s functions are
developed in increments, starting with the main
functionalities. The chatbot system provides personalized
guidance on learning OOP and class diagram concepts by
allowing students to express their needs through a menu of
response options. Subsequently, recap questions, exercises,
quizzes and gamified challenges that cover the fundamental
OOP and class diagram concepts are provided for students
to engage in, so that they can assess their understanding.
The prototype’s context diagram is presented in Figure 1.

Figure 1. Prototype’s Context Diagram

Moreover, Grover, Pea, and Cooper (2015) promote
multiple forms of assessments, to develop a bigger picture
of the students’ CT development/learning outcomes. Hence,
we have applied Schrepp, Hinderks, and Thomaschewski’s.

Error type Criteria Error type Criteria
Syntactic Inadequate notation Attribute-

related
Same attributes are used in > than two classes

Lack of association, multiplicity Attribute name defined as value, not property
Lack of unique names for class,
attribute, association

Attribute that describes an action is used

Class-related Classes with different abstraction levels Attribute indicating multiplicity is used.
>=2 classes whose names or attributes
have the same meaning in one diagram

Duplicated attributes are used

Association-
related

Inadequate association name Association-
related

Inadequate multiplicity
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(2017) User Experience Questionnaire (UEQ) and
Lewis’/IBM’s Computer Systems Usability Questionnaire
(CSUQ) for this pilot study. These questionnaires are
carried out via Google Form. Hence, convenient sampling.

4. PROTOTYPE DEVELOPMENT AND
TESTING
The chatbot system consists of 7 sections, i.e., the home
page, OOP concepts content, class diagram content (20
classes), challenge content, submission page, rewards page,
and the

about us page. The BrainShop API acts as a service that
works with Chat Natural Language Processing tasks
(Brainshop, nd).

4.1. Screenshots (alpha user testing)

Some screenshots from the alpha prototype is presented in
Figure 2 below. Feedback is factored in, and each reward is
assigned a redeem point. The total points for students are
displayed at the top. If the redeem points of a reward are
lesser than a student’s total points, the student can redeem.

Home page Navigation Drawer
(Student)

Recap Q & A OOP Exercise with
hints

Challenges list Feedback to Students’
Answers to Challenges

Figure 2. Alpha System’s Recap, Exercise and Submit Code Screenshots

4.2. Alpha testing

4.2.1. Demographics
The demographics (Figure 3) shows that most of the

respondents are female, around 18-24 years old, pre-
university or university graduates, beginners in
programming and object-oriented programming (OOP).

Figure 3. Demographics from Alpha Testing

4.2.2. User Experience Questionnaire (UEQ) testing
The UEQ alpha testing mean results all score above 3.5/5.
“Confusing vs. Clear” has the highest mean of 4.13/5 (83%)
(Table 2), followed by easy, interesting and inventive at
3.97/5 (79%). “Boring vs. Exciting” achieve a mean of

3.83/5 (77%) and “Usual vs. Leading edge” 3.73/5 (75%).
The UEQ alpha testing results, shows that users are clear
about the core idea of the application. Thus, interaction
approaches within the application and the design of the
application need to be improved.

Table 2. Alpha UEQ testing results
Constructs Avg. Constructs Avg. Constructs Avg. Constructs Avg.
Confusing/Clear 4.13 (Un)interesting 3.97 Obstructive/Supportive 3.93 Boring/Exciting 3.83
Complicated/Easy 3.97 Conventional/Inventive 3.97 Inefficient vs. Efficient 3.87 Usual/Leading

edge
3.73

4.2.3. CSUQ testing
From Table 3, we find that majority of the higher averages
are in the affective domains (highlighted in yellow), e.g.

