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Charting a Course: Exploring Computational Thinking Skills in Statistics
Content among Junior High School Students

Computational Thinking (CT) skills are increasingly recognized as essential for junior high school students,
especially in addressing the demands of the digital era. This study explores how CT skills—decomposition, pattern
recognition, abstraction, and algorithmic thinking—manifest in learning statistics based on students’ cognitive
abilities. The research method used a qualitative approach. The study involved 30 junior high school students,
focusing on six participants representing high, medium, and low initial abilities. This study uniquely maps
students’ CT performance in solving statistical problems, a domain where such skills have been underexplored.
The results reveal substantial differences based on cognitive ability: (a) students with high cognitive abilities
demonstrate a comprehensive mastery of CT skills across all four indicators in solving statistical problems; (b)
students with moderate abilities display partial competence, excelling in decomposition and abstraction but
struggling with pattern recognition and algorithmic thinking; (c) students with low abilities show limited success,
with essential achievements in decomposition but difficulties in other CT skills. The novelty of this research lies
in its targeted focus on the intersection of CT skills and statistical problem-solving in junior high students, offering
critical insights for curriculum development. The findings suggest that integrating CT skills into statistics
education fosters problem-solving capabilities across varying cognitive levels, ensuring more inclusive and
effective learning in the digital era.

Keywords: computational thinking, junior high school, statistics education, cognitive abilities, qualitative
research, problem-solving

1. Introduction

In an increasingly computing-oriented world, CT is essential for everyone (Van Borkulo et al., 2021).
According to Maharani et al. (2021), CT is an ability every human must have. The reason for
including CT in education is that the world is increasingly computer-oriented, where students need
to understand the principles of how computers work and what types of problems can be solved
computationally (Basu et al., 2016; Isharyadi & Juandi, 2023; Rich et al., 2020). Effective use of
computer devices requires digital tools to solve problems with mathematical content and CT skills
(Huang et al., 2021; Reichert et al., 2020; Sezer & Namukasa, 2023; Ye et al., 2023). Education must
be able to produce a generation that is ready to face various challenges and changes in the digital era.
Students will face various kinds of problems so that they can survive and compete in various aspects
of life. According to the Organization of Economic Co-operation and Development (OECD),
education must be able to create new values that students need, such as thinking creatively,
developing innovations in terms of products and services, as well as new types of work methods, new
ways of thinking, changes in mentality. Individuals are collaborative, communicative, and open-
thinking (OECD, 2018).

CT abilities can sharpen mathematical, logical, and mechanical abilities combined with knowledge
of technology, digitalization, and computers. CT can form a confident, open-minded, tolerant, and
sensitive character to environmental changes and demands (Kalelioglu, 2018; Kang et al., 2023;
Miswanto, 2024). Mathematics and science offer particularly beneficial opportunities for CT
integration, given the inclusion of mathematics and CT as practices in the Next Generation Science
Standards (NGSS)(Rich et al., 2020). The material in mathematics subjects linked to CT refers to
learning algebra and mathematics related to numbers, geometry, probability, and statistics(Reichert
et al., 2020). Practising CT in mathematics provides a realistic and supportive broad view of
mathematics learning content, providing a meaningful context for applying CT and motivating
students (Sung & Black, 2020; Weintrop et al., 2016; Zuod & Namukasa, 2023). However, based on
research results, it is stated that teachers’ lack of knowledge when including CT in learning is a crucial
obstacle (Nordby et al., 2022).

Previous research found that students’ mathematical and logical intelligence influences CT abilities.
Students’ CT abilities differ from differences in mathematical and logical intelligence (Sung & Black,
2020; Zuod & Namukasa, 2023)—the research results of Widiyawati et al. (2022)(Widiyawati et al.,



2022) stated that students have good CT skills, even though they have never received exceptional
teaching on CT subjects. Furthermore, research results show that CT learning activities allow students
to learn mathematical concepts better (Astuti et al., 2023). Furthermore, the research results from
Zuod and Namukasa (2023)(Zuod & Namukasa, 2023) show that CT learning activities provide
students with better opportunities to learn mathematical concepts. This research was for students in
grades 3-6 of elementary school. The research results of Fry et al. (2023) state that the opportunities
and challenges students face in CT include decomposition, abstraction, pattern recognition and
modeling, and generalization of algorithms for students aged 8-9 years. Therefore, CT skills are
essential and should be developed for students through teacher integration in learning.

CT can help students solve mathematical problems, but some still cannot because they do not
understand the questions given(Astuti et al., 2023; Setiawa et al., 2023; Yuntawati et al., 2021). The
results of other research found that CT ability had not yet reached the minimum completeness criteria
(KKM) (Kamil, 2021); some of the samples (50%) used in the study were classified as students who
had low CT ability. Moreover, in other research, students experienced difficulties in answering CT
questions. The difficulties experienced by students were different, such as difficulties in problem-
solving (Haryono et al., 2021), Pythagoras theorem material (Nurwita et al., 2022), and essential -
basics of programming(Montes-Ledn et al., 2020). CT is also problematic in mathematics integration
and instruction (Basu et al., 2016; Weintrop et al., 2016). Students also experience difficulty in
articulating an understanding of conditionals in CT thinking(Kalelioglu, 2018; Luo et al., 2020).
Other research found a lack of CT assessment tools for college students, making it difficult to know
their CT abilities (Kang et al., 2023; Van Borkulo et al., 2021). Mathematics is one of the subjects
that can be integrated with CT (Amnouychokanant & Thamwipat, 2020; del Olmo-Mufioz et al.,
2023; Isharyadi & Juandi, 2023; Sezer & Namukasa, 2023; Zuod & Namukasa, 2023). Statistics is
one of the subjects of mathematics for junior high school students. Statistics is data-based problem-
solving. Students must design approaches to address statistical problems, identify relevant variables,
and formulate appropriate questions. It is part of computational thinking skills, namely designing
algorithms to solve problems.

Students are said to have low CT ability if they only master two indicators of CT ability (Rahmadhani
& Mariani, 2021). Students in the low category are usually less able to understand and choose
strategies for completing assignments because they have previously experienced failure and lack self-
confidence when they have to be in unfamiliar situations. Research related to the characteristics of
pattern recognition for solving mathematical problems in CT conducted by Yasin & Nusantara
(2023a) states that students need to be given knowledge of the student pattern recognition process in
number pattern material. Furthermore, Humble & Mozelius (2022, 2023) research describes the
perceptions of grade 7-12 teachers regarding CT for mathematics and technology; the findings state
that teachers see opportunities and challenges in applying CT concepts in mathematics teaching and
learning activities. From the explanation above, no one has discussed the CT abilities of students at
the junior high school level, especially in statistics material, so there needs to be further discussion
about how to map the computational thinking of junior high school students to statistics content in
terms of students’ cognitive abilities? Based on the explanation that has been described, the research
aims to map junior high school students’ computational thinking (CT) on statistical content based on
students’ cognitive abilities, as seen from indicators of decomposition, pattern recognition,
abstraction, and algorithmic thinking.

Previous studies have shown that CT can be applied in various subjects, including mathematics,
science, and language arts (Israel-Fishelson et al., 2021). In the context of junior high school students,
it is essential to investigate how CT can be incorporated into the statistics content, a crucial
component of mathematics education. The current study aims to explore the relationship between CT
skills and statistics content knowledge in junior high school students. Specifically, this research
examines how the core cognitive abilities underlying CT, as assessed by the Computational Thinking



Test, are associated with students’ performance on statistics-related tasks (Roman-Gonzélez et al.,
2017). Existing literature indicates that the critical techniques of CT, such as abstraction, algorithm,
decomposition, and pattern recognition, can be instrumental in formulating and solving contextual
and formal mathematical problems involving statistical concepts (Yuliana et al., 2020).

Furthermore, the study investigates the role of personal characteristics, such as creativity, in the
relationship between CT and statistics performance. Computational thinking and creativity are
considered essential skills for the 21st century, and understanding how these constructs interact can
inform educational practices and curriculum design. The findings of this study can have important
implications for integrating CT into the junior high school mathematics curriculum, particularly in
the domain of statistics. By understanding the cognitive foundations of CT and its association with
statistics content knowledge, educators can develop targeted instructional strategies and assessment
tools to foster the development of these critical skills among students. Through a qualitative
preliminary study, this study explores CT skills in statistics among middle school students.

However, a significant gap in current research is the need for a more comprehensive understanding

of the relationship between cognitive profiles and computational thinking proficiency, as well as the

development of targeted instructional strategies that address the diverse learning needs of students.

Future studies should explore the cognitive underpinnings of computational thinking in greater depth,

examining the specific cognitive abilities and thinking styles that contribute to successful problem-

solving and applying computational principles. By delving deeper into these cognitive foundations,

researchers and educators can collaborate to develop a nuanced understanding of how students

approach and engage with these critical skills (Lyon & J. Magana, 2020; Wing, 2006b). To explore

the data, this study poses the following research questions.

1) How is the decomposition ability of students with different levels of cognitive ability in solving
statistical problems?

2) What are the differences in the application of pattern recognition between students with high,
medium, and low abilities when solving statistical problems?

3) To what extent can students with low abilities apply abstraction in solving statistical problems
compared to students with medium and high abilities?

4) What is the relationship between students’ cognitive abilities and their ability to apply CT skills
to statistical materials?

5) How do students with low abilities explain their problem-solving process, and what challenges
do they face in applying CT skills?

2. Literature Review

2.1 Computational Thinking (CT)

Seymour Paper was the first to propose the capabilities of CT, and in 2006, Jeanette Wing popularized
CT (Wing, 2006a, 2011a). Wing (2006a) argues that CT is an activity in the thinking process in
solving problems that leads to solutions using computational steps or algorithms. Angeli et al. stated
that CT includes decomposition, pattern discovery, abstraction/generalization, algorithms, and
debugging. Horswill said CT is finding solutions to problems from the information provided using
algorithms. CT abilities focus not only on computers but also on how someone can determine the
right way to solve mathematical problems. Computational theory is an introductory program that
provides information about what can be calculated to solve problems (Kang et al., 2023). So, it can
be concluded that CT is part of the ability to solve problems using computational thinking, which
emphasizes thinking to solve problems using logic.

Computational thinking has become a part of everyday life as technology and information advance
(Annamalai et al., 2022; Palts & Pedaste, 2020; Wing, 2006b). It involves breaking down problems,
recognizing patterns, and developing solutions using algorithms and data representation. CT applies
to computer science and various disciplines, including science, mathematics, and engineering. CT



skills, such as decomposition, pattern recognition, abstraction, and algorithm design, can benefit any
field. Therefore, CT should be seen as a fundamental skill for all students to develop, not just those
interested in computer science. This competency is essential due to the ubiquity of technology in our
daily lives and the need to solve complex problems in all areas of study. CT can be integrated into
the curriculum early(Mannila et al., 2014). Introducing students to CT concepts, such as decomposing
problems, identifying patterns, and developing algorithms, can help them develop critical thinking
and problem-solving skills that can be applied across disciplines. By incorporating CT into various
subject areas, students can recognize its relevance and applicability beyond computer science (Wing,
2006b). Further, integrating CT into the curriculum can help students develop a well-rounded set of
skills that will prepare them for the challenges of the 21st century.

For junior high school students, computational thinking models can be used to improve their problem-
solving skills across various subjects (Annamalai et al., 2022). For example, Kazakoff et al. reported
that an early childhood CT intervention using Scratch programming improved students’ problem-
solving abilities (Vourletsis & Politis, 2020). The ubiquity of technology in our daily lives and the
need to solve complex problems in all areas of study underscores the importance of computational
thinking as a fundamental skill for all students to develop, regardless of their specific academic or
career interests. The example of CT implementation in Junior high school can be integrated into math
learning. Researchers have found that CT can be effectively incorporated into math instruction to
improve students’ problem-solving skills. For example, Palts and Pedaste (2020) found that teaching
CT skills, such as decomposition, pattern recognition, and algorithm design, helped secondary school
students better understand mathematical concepts and apply them to solve problems. These studies
highlight the potential for CT to be integrated into various subject areas, not just computer science,
to develop well-rounded problem-solving skills in students (Harangus & Katai, 2020). Then,
Integrating CT into the math curriculum can help students develop a deeper understanding of
mathematical concepts and improve their ability to solve complex problems.

CT goes through two essential steps: the thinking process followed by decision-making or problem-
solving. CT was developed by the Computer Science Teachers Association (CSTA) and the
International Society for Technology in Education (ISTE), stating the characteristics of CT as
follows: (a) Arranging or formulating problems, (b) analyzing problems to make them simple, (c)
describing models and simulations, ( d) develop solution steps, (€) determine possible solutions by
identifying and analyzing and applying the process, (f) generalize the solution to other problems.
Another opinion says that CT consists of several parts: problem decomposition, pattern recognition,
algorithmic thinking, and generalization and abstraction (Csizmadia et al., 2015). CT’s ability in
mathematics is the ability to think and formulate problems in computational form (Selby, 2013; Wing,
2006a, 2011a), which means that CT focuses on solving problems using thinking algorithms
(Cahdriyana & Richardo, 2020a). In this research, CTs are a mindset activity that helps understand
problems with appropriate images through a reasoning process to develop automatic solutions
(Persky et al., (2019); Lee et al., 2014). The four main ideas from CT used as indicators in this
research are decomposition, pattern recognition, abstraction, and algorithms. The four indicators and
descriptions are explained in Table 1.

Table 1
Indicators of CT Ability
Indicators Description
Decomposition Breaking a complex problem or process into smaller, more manageable parts (sub-
problems)
Pattern recognition Identify similarities or common elements between two or more items.
Abstraction Identify the essential and relevant parts needed to solve a problem. Hiding details

so lower levels can be treated as black boxes or discarded. Generalizing a pattern
Algorithmic thinking Instructions or step-by-step for expressing a process or solving a problem.




Source: (Angeli & Giannakos, 2020a; Cahdriyana & Richardo, 2020b; Huang, 2021; Richardo et al., 2021; Yasin &
Nusantara, 2023b)

2.2 CT skills and constructivism theory

CT skills and constructivism theory are related because they focus on developing critical thinking
skills and active problem-solving. As technology advances, the need for these skills in students has
become increasingly important. Integrating computational thinking into educational curricula through
robotics and STEAM subjects can help students develop the logical thinking and problem-solving
abilities required for the 21st century (Zakaria & Iksan, 2020).

Research has shown that exposing students to computational thinking early, even at the preschool
level, can help build a strong foundation for developing these essential skills (Papadakis et al., 2016).
Four essential techniques are central to computational thinking: abstraction, which involves
identifying the relevant information and patterns to solve a problem; algorithm, the step-by-step
process for solving a problem; decomposition, the ability to break down a complex problem into
smaller, more manageable parts; and pattern recognition, identifying the similarities and differences
across problems to apply prior solutions.

Constructivism theory emphasizes that knowledge is built through experience and active interaction
with the environment, where students actively construct their understanding through exploration and
reflection (Valls Pou et al., 2022). This aligns with computational thinking, which requires students
to engage in problem-solving activities, discover solutions, and develop logical reasoning skills. CT
supports the constructivist approach by allowing students to learn through hands-on experience in
solving real-world problems, thereby building a deeper understanding of their learning
concepts(Wess et al., 2021a). Thus, CT and constructivism encourage meaningful learning through
active and reflective engagement.

2.3 The Importance of Computational Thinking Skills for Junior High School Students

Computational thinking, which encompasses breaking down complex problems, identifying patterns,
and developing algorithmic solutions, is increasingly recognized as a crucial skill for students in the
digital age (Sunendar et al., 2020). This is particularly true in mathematical statistics, where
computational thinking can help students better understand complex data analysis and problem-
solving techniques (Angevine et al., 2017). The rapid advancement of technology has transformed
the landscape of mathematics and statistics, requiring students to adopt new ways of thinking and
problem-solving (Li et al., 2020). Computational thinking, which involves “a way of solving
problems, designing systems, and understanding human behavior,” has become a vital skill for
students to acquire. This approach encourages students to view problems through a structured lens,
breaking them down into manageable components and identifying patterns and relationships that can
inform the development of practical solutions. At the junior high school level, integrating
computational thinking into mathematical statistics curricula can benefit students by enabling them
to cultivate a more nuanced comprehension of complex data analysis methodologies and hone their
problem-solving aptitudes.

Implementing computational thinking in teaching mathematical statistics to junior high school
students can yield several advantages. First, it helps students develop a more robust understanding of
the underlying structure of statistical problems, enabling them to approach these challenges with a
systematic and logical mindset (Setiawan, 2020). By breaking down complex problems into smaller,
manageable parts, students can more easily recognize patterns, relationships, and trends within the
data, ultimately enhancing their ability to devise effective algorithmic solutions. Furthermore,
integrating computational thinking into the mathematical statistics curriculum can foster the
development of critical thinking and problem-solving skills (Hardin & Horton, 2017; Horton &
Hardin, 2021; Nolan & Temple Lang, 2010). By engaging in algorithmic design and implementation,



students learn to analyze problems from multiple perspectives, evaluate the efficiency and
effectiveness of their solutions, and iterate on their approaches to achieve more optimal outcomes.

In addition to these academic benefits, incorporating computational thinking into the junior high
school mathematical statistics curriculum can have broader implications for students’ future academic
and professional pursuits (Horton & Hardin, 2021; Nolan & Temple Lang, 2010). As the workforce
continues to evolve, driven by technological advancements, the ability to think computationally and
apply this mindset to various problems will become increasingly valuable for students as they
navigate their future educational and career paths. In conclusion, integrating computational thinking
skills into the mathematical statistics curriculum for junior high school students is a critical step in
preparing them for the challenges and opportunities of the digital age.

2.4 The Importance of CT Skills for Junior High School Students

Statistics is one of the subjects studied in Junior High School. The expected essential competencies
are (a) analyzing data based on data distribution, average value, median, and mode and distribution
of data to conclude, make decisions, and make predictions; (2) presenting and solving problems
related to data distribution, average value, median, mode, and distribution of data to conclude, make
decisions, and make predictions (Kemdikbud, 2021). In the 21st century, we are surrounded by data
in various forms, whether from social media, news media, or other sources (Abidin & Herman, 2023;
Csizmadia et al., 2015; Maharani et al., 2021b). Understanding statistics can help students
differentiate between relevant and irrelevant information and make informed and rational decisions.

2.5 Different cognitive levels in CT abilities

Recent studies have revealed that students with different cognitive profiles exhibit varying degrees
of proficiency in computational thinking (Wing, 2006b). For instance, individuals with strong logical
and analytical skills may excel in the algorithmic aspects, such as designing efficient step-by-step
solutions. Conversely, learners with creative and imaginative cognitive styles often demonstrate
particular aptitude in conceptualizing and framing problems, identifying unconventional approaches
to complex challenges (Annamalai et al., 2022; Miller et al., 2013). These findings underscore the
need for a multidimensional and inclusive approach to developing computational thinking skills,
recognizing and leveraging learners’ diverse cognitive strengths and preferences. Furthermore,
existing research highlights the importance of cultivating computational thinking skills across all
educational levels, from primary to tertiary, to prepare students for the demands of the digital age
(Zakaria & lksan, 2020). By integrating computational thinking into the curriculum, educators can
equip students with the necessary cognitive tools to navigate an increasingly complex, technology-
driven world, empowering them to become active problem-solvers and creative thinkers (Herrero-
Alvarez et al., 2023).

3. Materials and Methods

The research method is descriptive qualitative (Kuckartz & Radiker, 2023). This research used a
qualitative approach to obtain data from the answers to the descriptive questions given to students to
obtain an overview of the CT abilities of class VIII junior high school students. This description
question is a question on statistics material for class VIII junior high school students, which was
created and developed so that the solution can lead students to use CT indicators.

3.1 Research stages

Descriptive research was carried out with the following research stages: first, determining students to
be used as potential research participants; second, giving essay assignments to students as potential
research participants to become research participants; third, analyzing the results of students’ work
as research participants to determine the profile of CT abilities; fourthly, analyzing the results of



students’ essays as research participants who are measured based on CT indicators used to map CT
abilities. The research stages can be seen in Figure 1.

Figure 1
Research stages

* Determining * Profiling students'
students as CT abilties as
potential research * Giving research subjects * Mapping students’
subjects assignments  to CT abilities as
students as research subjects
potential research
subjects

3.2 Research participants

The research participants comprised six junior high school students from class VIII: four girls and
two boys out of 30. The students selected for this research were students with different initial abilities;
two had high initial abilities, two had medium abilities, and two had low abilities. The six students
have received learning in statistics content.

3.3 Data collection

The instrument used is descriptive questions consisting of three types of questions in statistical
material based on CT indicators, namely (a) type 1 questions related to students’ ability to solve
problems related to averages, (b) type 2 questions related to students’ abilities in looking for data if
some data is known, and (c) type 3 questions are related to students’ ability to find a value if the
average value and data range are known. The essay questions were adopted from the student
handbook issued by the Ministry of Education, Culture, Research and Technology of the Republic of
Indonesia and the Collection of Junior High School Mathematics Olympiad Questions. Mathematics
education experts validated the questions. Before the questions were used for research, the essay
questions were first tested on 30 junior high school students with the criteria of having studied
statistics material. The results of the trial obtained valid and reliable essay questions. The description
questions are adapted from the student handbook issued by the Ministry of Education, Culture,
Research and Technology of the Republic of Indonesia. They have 80 minutes to complete the
description questions. This question is used to measure students’ CT abilities. Moreover, semi-
structured in-depth interviews were carried out to obtain more valid data. This activity aims to obtain
information regarding the student’s completion process in answering CT questions.

After students complete the questions, an interview is then carried out. In this interview, students are
asked questions regarding intuition and process procedures when looking for solutions when working
on essay questions. This interview aims to document students’ abilities in formulating solution
procedures in computational thinking. Interview questions are also used to determine the
characteristics of students’ abilities in solving given problems. The results of the interviews were
recorded and transcribed, saved, tabulated, and summarized in transcription form. Then, the written
documents are analyzed to obtain profiling and mapping of students’ CT abilities.



Table 1

Aspects, Indicators, and Research Instrument Questions

Question for

Question for

Question for

Aspect Indicator ability high ability medium ability low
Decomposition Able to solve How will solving Try toexplainhow Can you explain
(Egidi, 2015; problem complex problems become solving a problem what needs to be
Resnick & into smaller, more smaller, more becomes several done to finish the
Kazemi, 2019) defined sub- manageable steps  parts, small problem

problems with

good

Able to identify the What are the main  Mention  several Can you mention

main components components of the parts essential to things to do under

of a problem problem? the problem consideration  for
finishing the
problem

Able to determine In what order will Trytosequencethe Can you explain

the sequence of you complete the steps necessary to the sequence of
steps needed to steps to solve the solve the problem steps that need to
solve a problem. problem [name [name the be taken to solve
problem]? problem]. the problem [name
the problem]?

Abstraction Features What features are Try to mention Can you explain?
(Knoblock, 2017;  significant essential from the several essential What is  most
White et al., 2012)  problems and problem [mention matters from important to be
ignores details that problem] that need problem [mention noticed in the
are not relevant. to be solved and problem] that must finish problem

considered to be solved to finish. [mention

finish it? problem]?

Able to represent
information in a
more
straightforward
and easier-to-
understand form.

How would you
simplify the [name
the problem]
problem to make it
easier to
understand?

Try to explain how
it would make the
[name the
problem] problem
more
straightforward to
understand.

Can you explain in
simpler terms what
you want to
achieve to solve the
problem [name the
problem]?

Able to focus on
aspects essential to
problems and

What is needed to
be ignored in the
problem [ mention]

Try to explain what
does not need to be
noticed in problem

Can you mention
things that are not
important for the

ignore details that problem] to focus [mention] finish problem
are not relevant. on solving it? problem] to focus [mention]
on the solution. problem]?

Algorithm

(Bacelo & Gomez-
Chacon, 2023; Liu
etal., 2024)

Able to develop
well-defined and
sequential steps to
solve a problem.

How would you
develop clear and
structured steps to
solve the problem

Able to develop
well-defined and
sequential steps to
solve a problem.

How would you
develop clear and
structured steps to
solve the problem

[name the [name the
problem]? problem]?
Able to use clear How would you Try to write down Can you explain
and structured write clear, easy- the instructions simply how to
instructions to to-understand you think are solve the problem
solve a problem. instructions to necessary to solve [name the
solve the problem the problem [name problem]?

[name the

problem]?

the problem] in a




way that is easy to
understand.

Able to evaluate
and refine the steps
in an algorithm.

Will you assess and
improve the steps
in your solution to
the problem [name

Try to evaluate and
improve the steps
you used to solve
the problem [name

Can you explain
what needs to
change in the way
you solve problems

problem]? the problem]. [name the problem]
Pattern Able to identify Can you find the Try to explain if Able to identify
recognition patterns in data or pattern in data you findthe pattern patterns in data or
(Boysen, 2019; information. [mention data]? in data [mention information.
Gillott et al., 2020) data].
Able to explain How would you Try to explain the Can you explain?

observed patterns
in data or
information.

explain the pattern
you found in data
[mention data]?

pattern you found
in data [mention
data] in your way.

What did you find
in data [mention
data]?

Able to use
observed patterns
to make
predictions or
make decisions.

