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Abstract: As information explosion and algorithms are proliferated in the digital age, computational
thinking becomes more critical. Nevertheless, most activities that promote computational thinking
are always presented in a programming or block language, which tends to horrify students. This
study aimed to develop a series of non-programmed, computational-thinking training activities
to demonstrate if they improve students’ computational thinking skills without writing code. In
the meantime, it is checked whether students’ learning styles influence their outcomes. After an
investigation consisting of a 16 h gamified learning session, we observed that students’ computational
thinking skills improved overall. Furthermore, the initial learning style of the students influenced the
effect of different dimensions of computational thinking in the learning procedures.

Keywords: computational thinking; learning style; game-based learning; digital learning

1. Introduction

In the digital age, encouraging students to use computational thinking to solve, ana-
lyze, criticize, judge, and summarize is the focus of AI and Big Data generation education.
As the community increasingly depends on computer technology, developing computing
thinking becomes essential in long-term teaching principles, and different countries have
developed separate national education strategies to meet these challenges [1]. For example,
the UK has incorporated computational thinking education into the regular curriculum,
meaning primary and secondary school students must learn how to program. Moreover,
states and provinces in the United States, such as Massachusetts, have developed exclusive
curricula and standards to evaluate skills for computational thinking [2].

With the development of computational thinking training, approaches to training
computational thinking have expanded into non-programming (e.g., digital games) and
unplugged activities in addition to general programming training [3,4]. Asbell-Clarke et al.
exploited Zoombinis, a popular Computational Thinking (CT) learning game for age eight
to adults, to train students in grades three to eight [5] and proved that well-crafted learning
games could be effective in promoting student learning. Hooshya et al. also obtained
similar results when they developed an adaptive educational game, AutoThinking, to train
computational thinking skills and conceptual knowledge in fifth graders [6]. In gamified
and non-programmed environments, students have demonstrated higher levels of interest,
satisfaction, and technology acceptance in learning computational thinking [7,8].

The non-programmed activities’ goal is to enable students become accustomed to
thinking in the mode of computer scientists, including through programming and related
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classroom activities, learning to discover problems, disassemble problems, conceptualize
and model, and find feasible computing solutions. However, students’ acceptance and
management of the learning materials vary according to each student’s thinking ability.
Students’ habits of absorbing and managing material affect their learning styles [9], which
is a preferred way of learning that affects how an individual receives stimuli, remembers,
thinks, and solves problems. Students who have different learning styles have different
problem-solving abilities [10]. To cultivate students’ computational thinking literacy, we
must consider their different learning styles.

In this study, we aim to prove that the latest training improves CT literacy and to
investigate the relationship between learning style and computational thinking ability.

2. Literature Review
2.1. Learning Style

A learning style is a preferred way of learning that affects how an individual receives
stimuli, remembers, thinks, and resolves problems. Since students with different learning
styles solve problems differently, how they solve them influences how well they absorb
information [11]. Many study results have shown how to advance the teaching of various
subjects, including mathematics and science [9]. In this study, we applied the Felder–
Silverman learning style model from North Carolina State University to group our students
into four dimensions of learning style (Figure 1) [12].
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Figure 1. Felder–Silverman learning style model.

(1) Active/reflective continuum: First, there is the active/reflective continuum, which
determines the method of processing information preferred by learners. Learners
with an active learning style show action-oriented learning characteristics and are
accustomed to understanding how things work through trying. Reversely, learners
with a reflective learning style are likely to be introverted but good at thinking and
prefer to work alone.

(2) Sensing/Intuitive continuum: The second dimension determines how learners prefer
to take in the information, which is divided into the sensing and intuitive continuums.
A learner with the sensing style is good at memorizing concrete facts rather than
abstractive theories and generally performs with patience and caution. Conversely, a
learner with the intuitive style is excellent at figuring out innovative concepts. Most of
them find it hard to endure to learn with many memorable and tedious calculations.

(3) Visual/verbal continuum: The visual/verbal continuum is the third dimension de-
termining how learners prefer information to be presented. Students who prefer the
visual style perform better on graphics or video scaffolds. On the other hand, students
who prefer the verbal style benefit from the written or spoken narration. However,
there is no noticeable difference when studying because the information is generally
present in visual and written narrations simultaneously.