easy, need, pleasant, comfortable, satisfied, effective,
simple, like. These indicate that more needs to be done to
improve productivity, in terms of effectiveness and
efficiency.
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Table 3. CSUQ Alpha Testing Results (Averages in Descending Order)
Questions Avg. Questions Avg.
The information provided is easy to understand. 5.83 It was simple to use this system 5.47
It is easy to find the information I needed 5.73 I like using the interface of this system 5.47
The interface of this system is pleasant 5.70 Overall, I am satisfied with how easy it is to use. 5.40
I feel comfortable using this system 5.63 The system has all the functions/capabilities expected. 5.40
The organization of information on the screens
is clear

5.63 I am able to complete my work quickly using this
system.

5.37

Overall, I am satisfied with this system 5.63 I believe I became productive quickly using this
system

5.27

It was easy to learn to use this system 5.57 I can effectively complete my work using this system 5.23
The information is effective in helping me
complete the tasks

5.50 I am able to efficiently complete my work using this
system

5.23

Based on Table 3, a hierarchy/dependency among factors
relevant to the sample respondents, is derived (Figure 4).

Figure 4. Hierarchy/dependency in Value Propositions

4.3. Beta iteration (refinements from alpha testing)
 Recap questions are provided to assess students’
knowledge. This is more engaging and interactive.

 A rewards page is added for students to redeem points for
rewards, if they score >=70 for the challenge.

 A list of more exciting real-life scenario challenges is
added. These test understanding of logic, class diagram.

Sample screenshots are presented in Figure 5.

4.3.1. Beta testing

4.3.1.1. Demographics
Most of the respondents are female, around 18-24 years old,

pre-university graduates. Among these, 30% are beginners
or have intermediate programming experience and 26.7%
do not have any OOP experience (Figures 6a, b, c, d).
Compared to alpha’s user testing (Figure 7a), for beta,
there is an increase of 13.3% beginners, 3.4% intermediate,
a decrease of 3.3% advanced, and a decrease of 13.4%
respondents without OOP experience (Figure 7b).

More interaction approaches
(Recap questions, Rewards page)

Added challenges mostly
related to real-life scenarios

Figure 5. Screenshots from the Beta Prototype

Figures 6a, b, c. Beta Testing Demographics

Figure 6d, Figure 7a. Alpha Testing Respondents’ Experiences, Figure 7b. Beta Testing Respondents’ Experiences

4.3.3.2. Learning engagement (UEQ) testing
Table 4 presents the UEQ beta testing results, in
descending order. The 3 highest improvements between
alpha-beta (AB)

testings are leading edge, interesting, and efficient. There
is room for improvement in terms of inventiveness

Table 4. UEQ Beta Testing Results (Averages in Descending Order and Degree of Improvement)
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Construct Avg. Construct Avg. Construct Avg. Construct Avg.
Confusing/Clear 4.23

(+0.10)
Complicated/Easy 4.13

(+0.16)
Usual/Leading
edge

4.10
(+0.37)

Boring/Exciting 4.06
(+0.23)

Uninteresting/
Interesting

4.23
(+0.26)

Inefficient/
Efficient

4.13
(+0.26)

Obstructive/
Supportive

4.06
(+0.13)

Conventional/
Inventive

4.00
(+0.03)

4.3.3.3. CSUQ testing
Similar to alpha testing’s findings, the affective factors
(satisfied, easy, pleasant, effective, simple, like,
comfortable), have higher averages compared to
productivity factors (Table 5). As noted from Figures 7a, b,
for beta testing, there are 13.3% more beginners, 3.4%
more intermediate level, 3.3% less advanced, and 13.4%
less respondents without OOP experience. This indicates
that prior programming experience mediates usability.

These findings complement Poursaed and Lee’s (2010)
prior study on factors which contribute towards more
effective problem-solving skills and thus, more meaningful
learning in mobile and ubiquitous learning, in terms of user
experience and satisfaction. The difference is Poursaed and
Lee’s (2010) study is for the learning of Java and without
chatbot. Thus, design-CT-self-efficacy are complementary,
to diverse demographics, objectives, phases of learning,
and

platforms (formal/informal, distance/flipped learning).