What can you
predict based on
the pattern you
found in the data
[mention data]?

Able to use
observed patterns
to make
predictions or
make decisions.

What can you
predict based on
the pattern you
found in the data
[mention data]?

3.4 Data analysis

The collected data was analyzed using directed content analysis to show students’ CT abilities in
mathematics and technology for grades 7-12(Hsieh & Shannon, 2005; Kuckartz & Radiker, 2023).
Content analysis systematically interprets and describes textual data (Assarroudi et al., 2018;
Mayring, 1997). The analysis stages are carried out in nine steps, namely as follows:

The first step is to analyze CT capabilities, which are explained based on CT indicators. It is done
deductively using a theoretical framework related to the studied CT topic. The second and third steps
define and formulate CT indicators, which are the focus of the research. The fourth step was selecting
a small sample from the collected data. The small sample chosen was two students in class VIl at a
junior high school who had high initial abilities, two with medium abilities, and two with low initial
abilities. This research’s total sample was six out of 30 students. This sampling was based on the
initial test results and recommendations from the mathematics teacher in that class. Then, the fifth
step determines how to create essay questions so that the answers lead students to think
computationally. The sixth step is to analyze the primary data using documents from students’
answers to essay questions. The seventh step uses an inductive approach, grouping students’ answers
with high and low initial abilities. It will be related to the pattern of students answering questions
according to the CT indicators. The eighth step is to compare students’ answer patterns to determine
students’ abilities in solving problems using CT indicators. Finally, the ninth step includes organizing
and reporting the research.

4. Results

The results of the research and discussion will convey students’ abilities in decomposition, pattern
recognition, abstraction, and algorithms. The research results were described by providing
information about students’ answers to three types of questions, which were classified based on
students’ abilities. The following are the results of answers from students with high ability in solving
type 1 questions (Figure 2).

Figure 2



Results of answers from students with high ability on type 1 questions
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Figure 2 above shows that students start answering by writing down all the information they know
and then writing down what needs to be resolved from the problem; thus, students have carried out
the decomposition process. Students also write strategies and steps for solving problems, namely by
writing the average formula, so that students can process abstraction. Then, students write the average
formula to solve the pattern recognition problem. Using the formula written, students can understand
and analyze the problem with the steps guided in the average formula to determine the average being
asked; with this activity, students are already thinking about algorithms. Then, it is different for
students with medium ability in answering type 1 questions, as seen in Figure 3.

Figure 3
Results of students’ answers with medium ability on type 1 questions
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Figure 3 shows that students answered the questions by making illustrations or pictures that show
information for each group, which is an activity in the decomposition process. Next, students continue
by passing on the donations for each group to find out the results of the unknown donations from
group three. It is an abstraction process activity. Then, students continue using the average formula
to find the contribution results. At first, the student tried to make an average student contribution of
9,000 and got the wrong class average result. Then, the students tried again with the number 8,000
for the average contribution of groups of three, which produced the correct average for one class.
This activity is an activity in the pattern recognition process.



Moreover, all the students’ activities in answering type one questions are algorithmic, namely finding
logical and structured solutions. Different things were found in students with low abilities in
answering type 1 questions. The answers of students with low abilities can be seen in Figure 4.

Figure 4
Answer results of students with low abilities on type 1 questions
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Figure 4 shows that students start writing answers by writing down important things, namely,
information known from the question and information about what is being asked, which is a
decomposition activity.  Then, students write the average formula as a first step in solving the
problem. Based on the average formula written by the students, they can apply this formula by writing
down the number of the number of each group and the number of the average contribution of each
group. It shows that students have carried out the abstraction process. The student’s answer stops at
this point. The following student cannot continue the algebraic results of the numbers he has written.
The following are the results of answers from students with high ability in solving type 2 questions
(Figure 5).

Figure 5
Answer results of students with high initial abilities on type 2 questions
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Figure 5 shows that students also use the same steps as answering type 1 questions; they start their
answer by writing down essential information related to the question, which becomes a small and
informative part. This activity is a decomposition process. Next, students create a mathematical
equation from the information obtained, an abstraction activity. Then, students can write down the
formula for the average number of visits each day using the formula. This activity is pattern
recognition. Looking at the answers that students have made, it can be seen that they can think
sequentially and gradually to find logical and structured solutions. This activity is an algorithmic



thinking activity. The answers of students with moderate abilities on type 2 questions can be seen in

Figure 6.
Figure 6
Results of students’ answers with moderate ability on type 2 questions
2 ik : Cemosn - 48 -
e 5 0 =7
Cza (] P 20

sl
BEdctons (Vig

Yawak: SENC Y S ibr e S
N

Figure 6 shows that moderate-ability students can write important information from the questions.
This activity is an activity in the decomposition process. Then, students can create an equation for
the answer, and this activity is an abstraction process. It can be concluded that students can only write
formulas from the average, so it can be said that students cannot carry out strategies for solving these
formulas. Moreover, students with low abilities cannot answer type 2 questions because they think
the questions are too complex. Then, the results of the answers of students with high ability to solve
type 3 questions are shown in Figure 7.

Figure 7.
Answer results of students with high abilities on type 3 questions
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Based on Figure 7, it can be seen that students start answering questions by writing down important
information, namely writing down something they know and being asked; this activity is called the
decomposition process. Next, students continue their answers by writing down several equations
needed to determine the steps and solutions, then continue by substituting the information obtained
in these equations; this activity is called the abstraction process. By looking at Equation 1 and
Equation 2 in the answer, students can find the p-value. However, from the student’s answer, it can
be seen that the student could not continue the strategy based on the formula that had been determined.
The student could not find the value of q, so the student could not answer question type 3 successfully.

The findings differ from those of students with moderate initial ability; students with this ability failed
to answer question type 3. Students with medium ability could only write down important information
from a question, and this activity is a decomposition process (Figure 8). Students with low ability
did not write answers to question type 3. Students with low ability could not answer type 3 questions
because the students thought the questions were too complicated.



Figure 8
Results of students’ answers with medium ability on type 3 questions
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Based on the findings and descriptions of students’ answers, the research results were classified based
on four CT indicators: decomposition, pattern recognition, abstraction, and algorithmic thinking—
these indicators map CT abilities in statistics content for class VIII SMP students. CT capability
mapping is described as follows.

Table 2.

Findings research junior high school students’ high, medium, and low CT ability on material statistics.

CT Indicators Student High Ability Stud?gill\ﬂ(;dlum Student Ability Low

Decomposition Accessible break They can break down the Experience  difficulty
problem complex problem into smaller breaking problems into
become smaller parts; parts but may experience smaller parts; tend to
able to identify sub- difficulty in identifying finish the problem in a
problems; can see the all sub-problems or way overall without
connection between part. connections between further analysis.

parts.

Abstraction Easy to identify patterns | can identify patterns | experience difficulty
generally; can make a generally with help, but I identifying general
mental representation of have difficulty making patterns and making
draft  abstract; can accurate generalizations. generalizations.
generalize from specific
examples.

Algorithm Can design clear and Can  follow  given Experience  difficulty
structured  steps  for algorithms but may have understanding and
finish problems; able to difficulty designing own following  algorithms;
evaluate efficiency algorithms. tend to use trial and
algorithm. error.

Pattern Recognition Easy to identify patterns It can identify a simple Has difficulty

in data; can use patterns pattern, but it is possible identifying patterns;
to make predictions; can to have  difficulty tends not to use patterns
classify data based on identifying more to solve problems
patterns. complex patterns.

The following describes the results of interviews with respondents regarding CT capabilities
classified based on CT indicators.

4.1 Decomposition

The research results show that students consider CT decomposition related to writing down
information from a given problem. Students can use decomposition to understand problems by
writing down information that is considered essential. Students also often practice this activity when
solving story problems. This activity helps students solve the questions given. By applying
decomposition, students are more directed and focused on solving problems. Decomposition



activities can improve students’ ability to understand the instructions from the questions. Previously
complicated or complex instructions can be broken down into simpler ones that are easier to
understand and more informative.

Practicing CT decomposition through mathematics learning can positively affect student
performance. However, there are also challenges in applying decomposition in mathematics learning.
Some students had difficulty decomposing activities to solve problems. Decomposition is more
accessible for students with high and medium initial abilities to apply. Students with high and medium
initial abilities can apply decomposition activities to solve problems. Students with low abilities have
difficulty implementing decomposition activities, but this is only a portion of students; not all students
with low abilities experience difficulties.

Students with low initial abilities think that decomposition is considered complicated. It depends on
the student’s situation when working on the questions. Some students are not used to solving
problems and feel frustrated when reading questions. As one student expressed, students felt
frustrated reading the questions, so they had no intention of solving them.

“Saya frustasi dalam membaca soal, kalimat dalam soal membuat saya bingung”.
(“I was frustrated when reading the questions; the sentences in the questions
confused me.")

Decomposition takes practice, understanding the overall problem, and how everything is connected
and interrelated (Sweeney et al., 1978). Decomposition is fundamental in problem-solving and
complex for low-ability students to master. Of the three questions in the present study, students with
low abilities could only apply decomposition to the first question by writing down essential
information in the form of what was stated and asked about the question. Students with low and
moderate abilities can apply decomposition to the three questions. Decomposition activities are
characterized by writing down the information revealed in the question and what is asked about in
the question. Strategies to enhance decomposition ability include prompting students to outline the
problem, identify the goal, and list the relevant information (Boyer et al., 2010).

This indicates they may struggle with more complex tasks that require breaking down a problem into
smaller, manageable parts. Their ability to decompose a problem may be limited to merely
recognizing and noting the stated facts without further processing or strategizing (Marinsek et al.,
2014). In contrast, students with moderate abilities demonstrated a greater capacity to apply
decomposition to all three questions. This suggests they possess a more developed ability to break
down complex problems into smaller steps, enabling them to tackle a broader range of challenges.
While they might still face difficulties with deeper problem-solving aspects, their ability to
consistently apply decomposition across multiple questions shows a higher level of cognitive function
than low-ability students. This difference highlights the gap in computational thinking skills,
particularly in the ability to deconstruct and approach problems methodically (Fuchs et al., 2008).

4.2 Pattern recognition

Pattern recognition is the key to determining the right solution to a problem and knowing how to
solve a specific type of problem. Recognizing common patterns or characteristics can help solve
problems and help determine solutions. The research results show that students’ pattern recognition
cannot be seen from students’ answers. Pattern recognition occurs when information from the
environment is received and entered into short-term memory, causing the automatic activation of
specific content in long-term memory. Pattern recognition allows students to predict and expect what
will happen. The pattern recognition process involves matching the information received with
information already stored in the brain. Making connections between memory and perceived



information is a pattern recognition step called identification. Pattern recognition requires repetition
of experience. The following is a quote from one of the high initial-ability students.

“Saya menjawab soal dengan cara menemukan rumus yang cocok dan
menyelesaikan rumus tersebut dengan teliti, sampai saya menemukan solusinya.
Namun untuk soal nomor 3, saya tidak mampu menyelesaikan sampai akhir karena
keterbasan waktu”

(“I answer questions by finding a suitable formula and solving the formula carefully
until I find the solution. However, for question number 3, | was unable to complete it
until the end due to time constraints.")

Pattern recognition is a complex activity for students. Difficulty in recognizing patterns will impact
students’ success in developing solutions (Nguyen et al., 2020). In the present study, students with
high initial abilities can correctly apply pattern recognition to the three questions. Students with
moderate initial abilities can only apply to question number 1. Students with low initial abilities
cannot apply pattern recognition to the three questions. The following is a quote from a low-ability
student.

Students with high initial abilities could apply pattern recognition across all three questions,
indicating that they could effectively identify relationships, trends, or similarities within the data.
This skill allows them to systematically break down and analyze problems, leading to more efficient
problem-solving. Their ability to consistently recognize patterns across different questions
demonstrates a well-developed capacity for abstract thinking and connecting different pieces of
information (Federova, 2008).

On the other hand, students with moderate initial abilities could only successfully apply pattern
recognition to the first question. This suggests that while they possess some ability to identify
patterns, it is limited and might not extend to more complex or abstract problems. Their difficulty in
recognizing patterns beyond the first question may stem from a lack of deeper cognitive strategies or
insufficient practice with similar problems (Johnson & Tubau, 2015).

Students with low initial abilities could not apply pattern recognition to any of the three questions,
highlighting a significant struggle in identifying relevant patterns within the data. This inability
reflects a more fundamental challenge in understanding the structure of problems, which limits their
capacity to engage in computational thinking. These students likely require more foundational
support and practice to develop their pattern recognition skills (Lecorchick et al., 2020).

“Saya tidak mampu menemukan jawabnnya, karena saya tidak tahu cara untuk
menjawabnya, tidak tahu menggunakan rumusnya, dan juga tidak tahu cara
penyelesainnya. Jadi saya tidak menjawab soal tersebut”

(“I could not find the answer because I did not know how to answer it, how to use the
formula, and how to solve it. So, did not answer that question.")

4.3 Abstraction

This study found general practices for solving problems in mathematics learning regarding CT
abstraction. Abstraction is an essential skill for distinguishing between what is essential and what is
less critical. The abstraction carried out by students in solving problems is in the form of highlighting
essential parts of the instructions and finding general patterns for solving problems. In mathematics,
abstraction is about finding patterns and cause-and-effect relationships. Abstraction is the CT skill
most commonly used in mathematics learning. Abstraction is an essential first step in solving
problems in general, namely identifying the most essential parts of a problem to form an overall
picture of the solution. Abstraction is needed for activities to determine the right solution.



The application of abstraction by students in answering questions takes the form of determining the
right idea as a solution to the problem or determining a suitable strategy for solving the problem and
determining ideas or strategies for solving problems by formulas appropriate to the data held. The
following is a quote from a student regarding abstraction in problem-solving.

“dalam menjawab soal saya dapat mengidentifikasi soal dan dapat menentukan
solusi atau ide berupa rumus yang digunakan dalam menjawab soal”

(In answering questions, | can identify questions and determine solutions or ideas in
the form of formulas used in answering questions)

In applying abstraction, students with high initial abilities can apply it to the three problems given.
The abstraction is applied using the chosen formula to solve the problem. High initial ability students
can use appropriate ideas or strategies according to the data the students have. Students with moderate
initial ability can only apply abstraction in questions 1 and 2, but in question number 3, students with
moderate ability cannot. From a quote from a student with moderate initial ability who cannot apply
abstraction because the student is confused about determining ideas/formulas, in the case of too much
data obtained, the following is a quote from a student with medium initial ability.

“Saya tidak mampu menuliskan rumus atau ide pada soal no 3, karena soal no 3
banyak data yang saya memiliki, dan saya tidak dapat mengaitkan data satu dengan
vang lainnya, saya bingung milih rumus atau ide yang cocok”

(“I cannot write a formula or idea in question number 3 because question number 3
has data, and | cannot relate one data to another. I am confused about choosing a
suitable formula or idea."”)

Low-ability students struggle to apply abstraction, which is the ability to focus on the essential
elements of a problem while ignoring irrelevant details. Their difficulty in abstract thinking means
they cannot generalize or simplify complex problems, limiting their ability to solve more advanced
tasks (Akin & Murrell-Jones, 2018; Rivera-Reyes & Perez, 2016). In this case, they could only apply
abstraction in the first, presumably simpler, question, where the need to generalize or simplify may
have been minimal. This suggests that when the problem becomes more abstract or requires a more
profound understanding, low-ability students find it challenging to engage with the necessary
cognitive processes (Montague & Bos, 1990).

In contrast, abstraction is less challenging for high- and medium-ability students (Lakin & Wai, 2020;
Reis et al., 2004). These students can more readily identify the key elements of a problem and ignore
extraneous information, allowing them to engage with the problem more efficiently and formulate
solutions. Their cognitive capacity enables them to see the bigger picture and generalize from specific
examples, essential in solving more complex problems. One factor contributing to the varying levels
of abstraction is the ability to think critically. This highlights the importance of developing students’
problem-solving skills and their capacity for abstraction, which can be crucial for success in technical
fields like electrical engineering. This difficulty with abstraction highlights a cognitive gap that low-
ability students face, particularly in higher-level tasks that require strategic thinking and the ability
to generalize beyond specific cases.

“Saya tidak faham dengan soal yang diberikan, saya bingung dengan soal yang
panjang dan saya tidak tahu rumus apa yang digunakan dalam menjawab soal
tersebut”

(“I do not understand the questions given, I am confused by the long questions, and
I do not know what formula to use to answer the questions”)



Abstraction is an activity that students can understand quickly if they pay more attention when the
teacher provides explanations. Abstraction is an activity that students must have in solving
mathematical problems. When students can apply abstraction, they can solve most of the problems.

4.4 Algorithmic thinking

The research results show that applying algorithms can encourage students to be precise in their work
and think structured. The algorithm is run by students using teacher practice in class. Algorithmic
thinking is needed in solving mathematical problems. An algorithm is a way of creating instructions
to solve a problem. Students face many challenges when applying algorithms. More students want
shortcuts. Students tend to be careless in some of their solving or calculation steps. Because they want
a shortcut, they have difficulty solving problems. Sometimes, students give solutions that do not make
sense.

The application of student abstraction in solving problems can be seen from the results of students’
answers, namely by looking at the structure of students’ thinking. Algorithms in solving mathematical
problems are seen from structural and sequence thinking in finding solutions. Students who think
algorithmically state that by choosing a strategy or idea to find a solution, they start thinking about
how to carry out the idea to the end. One of the quotes from students with high initial abilities

“Saya memilih ide atau strategi yang tepat untuk solusi. Kemudian, saya berpikir
dan menjelaskan ide tersebut dengan teliti, sehingga menemukan solusi. Saya
berpikir dari data yang diperoleh, kemudian memilih strategi atau rumus dan
menjalan rumus tersebut hingga akhir”

(“I choose the right idea or strategy for the solution. Then, carefully think about
and explain the idea to think from the data obtained, then choose a strategy or
formula and follow the formula to the end.")

Applying algorithmic thinking is not difficult for students with high abilities. Students with high
initial abilities can think algorithms on all three questions. Algorithmic thinking is complex for
students with medium and low abilities (Wess et al., 2021b). Students with moderate ability can only
apply thinking on question number one, while students with low ability cannot apply algorithmic
thinking skills on the three questions. Students with medium and low initial abilities are seen
answering questions using inconsistent shortcuts. Students are careless in implementing the chosen
idea, so they cannot find a solution. The following is a quote from a student of medium ability. In
contrast, students with low ability have poor mathematical problem-solving skills because they
cannot solve problems completely (Lionetti et al., 2010)

“Saya tidak tahu cara menyelesaikan soal. Setelah saya menuliskan yang
diketahui dan ditanya dari soal, kemudian saya ingat dengan rumus yang
diajarkan oleh guru. Namun, saya tidak tahu cara untuk menggunakan rumus
tersebut. Saya lupa. Jadi, saya isi sesuai dengan yang saya ingat saja. Dan tidak

yakin benar dengan jawaban yang saya tulis”

(“I do not know how to solve the problem. After I had written down what I knew and was
asked about the question, | remembered the formula the teacher had taught. However, |
do not know how to use the formula. | forget. So, I just filled in according to what |
remembered. And | am not sure if the answer | wrote is correct.")

5. Discussion

The research results showed that some students could solve problems using CT indicators. Students’
abilities can be seen from the answers to the description questions. In the decomposition indicator,
students describe by writing down information that can be taken from the question, such as writing



down what is known and asked about it (Angeli & Giannakos, 2020b; Selby, 2013; Wing, 20063,
2011b). Writing down information like this makes students focus on solving problems.
Decomposition breaks down a problem into smaller, more manageable sub-problems(61,62). This is
an essential skill for CT because it allows students to understand the problem more clearly and
develop a plan for solving it. Students described the activity of writing down this information as
having high, medium, and low initial abilities. This decomposition process can prevent students from
accessing unimportant information and focusing on solving problems. Students’ decomposition
activities are also found by making illustrations or pictures showing each group’s information (Abidin
& Herman, 2023; Astuti et al., 2023; Basu et al., 2016; del Olmo-Mufioz et al., 2023; Huang et al.,
2021; Isharyadi & Juandi, 2023; Sung & Black, 2020; Ye et al., 2023). Information is presented in
images to look like a picture of the question; this makes it more informative than a question.

Students with low initial abilities find decomposition activities difficult (Azizah et al., 2022; Hui &
Umar, 2013; Kwon & Cheon, 2019). Humble and Mozelius (2022)(Humble & Mozelius, 2023) said
that students find CT decomposition difficult and often challenging in mathematics. For students who
find decomposition activities difficult, it is recommended that they practice and carry out discussion
activities to solve practical problems related to everyday life (History et al., 2023; Tsamir et al., 2015).
This activity can be carried out in the form of group learning. Students are given a complex problem
by being allowed to find some information in it so that it can become a more straightforward problem.
Each group is given a sub-task to complete, and then all groups discuss whether the solution to the
sub-task can solve the overall problem. Students usually form thoughts by writing a decomposition
to recognize patterns from the collected data. The application of pattern recognition to students is not
visible in their writing but will be visible in the student’s thoughts. By using a formula or choosing a
strategy that suits the data, students can find out what data is missing from using the formula.
Something that is missing is a problem that must be resolved. This activity is pattern recognition
(YYasin & Nusantara, 2023a). Pattern recognition is an activity that matches questions with similar
descriptions of questions stored in students’ minds.

Pattern recognition implementation was successful for students with high prior ability but proved
difficult for students with medium and low ability. Pattern recognition can encourage students to be
more precise in determining strategies and introduce them to teacher practices in understanding
problems and recognizing relationships between one piece of information. For students with high
prior ability, findings indicate that they can identify and utilize recurring patterns effectively to
construct solutions to given problems (Harangus & Katai, 2020). In contrast, students with medium
and low ability often struggle to recognize relevant patterns or translate their pattern recognition skills
into effective problem-solving strategies. Therefore, it is recommended that teachers provide
opportunities for students to discuss in groups to solve problems so that pattern-recognition activities
can emerge. These findings imply that although computational thinking strategies, such as pattern
recognition, can be a valuable tool for improving problem-solving skills, their effectiveness may
depend on students’ prior knowledge and abilities (Garvin et al., 2019).

Students describe the abstraction indicator as writing down strategies or ideas to determine solutions.
A suitable idea or strategy can be in the form of determining a formula for solving problems. The
abstraction process is making meaning from the data obtained to solve problems (Isharyadi & Juandi,
2023; Lee et al., 2014b; Soboleva et al., 2021; Widiyawati et al., 2022). Finding a strategy that fits
the data obtained will lead students to the right solution. The abstraction indicator of CT ability
identifies essential and relevant things in solving problems (Huang et al., 2021; Soboleva et al., 2021;
Widiyawati et al., 2022; Yuntawati et al., 2021). Abstraction skills can be carried out by students with
high and medium initial abilities, while low-ability students are unable to write abstraction indicators
(Afifah et al., 2023; Lisa et al., 2024; Rabiudin et al., 2023; Sidik et al., 2024). Abstraction indicators
are one of the problematic activities for students in learning mathematics (Huang et al., 2021,
Kalelioglu, 2018; Sezer & Namukasa, 2023; Zuod & Namukasa, 2023). For students who find



abstraction difficult, practicing and discussing with friends in groups is recommended to solve
practical problems related to everyday life. Teachers provide complex problems by allowing them to
be abstracted. In the initial abstraction stage, the teacher asks students how the problem can be
presented and abstracted to find an overall solution strategy.

Algorithms in CT can be used to encourage students to be more precise and structured in their work.
Student algorithm activities can be seen in how students solve problems and correctly roll out
strategies(Bodner, 1987; Ritter et al., 2019). Students’ thinking is structured and sequential, so finding
the right solution is algorithmic. By looking at students’ answers from start to finish, it can be seen
that students think sequentially and gradually and find logical and structured solutions; this is the
same as algorithmic thinking activities (Abidin & Herman, 2023; Csizmadia et al., 2015; Maharani
et al., 2021b; Selby, 2013; Van Borkulo et al., 2021). Algorithmic thinking is also characterized by
students being able to find logical and structured solutions (Humble & Mozelius, 2023; Yasin &
Nusantara, 2023a). Algorithmic thinking is easy for students with high abilities to apply but difficult
for students with medium and low initial abilities. Medium and low initial-ability students could not
apply algorithmic thinking to the second and third questions. If an algorithm is defined as any series
of steps in everyday life, then the algorithm is easily applied by students.

6. Conclusion

Based on these findings, this research can conclude that students with low abilities are less capable
of pattern recognition, abstraction, and algorithmic thinking, so they cannot apply CT indicators to
solve problems. Meanwhile, students with high abilities can solve problems using the CT indicator
stages. It is illustrated in the decomposition indicator, characterized by students’ ability to collect
important information in written form from what is known and asked from the questions. In the
pattern recognition indicator, student activities are not visible in students’ answers, but pattern
recognition is in the form of students’ activities to match questions with past experiences in their
minds. Then, in the abstraction indicator, where students determine strategies for solving problems
in the form of decisions taken in solving problems, this activity is marked by selecting relevant
formulas. Finally, the algorithmic thinking indicator in statistics material is characterized by finding
solutions in a logical and structured manner. Students with moderate abilities can solve one problem
out of three problems given with indicators of decomposition abstraction and are less capable of
pattern recognition and algorithmic thinking. Students with low initial abilities could not solve the
three problems, but in questions one and three, the students could write decomposition indicators.