(4) Sequential/global continuum: As the last dimension, the sequential/global contin-
uum indicates learners’ preferences for organizing information. A learner with a
sequential-style preference is good at linear inference, which means learning step by
step. A learner who prefers the global learning method is used to mastering the whole
cycle of the learning content first. Once the global-style learners understand the gen-
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eral direction of the whole, they can quickly solve complex problems or summarize
things innovatively.

Even though the model presents learning styles in four pairs of opposing styles, the
learning styles possessed by learners are not strictly dichotomous but rather entail a number
of heavily weighted items. It means students may have both active and reflective learning
styles, but one’s learning attitude may be more active. Therefore, each learner obtains four
tendencies in four dimensions after completing the measurement.

2.2. Computational Thinking

The concept of computational thinking (CT) first appeared in Jeanette Wing’s study in
2006. In Wing’s definition, CT is the concept of representing the formulation and solution
of a problem in a way that computers can understand and implement [13]. Over the
past decades, increasing attention has been paid to applied CT in education, and various
definitions of CT have emerged from different disciplines [14].

We applied the classification of CT from the Google educational resource website
to design our curriculum [15]. The four indicators in the definition are decomposition,
pattern recognition, abstraction, and algorithm design separately. First, decomposition
relates to breaking down problems into a series of minor ones. Pattern recognition refers to
the ability to generate predictions and test models by observing each small problem and
considering how similar problems have been solved. Another indicator is an abstraction,
which focuses on the essential details while ignoring redundant information. In the process
of abstraction, laws or principles will be discovered that underlie the patterns. Lastly,
algorithm design relates to the ability to develop the instructions to solve similar problems
and repeat the process.

3. Method
3.1. Experimental Design

The research designed a 16 h course separated into four days to examine whether
non-programmed gamified activities could cultivate students’ computational thinking.
The Google educational resource website [15] (Computational Thinking for Educators)
suggests four concrete elements in computational thinking: problem decomposition, pattern
recognition, abstraction, and algorithm design. In the courses, we applied different types of
games to cultivate these computational literacies, e.g., Little Alchemy, Rummikub, Gartic.io,
and Robozzle.

In the experiment, we designed three parts of the process in each of the four compe-
tence courses. The first part focused on game teaching for an hour. The second part was a
self-exploring period that allowed for students to play the game and find winning tips in
two hours. The last part was the game competition and post-test the next day.

3.2. Self-Exploring Design

After game teaching, a self-exploring period was arranged for students to explore
the tips of the games taught. During the self-exploring period, the experiment requested
students to finish their study sheet as a scaffold when learning the games. There were
also two trainers for 40 students to help if students encountered any problems that were
difficult to resolve, ensuring that self-exploration was smooth.

3.3. Competition Design

The courses designed the game competition to increase students’ motivation when
studying alone. After the self-exploring, students played the game in the single-mode in
all the games to battle with the computer. Meanwhile, the trainers recorded their game
ranking and rewarded the class’s highest-ranking students.
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3.4. Assessment Design

In order to evaluate students’ original degree of CT competence and its promotion
after the courses, the study used Bebras Challenge [16], an international challenge that tests
informatics and computational thinking, to examine the results. The researchers selected
questions from the Bebras Australia Computational Thinking Challenges of 2017, 2020, and
2021 and translated them into the junior high school level. There were 15 questions in total
as a formal contest with 5 questions for each level (easy, medium, hard).

4. Results and Discussion
4.1. Dataset

The sample for this study consisted of 352 seventh-grade students from a secondary
school in Taichung. In the experiment, all the students participated in the gamified courses
corresponding to problem decomposition, pattern recognition, abstraction, and algorithm
design, which are four kinds of core competencies designed by experts. Since the course
lasted four days, several subjects could not participate in the entire process, so 307 samples
were obtained after deducting the subjects absent in the middle.

The pretest assessment consisted of fifteen questions worth 8 points, while the post-test
consisted of six questions on each dimension, totaling twenty-four. The score range was 0
to 120.

4.2. Data Results

Among the 175 males (56.8%) and 133 females (43.2%) in the course, the mean post-test
score was higher in both genders than the pretest score (Table 1). In this study, gender
was used as an independent variable, and an independent-sample one-way analysis of
covariance (ANCOVA) was performed on the post-test scores, controlling for pretest to
eliminate student differences. According to the analysis, CT learning outcomes were not
different between genders, F (1, 304) = 0.902, p = 0.343 (Table 2).