We thus agree with Grover, Pea, and Cooper (2015) and
Zhang and Specht (2023) that more attention should be
placed on designing suitable assessments, to develop more
holistic assessments. We agree with Kong’s (2019)
assessment modes, due to the common base, i.e., Brennan
and Resnick’s (2012) concepts, practice and perspectives.
Our research is however, scoped to Higher Education
within computer science/computing groundings only.

As for perspective developments, as the findings have
indicated, we need to first enable easier search of texts in
the chat or to enable bookmarking, to reduce cognitive load.
Greater decomposition of lessons/chat sessions and
stronger AI, may help, in developing Kong’s (2019)
programming empowerment. Other assessment criteria
reviewed in Lee and Jiang (2019) are exemplary when
localizing rubrics.

Table 5. CSUQ Beta Testing Results (Averages in Descending Order and Degree of Improvements)
Questions Avg. + Questions Avg. +
Overall, I am satisfied with this
system

6.10 +0.70 The organization of information on the
screens is clear

6.00 +0.37

It was easy to learn to use this system 6.10 +0.37 This system has all the functions and
capabilities I expect

6.00 +0.60

The interface of this system is
pleasant

6.06 +0.36 I am able to efficiently complete my work
using this system

6.00 +0.77

The information is effective in
helping completing tasks, scenarios

6.06 +0.56 I am able to complete my work quickly
using this system

5.97 +0.60

It was simple to use this system 6.06 +0.59 Overall, I am satisfied with how easy it is
to use this system

5.87 +0.47

I like using this system’s interface 6.06 +0.59 It is easy to find the information needed 5.84 +0.11
The information provided for the
system is easy to understand.

6.03 +0.20 I believe I became productive quickly
using this system

5.84 +0.57

I feel comfortable using this system 6.00 +0.37 I can effectively complete my work using
this system

5.77 +0.54

5. CONCLUSION
The main goals of this project are to develop interactive
learning opportunities to engage students more actively,
and to address the difficulties of learning OOP. OOP is
chosen as it enables study of CT’s decomposition,
algorithmic logic, pattern recognition and abstraction in
diverse similar/ differentiated scenarios. The chatbot
system has provided activities, e.g. multiple-choice recap
questions, which the students can answer via clicks or
voice, exercises, quizzes and gamified challenges. On-
demand hints generate learning materials, customized to
meet specific student needs. Students can also earn points
and redeem rewards by scoring 70 or more than 70 points,
for a challenge.

There are limitations to this humble study, as the current
personalization and remedial strategies are at the weak AI
level, as it is an undergraduate capstone. Furthermore, our
sample size is small. Hence, findings cannot be generalized.
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Abstract
This research investigates the impact of color scheme on
elementary school computational thinking (CT)
assessments. The study involved 116 4th-grade Israeli
students from diverse socio-economic backgrounds,
comparing performance between full color and grayscale
versions of the competent Computational Thinking Test
(cCTt). Overall, students in the grayscale group performed
better than those in the color group. Analysis of error types
indicated that grayscale printing reduced errors that depict
lower levels of understanding and had no associations with
responses that depict higher levels of understanding. The
study contributes valuable insights into the role of color in
CT assessments, emphasizing the importance of optimizing
assessment tools for young learners.

Keywords
Assessment, Pen-and-Paper test, Color, Computational Thinking,
cCTt, Elementary School

1. Introduction
One of the most common approaches to teach and assess
computational thinking (CT) is to present students with
visual blocks, with each block represents a different action,
and to use these blocks to construct a solution to a puzzle.
This approach is inspired by the way CT was initially
introduced to young learners, i.e. via Scratch block-based
programming. Today, blocks are closely associated with
CT, particularly at a young age, and have migrated from
digital learning environments to pen-and-paper assessment
tools.