7. Limitations and future research

The results of this research are based on limited material, namely on statistics content for junior high
school students, and include four CT indicators: decomposition, pattern recognition, abstraction, and
algorithmic thinking. Three potential future studies that could overcome these limitations are (1)
investigations of more significant numbers of participants; (2) Investigation of material content other
than Statistics, for example, Numbers, Algebra, Measurement, and Geometry; (3) investigation of all
CT indicators. These three studies could also be combined for a more thorough investigation of the
opportunities and challenges of CT, with the idea of a mixed methods approach.
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Charting a Course: Exploring Computational Thinking Skills in Statistics
Content among Junior High School Students

Computational Thinking (CT) skills are increasingly recognized as essential for junior high school students,
especially in addressing the demands of the digital era. This study explores how CT skills—decomposition, pattern
recognition, abstraction, and algorithmic thinking—manifest in learning statistics based on students’ cognitive
abilities. The research method used a qualitative approach. The study involved 30 junior high school students,
focusing on six participants representing high, medium, and low initial abilities. This study uniquely maps
students’ CT performance in solving statistical problems, a domain where such skills have been underexplored.
The results reveal substantial differences based on cognitive ability: (a) students with high cognitive abilities
demonstrate a comprehensive mastery of CT skills across all four indicators in solving statistical problems; (b)
students with moderate abilities display partial competence, excelling in decomposition and abstraction but
struggling with pattern recognition and algorithmic thinking; (c) students with low abilities show limited success,
with essential achievements in decomposition but difficulties in other CT skills. The novelty of this research lies
in its targeted focus on the intersection of CT skills and statistical problem-solving in junior high students, offering
critical insights for curriculum development. The findings suggest that integrating CT skills into statistics
education fosters problem-solving capabilities across varying cognitive levels, ensuring more inclusive and
effective learning in the digital era.

Keywords: computational thinking, junior high school, statistics education, cognitive abilities, qualitative
research, problem-solving

@introduction

In a world increasingly influenced by computing, Computational Thinking (CT) has become an
essential skill for every individual (Chakraborty, 2024; Ojha et al., 2024). Maharani et al. (2021),
assert that CT is critical for addressing the challenges of the digital era. Therefore, education systems
must adapt to prepare students with the cognitive tools needed to solve problems computationally.
This includes understanding how computers work and identifying problems that can be solved
through computational methods (Sarmasagi et al., 2024). Moreover, these skills require the effective
use of digital tools to solve problems within mathematical contexts (Sezer & Namukasa, 2023; Ye et
al., 2023).

The integration of computational thinking (CT) into education is crucial in the digital era to enhance
students' problem-solving skills. Classroom observations in Grade 8 during this study revealed that
high-performing students could effectively apply CT concepts, such as patterns and algorithms, while
low-performing students struggled with abstract concepts without concrete examples. Real-life
scenarios proved instrumental in bridging this gap, underscoring the need for adaptive teaching
strategies to optimize CT integration in statistics education.]

CT combines mathematical, logical, and technological abilities to shape individuals who are
confident, open-minded, and adaptive to change (Kang et al., 2023; Miswanto, 2024). In education,
integrating CT into mathematics and science curricula, as promoted by the Next Generation Science
Standards (NGSS), has demonstrated broad applications in areas such as algebra, geometry,
probability, and statistics (Namukasa et al., 2023). Specifically, in statistics, CT offers unique
opportunities to develop skills such as designing algorithms, recognizing patterns, and abstracting
essential information to solve data-driven problems (Sezer & Namukasa, 2023).

However, while the benefits of CT are well-documented, previous studies reveal disparities in CT
abilities among students. These differences are often linked to variations in cognitive abilities (Aranyi
etal., 2024; Liuetal., 2024; Zhang & Wong, 2023). L‘Students with high cognitive abilities consistently
excel across all CT indicators, while those with moderate or low abilities tend to face challenges,
particularly in pattern recognition and algorithmic thinking (Zhang & Wong, 2023). This highlights
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the urgent need for targeted teaching strategies that account for the diversity of students' cognitive
capacities.

This study aims to map the CT abilities of junior high school students, focusing specifically on
statistical content. It highlights four key CT indicators: decomposition, pattern recognition,
abstraction, and algorithmic thinking. By understanding the relationship between these indicators and
students' cognitive abilities, educators can design inclusive and effective teaching strategies to
integrate CT into the mathematics curriculum.

Additionally, this research explores the broader educational implications of CT. The literature shows
that CT not only enhances mathematical proficiency but also fosters creativity and innovation, which
are vital in 21st-century education (Israel-Fishelson et al., 2020). Integrating CT into the junior high
school curriculum can provide a strong foundation for critical thinking and problem-solving,
particularly in statistics, where abstraction and algorithmic thinking play crucial roles (Liu, 2024).

To explore the role of CT in statistics education, this study poses the following research questions:

1. How do students with different cognitive abilities apply decomposition skills to solve
statistical problems?

2. What are the differences in pattern recognition among students with high, moderate, and low
abilities?

3. Towhat extent can students with low abilities apply abstraction compared to those with higher
abilities?

4. What is the relationship between cognitive abilities and the application of CT skills in
statistical materials?

5. How do students with low abilities explain their problem-solving processes, and what
challenges do they face in applying CT skills?

This study aims to address a critical gap by offering new insights into the role of CT in statistics
education. These insights are expected to inform the development of strategies that address diverse
learning needs and promote inclusive curriculum design.

2. Literature Review

{
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3. Materials and Methods

The research method employed in this study is descriptive qualitative (Kuckartz & Radiker, 2023).
This approach was utilized to gather data from students’ responses to descriptive questions aimed at
assessing the computational thinking (CT) abilities of class VIII junior high school students. These
questions, specifically tailored to statistics material, were designed and developed to encourage
solutions that align with key CT indicators such as decomposition, pattern recognition, abstraction,
and algorithmic thinking. Through this method, the study provides a comprehensive overview of the
students' CT abilities and their application in statistical problem-solving.

3.1 Research stages

This descriptive research was conducted through a systematic process comprising four stages. First,
students were identified and selected as potential research participants. Second, essay assignments
were distributed to these students to confirm their participation as research subjects. Third, the essays
produced by the participants were analyzed to profile their critical thinking (CT) abilities. Fourth, the
essays were further evaluated using predefined CT indicators to map and categorize their CT abilities.
The detailed research workflow is illustrated in Figure 1.



Figure 1
Research stages
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3.2 Research participants

The research participants consisted of six junior high school students from Class VIII, selected from
a total of 30 students. The group included four girls and two boys, representing a range of initial
abilities: two students with high initial abilities, two with medium abilities, and two with low abilities.
All participants had prior exposure to learning statistical content, ensuring a baseline familiarity with
the subject matter relevant to the study.

3.3 Data collection

The instrument used is descriptive questions consisting of three types of questions in statistical
material based on CT indicators, namely (a) type 1 questions related to students’ ability to solve
problems related to averages, (b) type 2 questions related to students’ abilities in looking for data if
some data is known, and (c) type 3 questions are related to students’ ability to find a value if the
average value and data range are known. The essay questions were adopted from the student
handbook issued by the Ministry of Education, Culture, Research and Technology of the Republic of
Indonesia and the Collection of Junior High School Mathematics Olympiad Questions. Mathematics
education experts validated the questions. Before the questions were used for research, the essay
questions were first tested on 30 junior high school students with the criteria of having studied
statistics material. The results of the trial obtained valid and reliable essay questions. The description
questions are adapted from the student handbook issued by the Ministry of Education, Culture,
Research and Technology of the Republic of Indonesia. They have 80 minutes to complete the
description questions. This question is used to measure students’ CT abilities.

[In addition to the essay questions, semi-structured in-depth interviews were conducted to obtain more
valid data. These interviews aimed to gain insights into the student’s problem-solving processes and
how they navigated CT challenges. Notably, classroom experiences were directly integrated into the
data collection process. During the essay task, the researcher observed how students applied prior
knowledge and problem-solving strategies learned in class. After completing the questions, students
participated in follow-up interviews conducted in the classroom. This allowed the researcher to
observe real-time interactions and the challenges students faced during problem-solving activities.

For example, a student commented, “I started by writing all the important data I understood from
the question, and then I remembered how our teacher explained similar problems.” This illustrates
the influence of classroom instruction on students’ critical thinking (CT) abilities. The recorded



interviews not only documented individual responses but also captured group dynamics during
discussions, offering deeper insights into the students' learning processes and problem-solving

strategies.

Table 1
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Aspects, Indicators, and Research Instrument Questions

Aspect

Indicator

Question for
ability high

Quiestion for
ability medium

Question for
ability low

Decomposition
(Egidi, 2015;
Resnick &
Kazemi, 2019)

Able to solve
problem complex

How will solving
problems become

Try to explain how
solving a problem

Can you explain
what needs to be

into smaller, more smaller, more becomes  several done to finish the

defined sub- manageable steps  parts, small problem

problems with

good

Able to identify the What are the main Mention  several Can you mention

main components components of the parts essential to things to do under

of a problem problem? the problem consideration  for
finishing the
problem

Able to determine
the sequence of

In what order will
you complete the

Try to sequence the
steps necessary to

Can you explain
the sequence of

steps needed to steps to solve the solve the problem steps that need to
solve a problem. problem [name [name the be taken to solve
problem]? problem]. the problem [name
the problem]?

Abstraction Features What features are Try to mention Can you explain?
(Knoblock, 2017;  significant essential from the several essential What is  most
White et al., 2012)  problems and problem [mention matters from important to be
ignores details that problem] that need problem [mention noticed in the
are not relevant. to be solved and problem] that must finish problem

considered to be solved to finish.  [mention

finish it? problem]?

Able to represent
information in a
more
straightforward
and easier-to-
understand form.

How would you
simplify the [name
the problem]
problem to make it
easier to
understand?

Try to explain how
it would make the
[name the
problem] problem
more
straightforward to
understand.

Can you explain in
simpler terms what
you want to
achieve to solve the
problem [name the
problem]?

Able to focus on
aspects essential to
problems and

What is needed to
be ignored in the
problem [ mention]

Try to explain what
does not need to be
noticed in problem

Can you mention
things that are not
important for the

ignore details that problem] to focus [mention] finish problem
are not relevant. on solving it? problem] to focus [mention]
on the solution. problem]?

Algorithm

(Bacelo & Gomez-
Chacén, 2023; Liu
etal., 2024)

Able to develop
well-defined and
sequential steps to
solve a problem.

How would you
develop clear and
structured steps to
solve the problem
[name the
problem]?

Able to develop
well-defined and
sequential steps to
solve a problem.

How would you
develop clear and
structured steps to
solve the problem
[name the
problem]?

Able to use clear
and structured
instructions to
solve a problem.

How would you
write clear, easy-
to-understand

instructions to

Try to write down
the instructions
you think are
necessary to solve

Can you explain
simply how to
solve the problem




solve the problem
[name the
problem]?

the problem [name
the problem] in a
way that is easy to
understand.

[name the

problem]?

Able to evaluate
and refine the steps
in an algorithm.

Will you assess and
improve the steps
in your solution to
the problem [name

Try to evaluate and
improve the steps
you used to solve
the problem [name

Can you explain
what needs to
change in the way
you solve problems

problem]? the problem]. [name the problem]
Pattern Able to identify Can you find the Try to explain if Able to identify
recognition patterns in data or pattern in data you find the pattern patterns in data or
(Boysen, 2019; information. [mention data]? in data [mention information.
Gillott et al., 2020) data].
Able to explain How would you Try to explain the Can you explain?

observed patterns
in data or
information.

explain the pattern
you found in data
[mention data]?

pattern you found
in data [mention
data] in your way.

What did you find
in data [mention
data]?

Able to use
observed patterns
to make
predictions or
make decisions.

What can you
predict based on
the pattern you
found in the data
[mention data]?

Able to use
observed patterns
to make
predictions or
make decisions.

What can you
predict based on
the pattern you
found in the data
[mention data]?

3.4 Data analysis

The collected data was analyzed using directed content analysis to show students’ CT abilities in
mathematics and technology for grades 7-12 (Kuckartz & Radiker, 2023). Content analysis
systematically interprets and describes textual data (Assarroudi et al., 2018). The analysis stages are
carried out in nine steps, namely as follows:

The first step is to analyze CT capabilities, which are explained based on CT indicators. It is done
deductively using a theoretical framework related to the studied CT topic. The second and third steps
define and formulate CT indicators, which are the focus of the research. The fourth step was selecting
a small sample from the collected data. The small sample chosen was two students in class VIII at a
junior high school who had high initial abilities, two with medium abilities, and two with low initial
abilities. This research’s total sample was six out of 30 students. This sampling was based on the
initial test results and recommendations from the mathematics teacher in that class. Then, the fifth
step determines how to create essay questions so that the answers lead students to think
computationally. The sixth step is to analyze the primary data using documents from students’
answers to essay questions. The seventh step uses an inductive approach, grouping students’ answers
with high and low initial abilities. It will be related to the pattern of students answering questions
according to the CT indicators. The eighth step is to compare students’ answer patterns to determine
students’ abilities in solving problems using CT indicators. Finally, the ninth step includes organizing
and reporting the research.

4. Results

The results of the research and discussion will convey students’ abilities in decomposition, pattern
recognition, abstraction, and algorithms. The research results were described by providing
information about students’ answers to three types of questions, which were classified based on
students’ abilities. The following are the results of answers from students with high ability in solving
type 1 questions (Figure 2).



Figure 2
Results of answers from students with high ability on type 1 questions
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Figure 2 above shows that students start answering by writing down all the information they know
and then writing down what needs to be resolved from the problem; thus, students have carried out
the decomposition process. Students also write strategies and steps for solving problems, namely by
writing the average formula, so that students can process abstraction. Then, students write the average
formula to solve the pattern recognition problem. Using the formula written, students can understand
and analyze the problem with the steps guided in the average formula to determine the average being
asked; with this activity, students are already thinking about algorithms. Then, it is different for
students with medium ability in answering type 1 questions, as seen in Figure 3.

Figure 3
Results of students” answers with medium ability on type 1 questions
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Figure 3 shows that students answered the questions by making illustrations or pictures that show
information for each group, which is an activity in the decomposition process. Next, students continue
by passing on the donations for each group to find out the results of the unknown donations from
group three. It is an abstraction process activity. Then, students continue using the average formula
to find the contribution results. At first, the student tried to make an average student contribution of
9,000 and got the wrong class average result. Then, the students tried again with the number 8,000
for the average contribution of groups of three, which produced the correct average for one class.
This activity is an activity in the pattern recognition process.



Moreover, all the students’ activities in answering type one questions are algorithmic, namely finding
logical and structured solutions. Different things were found in students with low abilities in
answering type 1 questions. The answers of students with low abilities can be seen in Figure 4.

Figure 4
Answer results of students with low abilities on type 1 questions
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Figure 4 shows that students start writing answers by writing down important things, namely,
information known from the question and information about what is being asked, which is a
decomposition activity. Then, students write the average formula as a first step in solving the
problem. Based on the average formula written by the students, they can apply this formula by writing
down the number of the number of each group and the number of the average contribution of each
group. It shows that students have carried out the abstraction process. The student’s answer stops at
this point. The following student cannot continue the algebraic results of the numbers he has written.
The following are the results of answers from students with high ability in solving type 2 questions
(Figure 5).

Figure 5
Answer results of students with high initial abilities on type 2 questions
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Figure 5 shows that students also use the same steps as answering type 1 questions; they start their
answer by writing down essential information related to the question, which becomes a small and
informative part. This activity is a decomposition process. Next, students create a mathematical
equation from the information obtained, an abstraction activity. Then, students can write down the
formula for the average number of visits each day using the formula. This activity is pattern
recognition. Looking at the answers that students have made, it can be seen that they can think
sequentially and gradually to find logical and structured solutions. This activity is an algorithmic



thinking activity. The answers of students with moderate abilities on type 2 questions can be seen in
Figure 6.

Figure 6
Results of students’ answers with moderate ability on type 2 questions
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Figure 6 shows that moderate-ability students can write important information from the questions.
This activity is an activity in the decomposition process. Then, students can create an equation for
the answer, and this activity is an abstraction process. It can be concluded that students can only write
formulas from the average, so it can be said that students cannot carry out strategies for solving these
formulas. Moreover, students with low abilities cannot answer type 2 questions because they think
the questions are too complex. Then, the results of the answers of students with high ability to solve
type 3 questions are shown in Figure 7.

Figure 7.
Answer results of students with high abilities on type 3 questions

|

R o 1 x, P -AY. Wk 20 P Aazy =

Algorithmic thinking i n
1««9\:4”»‘»; (x e P 1) (M\ P(\
i
x rvaess  P-9 *w¢ ria- 7

P L vaaw - 0in’l -:3
P (e - Abstraction
~ .

e
va«u

Based on Figure 7, it can be seen that students start answering questions by writing down important
information, namely writing down something they know and being asked; this activity is called the
decomposition process. Next, students continue their answers by writing down several equations
needed to determine the steps and solutions, then continue by substituting the information obtained
in these equations; this activity is called the abstraction process. By looking at Equation 1 and
Equation 2 in the answer, students can find the p-value. However, from the student’s answer, it can
be seen that the student could not continue the strategy based on the formula that had been determined.
The student could not find the value of g, so the student could not answer question type 3 successfully.

The findings differ from those of students with moderate initial ability; students with this ability failed
to answer question type 3. Students with medium ability could only write down important information
from a question, and this activity is a decomposition process (Figure 8). Students with low ability
did not write answers to question type 3. Students with low ability could not answer type 3 questions
because the students thought the questions were too complicated.



Figure 8
Results of students’ answers with medium ability on type 3 questions
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Based on the findings and descriptions of students’ answers, the research results were classified based
on four CT indicators: decomposition, pattern recognition, abstraction, and algorithmic thinking—
these indicators map CT abilities in statistics content for class VIII SMP students. CT capability
mapping is described as follows.

Table 2.

Findings research junior high school students’ high, medium, and low CT ability on material statistics.

CT Indicators Student High Ability StUd?;imsd'um Student Ability Low

Decomposition Accessible break They can break downthe Experience  difficulty
problem complex problem into smaller breaking problems into
become smaller parts; parts but may experience smaller parts; tend to
able to identify sub- difficulty in identifying finish the problem in a
problems; can see the all sub-problems or way overall without
connection between part.  connections between further analysis.

parts.

Abstraction Easy to identify patterns | can identify patterns | experience difficulty
generally; can make a generally with help, but | identifying general
mental representation of have difficulty making patterns and making
draft  abstract; can accurate generalizations. generalizations.
generalize from specific
examples.

Algorithm Can design clear and Can  follow  given Experience  difficulty
structured steps  for algorithms but may have understanding and
finish problems; able to difficulty designing own following  algorithms;
evaluate efficiency algorithms. tend to use trial and
algorithm. error.

Pattern Recognition Easy to identify patterns It can identify a simple Has difficulty

in data; can use patterns pattern, but it is possible identifying patterns;
to make predictions; can to have difficulty tends not to use patterns
classify data based on identifying more to solve problems
patterns. complex patterns.

The following describes the results of interviews with respondents regarding CT capabilities
classified based on CT indicators.

4.1 Decomposition

The research results show that students consider CT decomposition related to writing down
information from a given problem. Students can use decomposition to understand problems by
writing down information that is considered essential. Students also often practice this activity when
solving story problems. This activity helps students solve the questions given. By applying



decomposition, students are more directed and focused on solving problems. Decomposition
activities can improve students’ ability to understand the instructions from the questions. Previously
complicated or complex instructions can be broken down into simpler ones that are easier to
understand and more informative.

Practicing CT decomposition through mathematics learning can positively affect student
performance. However, there are also challenges in applying decomposition in mathematics learning.
Some students had difficulty decomposing activities to solve problems. Decomposition is more
accessible for students with high and medium initial abilities to apply. Students with high and medium
initial abilities can apply decomposition activities to solve problems. Students with low abilities have
difficulty implementing decomposition activities, but this is only a portion of students; not all students
with low abilities experience difficulties.

Students with low initial abilities think that decomposition is considered complicated. It depends on
the student’s situation when working on the questions. Some students are not used to solving
problems and feel frustrated when reading questions. As one student expressed, students felt
frustrated reading the questions, so they had no intention of solving them.

“Saya frustasi dalam membaca soal, kalimat dalam soal membuat saya bingung”.

(“l was frustrated when reading the questions, the sentences in the questions
confused me.")

‘(\Nu etal., 2024)‘
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4.2 Pattern recognition

Pattern recognition is the key to determining the right solution to a problem and knowing how to
solve a specific type of problem. Recognizing common patterns or characteristics can help solve
problems and help determine solutions. The research results show that students’ pattern recognition
cannot be seen from students’ answers. Pattern recognition occurs when information from the
environment is received and entered into short-term memory, causing the automatic activation of
specific content in long-term memory. Pattern recognition allows students to predict and expect what
will happen. The pattern recognition process involves matching the information received with
information already stored in the brain. Making connections between memory and perceived
information is a pattern recognition step called identification. Pattern recognition requires repetition
of experience. The following is a quote from one of the high initial-ability students.

“Saya menjawab soal dengan cara menemukan rumus yang cocok dan
menyelesaikan rumus tersebut dengan teliti, sampai saya menemukan solusinya.
Namun untuk soal nomor 3, saya tidak mampu menyelesaikan sampai akhir karena
keterbasan waktu”

(“I answer questions by finding a suitable formula and solving the formula carefully
until | find the solution. However, for question number 3, | was unable to complete it
until the end due to time constraints.")

Pattern recognition is a complex activity for students. Difficulty in recognizing patterns will impact
students’ success in developing solutions (Nguyen et al., 2020). In the present study, students with
high initial abilities can correctly apply pattern recognition to the three questions. Students with
moderate initial abilities can only apply to question number 1. Students with low initial abilities
cannot apply pattern recognition to the three questions. The following is a quote from a low-ability
student.

easie

Students with high initial abilities could apply pattern recognition across all three questions,
indicating that they could effectively identify relationships, trends, or similarities within the data.
This skill allows them to systematically break down and analyze problems, leading to more efficient
problem-solving. Their ability to consistently recognize patterns across different questions
demonstrates a well-developed capacity for abstract thinking and connecting different pieces of
information (Baumanns et al., 2024).

On the other hand, students with moderate initial abilities could only successfully apply pattern
recognition to the first question. This suggests that while they possess some ability to identify
patterns, it is limited and might not extend to more complex or abstract problems. Their difficulty in
recognizing patterns beyond the first question may stem from a lack of deeper cognitive strategies or
insufficient practice with similar problems (Ling & Loh, 2023).

recognition
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Students with low initial abilities could not apply pattern recognition to any of the three questions,
highlighting a significant struggle in identifying relevant patterns within the data. This inability
reflects a more fundamental challenge in understanding the structure of problems, which limits their
capacity to engage in computational thinking. These students likely require more foundational
support and practice to develop their pattern recognition skills (Lecorchick et al., 2020).

“Saya tidak mampu menemukan jawabnnya, karena saya tidak tahu cara untuk
menjawabnya, tidak tahu menggunakan rumusnya, dan juga tidak tahu cara
penyelesainnya. Jadi saya tidak menjawab soal tersebut”

(“I could not find the answer because I did not know how to answer it, how to use the
formula, and how to solve it. So, did not answer that question.")

4.3 Abstraction

This study found general practices for solving problems in mathematics learning regarding CT
abstraction. Abstraction is an essential skill for distinguishing between what is essential and what is
less critical. The abstraction carried out by students in solving problems is in the form of highlighting
essential parts of the instructions and finding general patterns for solving problems. In mathematics,
abstraction is about finding patterns and cause-and-effect relationships. Abstraction is the CT skill
most commonly used in mathematics learning. Abstraction is an essential first step in solving
problems in general, namely identifying the most essential parts of a problem to form an overall
picture of the solution. Abstraction is needed for activities to determine the right solution.

The application of abstraction by students in answering questions takes the form of determining the
right idea as a solution to the problem or determining a suitable strategy for solving the problem and
determining ideas or strategies for solving problems by formulas appropriate to the data held. The
following is a quote from a student regarding abstraction in problem-solving.

“dalam menjawab soal saya dapat mengidentifikasi soal dan dapat menentukan
solusi atau ide berupa rumus yang digunakan dalam menjawab soal”

(In answering questions, | can identify questions and determine solutions or ideas in
the form of formulas used in answering questions)

In applying abstraction, students with high initial abilities can apply it to the three problems given.
The abstraction is applied using the chosen formula to solve the problem. High initial ability students
can use appropriate ideas or strategies according to the data the students have. Students with moderate
initial ability can only apply abstraction in questions 1 and 2, but in question number 3, students with
moderate ability cannot. From a quote from a student with moderate initial ability who cannot apply
abstraction because the student is confused about determining ideas/formulas, in the case of too much
data obtained, the following is a quote from a student with medium initial ability.

“Saya tidak mampu menuliskan rumus atau ide pada soal no 3, karena soal no 3
banyak data yang saya memiliki, dan saya tidak dapat mengaitkan data satu dengan
yang lainnya, saya bingung milih rumus atau ide yang cocok”

(“I cannot write a formula or idea in question number 3 because question number 3
has data, and | cannot relate one data to another. | am confused about choosing a
suitable formula or idea.")