Table 1. Descriptive statistics of pretest and posttest.

Gender N Min Max Mean Standard Deviation

Pretest

Overall 307 0 112 59.01 23.34

Male 174 8 112 59.84 23.69

Female 133 0 112 57.92 22.91

Posttest

Overall 307 20 120 61.09 18.47

Male 174 20 120 62.14 19.48

Female 133 20 105 59.70 17.03

Table 2. ANCOVA of gender on post-test.

Source Type III Sum of Squares df Mean Square F Sig.

Between groups 227.50 1 227.5 0.902 0.343

Within groups 76,710.906 304 252.239

Total 1,248,500 307

Previously, this course has been tested for its learning effect in a short-term version, so
we are confident that this experiment improves students’ computational thinking skills,
and the research results support this hypothesis (Table 3).
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Table 3. Paired t-test of pretest and post-test of overall.

N df t stat t critical p-Value

Overall 307 306 1.724 0.089 0.043 *
* p < 0.05.

Since we want to examine whether students’ original learning styles influence their
computational thinking literacy improvement, we first observed the frequency distribution
table of their learning styles (Table 4). According to the results, the student’s preference is
average in the first, second, and fourth dimensions. Nevertheless, more students prefer the
visual learning style to the verbal one.

Table 4. Frequency distribution table of Soloman’s learning style.

Preference N Percentage

1st dimension
Active 190 61.9%

Reflective 117 38.1%

2nd dimension
Sensing 160 52.1%

Intuitive 147 47.9%

3rd dimension
Visual 261 85%

Verbal 46 15%

4th dimension
Sequential 138 45%

Global 169 55%

We implemented four UNIANOVA tests to detect the difference between four learning
style dimensions with four competence improvements. In each ANOVA test, the interaction
effect between dimensions was examined to guarantee independence, and all interaction
effects had no significance.

The competencies’ advances in composition and abstraction were not affected dif-
ferently depending on the type of learning style. In contrast, pattern recognition and
algorithm design differed significantly in how they were taught in terms of the second and
first dimensions (Tables 5 and 6), in which pattern recognition was more advanced among
intuitive learners than sensing learners, and algorithm design displayed more remarkable
improvements among reflective learners than active learners.

Table 5. UNIANOVA of pattern recognition improvement.

Source Type III Sum of Squares df Mean Square F Sig.

Between groups
(2nd dimension) 227.655 1 227.655 4.179 0.042 *

Within groups 16,616.597 289 54.481

Total 18,156.052 307
* p < 0.05.

Table 6. UNIANOVA of algorithm design improvement.

Source Type III Sum of Squares df Mean Square F Sig.

Between groups
(1st dimension) 305.671 1 305.671 5.48 0.020 *

Within groups 16,120.267 289 55.779

Total 16,978.184 307
* p < 0.05.
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5. Conclusions

The experimental results showed no significant difference between male and female
groups. Gender was not a significant factor that caused apparent differences when con-
ducting the computational thinking training courses. Despite this, students’ computational
thinking skills improved after the courses, and their original learning styles significantly
influenced their computational thinking literacy growth.

We found that intuitive learners showed more significant gains in pattern recognition
competence training than sensing learners. Sensing learners preferred to learn concrete and
factual information and details, facts, and figures and disliked surprises and complications.
Conversely, intuitive learners preferred abstract and original information, preferring to
discover relationships and possibilities. To learn pattern recognition, learners must experi-
ment with several combinations to find the best fit. It may not appeal to intuitive learners,
which explains why intuitive learners performed better than sensing learners.

Aside from that, the analysis also found that reflective learners performed better in
algorithm design training than active learners. Students in algorithm design training solved
puzzles independently without a need to discuss or compete with others, which required
more patience to brainstorm and try. In contrast to reflective learners, active learners
processed information by attempting it rather than negotiating and explaining it. It may be
a crucial difference that separates reflective learners from active learners.

As discussed above, this study proved that the gamification training method is ef-
fective for secondary school students. However, students’ learning styles influence the
course improvement. In order to ensure that students with distinct learning preferences
can participate in the curriculum to their strengths, learning styles and a variety of teaching
activities (e.g., teamwork) need to be considered for each core competency in the future.
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