To make these environments and tools more friendly to
young students, colors are used to code different types of
actions. In the context of comprehension and learning,
color has been long suggested to play an important role. As
for the importance of color in learning and assessment, its
role in CT assessment needs to be addressed. Nonetheless,
there remains an evident gap in the existing literature
regarding the direct associations between CT and color;
this is indeed the focus of the current study.

1.1. The Relationship Between Color and Learning
Color perception is fundamental to human comprehension
of the world; understanding relationships between colors
and objects are vital mechanisms for higher-level color
processing (Derefeldt et al., 2004; Siuda-Krzywicka &
Bartolomeo, 2020) . Therefore, the expression of color in
learning resources--e.g., in text-based materials,
visualizations, or videos, is crucial for learning and
development (Liu et al., 2021).

Moreover, color has exhibited relevance in diverse contexts
that can be linked to Computational Thinking (CT). For
example, color scheme was found to be important in
learning to program (Liu et al., 2021) . In a study

investigating the correlation between two video lecture
conditions (color-coded vs. grayscale) and the efficacy of
learning programming, color coding was observed to
enhance programming comprehension more effectively
than grayscale. Also, color was found to play a role in
complex problem solving when subgoals are color-labeled,
specifically with regarding to affect and mood (Ramos-
Nuñez et al., 2018).

CT platforms and assessment tools—from block-based
platforms like Scratch to assessment environments like
Bebras to pen-and-paper tests like cCTt—often utilize tasks
presented in various color shades. Therefore, it is important
to explore the role of color in CT.

1.2. Measuring Computational Thinking
Computational thinking (CT) evaluation methods
encompass various areas, emphasizing problem-solving
abilities without necessarily focusing on programming
(Ezeamuzie & Leung, 2021; Ogegbo & Ramnarain, 2022).
Moreover, pen-and-paper assessments are more accessible
and still promote learning (Sun et al., 2021).

For elementary students, the Beginner's CT test (BCTt) has
been effective within the age range of 5-7 years, while the
competent CT test (cCTt) is tailored for third and fourth
graders (ages 7-9), demonstrating effectiveness in assessing
CT skills (El-Hamamsy, Zapata-Cáceres, Barroso, et al.,
2022; El-Hamamsy, Zapata-Cáceres, Marcelino, et al.,
2022). These assessments comprise of a set of puzzles that
include a grid on which a chick and its mother hen are
positioned; students should choose the solution that leads
the chick to the hen under the conditions of the puzzle. The
possible paths—4 for each puzzle—are decoded in blocks
which represent different operations (see under
Methodology section for more details). The utilization of
colors aids in distinguishing between different operations
(blocks).

1.3. Research Goals
The purpose of the present study is to compare elementary
school students’ cCTt performance between color and
grayscale test versions.

1.4. Research Questions
1. What are the relationships between computational

thinking and print type?
2. What are the relationships between types of errors

in cCTt and print type?

2. Methodology
2.1.Population
The study comprised of 116 fourth-grade students (ages 9-
10 years old) from three elementary schools in Israel. The
recruitment process involved reaching out to school
administrators and participation upon their approval. The
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participating schools were located within a large city which
represents diverse socio-economic backgrounds ranging
from low to medium-high. Of the participants, 45% were
girls (52 out of 115), 55% were boys (63 out of 115); and
one participant did not indicate their gender. The data
collection sessions were incorporated into the school
schedule, and participation was voluntary. Of the whole
grade population in these schools, an overall of fifty-two
students abstained from participation due to various
reasons like absence, lack of consent, participation in off-
site activities, etc. Additionally, we excluded six students
who responded to less than half of the questions.

2.2.Design and Procedure
The study received approval from both the Ministry of
Education, which was necessary because data collection
took place in school, and the authors' Institutional Review
Board (IRB). Parents and relevant school staff were
informed about the study's objectives and were provided
with detailed information to address any potential
objections or concerns regarding data collection.
Participation was managed on an opt-out basis.