Low-ability students struggle to apply abstraction, which is the ability to focus on the essential
elements of a problem while ignoring irrelevant details. Their difficulty in abstract thinking means
they cannot generalize or simplify complex problems, limiting their ability to solve more advanced
tasks (Akin & Murrell-Jones, 2018). In this case, they could only apply abstraction in the first,
presumably simpler, question, where the need to generalize or simplify may have been minimal. This



suggests that when the problem becomes more abstract or requires a more profound understanding,
low-ability students find it challenging to engage with the necessary cognitive processes.

In contrast, abstraction is less challenging for high- and medium-ability students (Lakin & Wai,
2020). These students can more readily identify the key elements of a problem and ignore extraneous
information, allowing them to engage with the problem more efficiently and formulate solutions.
Their cognitive capacity enables them to see the bigger picture and generalize from specific examples,
essential in solving more complex problems. One factor contributing to the varying levels of
abstraction is the ability to think critically. This highlights the importance of developing students’
problem-solving skills and their capacity for abstraction, which can be crucial for success in technical
fields like electrical engineering. This difficulty with abstraction highlights a cognitive gap that low-
ability students face, particularly in higher-level tasks that require strategic thinking and the ability
to generalize beyond specific cases.

“Saya tidak faham dengan soal yang diberikan, saya bingung dengan soal yang
panjang dan saya tidak tahu rumus apa yang digunakan dalam menjawab soal
tersebut”

(“I do not understand the questions given, I am confused by the long questions, and
1 do not know what formula to use to answer the questions”)

roblems]

4.4 Algorithmic thinking

The research results show that applying algorithms can encourage students to be precise in their work
and think structured. The algorithm is run by students using teacher practice in class. Algorithmic
thinking is needed in solving mathematical problems. An algorithm is a way of creating instructions
to solve a problem. Students face many challenges when applying algorithms. More students want
shortcuts. Students tend to be careless in some of their solving or calculation steps. Because they want
a shortcut, they have difficulty solving problems. Sometimes, students give solutions that do not make
sense.

The application of student abstraction in solving problems can be seen from the results of students’
answers, namely by looking at the structure of students’ thinking. Algorithms in solving mathematical
problems are seen from structural and sequence thinking in finding solutions. Students who think
algorithmically state that by choosing a strategy or idea to find a solution, they start thinking about
how to carry out the idea to the end. One of the quotes from students with high initial abilities

“Saya memilih ide atau strategi yang tepat untuk solusi. Kemudian, saya berpikir
dan menjelaskan ide tersebut dengan teliti, sehingga menemukan solusi. Saya
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berpikir dari data yang diperoleh, kemudian memilih strategi atau rumus dan
menjalan rumus tersebut hingga akhir”

(“I choose the right idea or strategy for the solution. Then, carefully think about
and explain the idea to think from the data obtained, then choose a strategy or
formula and follow the formula to the end.™)

Applying algorithmic thinking is not difficult for students with high abilities. Students with high
initial abilities can think algorithms on all three questions. Algorithmic thinking is complex for
students with medium and low abilities (Wess et al., 2021). Students with moderate ability can only
apply thinking on question number one, while students with low ability cannot apply algorithmic
thinking skills on the three questions. Students with medium and low initial abilities are seen
answering questions using inconsistent shortcuts. Students are careless in implementing the chosen
idea, so they cannot find a solution. The following is a quote from a student of medium ability. In
contrast, students with low ability have poor mathematical problem-solving skills because they
cannot solve problems completely (Anjariyah et al., 2022).

“Saya tidak tahu cara menyelesaikan soal. Setelah saya menuliskan yang
diketahui dan ditanya dari soal, kemudian saya ingat dengan rumus yang
diajarkan oleh guru. Namun, saya tidak tahu cara untuk menggunakan rumus
tersebut. Saya lupa. Jadi, saya isi sesuai dengan yang saya ingat saja. Dan tidak

yakin benar dengan jawaban yang saya tulis”

(“I do not know how to solve the problem. After I had written down what I knew and was
asked about the question, | remembered the formula the teacher had taught. However, |
do not know how to use the formula. | forget. So, | just filled in according to what |
remembered. And | am not sure if the answer | wrote is correct.")

5. Discussion
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6. Conclusion

Based on these findings, this research can conclude that students with low abilities are less capable
of pattern recognition, abstraction, and algorithmic thinking, so they cannot apply CT indicators to
solve problems. Meanwhile, students with high abilities can solve problems using the CT indicator
stages. It is illustrated in the decomposition indicator, characterized by students’ ability to collect
important information in written form from what is known and asked from the questions. In the
pattern recognition indicator, student activities are not visible in students’ answers, but pattern
recognition is in the form of students’ activities to match questions with past experiences in their
minds. Then, in the abstraction indicator, where students determine strategies for solving problems
in the form of decisions taken in solving problems, this activity is marked by selecting relevant
formulas. Finally, the algorithmic thinking indicator in statistics material is characterized by finding
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solutions in a logical and structured manner. Students with moderate abilities can solve one problem
out of three problems given with indicators of decomposition abstraction and are less capable of
pattern recognition and algorithmic thinking. Students with low initial abilities could not solve the
three problems, but in questions one and three, the students could write decomposition indicators.

7. Limitations and future research

The results of this research are based on limited material, namely on statistics content for junior high
school students, and include four CT indicators: decomposition, pattern recognition, abstraction, and
algorithmic thinking. Three potential future studies that could overcome these limitations are (1)
investigations of more significant numbers of participants; (2) Investigation of material content other
than Statistics, for example, Numbers, Algebra, Measurement, and Geometry; (3) investigation of all
CT indicators. These three studies could also be combined for a more thorough investigation of the
opportunities and challenges of CT, with the idea of a mixed methods approach.
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Computational Thinking (CT) skills are increasingly recognized as essential for junior high school
students, especially in addressing the demands of the digital era. This study explores how CT skills —
decomposition, pattern recognition, abstraction, and algorithmic thinking —manifest in learning statistics
based on students' cognitive abilities. A qualitative research method was employed, involving 30 junior
high school students, with six participants representing high, medium, and low initial abilities. This study
uniquely maps students' CT performance in solving statistical problems, a domain that has been
underexplored in relation to these skills. The results reveal significant differences based on cognitive
ability: (a) students with high cognitive abilities demonstrate mastery of CT skills across all four indicators
when solving statistical problems; (b) students with moderate abilities show partial competence, excelling
in decomposition and abstraction but struggling with pattern recognition and algorithmic thinking; (c)
students with low abilities achieve limited success, excelling in decomposition but facing challenges with
the other CT skills. The novelty of this research lies in its focused examination of the intersection between
CT skills and statistical problem-solving in junior high students, offering valuable insights for curriculum
development. The findings suggest that integrating CT skills into statistics education enhances problem-
solving capabilities across varying cognitive levels, promoting more inclusive and effective learning in the
digital era.

Keywords: Cognitive abilities; Computational thinking; Junior high school; Problem-solving; Statistics
education; Qualitative research
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1. Introduction

In a world increasingly shaped by computing, Computational Thinking (CT) has become an
essential skill for everyone (Chakraborty, 2024; Meller & Kaup, 2023). According to Maharani et al.
(2021), CT is crucial for addressing the challenges of the digital era. As a result, education systems
must adapt to equip students with the cognitive tools necessary for solving problems
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computationally. This includes understanding how computers work and identifying problems that
can be tackled through computational methods (Sarmaségi et al., 2024). Furthermore, these skills
necessitate the effective use of digital tools to solve problems within mathematical contexts (Sezer
& Namukasa, 2023; Ye et al., 2023).

The integration of CT into education is crucial in the digital era, as it enhances students'
problem-solving skills. Classroom observations in Grade 8 during this study revealed that high-
performing students were able to effectively apply CT concepts, such as patterns and algorithms,
while low-performing students struggled with abstract concepts, particularly when concrete
examples were not provided. Real-life scenarios proved essential in bridging this gap, highlighting
the need for adaptive teaching strategies to optimize CT integration in statistics education.
Computational Thinking (CT) combines mathematical, logical, and technological abilities to shape
individuals who are confident, open-minded, and adaptive to change (Kang et al., 2023; Miswanto,
2024). In education, integrating CT into mathematics and science curricula, as promoted by the
Next Generation Science Standards (NGSS), has shown broad applications in areas such as algebra,
geometry, probability, and statistics (Namukasa et al., 2023). Specifically, in statistics, CT offers
unique opportunities to develop skills such as designing algorithms, recognizing patterns, and
abstracting essential information to solve data-driven problems (Sezer & Namukasa, 2023).

While the benefits of CT are well-documented, previous studies reveal disparities in CT abilities
among students. These differences are often linked to variations in cognitive abilities (Aranyi et al.,
2024; Zhang & Wong, 2023). Students with high cognitive abilities consistently excel across all CT
indicators, whereas those with moderate or low abilities tend to struggle, particularly in pattern
recognition and algorithmic thinking (Zhang & Wong, 2023). This underscores the urgent need for
targeted teaching strategies that address the diversity of students' cognitive capacities. This study
aims to map the CT abilities of junior high school students, with a specific focus on statistical
content. It highlights four key CT indicators: decomposition, pattern recognition, abstraction, and
algorithmic thinking. By understanding the relationship between these indicators and students'
cognitive abilities, educators can develop inclusive and effective teaching strategies to integrate CT
into the mathematics curriculum.

Additionally, this research explores the broader educational implications of CT. The literature
shows that CT not only enhances mathematical proficiency but also fosters creativity and
innovation, which are vital in 21st-century education (Israel-Fishelson et al., 2020). Integrating CT
into the junior high school curriculum can provide a strong foundation for critical thinking and
problem-solving, particularly in statistics, where abstraction and algorithmic thinking play crucial
roles (Liu, 2024).

To explore the role of CT in statistics education, this study poses the following research
questions:

RQ 1) How do students with different cognitive abilities apply decomposition skills to solve
statistical problems?

RQ 2) What are the differences in pattern recognition among students with high, moderate, and
low abilities?

RQ 3) To what extent can students with low abilities apply abstraction compared to those with
higher abilities?

RQ 4) What is the relationship between cognitive abilities and the application of CT skills in
statistical problems?

RQ 5) How do students with low abilities explain their problem-solving processes, and what
challenges do they face in applying CT skills?

This study aims to address a critical gap by providing new insights into the role of CT in
statistics education. These insights are expected to inform the development of strategies that
address diverse learning needs and promote inclusive curriculum design.
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2. Literature Review
2.1. Computational Thinking

CT was first conceptualized by Seymour Papert and later popularized by Jeannette Wing in 2006,
who defined it as a thought process that supports solving problems through computational steps
or algorithms (Wing, 2011). Wing’s framework emphasizes that CT is not limited to computer
science but extends to various disciplines by teaching problem decomposition, abstraction, pattern
recognition, and algorithmic thinking (Angeli et al., 2020). These elements enable learners to solve
complex problems systematically while fostering critical and creative thinking.

Research highlights CT’s integration across disciplines as a transformative tool for improving
logical reasoning and decision-making. For instance, Sung and Black (2020) demonstrate that CT
practices sharpen students” mathematical problem-solving skills, while Richardo (2020) highlight
its role in enhancing computational approaches in real-world contexts. Despite these benefits,
challenges such as insufficient teacher training and resources remain significant barriers (Nordby
et al., 2022). Understanding the foundational concepts of CT and its applicability across disciplines
underscores the importance of integrating these principles into statistics education. This
integration will support the development of systematic problem-solving skills in junior high
school students.

CT goes through two essential steps: the thinking process followed by decision-making or
problem-solving. CT was developed by the Computer Science Teachers Association [CSTA] and
the International Society for Technology in Education [ISTE], stating the characteristics of CT as
follows: (a) Arranging or formulating problems, (b) analyzing problems to make them simple, (c)
describing models and simulations, ( d) develop solution steps, (e) determine possible solutions by
identifying and analyzing and applying the process, (f) generalize the solution to other problems.
Another opinion says that CT consists of several parts: problem decomposition, pattern
recognition, algorithmic thinking, and generalization and abstraction (Oziidogru, 2024). CT'’s
ability in mathematics is the ability to think and formulate problems in computational form (Wing,
2011), which means that CT focuses on solving problems using thinking algorithms. In this
research, CTs are a mindset activity that helps understand problems with appropriate images
through a reasoning process to develop automatic solutions (Persky et al., 2019). The four main
ideas from CT used as indicators in this research are decomposition, pattern recognition,
abstraction, and algorithms. The four indicators and descriptions are explained in Table 1.

Table 1

Indicators of CT Ability

Indicators Description

Decomposition Breaking a complex problem or process into smaller, more manageable parts
(sub-problems)

Pattern recognition Identify similarities or common elements between two or more items.

Abstraction Identify the essential and relevant parts needed to solve a problem. Hiding
details so lower levels can be treated as black boxes or discarded. Generalizing
a pattern

Algorithmic thinking  Instructions or step-by-step for expressing a process or solving a problem.

Note. Adapted from Huang et al (2021) and Yasin & Nusantara (2023b).

2.2. CT Skills and Constructivism Theory

CT skills and constructivism theory are deeply interconnected, focusing on developing critical
thinking and active problem-solving abilities. As technological advancements drive educational
priorities, these skills have become indispensable for preparing students for 21st-century
challenges. Incorporating CT into curricula through robotics, STEAM (Science, Technology,
Engineering, Arts, Mathematics) education, and hands-on activities helps students develop logical
reasoning and problem-solving abilities essential for the modern era (Zakaria & Iksan, 2020).
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Research underscores the importance of exposing students to CT at an early age. Studies show
that introducing CT even at the preschool level lays a solid foundation for skill development.
Papadakis et al. (2016) identify four key CT techniques—abstraction, algorithmic thinking,
decomposition, and pattern recognition—as cornerstones for solving complex problems
effectively. These techniques help students identify relevant information, create structured steps
for solutions, break problems into manageable parts, and recognize patterns to derive solutions.

Constructivism theory, which emphasizes knowledge construction through exploration and
reflection, aligns naturally with CT principles. Valls Pou et al. (2022) argue that constructivist
learning fosters deeper engagement when students actively participate in problem-solving
activities. CT supports this approach by offering students opportunities to apply theoretical
concepts in real-world scenarios, thus building critical and logical reasoning skills (Wess et al.,
2021a).

The alignment between CT and constructivism highlights their combined potential to create
meaningful, student-centered learning experiences. This study will leverage this synergy to
explore how junior high school students develop CT skills through active engagement with
statistics education.

2.3. The Importance of Computational Thinking Skills for Junior High School Students

Computational Thinking, which involves breaking down complex problems, identifying patterns,
and developing algorithmic solutions, is increasingly recognized as an essential skill for students
in the digital age (Sunendar et al., 2020). This is particularly evident in mathematical statistics,
where CT supports students in understanding complex data analysis and solving intricate
problems (Angevine et al.,, 2017). The rapid advancement of technology has transformed the
learning landscape, requiring students to adopt innovative ways of thinking and problem-solving
(Li et al., 2020). CT encourages students to approach problems systematically, breaking them into
manageable components, identifying patterns, and establishing relationships that lead to practical
solutions.

At the junior high school level, integrating CT into the mathematical statistics curriculum can
provide significant educational benefits. First, it enhances students' ability to understand the
structural foundation of statistical problems, fostering a logical and systematic mindset (Setiawan,
2020). By decomposing complex problems into smaller parts, students can recognize patterns,
relationships, and trends within data, improving their capacity to develop effective algorithmic
solutions. Additionally, CT integration promotes critical thinking and problem-solving skills
(Horton & Hardin, 2021). Through algorithmic design and iterative implementation, students gain
the ability to analyze problems from multiple perspectives, evaluate the efficiency of their
solutions, and refine their approaches for better outcomes.

Beyond immediate academic advantages, incorporating CT into junior high school
mathematical statistics curricula has broader implications for students' future academic and
professional development (Horton & Hardin, 2021). As the global workforce continues to evolve
with technological advancements, the ability to think computationally will become a critical asset.
CT equips students to apply structured problem-solving methodologies to diverse challenges,
enhancing their adaptability in education and future careers.

Integrating CT skills into the mathematical statistics curriculum for junior high school students
is a transformative step toward equipping them for the complexities of the digital era. By fostering
logical reasoning, critical thinking, and adaptability, CT provides students with the tools needed to
excel academically and professionally in a technology-driven world.

2.4. The Importance of CT Skills for Junior High School Students

Statistics is a fundamental subject taught in junior high school, designed to build critical
competencies in students. These competencies include analyzing data based on distributions,
averages, medians, and modes to draw conclusions, make decisions, and generate predictions, and
presenting and solving problems related to these statistical measures (Schreiter et al., 2024). These
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skills align closely with the demands of the 21st century, where individuals are constantly
surrounded by data from various sources such as social media, news outlets, and technological
platforms (Maharani et al., 2021).

Understanding statistics enables students to distinguish between relevant and irrelevant
information, enhancing their ability to make rational, data-informed decisions. This foundational
skill is particularly important in today's data-centric world, where analyzing trends and
interpreting results are crucial for problem-solving and decision-making. Through statistics
education, students learn to process data systematically, recognizing patterns, drawing valid
conclusions, and applying their insights to real-world scenarios.

Moreover, integrating CT skills into the learning of statistics further amplifies these benefits. By
employing computational methods such as decomposition, pattern recognition, and algorithmic
thinking, students can tackle statistical problems more efficiently. These skills not only enhance
their statistical literacy but also prepare them for higher-level mathematical challenges and
interdisciplinary applications. The integration of CT skills into the statistical curriculum equips
junior high school students with essential tools for navigating the complexities of a data-driven
world. By fostering analytical thinking and data literacy, these combined skills empower students
to make informed decisions and succeed in both academic and real-world contexts.

2.5. Different Cognitive Levels in CT Abilities

Recent studies have demonstrated that students with varying cognitive profiles exhibit different
levels of proficiency in computational thinking (Wing, 2006). Students with strong logical and
analytical skills often excel in algorithmic thinking, particularly in designing efficient, step-by-step
solutions to problems. On the other hand, students with creative and imaginative cognitive styles
tend to excel in conceptualizing and framing problems, often identifying unconventional and
innovative approaches to complex challenges (Annamalai et al., 2022). These differences highlight
the diverse ways students engage with CT and the need for teaching strategies that accommodate
a range of cognitive strengths.

Moreover, CT development benefits from a multidimensional and inclusive approach that
leverages students' unique cognitive abilities. Recognizing these strengths allows educators to
tailor instructional methods that enhance both logical problem-solving and creative exploration.
Additionally, research emphasizes the importance of fostering CT skills across all educational
levels —from primary to tertiary —to adequately prepare students for the challenges of the digital
age (Zakaria & Iksan, 2020).

Integrating CT into the curriculum equips students with the tools necessary to navigate an
increasingly complex, technology-driven world. By cultivating skills in decomposition, pattern
recognition, abstraction, and algorithmic thinking, educators can empower students to become
both critical problem-solvers and innovative thinkers (Cheng et al., 2023; Yeni et al., 2024). These
findings underscore the critical role of adaptable teaching strategies in developing CT skills,
ensuring all students can thrive in a rapidly evolving technological landscape.

3. Materials and Methods

The research method employed in this study is descriptive qualitative (Kuckartz & Radiker, 2023).
This approach was used to collect data from students' responses to descriptive questions designed
to assess the computational thinking abilities of class VIII junior high school students. The
questions, specifically tailored to statistics content, were developed to encourage solutions that
align with key CT indicators such as decomposition, pattern recognition, abstraction, and
algorithmic thinking. Through this method, the study offers a comprehensive overview of
students' CT abilities and their application in statistical problem-solving.
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3.1. Research Stages

This descriptive research was conducted through a systematic process comprising four stages.
First, students were identified and selected as potential research participants. Second, essay
assignments were distributed to these students to confirm their participation. Third, the essays
produced by the participants were analyzed to profile their critical thinking abilities. Fourth, the
essays were further evaluated using predefined CT indicators to map and categorize their
computational thinking abilities. The detailed research workflow is illustrated in Figure 1.

Figure 1
Research stages

+ Determining * Profiling students’
students as CT abilities as
potential research +* Giving research subjects * Mapping students’
subjects assignments  to CT abilities as
students as research subjects
potential research
subjects

3.2. Research Participants

The research participants consisted of six junior high school students from Class VIII, selected
from a total of 30 students. The group included four girls and two boys, representing a range of
initial abilities: two students with high abilities, two with medium abilities, and two with low
abilities. All participants had prior exposure to statistical content, ensuring a baseline familiarity
with the subject matter relevant to the study.

3.3. Data Collection

The instrument used in this study consisted of descriptive questions based on CT indicators,
specifically focused on statistical material. The questions were divided into three types: (a) Type 1
questions assessing students' ability to solve problems related to averages, (b) Type 2 questions
evaluating students' ability to find data when some information is known, and (c) Type 3 questions
testing students' ability to find a value when the average value and data range are known. The
essay questions were adopted from the student handbook issued by the Ministry of Education,
Culture, Research and Technology of the Republic of Indonesia and the Junior High School
Mathematics Olympiad Question Collection. Mathematics education experts validated these
questions. Before the questions were used in the study, they were first piloted with 30 junior high
school students who had studied statistics. The trial results confirmed the validity and reliability of
the essay questions. Students were given 80 minutes to complete the descriptive questions, which
were used to assess their computational thinking abilities in statistical contexts.In addition to the
essay questions, semi-structured in-depth interviews were conducted to obtain more valid data.
These interviews aimed to gain insights into the student’s problem-solving processes and how
they navigated CT challenges. Notably, classroom experiences were directly integrated into the
data collection process. During the essay task, the researcher observed how students applied prior
knowledge and problem-solving strategies learned in class. After completing the questions,
students participated in follow-up interviews conducted in the classroom. This allowed the
researcher to observe real-time interactions and the challenges students faced during problem-
solving activities.
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For example, a student commented, “I started by writing all the important data I understood
from the question, and then I remembered how our teacher explained similar problems.” This
illustrates the influence of classroom instruction on students’ critical thinking abilities. The
recorded interviews not only documented individual responses but also captured group dynamics
during discussions, offering deeper insights into the students' learning processes and problem-
solving strategies.

3.4. Data Analysis

The collected data was analyzed using directed content analysis to show students” CT abilities in
mathematics and technology for grades 7-12 (Kuckartz & Radiker, 2023). Content analysis
systematically interprets and describes textual data (Assarroudi et al., 2018). The analysis stages
are carried out in nine steps, namely as follows:

The first step is to analyze CT capabilities, which are explained based on CT indicators (see
Table 2). It is done deductively using a theoretical framework related to the studied CT topic. The
second and third steps define and formulate CT indicators, which are the focus of the research. The
fourth step was selecting a small sample from the collected data. The small sample chosen was two
students in class VIII at a junior high school who had high initial abilities, two with medium
abilities, and two with low initial abilities. This research’s total sample was six out of 30 students.
This sampling was based on the initial test results and recommendations from the mathematics
teacher in that class. Then, the fifth step determines how to create essay questions so that the
answers lead students to think computationally. The sixth step is to analyze the primary data
using documents from students” answers to essay questions. The seventh step uses an inductive
approach, grouping students” answers with high and low initial abilities. It will be related to the
pattern of students answering questions according to the CT indicators. The eighth step is to
compare students” answer patterns to determine students’ abilities in solving problems using CT
indicators. Finally, the ninth step includes organizing and reporting the research.

Table 2

Aspects, Indicators, and Research Instrument Questions

Aspect Indicator High gbllzty Medzym ability Low qblllty
questions questions questions

Decomposition Able to solve How does breaking Try to explainhow  Can you explain

(Egidi, 2015;
Resnick & Kazemi,
2019)

problem complex
into smaller, well-

down a problem
into smaller steps

solving a problem
can be broken

what needs to be
done to finish the

defined sub- make it more down into several =~ problem.
problems manageable? small parts.

effectively.

Able to identify the ~What are the main =~ Mention several Can you mention

main components
of a problem

components of the
problem?

parts essential to
the problem .

things to do under
consideration for
finishing the
problem?

Able to determine
the sequence of
steps needed to
solve a problem.

In what order will
you complete the
steps to solve the
problem [name
problem]?

Try to sequence the
steps necessary to
solve the problem
[name the
problem].

Can you explain
the sequence of
steps that need to
be taken to solve
the problem [name
the problem]?
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Table 2 continued

Aspect Indicator High gbility Mediym ability Low qbility
questions questions questions
Abstraction Features significant What features are Try to mention Can you ex%\
(Knoblock, 2017; problems and essential from the several essential what is mos
White et al., 2012) ignores details that  problem [related matters from important to be
are not relevant. problem] that need  problem [mention  noticed in the
to be solved and problem] that must  finish problem
considered to finish be solved to finish. ~ [mention
it? problem]?
Able to represent How would you Try to explain how  Can you explain in
information in a simplify the [name it would make the = simpler terms what
more the problem] [name the problem] you want to
straightforward problem to make it  problem more achieve to solve the
and easier-to- easier to straightforward to  problem [name the
understand form. understand? understand. problem]?
Able to focus on What is needed to  Try to explain what Can you mention
aspects essential to  be ignored in the does not need to be  things that are not
problems and problem [ mention] noticed in problem  important for the
ignore details that ~ problem] to focus [mention] problem] finish problem
are not relevant. on solving it? to focus on the [mention]
solution. problem]?
Algorithm Able to develop How would you Able to develop How would you
(Bacelo & Gomez- well-defined and develop clear and well-defined and develop clear and
Chacén, 2023; Liu sequential steps to  structured stepsto  sequential steps to  structured steps to
et al.,, 2024) solve a problem. solve the problem  solve a problem. solve the problem

Pattern recognition
(Boysen, 2019;
Gillott et al., 2020)

Able to use clear
and structured
instructions to
solve a problem.