Data collection was held in June 2023. The class session
began with a 5-minute brief explanation on how to
complete the questionnaire and an overview of the types of
questions. This was followed by approximately 40 minutes
during which students filled out the questionnaires;
students who needed more time kept working on the
questionnaire until completing it. The research team was
available to address individual questions aimed at
clarifying the content of the questionnaire.

2.3.Instruments
The competent Computational Thinking Test (cCTt):
The cCTt (Computational Thinking Test) is a pen-and-
paper multiple-choice questionnaire designed to evaluate
computational thinking skills among third and fourth-grade
students. The questions were sourced from a recent study
(El-Hamamsy, Zapata-Cáceres, Barroso, et al., 2022)
which assessed and validated a computational thinking
questionnaire tailored to elementary school students in
these grades. The decision to adapt a questionnaire
specifically for this age group was supported by theoretical
and research justifications (El-Hamamsy, Zuuerey, et al.,
2022; El-Hamamsy, Zapata-Cáceres, et al., 2022) . Initially
containing 25 questions, a recommendation was made to
utilize a subset of 15 questions covering fundamental
concepts from the original questionnaire (sequences,
simple loops, nested loops, conditional and while
statements), excluding the most challenging questions
involving combinations, deemed difficult for the students
(El-Hamamsy, Zapata-Cáceres, et al., 2022).

Each questionnaire item is accompanied by a diagram
illustrating various potential response types (El-Hamamsy,
Zapata-Cáceres, Barroso, et al., 2022), including the correct
answer that exemplifies computational thinking and three
types of mistakes. The questionnaire underwent translation
into Hebrew and underwent review and refinement by the
first and second authors of this paper. Subsequently, the
test was administrated to two 3rd- and 4th-grade students
who evaluate the questionnaire's clarity and
comprehensibility; adjustments were made based on their

feedback. The questionnaire comprises 15 progressively
challenging questions, each presenting a scenario of
guiding a chick to its mother hen while potentially
accomplishing side-goals like picking up a flower or
avoiding a cat. Students are presented with four possible
answers per question and required to select one (refer to

Figure 1 for an example).

2.4.Research Variables
Personal Characteristics: Our questionnaire included two
additional self-reported items: gender and age.

Print Type: 55 questionnaires (47%) were printed in color,
and 61 questionnaires (53%) were printed in grayscale.

Computational Thinking: Overall Computational
Thinking score was calculated by taking the number of
correct solutions (normalized by 15). Correct Solutions
(M=0.71, SD=0.19, N=116). For each question, we
calculated for each student the correctness of the answer.
We then averaged this count for each student across all
questions.

Types of incorrect answers (profiles): For each cCTt
question, there are four potential responses of which one is
correct, and the others are categorized into three types of
errors, known as profiles (El-Hamamsy, Zapata-Cáceres,
Barroso, et al., 2022). Profile 1 entails an incorrect target or
a primary focus on arrow directions, disregarding repetition
and condition. Profile 2 involves ignoring objectives or
misinterpreting repetition and condition. Profile 3 consists
of misinterpreting either objectives or non-arrow-related
restrictions. Frequency for each profile was calculated as
the count of incorrect responses under this profile divided
by the total number of questions (15).

To better understand the profiles, we will use the first cCTt
questions, which is focused on simple sequences, see
Figure 1. Profile 1 corresponds to option D: Incorrect target.
The student got confused about the target, and chose the cat
as the target. Profile 2 is represented by option C: The
student reaches the target, but ignoring objectives – failing
to collect the flower and avoiding crossing the cat's square.
Profile 3 is reflected in option A: Misinterpreting
objectives – in this case, the student does collect the flower,
and reaches the target, but forgets to avoid passing through

Figure 1. Questions of the Sequences of the cCTt
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the cat's slot. Option B signifies the correct answer– the
student succeeds in all the terms of the task.