Able to evaluate
and refine the steps
in an algorithm.

Able to identify
patterns in data or
information.

Able to explain
observed patterns
in data or
information.

Able to use
observed patterns
to make
predictions or
make decisions.

[name the
problem]?

How would you
write clear, easy-to-
understand
instructions to
solve the problem
[name the
problem]?

Will you assess and
improve the steps
in your solution to
the problem [name
problem]?

Can you find the
pattern in data
[mention data]?

How would you
explain the pattern
you found in data
[mention data]?
What can you
predict based on
the pattern you
found in the data
[mention data]?

Try to write down
the instructions
you think are
necessary to solve
the problem [name
the problem] in a
way that is easy to
understand.

Try to evaluate and
improve the steps
you used to solve
the problem [name
the problem)].

Try to explain if
you find the
pattern in data
[mention data].
Try to explain the
pattern you found
in data [mention
data] in your way.
Able to use
observed patterns
to make
predictions or
make decisions.

[name the
problem]?

Can you explain
simply how to
solve the problem
[name the
problem]?

Can you explain
what needs to
change in the way
you solve problems
[name the problem]
Able to identify
patterns in data or
information.

Can you explain?
What did you find
in data [mention
data]?

What can you
predict based on
the pattern you
found in the data
[mention data]?
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4. Results

The results of the research and discussion will highlight students' abilities in decomposition,
pattern recognition, abstraction, and algorithmic thinking. The findings are presented by analyzing
students' answers to the three types of questions, classified according to their abilities. Figure 2
presents the responses from students with high abilities in solving Type 1 questions.

Figure 2
Response of students with high ability on type 1 questions
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Figure 2 shows that students begin by writing down all the information they know and then
identifying what needs to be resolved from the problem, demonstrating the decomposition
process. They also outline strategies and steps for solving the problem, such as writing down the
average formula, which reflects their ability to abstract relevant information. Next, students use
the average formula to solve the problem, recognizing patterns in the process. By applying the
formula, students can analyze the problem and follow the steps outlined in the formula to
determine the required average, thus engaging in algorithmic thinking. This process contrasts with
the responses of students with medium abilities in answering Type 1 questions, as shown in Figure
3.

Figure 3
Response of students with medium ability on type 1 questions
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Figure 3 shows that students answered the questions by creating illustrations or diagrams to
represent the information for each group, which reflects the decomposition process. Next, students
used the information from each group to determine the unknown contributions from Group 3,
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demonstrating the abstraction process. Following this, students applied the average formula to
calculate the contribution results. Initially, the student tried an average contribution of 9,000 but
arrived at an incorrect class average. Then, the student attempted using 8,000 as the average
contribution for Group 3, which produced the correct overall class average. This activity
demonstrates the pattern recognition process.

Moreover, all the students” activities in answering type one questions are algorithmic, namely
finding logical and structured solutions. Different things were found in students with low abilities
in answering type 1 questions. The answers of students with low abilities can be seen in Figure 4.

Figure 4
Response of students with low abilities on type 1 questions
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Figure 4 shows that students start writing answers by writing down important things, namely,
information known from the question and information about what is being asked, which is a
decomposition activity. Then, students write the average formula as a first step in solving the
problem. Based on the average formula written by the students, they can apply this formula by
writing down the number of the number of each group and the number of the average
contribution of each group. It shows that students have carried out the abstraction process. The
student’s answer stops at this point. The following student cannot continue the algebraic results of
the numbers he has written. The following are the results of answers from students with high
ability in solving type 2 questions (see Figure 5).

Figure 5
Response of students with high initial abilities on type 2 questions
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Figure 5 shows that students also use the same steps as answering type 1 questions; they start
their answer by writing down essential information related to the question, which becomes a small
and informative part. This activity is a decomposition process. Next, students create a
mathematical equation from the information obtained, an abstraction activity. Then, students can
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write down the formula for the average number of visits each day using the formula. This activity
is pattern recognition. Looking at the answers that students have made, it can be seen that they can
think sequentially and gradually to find logical and structured solutions. This activity is an
algorithmic thinking activity. The answers of students with moderate abilities on type 2 questions
can be seen in Figure 6.

Figure 6
Results of students’ with moderate ability on type 2 questions
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Figure 6 shows that moderate-ability students can write important information from the
questions. This activity is an activity in the decomposition process. Then, students can create an
equation for the answer, and this activity is an abstraction process. It can be concluded that
students can only write formulas from the average, so it can be said that students cannot carry out
strategies for solving these formulas. Moreover, students with low abilities cannot answer type 2
questions because they think the questions are too complex. Then, the results of the answers of
students with high ability to solve type 3 questions are shown in Figure 7.

Figure 7
Response of students with high abilities on type 3 questions
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Based on Figure 7, it can be seen that students start answering questions by writing down
important information, namely writing down something they know and being asked; this activity
is called the decomposition process. Next, students continue their answers by writing down
several equations needed to determine the steps and solutions, then continue by substituting the
information obtained in these equations; this activity is called the abstraction process. By looking
at Equation 1 and Equation 2 in the answer, students can find the p-value. However, from the
student’s answer, it can be seen that the student could not continue the strategy based on the
formula that had been determined. The student could not find the value of g, so the student could
not answer question type 3 successfully.

The findings differ from those of students with moderate initial ability; students with this
ability failed to answer question type 3. Students with medium ability could only write down
important information from a question, and this activity is a decomposition process (Figure 8).
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Students with low ability did not write answers to question type 3. Students with low ability could
not answer type 3 questions because the students thought the questions were too complicated.

Figure 8
Response of students with medium ability on type 3 questions

Dyl : rba ~rda =16 ]

| . ) h— o
PR

Based on the findings and descriptions of students” answers, the research results were classified
based on four CT indicators: decomposition, pattern recognition, abstraction, and algorithmic
thinking —these indicators map CT abilities in statistics content for class VIII SMP students. CT
capability mapping is described in Table 3.

le 3

indings research junior high school students” high, medium, and low CT ability on statistics

CT Indicators Student with High Ability  Student with Medium Ability  Student with Low Ability

Decomposition Accessible break They can break down the Experience difficulty
problem complex problem into smaller parts breaking problems into
become smaller parts; but may experience smaller parts; tend to
able to identify sub- difficulty in identifying all finish the problem in a
problems; can see the sub-problems or way overall without
connection between part. connections between parts.  further analysis.

Abstraction Easy to identify patterns I can identify patterns I experience difficulty
generally; can make a generally with help, but I identifying general
mental representation of  have difficulty making patterns and making
draft abstract; can accurate generalizations. generalizations.
generalize from specific
examples.

Algorithm Can design clear and Can follow given algorithms Experience difficulty

Pattern Recognition

structured steps for
finish problems; able to
evaluate efficiency
algorithm.

Easy to identify patterns
in data; can use patterns
to make predictions; can
classify data based on
patterns.

but may have difficulty
designing own algorithms.

It can identify a simple
pattern, but it is possible to
have difficulty identifying
more complex patterns.

understanding and
following algorithms;
tend to use trial and
error.

Has difficulty
identifying patterns;
tends not to use patterns
to solve problems

The following describes the results of interviews with respondents regarding CT capabilities

classified based on CT indicators.
4.1. Decomposition

The research results show that students consider CT decomposition related to writing down
information from a given problem. Students can use decomposition to understand problems by
writing down information that is considered essential. Students also often practice this activity
when solving story problems. This activity helps students solve the questions given. By applying
decomposition, students are more directed and focused on solving problems. Decomposition
activities can improve students’ ability to understand the instructions from the questions.


MyBook Hype AMD
Note
add a horizontal line in Table 3 for each CT aspect

MyBook Hype AMD
Highlight


A. Astuti et al. / Journal of Pedagogical Research, 0(0), 1-21 13

Previously complicated or complex instructions can be broken down into simpler ones that are
easier to understand and more informative.

Practicing CT decomposition through mathematics learning can positively affect student
performance. However, there are also challenges in applying decomposition in mathematics
learning. Some students had difficulty decomposing activities to solve problems. Decomposition is
more accessible for students with high and medium initial abilities to apply. Students with high
and medium initial abilities can apply decomposition activities to solve problems. Students with
low abilities have difficulty implementing decomposition activities, but this is only a portion of
students; not all students with low abilities experience difficulties.

Students with low initial abilities think that decomposition is considered complicated. It
depends on the student’s situation when working on the questions. Some students are not used to
solving problems and feel frustrated when reading questions. As one student expressed, students
felt frustrated reading the questions, so they had no intention of solving them. He asserted that “I
was frustrated when reading the questions; the sentences in the questions confused me.”
Classroom practices played a significant role in shaping students' decomposition skills. High-
ability students often mirrored techniques demonstrated by their teacher in prior lessons. One
student noted, “Our teacher asked us to break down problems into smaller steps, which helped me
figure out the solution in today’s question.” This highlights the importance of teacher modeling in
developing decomposition skills.

However, students with low and moderate abilities struggled to apply this technique
independently. Many of them admitted to lacking confidence and familiarity with the process.
Classroom group discussions became a critical support mechanism for moderate-ability students,
enabling them to collaboratively identify and solve sub-problems. During a class activity, a
moderate-ability student initially found it difficult to decompose a problem but succeeded after a
classmate demonstrated the process. The student remarked, “When my classmate showed me how
to separate the steps, I realized I had missed an important detail.” This highlights the value of
collaborative learning in developing decomposition skills, particularly for moderate-ability
students.

Low-ability students often exhibited limited problem decomposition, focusing only on
recognizing and noting surface-level facts without engaging in deeper analysis or strategy
development (Knisely et al.,, 2020). In contrast, moderate-ability students showed a more
developed capacity to decompose problems, applying this skill consistently across multiple tasks.
While they might still encounter challenges with advanced problem-solving, their ability to break
down complex questions into manageable steps suggests higher cognitive functioning compared
to their low-ability peers.

This disparity underscores gaps in computational thinking skills, especially in methodical
problem decomposition. Bridging this gap through targeted instructional strategies, such as
teacher-led modeling and structured peer collaboration, could significantly enhance students'
ability to approach complex problems systematically (Wu et al., 2024).

4.2. Pattern Recognition

Pattern recognition is the key to determining the right solution to a problem and knowing how to
solve a specific type of problem. Recognizing common patterns or characteristics can help solve
problems and help determine solutions. The research results show that students’ pattern
recognition cannot be seen from students” answers. Pattern recognition occurs when information
from the environment is received and entered into short-term memory, causing the automatic
activation of specific content in long-term memory. Pattern recognition allows students to predict
and expect what will happen. The pattern recognition process involves matching the information
received with information already stored in the brain. Making connections between memory and
perceived information is a pattern recognition step called identification. Pattern recognition
requires repetition of experience. The following is a quote from one of the high-ability students: “I
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answer questions by finding a suitable formula and solving it carefully until I reach the solution.
However, for question number 3, I was unable to complete it due to time constraints.”

Pattern recognition is a complex activity for students. Difficulty in recognizing patterns will
impact students” success in developing solutions (Nguyen et al.,, 2020). In the present study,
students with high initial abilities can correctly apply pattern recognition to the three questions.
Students with moderate initial abilities can only apply to question number 1. Students with low
initial abilities cannot apply pattern recognition to the three questions. The following is a quote
from a low-ability student.

Pattern recognition emerged as a challenging skill, particularly for low-ability students.
However, classroom practices incorporating repetitive pattern exercises and guided problem-
solving enhanced students’ capabilities. For instance, high-ability students were able to identify
patterns in data sets during activities involving averages and medians. A student explained, “I
noticed that the numbers always followed a similar trend, which made solving the problem
easier.”

Students with high initial abilities could apply pattern recognition across all three questions,
indicating that they could effectively identify relationships, trends, or similarities within the data.
This skill allows them to systematically break down and analyze problems, leading to more
efficient problem-solving. Their ability to consistently recognize patterns across different questions
demonstrates a well-developed capacity for abstract thinking and connecting different pieces of
information (Baumanns et al., 2024).

On the other hand, students with moderate initial abilities could only successfully apply pattern
recognition to the first question. This suggests that while they possess some ability to identify
patterns, it is limited and might not extend to more complex or abstract problems. Their difficulty
in recognizing patterns beyond the first question may stem from a lack of deeper cognitive
strategies or insufficient practice with similar problems (Ling & Loh, 2023).

Moderate-ability students benefited from guided group discussions, where teachers prompted
them to identify recurring elements in statistical data. One student remarked, “I didn’t see the
pattern at first, but when my friend pointed it out, it made sense.” This finding underscores the
importance of fostering collaborative learning to support pattern recognition.

Students with low initial abilities could not apply pattern recognition to any of the three
questions, highlighting a significant struggle in identifying relevant patterns within the data. This
inability reflects a more fundamental challenge in understanding the structure of problems, which
limits their capacity to engage in computational thinking. These students likely require more
foundational support and practice to develop their pattern recognition skills (Lecorchick et al.,
2020). For instance, one of the students stated that “I could not find the answer because I did not
know how to answer it, how to use the formula, and how to solve it. So, did not answer that
question.”

4.3. Abstraction

This study found general practices for solving problems in mathematics learning regarding CT
abstraction. Abstraction is an essential skill for distinguishing between what is essential and what
is less critical. The abstraction carried out by students in solving problems is in the form of
highlighting essential parts of the instructions and finding general patterns for solving problems.
In mathematics, abstraction is about finding patterns and cause-and-effect relationships.
Abstraction is the CT skill most commonly used in mathematics learning. Abstraction is an
essential first step in solving problems in general, namely identifying the most essential parts of a
problem to form an overall picture of the solution. Abstraction is needed for activities to determine
the right solution.

The application of abstraction by students in answering questions takes the form of determining
the right idea as a solution to the problem or determining a suitable strategy for solving the
problem and determining ideas or strategies for solving problems by formulas appropriate to the
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data held. The following is a quote from a student regarding abstraction in problem-solving:
“When answering questions, I can identify key elements and determine solutions or ideas in the
form of formulas used to solve the problems.”

In applying abstraction, students with high initial abilities can apply it to the three problems
given. The abstraction is applied using the chosen formula to solve the problem. High initial ability
students can use appropriate ideas or strategies according to the data the students have. Students
with moderate initial ability can only apply abstraction in questions 1 and 2, but in question
number 3, students with moderate ability cannot. From a quote from a student with moderate
initial ability who cannot apply abstraction because the student is confused about determining
ideas/formulas, in the case of too much data obtained, the following is a quote from a student with
medium initial ability: “I cannot write a formula or idea in question number 3 because question
number 3 has data, and I cannot relate one data to another. I am confused about choosing a
suitable formula or idea.”

Low-ability students struggle to apply abstraction, which is the ability to focus on the essential
elements of a problem while ignoring irrelevant details. Their difficulty in abstract thinking means
they cannot generalize or simplify complex problems, limiting their ability to solve more advanced
tasks (Akin & Murrell-Jones, 2018). In this case, they could only apply abstraction in the first,
presumably simpler, question, where the need to generalize or simplify may have been minimal.
This suggests that when the problem becomes more abstract or requires a more profound
understanding, low-ability students find it challenging to engage with the necessary cognitive
processes.

In contrast, abstraction is less challenging for high- and medium-ability students (Lakin & Wali,
2020). These students can more readily identify the key elements of a problem and ignore
extraneous information, allowing them to engage with the problem more efficiently and formulate
solutions. Their cognitive capacity enables them to see the bigger picture and generalize from
specific examples, essential in solving more complex problems. One factor contributing to the
varying levels of abstraction is the ability to think critically. This highlights the importance of
developing students’” problem-solving skills and their capacity for abstraction, which can be crucial
for success in technical fields like electrical engineering. This difficulty with abstraction highlights
a cognitive gap that low-ability students face, particularly in higher-level tasks that require
strategic thinking and the ability to generalize beyond specific cases. In this sense, one of the
students stated that “I do not understand the questions given, I am confused by the long questions,
and I do not know what formula to use to answer the questions.”

Abstraction activities in the classroom often involved simplifying complex statistical problems
by focusing on critical elements. High-ability students excelled in identifying and applying
relevant formulas. For instance, during a lesson on calculating averages, a student remarked, “I
ignored the unnecessary details and focused only on the data required for the formula.”

Moderate-ability students struggled with abstraction when faced with multiple data points but
demonstrated improvement through teacher-led modeling. One student stated, "When the teacher
showed us how to simplify the problem by grouping the data, it became much easier to
understand." This highlights how instructional strategies can help mitigate the challenges of
abstraction.

Abstraction is an activity that students can understand quickly if they pay more attention when
the teacher provides explanations. Abstraction is an activity that students must have in solving
mathematical problems. When students can apply abstraction, they can solve most of the
problems.

4.4. Algorithmic Thinking

The research results show that applying algorithms can encourage students to be precise in their
work and think structured. The algorithm is run by students using teacher practice in class.
Algorithmic thinking is needed in solving mathematical problems. An algorithm is a way of
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creating instructions to solve a problem. Students face many challenges when applying algorithms.
More students want shortcuts. Students tend to be careless in some of their solving or calculation
steps. Because they want a shortcut, they have difficulty solving problems. Sometimes, students
give solutions that do not make sense.

The application of student abstraction in solving problems can be seen from the results of
students” answers, namely by looking at the structure of students’ thinking. Algorithms in solving
mathematical problems are seen from structural and sequence thinking in finding solutions.
Students who think algorithmically state that by choosing a strategy or idea to find a solution, they
start thinking about how to carry out the idea to the end. One of the quotes from students with
high initial abilities as “I choose the right idea or strategy for the solution. Then, carefully think
about and explain the idea to think from the data obtained, then choose a strategy or formula and
follow the formula to the end."

Applying algorithmic thinking is not difficult for students with high abilities. Students with
high initial abilities can think algorithms on all three questions. Algorithmic thinking is complex
for students with medium and low abilities (Wess et al., 2021). Students with moderate ability can
only apply thinking on question number one, while students with low ability cannot apply
algorithmic thinking skills on the three questions. Students with medium and low initial abilities
are seen answering questions using inconsistent shortcuts. Students are careless in implementing
the chosen idea, so they cannot find a solution. A student with medium ability stated that:

I do not know how to solve the problem. After I had written down what I knew and was asked
about the question, I remembered the formula the teacher had taught. However, I do not know how
to use the formula. I forget. So, I just filled in according to what I remembered. And I am not sure if
the answer I wrote is correct.

In contrast, students with low ability have poor mathematical problem-solving skills because
they cannot solve problems completely (Anjariyah et al., 2022). Algorithmic thinking was
cultivated through structured problem-solving tasks. High-ability students consistently
demonstrated the ability to construct logical, step-by-step solutions. One student explained, “I
followed the steps we practiced in class, starting with the formula and checking each calculation
carefully.”In contrast, medium- and low-ability students exhibited fragmented algorithmic
processes, often relying on trial and error. Classroom activities involving step-by-step
demonstrations and iterative practices significantly improved these students' skills. A teacher’s
observation noted, “When students worked on problems in smaller groups, they became more
confident in following the algorithm.”

5. Discussion

The research findings indicate that students exhibited varying degrees of success in applying
computational thinking (CT) indicators, including decomposition, pattern recognition, abstraction,
and algorithmic thinking. In classroom settings, activities such as group projects and problem-
based learning tasks were instrumental in enhancing these skills. For instance, during a project on
environmental data analysis, students were tasked with breaking down complex datasets, which
helped them practice decomposition in a real-world context. Decomposition, which involves
breaking a problem into smaller, manageable sub-problems, was observed in students of all ability
levels, although its effectiveness varied. High-ability students demonstrated a strong ability to
identify and organize essential information, often using illustrations to clarify their thinking.
Medium-ability students managed to decompose problems but occasionally struggled to connect
sub-problems, while low-ability students faced significant difficulties in this process, often
requiring guidance to focus on key elements. Studies suggest that group learning and practical
problem-solving activities can enhance decomposition skills, especially for students who struggle
(Humble & Mozelius, 2023)

Pattern recognition, another critical CT skill, was effectively applied by high-ability students,
who were able to identify patterns in data and use them to formulate solutions. In a classroom
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exercise involving statistical trends, high-ability students quickly identified patterns in historical
data, which allowed them to predict future trends accurately. However, medium- and low-ability
students found this skill more challenging. High-ability students excelled in recognizing recurring
patterns and translating them into actionable strategies, while lower-ability students often failed to
connect relevant data points. This suggests that prior knowledge plays a vital role in pattern
recognition, highlighting the need for educators to create opportunities for collaborative learning
and discussions to foster this skill (Yasin & Nusantara, 2023).

Abstraction, which focuses on identifying essential elements while ignoring irrelevant details,
also revealed disparities among students. High-ability students were proficient in selecting
relevant data and determining suitable strategies, while medium-ability students demonstrated
partial success, often struggling with complex data sets. During a lesson on mathematical
modeling, students practiced abstraction by focusing on key variables and ignoring extraneous
information, which helped them develop more accurate models. Low-ability students, however,
faced significant difficulties, often failing to simplify or generalize problems. To address these
challenges, structured practice and collaborative problem-solving activities can help students
develop abstraction skills, enabling them to focus on critical aspects of problems (Giiler & Cekmez,
2023; Sezer & Namukasa, 2023).

Algorithmic thinking, characterized by the ability to create logical, structured solutions, was
observed primarily among high-ability students. These students consistently demonstrated
sequential and methodical problem-solving approaches. In programming classes, high-ability
students successfully applied algorithmic thinking by developing efficient code to solve complex
problems, showcasing their ability to construct logical sequences. In contrast, medium- and low-
ability students struggled to apply this skill, often resorting to trial-and-error methods or
inconsistent shortcuts. This highlights the importance of encouraging structured problem-solving
practices in classrooms, as well as providing opportunities for students to learn and refine
algorithmic thinking through real-world applications (Bers, 2021).

In summary, while high-ability students exhibited competence across all CT indicators,
medium- and low-ability students faced challenges that hindered their performance. The
integration of real-world examples and hands-on activities in the classroom was shown to
significantly impact students' understanding and application of CT skills. For example, students
who participated in a collaborative project on data visualization reported a deeper understanding
of abstraction and pattern recognition. These findings underscore the importance of differentiated
teaching strategies and collaborative learning environments to support the development of CT
skills among students of varying abilities. By integrating structured activities and fostering critical
problem-solving discussions, educators can better address the needs of diverse learners in
mathematics and statistics education.

6. Conclusion

Based on these findings, this research can conclude that students with low abilities are less capable
of pattern recognition, abstraction, and algorithmic thinking, so they cannot apply CT indicators to
solve problems. Meanwhile, students with high abilities can solve problems using the CT indicator
stages. It is illustrated in the decomposition indicator, characterized by students” ability to collect
important information in written form from what is known and asked from the questions. In the
pattern recognition indicator, student activities are not visible in students” answers, but pattern
recognition is in the form of students” activities to match questions with past experiences in their
minds. Then, in the abstraction indicator, where students determine strategies for solving
problems in the form of decisions taken in solving problems, this activity is marked by selecting
relevant formulas. Finally, the algorithmic thinking indicator in statistics material is characterized
by finding solutions in a logical and structured manner. Students with moderate abilities can solve
one problem out of three problems given with indicators of decomposition abstraction and are less
capable of pattern recognition and algorithmic thinking. Students with low initial abilities could
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not solve the three problems, but in questions one and three, the students could write
decomposition indicators.

7. Limitations and Future Research

The results of this research are based on limited material, namely on statistics content for junior
high school students, and include four CT indicators: decomposition, pattern recognition,
abstraction, and algorithmic thinking. Three potential future studies that could overcome these
limitations are (1) investigations of more significant numbers of participants; (2) Investigation of
material content other than Statistics, for example, Numbers, Algebra, Measurement, and
Geometry; (3) investigation of all CT indicators. These three studies could also be combined for a
more thorough investigation of the opportunities and challenges of CT, with the idea of a mixed
methods approach.
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Computational Thinking (CT) skills are increasingly recognized as essential for junior high school
students, especially in addressing the demands of the digital era. This study explores how CT skills —
decomposition, pattern recognition, abstraction, and algorithmic thinking —manifest in learning statistics
based on students' cognitive abilities. A qualitative research method was employed, involving 30 junior
high school students, with six participants representing high, medium, and low initial abilities. This study
uniquely maps students' CT performance in solving statistical problems, a domain that has been
underexplored in relation to these skills. The results reveal significant differences based on cognitive
ability: (a) students with high cognitive abilities demonstrate mastery of CT skills across all four indicators
when solving statistical problems; (b) students with moderate abilities show partial competence, excelling
in decomposition and abstraction but struggling with pattern recognition and algorithmic thinking; (c)
students with low abilities achieve limited success, excelling in decomposition but facing challenges with
the other CT skills. The novelty of this research lies in its focused examination of the intersection between
CT skills and statistical problem-solving in junior high students, offering valuable insights for curriculum
development. The findings suggest that integrating CT skills into statistics education enhances problem-
solving capabilities across varying cognitive levels, promoting more inclusive and effective learning in the
digital era.
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education; Qualitative research
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1. Introduction

In a world increasingly shaped by computing, Computational Thinking (CT) has become an
essential skill for everyone (Chakraborty, 2024; Meller & Kaup, 2023). According to Maharani et al.
(2021), CT is crucial for addressing the challenges of the digital era. As a result, education systems
must adapt to equip students with the cognitive tools necessary for solving problems
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computationally. This includes understanding how computers work and identifying problems that
can be tackled through computational methods (Sarmaségi et al., 2024). Furthermore, these skills
necessitate the effective use of digital tools to solve problems within mathematical contexts (Sezer
& Namukasa, 2023; Ye et al., 2023).

The integration of CT into education is crucial in the digital era, as it enhances students'
problem-solving skills. Classroom observations in Grade 8 during this study revealed that high-
performing students were able to effectively apply CT concepts, such as patterns and algorithms,
while low-performing students struggled with abstract concepts, particularly when concrete
examples were not provided. Real-life scenarios proved essential in bridging this gap, highlighting
the need for adaptive teaching strategies to optimize CT integration in statistics education.
Computational Thinking (CT) combines mathematical, logical, and technological abilities to shape
individuals who are confident, open-minded, and adaptive to change (Kang et al., 2023; Miswanto,
2024). In education, integrating CT into mathematics and science curricula, as promoted by the
Next Generation Science Standards (NGSS), has shown broad applications in areas such as algebra,
geometry, probability, and statistics (Namukasa et al., 2023). Specifically, in statistics, CT offers
unique opportunities to develop skills such as designing algorithms, recognizing patterns, and
abstracting essential information to solve data-driven problems (Sezer & Namukasa, 2023).

While the benefits of CT are well-documented, previous studies reveal disparities in CT abilities
among students. These differences are often linked to variations in cognitive abilities (Aranyi et al.,
2024; Zhang & Wong, 2023). Students with high cognitive abilities consistently excel across all CT
indicators, whereas those with moderate or low abilities tend to struggle, particularly in pattern
recognition and algorithmic thinking (Zhang & Wong, 2023). This underscores the urgent need for
targeted teaching strategies that address the diversity of students' cognitive capacities. This study
aims to map the CT abilities of junior high school students, with a specific focus on statistical
content. It highlights four key CT indicators: decomposition, pattern recognition, abstraction, and
algorithmic thinking. By understanding the relationship between these indicators and students'
cognitive abilities, educators can develop inclusive and effective teaching strategies to integrate CT
into the mathematics curriculum.

Additionally, this research explores the broader educational implications of CT. The literature
shows that CT not only enhances mathematical proficiency but also fosters creativity and
innovation, which are vital in 21st-century education (Israel-Fishelson et al., 2020). Integrating CT
into the junior high school curriculum can provide a strong foundation for critical thinking and
problem-solving, particularly in statistics, where abstraction and algorithmic thinking play crucial
roles (Liu, 2024).

To explore the role of CT in statistics education, this study poses the following research
questions:

RQ 1) How do students with different cognitive abilities apply decomposition skills to solve
statistical problems?

RQ 2) What are the differences in pattern recognition among students with high, moderate, and
low abilities?

RQ 3) To what extent can students with low abilities apply abstraction compared to those with
higher abilities?

RQ 4) What is the relationship between cognitive abilities and the application of CT skills in
statistical problems?

RQ 5) How do students with low abilities explain their problem-solving processes, and what
challenges do they face in applying CT skills?

This study aims to address a critical gap by providing new insights into the role of CT in
statistics education. These insights are expected to inform the development of strategies that
address diverse learning needs and promote inclusive curriculum design.



A. Astuti et al. / Journal of Pedagogical Research, 0(0), 1-21 3

2. Literature Review
2.1. Computational Thinking

CT was first conceptualized by Seymour Papert and later popularized by Jeannette Wing in 2006,
who defined it as a thought process that supports solving problems through computational steps
or algorithms (Wing, 2011). Wing’'s framework emphasizes that CT is not limited to computer
science but extends to various disciplines by teaching problem decomposition, abstraction, pattern
recognition, and algorithmic thinking (Angeli et al., 2020). These elements enable learners to solve
complex problems systematically while fostering critical and creative thinking.

Research highlights CT’s integration across disciplines as a transformative tool for improving
logical reasoning and decision-making. For instance, Sung and Black (2020) demonstrate that CT
practices sharpen students” mathematical problem-solving skills, while Richardo (2020) highlight
its role in enhancing computational approaches in real-world contexts. Despite these benefits,
challenges such as insufficient teacher training and resources remain significant barriers (Nordby
et al., 2022). Understanding the foundational concepts of CT and its applicability across disciplines
underscores the importance of integrating these principles into statistics education. This
integration will support the development of systematic problem-solving skills in junior high
school students.

CT goes through two essential steps: the thinking process followed by decision-making or
problem-solving. CT was developed by the Computer Science Teachers Association [CSTA] and
the International Society for Technology in Education [ISTE], stating the characteristics of CT as
follows: (a) Arranging or formulating problems, (b) analyzing problems to make them simple, (c)
describing models and simulations, ( d) develop solution steps, (e) determine possible solutions by
identifying and analyzing and applying the process, (f) generalize the solution to other problems.
Another opinion says that CT consists of several parts: problem decomposition, pattern
recognition, algorithmic thinking, and generalization and abstraction (Oziidogru, 2024). CT'’s
ability in mathematics is the ability to think and formulate problems in computational form (Wing,
2011), which means that CT focuses on solving problems using thinking algorithms. In this
research, CTs are a mindset activity that helps understand problems with appropriate images
through a reasoning process to develop automatic solutions (Persky et al., 2019). The four main
ideas from CT used as indicators in this research are decomposition, pattern recognition,
abstraction, and algorithms. The four indicators and descriptions are explained in Table 1.

Table 1

Indicators of CT Ability

Indicators Description

Decomposition Breaking a complex problem or process into smaller, more manageable parts
(sub-problems)

Pattern recognition Identify similarities or common elements between two or more items.

Abstraction Identify the essential and relevant parts needed to solve a problem. Hiding
details so lower levels can be treated as black boxes or discarded. Generalizing
a pattern

Algorithmic thinking  Instructions or step-by-step for expressing a process or solving a problem.

Note. Adapted from Huang et al (2021) and Yasin & Nusantara (2023b).

2.2. CT Skills and Constructivism Theory

CT skills and constructivism theory are deeply interconnected, focusing on developing critical
thinking and active problem-solving abilities. As technological advancements drive educational
priorities, these skills have become indispensable for preparing students for 21st-century
challenges. Incorporating CT into curricula through robotics, STEAM (Science, Technology,
Engineering, Arts, Mathematics) education, and hands-on activities helps students develop logical
reasoning and problem-solving abilities essential for the modern era (Zakaria & Iksan, 2020).
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Research underscores the importance of exposing students to CT at an early age. Studies show
that introducing CT even at the preschool level lays a solid foundation for skill development.
Papadakis et al. (2016) identify four key CT techniques—abstraction, algorithmic thinking,
decomposition, and pattern recognition—as cornerstones for solving complex problems
effectively. These techniques help students identify relevant information, create structured steps
for solutions, break problems into manageable parts, and recognize patterns to derive solutions.

Constructivism theory, which emphasizes knowledge construction through exploration and
reflection, aligns naturally with CT principles. Valls Pou et al. (2022) argue that constructivist
learning fosters deeper engagement when students actively participate in problem-solving
activities. CT supports this approach by offering students opportunities to apply theoretical
concepts in real-world scenarios, thus building critical and logical reasoning skills (Wess et al.,
2021a).

The alignment between CT and constructivism highlights their combined potential to create
meaningful, student-centered learning experiences. This study will leverage this synergy to
explore how junior high school students develop CT skills through active engagement with
statistics education.

2.3. The Importance of Computational Thinking Skills for Junior High School Students

Computational Thinking, which involves breaking down complex problems, identifying patterns,
and developing algorithmic solutions, is increasingly recognized as an essential skill for students
in the digital age (Sunendar et al., 2020). This is particularly evident in mathematical statistics,
where CT supports students in understanding complex data analysis and solving intricate
problems (Angevine et al.,, 2017). The rapid advancement of technology has transformed the
learning landscape, requiring students to adopt innovative ways of thinking and problem-solving
(Li et al., 2020). CT encourages students to approach problems systematically, breaking them into
manageable components, identifying patterns, and establishing relationships that lead to practical
solutions.

At the junior high school level, integrating CT into the mathematical statistics curriculum can
provide significant educational benefits. First, it enhances students' ability to understand the
structural foundation of statistical problems, fostering a logical and systematic mindset (Setiawan,
2020). By decomposing complex problems into smaller parts, students can recognize patterns,
relationships, and trends within data, improving their capacity to develop effective algorithmic
solutions. Additionally, CT integration promotes critical thinking and problem-solving skills
(Horton & Hardin, 2021). Through algorithmic design and iterative implementation, students gain
the ability to analyze problems from multiple perspectives, evaluate the efficiency of their
solutions, and refine their approaches for better outcomes.

Beyond immediate academic advantages, incorporating CT into junior high school
mathematical statistics curricula has broader implications for students' future academic and
professional development (Horton & Hardin, 2021). As the global workforce continues to evolve
with technological advancements, the ability to think computationally will become a critical asset.
CT equips students to apply structured problem-solving methodologies to diverse challenges,
enhancing their adaptability in education and future careers.

Integrating CT skills into the mathematical statistics curriculum for junior high school students
is a transformative step toward equipping them for the complexities of the digital era. By fostering
logical reasoning, critical thinking, and adaptability, CT provides students with the tools needed to
excel academically and professionally in a technology-driven world.

2.4. The Importance of CT Skills for Junior High School Students

Statistics is a fundamental subject taught in junior high school, designed to build critical
competencies in students. These competencies include analyzing data based on distributions,
averages, medians, and modes to draw conclusions, make decisions, and generate predictions, and
presenting and solving problems related to these statistical measures (Schreiter et al., 2024). These
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skills align closely with the demands of the 21st century, where individuals are constantly
surrounded by data from various sources such as social media, news outlets, and technological
platforms (Maharani et al., 2021).

Understanding statistics enables students to distinguish between relevant and irrelevant
information, enhancing their ability to make rational, data-informed decisions. This foundational
skill is particularly important in today's data-centric world, where analyzing trends and
interpreting results are crucial for problem-solving and decision-making. Through statistics
education, students learn to process data systematically, recognizing patterns, drawing valid
conclusions, and applying their insights to real-world scenarios.

Moreover, integrating CT skills into the learning of statistics further amplifies these benefits. By
employing computational methods such as decomposition, pattern recognition, and algorithmic
thinking, students can tackle statistical problems more efficiently. These skills not only enhance
their statistical literacy but also prepare them for higher-level mathematical challenges and
interdisciplinary applications. The integration of CT skills into the statistical curriculum equips
junior high school students with essential tools for navigating the complexities of a data-driven
world. By fostering analytical thinking and data literacy, these combined skills empower students
to make informed decisions and succeed in both academic and real-world contexts.

2.5. Different Cognitive Levels in CT Abilities

Recent studies have demonstrated that students with varying cognitive profiles exhibit different
levels of proficiency in computational thinking (Wing, 2006). Students with strong logical and
analytical skills often excel in algorithmic thinking, particularly in designing efficient, step-by-step
solutions to problems. On the other hand, students with creative and imaginative cognitive styles
tend to excel in conceptualizing and framing problems, often identifying unconventional and
innovative approaches to complex challenges (Annamalai et al., 2022). These differences highlight
the diverse ways students engage with CT and the need for teaching strategies that accommodate
a range of cognitive strengths.

Moreover, CT development benefits from a multidimensional and inclusive approach that
leverages students' unique cognitive abilities. Recognizing these strengths allows educators to
tailor instructional methods that enhance both logical problem-solving and creative exploration.
Additionally, research emphasizes the importance of fostering CT skills across all educational
levels —from primary to tertiary —to adequately prepare students for the challenges of the digital
age (Zakaria & Iksan, 2020).

Integrating CT into the curriculum equips students with the tools necessary to navigate an
increasingly complex, technology-driven world. By cultivating skills in decomposition, pattern
recognition, abstraction, and algorithmic thinking, educators can empower students to become
both critical problem-solvers and innovative thinkers (Cheng et al., 2023; Yeni et al., 2024). These
findings underscore the critical role of adaptable teaching strategies in developing CT skills,
ensuring all students can thrive in a rapidly evolving technological landscape.

3. Materials and Methods

The research method employed in this study is descriptive qualitative (Kuckartz & Radiker, 2023).
This approach was used to collect data from students' responses to descriptive questions designed
to assess the computational thinking abilities of class VIII junior high school students. The
questions, specifically tailored to statistics content, were developed to encourage solutions that
align with key CT indicators such as decomposition, pattern recognition, abstraction, and
algorithmic thinking. Through this method, the study offers a comprehensive overview of
students' CT abilities and their application in statistical problem-solving.
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3.1. Research Stages

This descriptive research was conducted through a systematic process comprising four stages.
First, students were identified and selected as potential research participants. Second, essay
assignments were distributed to these students to confirm their participation. Third, the essays
produced by the participants were analyzed to profile their critical thinking abilities. Fourth, the
essays were further evaluated using predefined CT indicators to map and categorize their
computational thinking abilities. The detailed research workflow is illustrated in Figure 1.

Figure 1
Research stages

+ Determining * Profiling students’
students as CT abilities as
potential research +* Giving research subjects * Mapping students’
subjects assignments  to CT abilities as
students as research subjects
potential research
subjects

3.2. Research Participants

The research participants consisted of six junior high school students from Class VIII, selected
from a total of 30 students. The group included four girls and two boys, representing a range of
initial abilities: two students with high abilities, two with medium abilities, and two with low
abilities. All participants had prior exposure to statistical content, ensuring a baseline familiarity
with the subject matter relevant to the study.

3.3. Data Collection

The instrument used in this study consisted of descriptive questions based on CT indicators,
specifically focused on statistical material. The questions were divided into three types: (a) Type 1
questions assessing students' ability to solve problems related to averages, (b) Type 2 questions
evaluating students' ability to find data when some information is known, and (c) Type 3 questions
testing students' ability to find a value when the average value and data range are known. The
essay questions were adopted from the student handbook issued by the Ministry of Education,
Culture, Research and Technology of the Republic of Indonesia and the Junior High School
Mathematics Olympiad Question Collection. Mathematics education experts validated these
questions. Before the questions were used in the study, they were first piloted with 30 junior high
school students who had studied statistics. The trial results confirmed the validity and reliability of
the essay questions. Students were given 80 minutes to complete the descriptive questions, which
were used to assess their computational thinking abilities in statistical contexts.In addition to the
essay questions, semi-structured in-depth interviews were conducted to obtain more valid data.
These interviews aimed to gain insights into the student’s problem-solving processes and how
they navigated CT challenges. Notably, classroom experiences were directly integrated into the
data collection process. During the essay task, the researcher observed how students applied prior
knowledge and problem-solving strategies learned in class. After completing the questions,
students participated in follow-up interviews conducted in the classroom. This allowed the
researcher to observe real-time interactions and the challenges students faced during problem-
solving activities.
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For example, a student commented, “I started by writing all the important data I understood
from the question, and then I remembered how our teacher explained similar problems.” This
illustrates the influence of classroom instruction on students’ critical thinking abilities. The
recorded interviews not only documented individual responses but also captured group dynamics
during discussions, offering deeper insights into the students' learning processes and problem-
solving strategies.

3.4. Data Analysis

The collected data was analyzed using directed content analysis to show students” CT abilities in
mathematics and technology for grades 7-12 (Kuckartz & Radiker, 2023). Content analysis
systematically interprets and describes textual data (Assarroudi et al., 2018). The analysis stages
are carried out in nine steps, namely as follows:

The first step is to analyze CT capabilities, which are explained based on CT indicators (see
Table 2). It is done deductively using a theoretical framework related to the studied CT topic. The
second and third steps define and formulate CT indicators, which are the focus of the research. The
fourth step was selecting a small sample from the collected data. The small sample chosen was two
students in class VIII at a junior high school who had high initial abilities, two with medium
abilities, and two with low initial abilities. This research’s total sample was six out of 30 students.
This sampling was based on the initial test results and recommendations from the mathematics
teacher in that class. Then, the fifth step determines how to create essay questions so that the
answers lead students to think computationally. The sixth step is to analyze the primary data
using documents from students” answers to essay questions. The seventh step uses an inductive
approach, grouping students” answers with high and low initial abilities. It will be related to the
pattern of students answering questions according to the CT indicators. The eighth step is to
compare students” answer patterns to determine students’ abilities in solving problems using CT
indicators. Finally, the ninth step includes organizing and reporting the research.

Table 2

Aspects, Indicators, and Research Instrument Questions

Aspect Indicator High gbllzty Medzym ability Low qblllty
questions questions questions

Decomposition Able to solve How does breaking Try to explainhow  Can you explain

(Egidi, 2015;
Resnick & Kazemi,
2019)

problem complex
into smaller, well-
defined sub-
problems
effectively.

Able to identify the
main components
of a problem

Able to determine
the sequence of
steps needed to
solve a problem.

down a problem
into smaller steps
make it more
manageable?

What are the main
components of the
problem?

In what order will
you complete the
steps to solve the
problem [name
problem]?

solving a problem
can be broken
down into several
small parts.

Mention several
parts essential to
the problem .

Try to sequence the
steps necessary to
solve the problem
[name the
problem].

what needs to be
done to finish the
problem.

Can you mention
things to do under
consideration for
finishing the
problem?

Can you explain
the sequence of
steps that need to
be taken to solve
the problem [name
the problem]?
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Table 2 continued

Aspect Indicator High gbility Mediym ability Low qbility
questions questions questions
Abstraction Features significant What features are Try to mention Can you explain
(Knoblock, 2017; problems and essential from the several essential what is most
White et al., 2012) ignores details that  problem [related matters from important to be
are not relevant. problem] that need  problem [mention  noticed in the
to be solved and problem] that must  finish problem
considered to finish be solved to finish. ~ [mention
it? problem]?
Able to represent How would you Try to explain how  Can you explain in
information in a simplify the [name it would make the = simpler terms what
more the problem] [name the problem] you want to
straightforward problem to make it  problem more achieve to solve the
and easier-to- easier to straightforward to ~ problem [name the
understand form. understand? understand. problem]?
Able to focus on What is needed to  Try to explain what Can you mention
aspects essential to  be ignored in the does not need to be  things that are not
problems and problem [ mention] noticed in problem  important for the
ignore details that ~ problem] to focus [mention] problem] finish problem
are not relevant. on solving it? to focus on the [mention]
solution. problem]?
Algorithm Able to develop How would you Able to develop How would you
(Bacelo & Gomez- well-defined and develop clear and well-defined and develop clear and
Chacén, 2023; Liu sequential steps to  structured stepsto  sequential steps to  structured steps to
et al.,, 2024) solve a problem. solve the problem  solve a problem. solve the problem

Pattern recognition
(Boysen, 2019;
Gillott et al., 2020)

Able to use clear
and structured
instructions to
solve a problem.

Able to evaluate
and refine the steps
in an algorithm.

Able to identify
patterns in data or
information.

Able to explain
observed patterns
in data or
information.

Able to use
observed patterns
to make
predictions or
make decisions.

[name the
problem]?

How would you
write clear, easy-to-
understand
instructions to
solve the problem
[name the
problem]?

Will you assess and
improve the steps
in your solution to
the problem [name
problem]?

Can you find the
pattern in data
[mention data]?

How would you
explain the pattern
you found in data
[mention data]?
What can you
predict based on
the pattern you
found in the data
[mention data]?

Try to write down
the instructions
you think are
necessary to solve
the problem [name
the problem] in a
way that is easy to
understand.

Try to evaluate and
improve the steps
you used to solve
the problem [name
the problem)].

Try to explain if
you find the
pattern in data
[mention data].
Try to explain the
pattern you found
in data [mention
data] in your way.
Able to use
observed patterns
to make
predictions or
make decisions.

[name the
problem]?

Can you explain
simply how to
solve the problem
[name the
problem]?

Can you explain
what needs to
change in the way
you solve problems
[name the problem]
Able to identify
patterns in data or
information.

Can you explain?
What did you find
in data [mention
data]?

What can you
predict based on
the pattern you
found in the data
[mention data]?
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4. Results

The results of the research and discussion will highlight students' abilities in decomposition,
pattern recognition, abstraction, and algorithmic thinking. The findings are presented by analyzing
students' answers to the three types of questions, classified according to their abilities. Figure 2
presents the responses from students with high abilities in solving Type 1 questions.

Figure 2
Response of students with high ability on type 1 questions
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Figure 2 shows that students begin by writing down all the information they know and then
identifying what needs to be resolved from the problem, demonstrating the decomposition
process. They also outline strategies and steps for solving the problem, such as writing down the
average formula, which reflects their ability to abstract relevant information. Next, students use
the average formula to solve the problem, recognizing patterns in the process. By applying the
formula, students can analyze the problem and follow the steps outlined in the formula to
determine the required average, thus engaging in algorithmic thinking. This process contrasts with
the responses of students with medium abilities in answering Type 1 questions, as shown in Figure
3.

Figure 3
Response of students with medium ability on type 1 questions
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Figure 3 shows that students answered the questions by creating illustrations or diagrams to
represent the information for each group, which reflects the decomposition process. Next, students
used the information from each group to determine the unknown contributions from Group 3,
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demonstrating the abstraction process. Following this, students applied the average formula to
calculate the contribution results. Initially, the student tried an average contribution of 9,000 but
arrived at an incorrect class average. Then, the student attempted using 8,000 as the average
contribution for Group 3, which produced the correct overall class average. This activity
demonstrates the pattern recognition process.

Moreover, all the students” activities in answering type one questions are algorithmic, namely
finding logical and structured solutions. Different things were found in students with low abilities
in answering type 1 questions. The answers of students with low abilities can be seen in Figure 4.

Figure 4
Response of students with low abilities on type 1 questions
dix oz p X1z (0. 00 il
! '\‘ 210 Mo,
BN S
T L PETNLNIT T
T -
Xospepula 2ol ¥+ Yo A Y3 )

— M4 o )

— _
i Y X 00004127 1100+ Bx X3

O +l2 +wn |8

Figure 4 shows that students start writing answers by writing down important things, namely,
information known from the question and information about what is being asked, which is a
decomposition activity. Then, students write the average formula as a first step in solving the
problem. Based on the average formula written by the students, they can apply this formula by
writing down the number of the number of each group and the number of the average
contribution of each group. It shows that students have carried out the abstraction process. The
student’s answer stops at this point. The following student cannot continue the algebraic results of
the numbers he has written. The following are the results of answers from students with high
ability in solving type 2 questions (see Figure 5).

Figure 5
Response of students with high initial abilities on type 2 questions
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Figure 5 shows that students also use the same steps as answering type 1 questions; they start
their answer by writing down essential information related to the question, which becomes a small
and informative part. This activity is a decomposition process. Next, students create a
mathematical equation from the information obtained, an abstraction activity. Then, students can
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write down the formula for the average number of visits each day using the formula. This activity
is pattern recognition. Looking at the answers that students have made, it can be seen that they can
think sequentially and gradually to find logical and structured solutions. This activity is an
algorithmic thinking activity. The answers of students with moderate abilities on type 2 questions
can be seen in Figure 6.

Figure 6
Results of students’ with moderate ability on type 2 questions
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Figure 6 shows that moderate-ability students can write important information from the
questions. This activity is an activity in the decomposition process. Then, students can create an
equation for the answer, and this activity is an abstraction process. It can be concluded that
students can only write formulas from the average, so it can be said that students cannot carry out
strategies for solving these formulas. Moreover, students with low abilities cannot answer type 2
questions because they think the questions are too complex. Then, the results of the answers of
students with high ability to solve type 3 questions are shown in Figure 7.

Figure 7
Response of students with high abilities on type 3 questions
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Based on Figure 7, it can be seen that students start answering questions by writing down
important information, namely writing down something they know and being asked; this activity
is called the decomposition process. Next, students continue their answers by writing down
several equations needed to determine the steps and solutions, then continue by substituting the
information obtained in these equations; this activity is called the abstraction process. By looking
at Equation 1 and Equation 2 in the answer, students can find the p-value. However, from the
student’s answer, it can be seen that the student could not continue the strategy based on the
formula that had been determined. The student could not find the value of g, so the student could
not answer question type 3 successfully.

The findings differ from those of students with moderate initial ability; students with this
ability failed to answer question type 3. Students with medium ability could only write down
important information from a question, and this activity is a decomposition process (Figure 8).
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Students with low ability did not write answers to question type 3. Students with low ability could
not answer type 3 questions because the students thought the questions were too complicated.