For another illustration of profiles, we will examine

question number 18, which is focused on if-else
conditionals, see Figure 2. Profile 1 is mirrored in option D:
Wrong arrow directions – ignoring the box with the clouds
in it. Profile 2 is conveyed by option C: Misinterpreting
condition – The box with the clouds was misinterpreted as
expressing one downward progression. While in this case,
the player can only go down if there is no cloud. Profile 3
is portrayed in option A: Misinterpreting restrictions – the
interpretation of the box with the cloud as a kind of loop
that can be repeated several times.. The correct answer is
option D.

2.5.Analysis
Analysis was conducted using JASP version 0.17.3. Since
some of our variables did not exhibit a normal distribution,
we opted to employ the Spearman test and Mann-Whitney
U test for conducting correlations in our analyses.

To assess the normality of the variable distribution, we
applied the methodology developed by Kim (2013), which
tests whether the Z-scores of Skewness and Kurtosis are
above an a-priori threshold which depends on the
population size. Z-scores are calculated by dividing the
Skewness or Kurtosis values by their Standard Error. The
relevant threshold for our study is 3.29, and if either of the
Z-scores exceed it – we should declare for deviation from
normality. Indeed, the Z-score values for the CT values
were indicative of a non-normal distribution (see Table 1).
Moreover, effect size is given by the rank biserial
correlation (RBC); it is commonly agreed that RBC values
between 0.1-0.2 denotes a small effect size, between 0.3-
0.5 denotes a medium effect size, and between 0.8-1
denotes a large effect size (Cureton, 1956; Mann &
Whitney, 1947).

Table 1. Z-scores, Means, Standard Deviations, and Standard
Error for the 5 Response Profiles (N=116)

Variable Z-skewness
(Z-kurtosis) mean (SD) SE

Missing Value 10.67 (13.90) 0.04 (0.08) 0.01
Profile 1 4.67 (0.64) 0.08 (0.11) 0.01
Profile 2 2.8 (0.38) 0.11 (0.09) 0.01
Profile 3 6.32 (3.96) 0.06 (0.08) 0.01

Overall CT Score 4.63 (3.24) 0.71 (0.19) 0.02

3. Findings
No significant difference was found between gender and
computational thinking (U=1757, at p=0.50). Therefore, we
conclude that the entire population can be seen as a unified
whole.

3.1.Computational Thinking, Demographics, and Print
Type (RQ1)
A notable correlation was identified between computational
thinking and print type; notably, among the students who
filled-up a color printed version of cCTt, the average was
lower compared to those who filled-up the grayscale
printing version; this difference had a medium effect size
(Table 2).

Table 2. Comparison between Computational Thinking and
Print Type

Variable mean (SD) U p RBC
Print Type 1137.5 0.003 -0.32

color 0.66 (0.19) (N=55)
grayscale 0.75 (0.18) (N=61)

3.2.Types of Errors in cCTt and Print Type (RQ2)
The values of the three profile variables represent the
frequency of errors of each type; values were calculated as
the count of incorrect responses under each profile divided
by the total number of questions (15). On average, students
had 11% of Profile 2 errors, 8% of Profile 1 errors, and 6%
of Profile 3 errors. The examination of error types revealed
a significant association between CT and printing type. The
grayscale printing group displayed fewer Profile 1-type
errors, with a small-medium effect size (statistically
significant with a small effect size), and fewer Profile 2-
type errors (marginally significance, small-medium effect
size). No significant difference was found regarding Profile
3-type errors. Findings are summarized in Table 3.