Figure 8
Response of students with medium ability on type 3 questions
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Based on the findings and descriptions of students” answers, the research results were classified
based on four CT indicators: decomposition, pattern recognition, abstraction, and algorithmic
thinking —these indicators map CT abilities in statistics content for class VIII SMP students. CT
capability mapping is described in Table 3.

Table 3

Findings research junior high school students’ high, medium, and low CT ability on statistics

CT Indicators Student with High Ability  Student with Medium Ability  Student with Low Ability

Decomposition Accessible break They can break down the Experience difficulty
problem complex problem into smaller parts breaking problems into
become smaller parts; but may experience smaller parts; tend to
able to identify sub- difficulty in identifying all finish the problem in a
problems; can see the sub-problems or way overall without
connection between part. connections between parts.  further analysis.

Abstraction Easy to identify patterns I can identify patterns I experience difficulty
generally; can make a generally with help, but I identifying general
mental representation of  have difficulty making patterns and making
draft abstract; can accurate generalizations. generalizations.
generalize from specific
examples.

Algorithm Can design clear and Can follow given algorithms Experience difficulty

Pattern Recognition

structured steps for
finish problems; able to
evaluate efficiency
algorithm.

Easy to identify patterns
in data; can use patterns
to make predictions; can
classify data based on
patterns.

but may have difficulty
designing own algorithms.

It can identify a simple
pattern, but it is possible to
have difficulty identifying
more complex patterns.

understanding and
following algorithms;
tend to use trial and
error.

Has difficulty
identifying patterns;
tends not to use patterns
to solve problems

The following describes the results of interviews with respondents regarding CT capabilities

classified based on CT indicators.
4.1. Decomposition

The research results show that students consider CT decomposition related to writing down
information from a given problem. Students can use decomposition to understand problems by
writing down information that is considered essential. Students also often practice this activity
when solving story problems. This activity helps students solve the questions given. By applying
decomposition, students are more directed and focused on solving problems. Decomposition
activities can improve students’ ability to understand the instructions from the questions.
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Previously complicated or complex instructions can be broken down into simpler ones that are
easier to understand and more informative.

Practicing CT decomposition through mathematics learning can positively affect student
performance. However, there are also challenges in applying decomposition in mathematics
learning. Some students had difficulty decomposing activities to solve problems. Decomposition is
more accessible for students with high and medium initial abilities to apply. Students with high
and medium initial abilities can apply decomposition activities to solve problems. Students with
low abilities have difficulty implementing decomposition activities, but this is only a portion of
students; not all students with low abilities experience difficulties.

Students with low initial abilities think that decomposition is considered complicated. It
depends on the student’s situation when working on the questions. Some students are not used to
solving problems and feel frustrated when reading questions. As one student expressed, students
felt frustrated reading the questions, so they had no intention of solving them. He asserted that “I
was frustrated when reading the questions; the sentences in the questions confused me.”
Classroom practices played a significant role in shaping students' decomposition skills. High-
ability students often mirrored techniques demonstrated by their teacher in prior lessons. One
student noted, “Our teacher asked us to break down problems into smaller steps, which helped me
figure out the solution in today’s question.” This highlights the importance of teacher modeling in
developing decomposition skills.

However, students with low and moderate abilities struggled to apply this technique
independently. Many of them admitted to lacking confidence and familiarity with the process.
Classroom group discussions became a critical support mechanism for moderate-ability students,
enabling them to collaboratively identify and solve sub-problems. During a class activity, a
moderate-ability student initially found it difficult to decompose a problem but succeeded after a
classmate demonstrated the process. The student remarked, “When my classmate showed me how
to separate the steps, I realized I had missed an important detail.” This highlights the value of
collaborative learning in developing decomposition skills, particularly for moderate-ability
students.

Low-ability students often exhibited limited problem decomposition, focusing only on
recognizing and noting surface-level facts without engaging in deeper analysis or strategy
development (Knisely et al.,, 2020). In contrast, moderate-ability students showed a more
developed capacity to decompose problems, applying this skill consistently across multiple tasks.
While they might still encounter challenges with advanced problem-solving, their ability to break
down complex questions into manageable steps suggests higher cognitive functioning compared
to their low-ability peers.

This disparity underscores gaps in computational thinking skills, especially in methodical
problem decomposition. Bridging this gap through targeted instructional strategies, such as
teacher-led modeling and structured peer collaboration, could significantly enhance students'
ability to approach complex problems systematically (Wu et al., 2024).

4.2. Pattern Recognition

Pattern recognition is the key to determining the right solution to a problem and knowing how to
solve a specific type of problem. Recognizing common patterns or characteristics can help solve
problems and help determine solutions. The research results show that students’ pattern
recognition cannot be seen from students” answers. Pattern recognition occurs when information
from the environment is received and entered into short-term memory, causing the automatic
activation of specific content in long-term memory. Pattern recognition allows students to predict
and expect what will happen. The pattern recognition process involves matching the information
received with information already stored in the brain. Making connections between memory and
perceived information is a pattern recognition step called identification. Pattern recognition
requires repetition of experience. The following is a quote from one of the high-ability students: “I
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answer questions by finding a suitable formula and solving it carefully until I reach the solution.
However, for question number 3, I was unable to complete it due to time constraints.”

Pattern recognition is a complex activity for students. Difficulty in recognizing patterns will
impact students” success in developing solutions (Nguyen et al.,, 2020). In the present study,
students with high initial abilities can correctly apply pattern recognition to the three questions.
Students with moderate initial abilities can only apply to question number 1. Students with low
initial abilities cannot apply pattern recognition to the three questions. The following is a quote
from a low-ability student.

Pattern recognition emerged as a challenging skill, particularly for low-ability students.
However, classroom practices incorporating repetitive pattern exercises and guided problem-
solving enhanced students’ capabilities. For instance, high-ability students were able to identify
patterns in data sets during activities involving averages and medians. A student explained, “I
noticed that the numbers always followed a similar trend, which made solving the problem
easier.”

Students with high initial abilities could apply pattern recognition across all three questions,
indicating that they could effectively identify relationships, trends, or similarities within the data.
This skill allows them to systematically break down and analyze problems, leading to more
efficient problem-solving. Their ability to consistently recognize patterns across different questions
demonstrates a well-developed capacity for abstract thinking and connecting different pieces of
information (Baumanns et al., 2024).

On the other hand, students with moderate initial abilities could only successfully apply pattern
recognition to the first question. This suggests that while they possess some ability to identify
patterns, it is limited and might not extend to more complex or abstract problems. Their difficulty
in recognizing patterns beyond the first question may stem from a lack of deeper cognitive
strategies or insufficient practice with similar problems (Ling & Loh, 2023).

Moderate-ability students benefited from guided group discussions, where teachers prompted
them to identify recurring elements in statistical data. One student remarked, “I didn’t see the
pattern at first, but when my friend pointed it out, it made sense.” This finding underscores the
importance of fostering collaborative learning to support pattern recognition.

Students with low initial abilities could not apply pattern recognition to any of the three
questions, highlighting a significant struggle in identifying relevant patterns within the data. This
inability reflects a more fundamental challenge in understanding the structure of problems, which
limits their capacity to engage in computational thinking. These students likely require more
foundational support and practice to develop their pattern recognition skills (Lecorchick et al.,
2020). For instance, one of the students stated that “I could not find the answer because I did not
know how to answer it, how to use the formula, and how to solve it. So, did not answer that
question.”

4.3. Abstraction

This study found general practices for solving problems in mathematics learning regarding CT
abstraction. Abstraction is an essential skill for distinguishing between what is essential and what
is less critical. The abstraction carried out by students in solving problems is in the form of
highlighting essential parts of the instructions and finding general patterns for solving problems.
In mathematics, abstraction is about finding patterns and cause-and-effect relationships.
Abstraction is the CT skill most commonly used in mathematics learning. Abstraction is an
essential first step in solving problems in general, namely identifying the most essential parts of a
problem to form an overall picture of the solution. Abstraction is needed for activities to determine
the right solution.

The application of abstraction by students in answering questions takes the form of determining
the right idea as a solution to the problem or determining a suitable strategy for solving the
problem and determining ideas or strategies for solving problems by formulas appropriate to the
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data held. The following is a quote from a student regarding abstraction in problem-solving:
“When answering questions, I can identify key elements and determine solutions or ideas in the
form of formulas used to solve the problems.”

In applying abstraction, students with high initial abilities can apply it to the three problems
given. The abstraction is applied using the chosen formula to solve the problem. High initial ability
students can use appropriate ideas or strategies according to the data the students have. Students
with moderate initial ability can only apply abstraction in questions 1 and 2, but in question
number 3, students with moderate ability cannot. From a quote from a student with moderate
initial ability who cannot apply abstraction because the student is confused about determining
ideas/formulas, in the case of too much data obtained, the following is a quote from a student with
medium initial ability: “I cannot write a formula or idea in question number 3 because question
number 3 has data, and I cannot relate one data to another. I am confused about choosing a
suitable formula or idea.”

Low-ability students struggle to apply abstraction, which is the ability to focus on the essential
elements of a problem while ignoring irrelevant details. Their difficulty in abstract thinking means
they cannot generalize or simplify complex problems, limiting their ability to solve more advanced
tasks (Akin & Murrell-Jones, 2018). In this case, they could only apply abstraction in the first,
presumably simpler, question, where the need to generalize or simplify may have been minimal.
This suggests that when the problem becomes more abstract or requires a more profound
understanding, low-ability students find it challenging to engage with the necessary cognitive
processes.

In contrast, abstraction is less challenging for high- and medium-ability students (Lakin & Wali,
2020). These students can more readily identify the key elements of a problem and ignore
extraneous information, allowing them to engage with the problem more efficiently and formulate
solutions. Their cognitive capacity enables them to see the bigger picture and generalize from
specific examples, essential in solving more complex problems. One factor contributing to the
varying levels of abstraction is the ability to think critically. This highlights the importance of
developing students’ problem-solving skills and their capacity for abstraction, which can be crucial
for success in technical fields like electrical engineering. This difficulty with abstraction highlights
a cognitive gap that low-ability students face, particularly in higher-level tasks that require
strategic thinking and the ability to generalize beyond specific cases. In this sense, one of the
students stated that “I do not understand the questions given, I am confused by the long questions,
and I do not know what formula to use to answer the questions.”

Abstraction activities in the classroom often involved simplifying complex statistical problems
by focusing on critical elements. High-ability students excelled in identifying and applying
relevant formulas. For instance, during a lesson on calculating averages, a student remarked, “I
ignored the unnecessary details and focused only on the data required for the formula.”

Moderate-ability students struggled with abstraction when faced with multiple data points but
demonstrated improvement through teacher-led modeling. One student stated, "When the teacher
showed us how to simplify the problem by grouping the data, it became much easier to
understand." This highlights how instructional strategies can help mitigate the challenges of
abstraction.

Abstraction is an activity that students can understand quickly if they pay more attention when
the teacher provides explanations. Abstraction is an activity that students must have in solving
mathematical problems. When students can apply abstraction, they can solve most of the
problems.

4.4. Algorithmic Thinking

The research results show that applying algorithms can encourage students to be precise in their
work and think structured. The algorithm is run by students using teacher practice in class.
Algorithmic thinking is needed in solving mathematical problems. An algorithm is a way of
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creating instructions to solve a problem. Students face many challenges when applying algorithms.
More students want shortcuts. Students tend to be careless in some of their solving or calculation
steps. Because they want a shortcut, they have difficulty solving problems. Sometimes, students
give solutions that do not make sense.

The application of student abstraction in solving problems can be seen from the results of
students” answers, namely by looking at the structure of students’ thinking. Algorithms in solving
mathematical problems are seen from structural and sequence thinking in finding solutions.
Students who think algorithmically state that by choosing a strategy or idea to find a solution, they
start thinking about how to carry out the idea to the end. One of the quotes from students with
high initial abilities as “I choose the right idea or strategy for the solution. Then, carefully think
about and explain the idea to think from the data obtained, then choose a strategy or formula and
follow the formula to the end."

Applying algorithmic thinking is not difficult for students with high abilities. Students with
high initial abilities can think algorithms on all three questions. Algorithmic thinking is complex
for students with medium and low abilities (Wess et al., 2021). Students with moderate ability can
only apply thinking on question number one, while students with low ability cannot apply
algorithmic thinking skills on the three questions. Students with medium and low initial abilities
are seen answering questions using inconsistent shortcuts. Students are careless in implementing
the chosen idea, so they cannot find a solution. A student with medium ability stated that:

I do not know how to solve the problem. After I had written down what I knew and was asked
about the question, I remembered the formula the teacher had taught. However, I do not know how
to use the formula. I forget. So, I just filled in according to what I remembered. And I am not sure if
the answer I wrote is correct.

In contrast, students with low ability have poor mathematical problem-solving skills because
they cannot solve problems completely (Anjariyah et al., 2022). Algorithmic thinking was
cultivated through structured problem-solving tasks. High-ability students consistently
demonstrated the ability to construct logical, step-by-step solutions. One student explained, “I
followed the steps we practiced in class, starting with the formula and checking each calculation
carefully.”In contrast, medium- and low-ability students exhibited fragmented algorithmic
processes, often relying on trial and error. Classroom activities involving step-by-step
demonstrations and iterative practices significantly improved these students' skills. A teacher’s
observation noted, “When students worked on problems in smaller groups, they became more
confident in following the algorithm.”

5. Discussion

The research findings indicate that students exhibited varying degrees of success in applying
computational thinking (CT) indicators, including decomposition, pattern recognition, abstraction,
and algorithmic thinking. In classroom settings, activities such as group projects and problem-
based learning tasks were instrumental in enhancing these skills. For instance, during a project on
environmental data analysis, students were tasked with breaking down complex datasets, which
helped them practice decomposition in a real-world context. Decomposition, which involves
breaking a problem into smaller, manageable sub-problems, was observed in students of all ability
levels, although its effectiveness varied. High-ability students demonstrated a strong ability to
identify and organize essential information, often using illustrations to clarify their thinking.
Medium-ability students managed to decompose problems but occasionally struggled to connect
sub-problems, while low-ability students faced significant difficulties in this process, often
requiring guidance to focus on key elements. Studies suggest that group learning and practical
problem-solving activities can enhance decomposition skills, especially for students who struggle
(Humble & Mozelius, 2023)

Pattern recognition, another critical CT skill, was effectively applied by high-ability students,
who were able to identify patterns in data and use them to formulate solutions. In a classroom
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exercise involving statistical trends, high-ability students quickly identified patterns in historical
data, which allowed them to predict future trends accurately. However, medium- and low-ability
students found this skill more challenging. High-ability students excelled in recognizing recurring
patterns and translating them into actionable strategies, while lower-ability students often failed to
connect relevant data points. This suggests that prior knowledge plays a vital role in pattern
recognition, highlighting the need for educators to create opportunities for collaborative learning
and discussions to foster this skill (Yasin & Nusantara, 2023).

Abstraction, which focuses on identifying essential elements while ignoring irrelevant details,
also revealed disparities among students. High-ability students were proficient in selecting
relevant data and determining suitable strategies, while medium-ability students demonstrated
partial success, often struggling with complex data sets. During a lesson on mathematical
modeling, students practiced abstraction by focusing on key variables and ignoring extraneous
information, which helped them develop more accurate models. Low-ability students, however,
faced significant difficulties, often failing to simplify or generalize problems. To address these
challenges, structured practice and collaborative problem-solving activities can help students
develop abstraction skills, enabling them to focus on critical aspects of problems (Giiler & Cekmez,
2023; Sezer & Namukasa, 2023).

Algorithmic thinking, characterized by the ability to create logical, structured solutions, was
observed primarily among high-ability students. These students consistently demonstrated
sequential and methodical problem-solving approaches. In programming classes, high-ability
students successfully applied algorithmic thinking by developing efficient code to solve complex
problems, showcasing their ability to construct logical sequences. In contrast, medium- and low-
ability students struggled to apply this skill, often resorting to trial-and-error methods or
inconsistent shortcuts. This highlights the importance of encouraging structured problem-solving
practices in classrooms, as well as providing opportunities for students to learn and refine
algorithmic thinking through real-world applications (Bers, 2021).

In summary, while high-ability students exhibited competence across all CT indicators,
medium- and low-ability students faced challenges that hindered their performance. The
integration of real-world examples and hands-on activities in the classroom was shown to
significantly impact students' understanding and application of CT skills. For example, students
who participated in a collaborative project on data visualization reported a deeper understanding
of abstraction and pattern recognition. These findings underscore the importance of differentiated
teaching strategies and collaborative learning environments to support the development of CT
skills among students of varying abilities. By integrating structured activities and fostering critical
problem-solving discussions, educators can better address the needs of diverse learners in
mathematics and statistics education.

6. Conclusion

Based on these findings, this research can conclude that students with low abilities are less capable
of pattern recognition, abstraction, and algorithmic thinking, so they cannot apply CT indicators to
solve problems. Meanwhile, students with high abilities can solve problems using the CT indicator
stages. It is illustrated in the decomposition indicator, characterized by students” ability to collect
important information in written form from what is known and asked from the questions. In the
pattern recognition indicator, student activities are not visible in students” answers, but pattern
recognition is in the form of students’ activities to match questions with past experiences in their
minds. Then, in the abstraction indicator, where students determine strategies for solving
problems in the form of decisions taken in solving problems, this activity is marked by selecting
relevant formulas. Finally, the algorithmic thinking indicator in statistics material is characterized
by finding solutions in a logical and structured manner. Students with moderate abilities can solve
one problem out of three problems given with indicators of decomposition abstraction and are less
capable of pattern recognition and algorithmic thinking. Students with low initial abilities could
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not solve the three problems, but in questions one and three, the students could write
decomposition indicators.

7. Limitations and Future Research

The results of this research are based on limited material, namely on statistics content for junior
high school students, and include four CT indicators: decomposition, pattern recognition,
abstraction, and algorithmic thinking. Three potential future studies that could overcome these
limitations are (1) investigations of more significant numbers of participants; (2) Investigation of
material content other than Statistics, for example, Numbers, Algebra, Measurement, and
Geometry; (3) investigation of all CT indicators. These three studies could also be combined for a
more thorough investigation of the opportunities and challenges of CT, with the idea of a mixed
methods approach.
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Computational Thinking (CT) skills are increasingly recognized as essential for junior high school
students, especially in addressing the demands of the digital era. This study explores how CT skills—
decomposition, pattern recognition, abstraction, and algorithmic thinking— manifest in learning statistics
based on students' cognitive abilities. A qualitative research method was employed, involving 30 junior
high school students, with six participants representing high, medium, and low initial abilities. This study
uniquely maps students' CT performance in solving statistical problems, a domain that has been
underexplored in relation to these skills. The results reveal significant differences based on cognitive
ability: (a) students with high cognitive abilities demonstrate mastery of CT skills across all four indicators
when solving statistical problems; (b) students with moderate abilities show partial competence, excelling
in decomposition and abstraction but struggling with pattern recognition and algorithmic thinking; (c)
students with low abilities achieve limited success, excelling in decomposition but facing challenges with
the other CT skills. The novelty of this research lies in its focused examination of the intersection between
CT skills and statistical problem-solving in junior high students, offering valuable insights for curriculum
development. The findings suggest that integrating CT skills into statistics education enhances problem-
solving capabilities across varying cognitive levels, promoting more inclusive and effective learning in the
digital era.

Keywords: Cognitive abilities; Computational thinking; Junior high school; Problem-solving; Statistics
education; Qualitative research
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1. Introduction

In a world increasingly shaped by computing, Computational Thinking (CT) has become an
essential skill for everyone (Chakraborty, 2024; Meller & Kaup, 2023). According to Maharani et al.
(2021), CT is crucial for addressing the challenges of the digital era. As a result, education systems
must adapt to equip students with the cognitive tools necessary for solving problems
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computationally. This includes understanding how computers work and identifying problems that
can be tackled through computational methods (Sarmasdgi et al., 2024). Furthermore, these skills
necessitate the effective use of digital tools to solve problems within mathematical contexts (Sezer
& Namukasa, 2023; Ye et al., 2023).

The integration of CT into education is crucial in the digital era, as it enhances students'
problem-solving skills. Classroom observations in Grade 8 during this study revealed that high-
performing students were able to effectively apply CT concepts, such as patterns and algorithms,
while low-performing students struggled with abstract concepts, particularly when concrete
examples were not provided. Real-life scenarios proved essential in bridging this gap, highlighting
the need for adaptive teaching strategies to optimize CT integration in statistics education.
Computational Thinking (CT) combines mathematical, logical, and technological abilities to shape
individuals who are confident, open-minded, and adaptive to change (Kang et al., 2023; Miswanto,
2024). In education, integrating CT into mathematics and science curricula, as promoted by the
Next Generation Science Standards (NGSS), has shown broad applications in areas such as algebra,
geometry, probability, and statistics (Namukasa et al., 2023). Specifically, in statistics, CT offers
unique opportunities to develop skills such as designing algorithms, recognizing patterns, and
abstracting essential information to solve data-driven problems (Sezer & Namukasa, 2023).

While the benefits of CT are well-documented, previous studies reveal disparities in CT abilities
among students. These differences are often linked to variations in cognitive abilities (Aranyi et al.,
2024; Zhang & Wong, 2023). Students with high cognitive abilities consistently excel across all CT
indicators, whereas those with moderate or low abilities tend to struggle, particularly in pattern
recognition and algorithmic thinking (Zhang & Wong, 2023). This underscores the urgent need for
targeted teaching strategies that address the diversity of students' cognitive capacities. This study
aims to map the CT abilities of junior high school students, with a specific focus on statistical
content. It highlights four key CT indicators: decomposition, pattern recognition, abstraction, and
algorithmic thinking. By understanding the relationship between these indicators and students'
cognitive abilities, educators can develop inclusive and effective teaching strategies to integrate CT
into the mathematics curriculum.

Additionally, this research explores the broader educational implications of CT. The literature
shows that CT not only enhances mathematical proficiency but also fosters creativity and
innovation, which are vital in 21stcentury education (Israel-Fishelson et al., 2020). Integrating CT
into the junior high school curriculum can provide a strong foundation for critical thinking and
problem-solving, particularly in statistics, where abstraction and algorithmic thinking play crucial
roles (Liu, 2024).

To explore the role of CT in statistics education, this study poses the following research
questions:

RQ 1) How do students with different cognitive abilities apply decomposition skills to solve
statistical problems?

RQ 2) What are the differences in pattern recognition among students with high, moderate, and
low abilities?

RQ 3) To what extent can students with low abilities apply abstraction compared to those with
higher abilities?

RQ 4) What is the relationship between cognitive abilities and the application of CT skills in
statistical problems?

RQ 5) How do students with low abilities explain their problem-solving processes, and what
challenges do they face in applying CT skills?

This study aims to address a critical gap by providing new insights into the role of CT in
statistics education. These insights are expected to inform the development of strategies that
address diverse learning needs and promote inclusive curriculum design.
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2. Literature Review
2.1. Computational Thinking

CT was first conceptualized by Seymour Papert and later popularized by Jeannette Wing in 2006,
who defined it as a thought process that supports solving problems through computational steps
or algorithms (Wing, 2011). Wing's framework emphasizes that CT is not limited to computer
science but extends to various disciplines by teaching problem decomposition, abstraction, pattern
recognition, and algorithmic thinking (Angeli et al., 2020). These elements enable learners to solve
complex problems systematically while fostering critical and creative thinking.

Research highlights CT’s integration across disciplines as a transformative tool for improving
logical reasoning and decision-making. For instance, Sung and Black (2020) demonstrate that CT
practices sharpen students” mathematical problem-solving skills, while Richardo (2020) highlight
its role in enhancing computational approaches in real-world contexts. Despite these benefits,
challenges such as insufficient teacher training and resources remain significant barriers (Nordby
et al,, 2022). Understanding the foundational concepts of CT and its applicability across disciplines
underscores the importance of integrating these principles into statistics education. This
integration will support the development of systematic problem-solving skills in junior high
school students.

CT goes through two essential steps: the thinking process followed by decision-making or
problem-solving. CT was developed by the Computer Science Teachers Association [CSTA] and
the International Society for Technology in Education [ISTE], stating the characteristics of CT as
follows: (a) Arranging or formulating problems, (b) analyzing problems to make them simple, (c)
describing models and simulations, ( d) develop solution steps, (e) determine possible solutions by
identifying and analyzing and applying the process, (f) generalize the solution to other problems.
Another opinion says that CT consists of several parts: problem decomposition, pattern
recognition, algorithmic thinking, and generalization and abstraction ((jzijdogru, 2024). CT’s
ability in mathematics is the ability to think and formulate problems in computational form (Wing,
2011), which means that CT focuses on solving problems using thinking algorithms. In this
research, CTs are a mindset activity that helps understand problems with appropriate images
through a reasoning process to develop automatic solutions (Persky et al., 2019). The four main
ideas from CT used as indicators in this research are decomposition, pattern recognition,
abstraction, and algorithms. The four indicators and descriptions are explained in Table 1.

Table 1

Indicators of CT Ability

Indicators Description

Decomposition Breaking a complex problem or process into smaller, more manageable parts
(sub-problems)

Pattern recognition Identify similarities or common elements between two or more items.

Abstraction Identify the essential and relevant parts needed to solve a problem. Hiding
details so lower levels can be treated as black boxes or discarded. Generalizing
a pattern

Algorithmic thinking  Instructions or step-by-step for expressing a process or solving a problem.