Table 3. Error Type Comparison between cCTt and Print Type
Variable mean (SD) U p RBC

Profile 1
Print Type 2114.0 0.01 0.26

color 0.11 (0.10) (N=55)
grayscale 0.06 (0.09) (N=61)

Profile 2
Print Type 2009.0 0.06 0.21

color 0.12 (0.09) (N=55)
grayscale 0.09 (0.08) (N=61)

Profile 3
Print Type 1769.0 0.59 ..

color 0.07 (0.01) (N=55)
grayscale 0.06 (0.08) (N=61)

4. Discussion
In this study, we explored the associations between CT—as
measured by the pen-and-paper cCTt—among 4th-grade
children (N=116) and print type (color or grayscale).
Overall, we found that the grayscale group performed
better than the color group. It is plausible that this finding
may be attributed to an increased cognitive load associated
with information processing, specifically that color
processing added another layer of required encoding
activity in the brain (Gnambs et al., 2015; Wenjie et al.,

Figure 2. Questions of the Conditional Statements of the cCTt
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2021) . This additional effort may have hindered problem-
solving abilities (Beddow, 2018) ; indeed, reducing
cognitive load was shown to improve students’
performance (Ben-Haim et al., 2019; Gillmor et al., 2015).
Importantly, colors can be used as a means to reduce
cognitive load and to improve performance; this requires an
association between colors and required cognitive
operations, and should be accompanied by getting students
used to these associations (Ekman & Waliullah, 2019).

Moreover, we took a step forward, and explored the types
of errors students made, in order to understand whether
color has a unique impact on certain error types. In a sense,
the profiles that correspond to types of errors represent the
level of understanding, ranging from Profile 1 (low level of
understanding) to Profile 3 (high level of understanding
albeit still incorrect answer). Grayscale printing appeared
to decrease Profile 1 and Profile 2 errors; Profile 3 errors
showed no color-related difference. This may suggest that
color was mostly harmful to students with lower levels of
understanding.

These findings echo previous studies of the different effects
multiple information channels have on students with low vs.
high levels of knowledge (Kastaun et al., 2021; Kuldas et
al., 2014) . Although those studies were mostly focused on
multimedia and multiple representations of information, the
main insight from them still holds: Students of different
levels of knowledge may react differently to cognitive load,
hence instructional design should be better adapted to level
of knowledge. This is an important lesson to assessment as
well, and here we highlight the role color plays in CT
assessment.

Another explanation to our findings—that goes beyond
cognitive load—relates to affective aspects of learning. The
utilization of color may trigger emotional processes,
consequently influencing learning processes; that is, color
adds to the cognitive load and can make the learning
process more difficult. It seems that among female learners,
color caused poorer performance compared to gray. (Liew
et al., 2022) . On the other hand, bright colors that are
interpreted in an emotionally positive way, may reduce
cognitive load and positively impact their ability to solve
problems (Le et al., 2021) . Furthermore, color may impact
various sub-groups differently than others, as was shown in
the context of solving puzzles: Girls demonstrated a
superior ability to solve problems presented in colors
compared to boys (Honrales, 2020) . This non-cognitive
impact of color on CT should be further explored.

Considering that color can impact student performance in
various ways (Al-Ayash et al., 2016; Amarin & Al-Saleh,
2020; Kumi et al., 2013) , it is recommended to carefully
consider color schemes while designing learning- or
assessment-related materials. We should note that colors in
cCTt are used mostly to distinguish between different
objects and shapes that serve as either obstacles on the grid
or triggers for conditionals; for example, there is a black
cat, a bourdeaux flower, a red heart, a light blue cloud, a
cyan triangle, a yellow star, etc. Contrary to that, the
directing arrows, and their related symbols (e.g., numbers,
frames), are presented mostly in grayscale. That is, color
codes are not fully necessary for the CT-related objects,

hence omitting them may not meaningfully harm the
measurement of the task performance.

5. Limitations and Further Research
This study is, of course, not without limitations. First, we
only measured CT by using a single tool (cCTt), and our
findings may be somehow biased due to the unique
characteristics of this tool. Second, the analysis was based
on students from a single country (Israel), which is
characterized by a set of educational, technological, and
cultural beliefs and practices that may have biased our
findings. Finally, it's important to note that our research
population was limited and may not be considered
representative. Therefore, it is suggested to replicate this
study in other geographically and culturally varied
populations, and to use further CT measuring tools, both
physical and digital.
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Computational thinking is a core competency for
problem-solving in the digital age. This study focuses on 344
upper elementary school students from four different-level
primary schools in City K. Descriptive statistical analyses,
including Spearman correlation, differences, and multilevel
regression, were conducted to examine the computational
thinking levels of upper elementary school students.
Additionally, a structural equation model (SEM) was
employed to identify the factors influencing their
computational thinking levels. The results indicate that the
overall computational thinking levels of upper elementary
school students in City K are good. Gender, grade level (fifth
or sixth grade), internet usage frequency, and attitudes
towards information technology courses do not significantly
influence computational thinking levels. However, attitudes
towards internet usage, programming experience, information
technology course content, math scores, and science scores
show significant positive correlations with computational
thinking levels. Finally, based on the data analysis results and
a comparison with the requirements set by the Ministry of
Education, recommendations are provided to promote the
development of computational thinking in upper elementary
school students.
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Upper elementary school students, computational thinking,
current status,influencing factors
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With the advent of the digital age, the ability to solve
problems using computers has become increasingly important.
In response, the concept of computational thinking has
emerged and is considered as an "attitude and skill that
everyone should possess"(The New Media Consortium,2017).
Countries and regions such as Europe, the United States,
Australia, and Singapore have incorporated the cultivation of
computational thinking into their K-12 talent development
plans(Angeli C et al,2016). In China, the 2022 revised
version of the "Compulsory Education Information
Technology Curriculum Standards" designates computational
thinking as one of the four core competencies in the field of
information technology(Beijing Normal University Press,
2022). It is evident that the cultivation of computational
thinking is becoming more focused on younger age
groups.Upper elementary school students have a certain level
of knowledge and cognitive foundation, making it a critical
period for cultivating computational thinking. However, there
is currently limited research on the factors that influence
computational thinking abilities in primary school students.
Therefore, this study utilizes a questionnaire survey to

analyze the current status of computational thinking levels
among upper elementary school students in City K. It aims to
deeply explore and analyze the influencing factors and
investigate the correlations between these factors and
computational thinking. The study strives to provide valuable
insights for the development of computational thinking
abilities in upper elementary school students.
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Definition of Computational Thinking The concept of
computational thinking was first elaborated by Professor
Jeannette M. Wing of Carnegie Mellon University in 2006,
stating that "computational thinking is the process of applying
fundamental concepts of computer science to solve problems,
design systems, and understand human behavior"(Wing J
M,2006). In 2011, Professor Wing further summarized
computational thinking as "a thinking process that can be
effectively executed by information processing agents"(Liu
m&Zhang Q,2018), indicating a shift from emphasizing
operational skills to focusing on thinking processes.
Subsequently, more scholars from both domestic and
international contexts have joined the research on
computational thinking. For example, the International
Society for Technology in Education (ISTE) in the United
States proposed in 2015 that computational thinking is a set
of mental tools that effectively combines digital technology
with human thinking to solve complex real-world
problems(Liu m&Zhang Q,2018). In the 2022 revised version
of the "Compulsory Education Information Technology
Curriculum Standards" in China, computational thinking is
defined as the use of thinking methods from the field of
computer science, involving activities such as abstraction,
decomposition, modeling, and algorithmic thinking in the
process of problem-solving.(Beijing Normal University Press,
2022) Based on the above, this study defines computational
thinking as a series of thinking processes centered around
problem-solving, including dimensions such as
problem-solving ability, creativity, critical thinking,
algorithmic thinking, and collaboration skills.
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In terms of inherent individual attributes, grade level and
gender are the first two variables that should be considered.
Existing research has yielded conflicting results regarding the
impact of these two factors on computational thinking. For
example,(Atmatzidou S&Demetriadis S,2016)found no
significant correlation between grade level, gender, and
computational thinking. Similarly, (Crews T&Butterfield
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