" Note. Adapted from Huang et al (2021) and Yasin & Nusantara (2023b).

2.2. CT Skills and Constructivism Theory

CT skills and constructivism theory are deeply interconnected, focusing on developing critical
thinking and active problem-solving abilities. As technological advancements drive educational
priorities, these skills have become indispensable for preparing students for 2lst-century
challenges. Incorporating CT into curricula through robotics, STEAM (Science, Technology,
Engineering, Arts, Mathematics) education, and hands-on activities helps students develop logical
reasoning and problem-solving abilities essential for the modern era (Zakaria & Iksan, 2020).
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Research underscores the importance of exposing students to CT at an early age. Studies show
that introducing CT even at the preschool level lays a solid foundation for skill development.
Papadakis et al. (2016) identify four key CT techniques—abstraction, algorithmic thinking,
decomposition, and pattern recognition—as cornerstones for solving complex problems
effectively. These techniques help students identify relevant information, create structured steps
for solutions, break problems into manageable parts, and recognize patterns to derive solutions.

Constructivism theory, which emphasizes knowledge construction through exploration and
reflection, aligns naturally with CT principles. Valls Pou et al. (2022) argue that constructivist
learning fosters deeper engagement when students actively participate in problem-solving
activities. CT supports this approach by offering students opportunities to apply theoretical
concepts in real-world scenarios, thus building critical and logical reasoning skills (Wess et al.,
2021a).

The alignment between CT and constructivism highlights their combined potential to create
meaningful, student-centered learning experiences. This study will leverage this synergy to
explore how junior high school students develop CT skills through active engagement with
statistics education.

2.3. The Importance of Computational Thinking Skills for Junior High School Students

Computational Thinking, which involves breaking down complex problems, identifying patterns,
and developing algorithmic solutions, is increasingly recognized as an essential skill for students
in the digital age (Sunendar et al., 2020). This is particularly evident in mathematical statistics,
where CT supports students in understanding complex data analysis and solving intricate
problems (Angevine et al., 2017). The rapid advancement of technology has transformed the
leaming landscape, requiring students to adopt innovative ways of thinking and problem-solving
(Li et al., 2020). CT encourages students to approach problems systematically, breaking them into
manageable components, identifying patterns, and establishing relationships that lead to practical
solutions.

At the junior high school level, integrating CT into the mathematical statistics curriculum can
provide significant educational benefits. First, it enhances students' ability to understand the
structural foundation of statistical problems, fostering a logical and systematic mindset (Setiawan,
2020). By decomposing complex problems into smaller parts, students can recognize patterns,
relationships, and trends within data, improving their capacity to develop effective algorithmic
solutions. Additionally, CT integration promotes critical thinking and problem-solving skills
(Horton & Hardin, 2021). Through algorithmic design and iterative implementation, students gain
the ability to analyze problems from multiple perspectives, evaluate the efficiency of their
solutions, and refine their approaches for better outcomes.

Beyond immediate academic advantages, incorporating CT into junior high school
mathematical statistics curricula has broader implications for students' future academic and
professional development (Horton & Hardin, 2021). As the global workforce continues to evolve
with technological advancements, the ability to think computationally will become a critical asset.
CT equips students to apply structured problem-solving methodologies to diverse challenges,
enhancing their adaptability in education and future careers.

Integrating CT skills into the mathematical statistics curriculum for junior high school students
is a transformative step toward equipping them for the complexities of the digital era. By fostering
logical reasoning, critical thinking, and adaptability, CT provides students with the tools needed to
excel academically and professionally in a technology-driven world.

2.4, The Importance of CT Skills for Junior High School Students

Statistics is a fundamental subject taught in junior high school, designed to build critical
competencies in students. These competencies include analyzing data based on distributions,
averages, medians, and modes to draw conclusions, make decisions, and generate predictions, and
presenting and solving problems related to these statistical measures (Schreiter et al., 2024). These
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skills align closely with the demands of the 21st century, where individuals are constantly
surrounded by data from various sources such as social media, news outlets, and technological
platforms (Maharani et al., 2021).

Understanding statistics enables students to distinguish between relevant and irrelevant
information, enhancing their ability to make rational, data-informed decisions. This foundational
skill is particularly important in today's data-centric world, where analyzing trends and
interpreting results are crucial for problem-solving and decision-making. Through statistics
education, students learn to process data systematically, recognizing patterns, drawing valid
conclusions, and applying their insights to real-world scenarios.

Moreover, integrating CT skills into the learning of statistics further amplifies these benefits. By
employing computational methods such as decomposition, pattern recognition, and algorithmic
thinking, students can tackle statistical problems more efficiently. These skills not only enhance
their statistical literacy but also prepare them for higher-level mathematical challenges and
interdisciplinary applications. The integration of CT skills into the statistical curriculum equips
junior high school students with essential tools for navigating the complexities of a data-driven
world. By fostering analytical thinking and data literacy, these combined skills empower students
to make informed decisions and succeed in both academic and real-world contexts.

2.5. Different Cognitive Levels in CT Abilities

Recent studies have demonstrated that students with varying cognitive profiles exhibit different
levels of proficiency in computational thinking (Wing, 2006). Students with strong logical and
analytical skills often excel in algorithmic thinking, particularly in designing efficient, step-by-step
solutions to problems. On the other hand, students with creative and imaginative cognitive styles
tend to excel in conceptualizing and framing problems, often identifying unconventional and
innovative approaches to complex challenges (Annamalai et al., 2022). These differences highlight
the diverse ways students engage with CT and the need for teaching strategies that accommodate
a range of cognitive strengths.

Moreover, CT development benefits from a multidimensional and inclusive approach that
leverages students' unique cognitive abilities. Recognizing these strengths allows educators to
tailor instructional methods that enhance both logical problem-solving and creative exploration.
Additionally, research emphasizes the importance of fostering CT skills across all educational
levels — from primary to tertiary —to adequately prepare students for the challenges of the digital
age (Zakaria & Iksan, 2020).

Integrating CT into the curriculum equips students with the tools necessary to navigate an
increasingly complex, technology-driven world. By cultivating skills in decomposition, pattern
recognition, abstraction, and algorithmic thinking, educators can empower students to become
both critical problem-solvers and innovative thinkers (Cheng et al., 2023; Yeni et al., 2024). These
findings underscore the critical role of adaptable teaching strategies in developing CT skills,
ensuring all students can thrive in a rapidly evolving technological landscape.

3. Materials and Methods

The research method employed in this study is descriptive qualitative (Kuckartz & Radiker, 2023).
This approach was used to collect data from students' responses to descriptive questions designed
to assess the computational thinking abilities of class VIII junior high school students. The
questions, specifically tailored to statistics content, were developed to encourage solutions that
align with key CT indicators such as decomposition, pattern recognition, abstraction, and
algorithmic thinking. Through this method, the study offers a comprehensive overview of
students' CT abilities and their application in statistical problem-solving.
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3.1. Research Stages

This descriptive research was conducted through a systematic process comprising four stages.
First, students were identified and selected as potential research participants. Second, essay
assignments were distributed to these students to confirm their participation. Third, the essays
produced by the participants were analyzed to profile their critical thinking abilities. Fourth, the
essays were further evaluated using predefined CT indicators to map and categorize their
computational thinking abilities. The detailed research workflow is illustrated in Figure 1.

Figure 1
Research stages
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3.2. Research Participants

The research participants consisted of six junior high school students from Class VIII, selected
from a total of 30 students. The group included four girls and two boys, representing a range of
initial abilities: two students with high abilities, two with medium abilities, and two with low
abilities. All participants had prior exposure to statistical content, ensuring a baseline familiarity
with the subject matter relevant to the study.

3.3. Data Collection

The instrument used in this study consisted of descriptive questions based on CT indicators,
specifically focused on statistical material. The questions were divided into three types: (a) Type 1
questions assessing students' ability to solve problems related to averages, (b) Type 2 questions
evaluating students' ability to find data when some information is known, and (c) Type 3 questions
testing students' ability to find a value when the average value and data range are known. The
essay questions were adopted from the student handbook issued by the Ministry of Education,
Culture, Research and Technology of the Republic of Indonesia and the Junior High School
Mathematics Olympiad Question Collection. Mathematics education experts validated these
questions. Before the questions were used in the study, they were first piloted with 30 junior high
school students who had studied statistics. The trial results confirmed the validity and reliability of
the essay questions. Students were given 80 minutes to complete the descriptive questions, which
were used to assess their computational thinking abilities in statistical contexts.In addition to the
essay questions, semi-structured in-depth interviews were conducted to obtain more valid data.
These interviews aimed to gain insights into the student’s problem-solving processes and how
they navigated CT challenges. Notably, classroom experiences were directly integrated into the
data collection process. During the essay task, the researcher observed how students applied prior
knowledge and problem-solving strategies learned in class. After completing the questions,
students participated in follow-up interviews conducted in the classroom. This allowed the
researcher to observe real-time interactions and the challenges students faced during problem-
solving activities.
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For example, a student commented, “I started by writing all the important data I understood
from the question, and then I remembered how our teacher explained similar problems.” This
illustrates the influence of classroom instruction on students’ critical thinking abilities. The
recorded interviews not only documented individual responses but also captured group dynamics
during discussions, offering deeper insights into the students' learning processes and problem-
solving strategies.

3.4. Data Analysis

The collected data was analyzed using directed content analysis to show students” CT abilities in
mathematics and technology for grades 7-12 (Kuckartz & Radiker, 2023). Content analysis
systematically interprets and describes textual data (Assarroudi et al, 2018). The analysis stages
are carried out in nine steps, namely as follows:

The first step is to analyze CT capabilities, which are explained based on CT indicators (see
Table 2). It is done deductively using a theoretical framework related to the studied CT topic. The
second and third steps define and formulate CT indicators, which are the focus of the research. The
fourth step was selecting a small sample from the collected data. The small sample chosen was two
students in class VIII at a junior high school who had high initial abilities, two with medium
abilities, and two with low initial abilities. This research’s total sample was six out of 30 students.
This sampling was based on the initial test results and recommendations from the mathematics
teacher in that class. Then, the fifth step determines how to create essay questions so that the
answers lead students to think computationally. The sixth step is to analyze the primary data
using documents from students’ answers to essay questions. The seventh step uses an inductive
approach, grouping students’ answers with high and low initial abilities. It will be related to the
pattern of students answering questions according to the CT indicators. The eighth step is to
compare students” answer patterns to determine students’ abilities in solving problems using CT
indicators. Finally, the ninth step includes organizing and reporting the research.

Table 2
Aspects, Indicators, and Research Instrument Questions

Aspect Indicator High {?brllfy MedrlAzm ability Low alblhiy
questions questions questions
Decomposition Able to solve How does breaking  Try to explain how  Can you explain

(Egidi, 2015;
Resnick & Kazemi,
2019)

problem complex
into smaller, well-
defined sub-
problems
effectively.

Able to identify the
main components
of a problem

Able to determine
the sequence of
steps needed to
solve a problem.

down a problem
into smaller steps
make it more
manageable?

What are the main
components of the
problem?

In what order will
you complete the
steps to solve the
problem [name
problem]?

solving a problem
can be broken
down into several
small parts.

Mention several
parts essential to
the problem .

Try to sequence the
steps necessary to
solve the problem
[name the
problem].

what needs to be
done to finish the
problem.

Can you mention
things to do under
consideration for
finishing the
problem?

Can you explain
the sequence of
steps that need to
be taken to solve
the problem [name
the problem]?
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Table 2 continued
Aspect Indicator Hr'g]f pbi?ify Mec{'f{zrn fbflify Low( qbil{ty
guestions questions questions
Abstraction Features significant What features are Try to mention Can you explain
(Knoblock, 2017; problems and essential from the several essential what is most
White et al., 2012) ignores details that  problem [related matters from important to be
are not relevant. problem] that need  problem [mention  noticed in the
to be solved and problem] that must  finish problem
considered to finish  be solved to finish.  [mention
it? problem]?
Able to represent How would you Try to explain how  Can you explain in
information in a simplify the [name it would make the  simpler terms what
more the problem] [name the problem] you want to
straightforward problem to make it problem more achieve to solve the
and easier-to- easier to straightforward to  problem [name the
understand form. understand? understand. problem]?
Able to focus on Whatis needed to  Try to explain what Can you mention
aspects essential to  be ignored in the does notneed tobe  things that are not
problems and problem [ mention]  noticed in problem  important for the
ignore details that  problem] to focus [mention] problem]  finish problem
are not relevant. on solving it? to focus on the [mention]
solution. problem]?
Algorithm Able to develop How would you Able to develop How would you

(Bacelo & Gémez-
Chacon, 2023; Liu
etal., 2024)

Pattern recognition
(Boysen, 2019;
Gillott et al., 2020)

well-defined and
sequential steps to
solve a problem.

Able to use clear
and structured
instructions to
solve a problem.

Able to evaluate
and refine the steps
in an algorithm.

Able to identify
patterns in data or
information.

Able to explain
observed patterns
in data or
information.

Able to use
observed patterns
to make
predictions or
make decisions.

develop clear and
structured steps to
solve the problem
[name the
problem]?

How would you
write clear, easy-to-
understand
instructions to
solve the problem
[name the
problem]?

Will you assess and
improve the steps
in your solution to
the problem [name
problem]?

Can you find the
pattern in data
[mention data]?

How would you
explain the pattern
you found in data
[mention data]?
What can you
predict based on
the pattern you
found in the data
[mention data]?

well-defined and
sequential steps to
solve a problem.

Try to write down
the instructions
you think are
necessary to solve
the problem [name
the problem] ina
way that is easy to
understand.

Try to evaluate and
improve the steps
you used to solve
the problem [name
the problem].

Try to explain if
you find the
pattern in data
[mention data].
Try to explain the
pattern you found
in data [mention
data] in your way.
Able to use
observed patterns
to make
predictions or
make decisions.

develop clear and
structured steps to
solve the problem
[name the
problem]?

Can you explain
simply how to
solve the problem
[name the
problem]?

Can you explain
what needs to
change in the way
you solve problems
[name the problem]
Able to identify
patterns in data or
information.

Can you explain?
What did you find
in data [mention
data]?

What can you
predict based on
the pattern you
found in the data
[mention data]?
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4. Results

The results of the research and discussion will highlight students' abilities in decomposition,
pattern recognition, abstraction, and algorithmic thinking. The findings are presented by analyzing
students' answers to the three types of questions, classified according to their abilities. Figure 2
presents the responses from students with high abilities in solving Type 1 questions.

Figure 2
Response of students with high ability on type 1 questions
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Figure 2 shows that students begin by writing down all the information they know and then
identifying what needs to be resolved from the problem, demonstrating the decomposition
process. They also outline strategies and steps for solving the problem, such as writing down the
average formula, which reflects their ability to abstract relevant information. Next, students use
the average formula to solve the problem, recognizing patterns in the process. By applying the
formula, students can analyze the problem and follow the steps outlined in the formula to
determine the required average, thus engaging in algorithmic thinking. This process contrasts with
the responses of students with medium abilities in answering Type 1 questions, as shown in Figure

3.

Figure 3
Response of students with medium ability on type 1 questions
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Figure 3 shows that students answered the questions by creating illustrations or diagrams to
represent the information for each group, which reflects the decomposition process. Next, students
used the information from each group to determine the unknown contributions from Group 3,
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demonstrating the abstraction process. Following this, students applied the average formula to
calculate the contribution results. Initially, the student tried an average contribution of 9,000 but
arrived at an incorrect class average. Then, the student attempted using 8,000 as the average
contribution for Group 3, which produced the correct overall class average. This activity
demonstrates the pattern recognition process.

Moreover, all the students’ activities in answering type one questions are algorithmic, namely
finding logical and structured solutions. Different things were found in students with low abilities
in answering type 1 questions. The answers of students with low abilities can be seen in Figure 4.

Figure 4
Response of students with low abilities on type 1 questions
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Figure 4 shows that students start writing answers by writing down important things, namely,
information known from the question and information about what is being asked, which is a
decomposition activity. Then, students write the average formula as a first step in solving the
problem. Based on the average formula written by the students, they can apply this formula by
writing down the number of the number of each group and the number of the average
contribution of each group. It shows that students have carried out the abstraction process. The
student’s answer stops at this point. The following student cannot continue the algebraic results of
the numbers he has written. The following are the results of answers from students with high
ability in solving type 2 questions (see Figure 5).

Figure 5
Response of students with high initial abilities on type 2 questions
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Figure 5 shows that students also use the same steps as answering type 1 questions; they start
their answer by writing down essential information related to the question, which becomes a small
and informative part. This activity is a decomposition process. Next, students create a
mathematical equation from the information obtained, an abstraction activity. Then, students can
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write down the formula for the average number of visits each day using the formula. This activity
is pattern recognition. Looking at the answers that students have made, it can be seen that they can
think sequentially and gradually to find logical and structured solutions. This activity is an
algorithmic thinking activity. The answers of students with moderate abilities on type 2 questions
can be seen in Figure 6.

Figure 6
Results of students’ with moderate ability on type 2 questions
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Figure 6 shows that moderate-ability students can write important information from the
questions. This activity is an activity in the decomposition process. Then, students can create an
equation for the answer, and this activity is an abstraction process. It can be concluded that
students can only write formulas from the average, so it can be said that students cannot carry out
strategies for solving these formulas. Moreover, students with low abilities cannot answer type 2
questions because they think the questions are too complex. Then, the results of the answers of
students with high ability to solve type 3 questions are shown in Figure 7.

Figure 7
Response of students with high abilities on type 3 questions
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Based on Figure 7, it can be seen that students start answering questions by writing down
important information, namely writing down something they know and being asked; this activity
is called the decomposition process. Next, students continue their answers by writing down
several equations needed to determine the steps and solutions, then continue by substituting the
information obtained in these equations; this activity is called the abstraction process. By looking
at Equation 1 and Equation 2 in the answer, students can find the p-value. However, from the
student’s answer, it can be seen that the student could not continue the strategy based on the
formula that had been determined. The student could not find the value of q, so the student could
not answer question type 3 successfully.

The findings differ from those of students with moderate initial ability; students with this
ability failed to answer question type 3. Students with medium ability could only write down
important information from a question, and this activity is a decomposition process (Figure 8).
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Students with low ability did not write answers to question type 3. Students with low ability could
not answer type 3 questions because the students thought the questions were too complicated.

Figure 8

Response of students with medium ability on type 3 questions
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Based on the findings and descriptions of students’ answers, the research results were classified
based on four CT indicators: decomposition, pattern recognition, abstraction, and algorithmic
thinking —these indicators map CT abilities in statistics content for class VIII SMP students. CT
capability mapping is described in Table 3.

Table 3

Findings research junior high school students” high, medium, and low CT ability on statistics

CT Indicators Student with High Ability  Student with Medium Ability Student with Low Ability

Decomposition Accessible break They can break down the Experience difficulty
problem complex problem into smaller parts breaking problems into
become smaller parts; but may experience smaller parts; tend to
able to identify sub- difficulty in identifying all finish the problem in a
problems; can see the sub-problems or way overall without
connection between part.  connections between parts. further analysis.

Abstraction Easy to identify patterns I can identify patterns I experience difficulty
generally; can make a generally with help, but [ identifying general
mental representation of  have difficulty making patterns and making
draft abstract; can accurate generalizations. generalizations.
generalize from specific
examples.

Algorithm Can design clear and Can follow given algorithms Experience difficulty

Pattern Recognition

structured steps for
finish problems; able to
evaluate efficiency
algorithm.

Easy to identify patterns
in data; can use patterns
to make predictions; can
classify data based on
patterns.

but may have difficulty
designing own algorithms.

It can identify a simple
pattern, but it is possible to
have difficulty identifying
more complex patterns.

understanding and
following algorithms;
tend to use trial and
error.

Has difficulty
identifying patterns;
tends not to use patterns
to solve problems

The following describes the results of interviews with respondents regarding CT capabilities
classified based on CT indicators.

4.1. Decomposition

The research results show that students consider CT decomposition related to writing down
information from a given problem. Students can use decomposition to understand problems by
writing down information that is considered essential. Students also often practice this activity
when solving story problems. This activity helps students solve the questions given. By applying
decomposition, students are more directed and focused on solving problems. Decomposition
activities can improve students’ ability to understand the instructions from the questions.




A. Astuti et al. / Journal of Pedngogical Research, 0(0), 1-21 13

Previously complicated or complex instructions can be broken down into simpler ones that are
easier to understand and more informative.

Practicing CT decomposition through mathematics learning can positively affect student
performance. However, there are also challenges in applying decomposition in mathematics
learning. Some students had difficulty decomposing activities to solve problems. Decomposition is
more accessible for students with high and medium initial abilities to apply. Students with high
and medium initial abilities can apply decomposition activities to solve problems. Students with
low abilities have difficulty implementing decomposition activities, but this is only a portion of
students; not all students with low abilities experience difficulties.

Students with low initial abilities think that decomposition is considered complicated. It
depends on the student’s situation when working on the questions. Some students are not used to
solving problems and feel frustrated when reading questions. As one student expressed, students
felt frustrated reading the questions, so they had no intention of solving them. He asserted that I
was frustrated when reading the questions; the sentences in the questions confused me.”
Classroom practices played a significant role in shaping students' decomposition skills. High-
ability students often mirrored techniques demonstrated by their teacher in prior lessons. One
student noted, “Our teacher asked us to break down problems into smaller steps, which helped me
figure out the solution in today’s question.” This highlights the importance of teacher modeling in
developing decomposition skills.

However, students with low and moderate abilities struggled to apply this technique
independently. Many of them admitted to lacking confidence and familiarity with the process.
Classroom group discussions became a critical support mechanism for moderate-ability students,
enabling them to collaboratively identify and solve sub-problems. During a class activity, a
moderate-ability student initially found it difficult to decompose a problem but succeeded after a
classmate demonstrated the process. The student remarked, “When my classmate showed me how
to separate the steps, I realized I had missed an important detail.” This highlights the value of
collaborative learning in developing decomposition skills, particularly for moderate-ability
students.

Low-ability students often exhibited limited problem decomposition, focusing only on
recognizing and noting surface-level facts without engaging in deeper analysis or strategy
development (Knisely et al, 2020). In contrast, moderate-ability students showed a more
developed capacity to decompose problems, applying this skill consistently across multiple tasks.
While they might still encounter challenges with advanced problem-solving, their ability to break
down complex questions into manageable steps suggests higher cognitive functioning compared
to their low-ability peers.

This disparity underscores gaps in computational thinking skills, especially in methodical
problem decomposition. Bridging this gap through targeted instructional strategies, such as
teacher-led modeling and structured peer collaboration, could significantly enhance students'
ability to approach complex problems systematically (Wu etal., 2024).

4.2, Pattern Recognition

Pattern recognition is the key to determining the right solution to a problem and knowing how to
solve a specific type of problem. Recognizing common patterns or characteristics can help solve
problems and help determine solutions. The research results show that students’ pattern
recognition cannot be seen from students’ answers. Pattern recognition occurs when information
from the environment is received and entered into short-term memory, causing the automatic
activation of specific content in long-term memory. Pattern recognition allows students to predict
and expect what will happen. The pattern recognition process involves matching the information
received with information already stored in the brain. Making connections between memory and
perceived information is a pattern recognition step called identification. Pattern recognition
requires repetition of experience. The following is a quote from one of the high-ability students: “I
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answer questions by finding a suitable formula and solving it carefully until I reach the solution.
However, for question number 3, [ was unable to complete it due to time constraints.”

Pattern recognition is a complex activity for students. Difficulty in recognizing patterns will
impact students’ success in developing solutions (Nguyen et al,, 2020). In the present study,
students with high initial abilities can correctly apply pattern recognition to the three questions.
Students with moderate initial abilities can only apply to question number 1. Students with low
initial abilities cannot apply pattern recognition to the three questions. The following is a quote
from a low-ability student.

Pattern recognition emerged as a challenging skill, particularly for low-ability students.
However, classroom practices incorporating repetitive pattern exercises and guided problem-
solving enhanced students’ capabilities. For instance, high-ability students were able to identify
patterns in data sets during activities involving averages and medians. A student explained, “I
noticed that the numbers always followed a similar trend, which made solving the problem
easier.”

Students with high initial abilities could apply pattern recognition across all three questions,
indicating that they could effectively identify relationships, trends, or similarities within the data.
This skill allows them to systematically break down and analyze problems, leading to more
efficient problem-solving. Their ability to consistently recognize patterns across different questions
demonstrates a well-developed capacity for abstract thinking and connecting different pieces of
information (Baumanns et al., 2024).

On the other hand, students with moderate initial abilities could only successfully apply pattern
recognition to the first question. This suggests that while they possess some ability to identify
patterns, it is limited and might not extend to more complex or abstract problems. Their difficulty
in recognizing patterns beyond the first question may stem from a lack of deeper cognitive
strategies or insufficient practice with similar problems (Ling & Loh, 2023).

Moderate-ability students benefited from guided group discussions, where teachers prompted
them to identify recurring elements in statistical data. One student remarked, “I didn’t see the
pattern at first, but when my friend pointed it out, it made sense.” This finding underscores the
importance of fostering collaborative learning to support pattern recognition.

Students with low initial abilities could not apply pattern recognition to any of the three
questions, highlighting a significant struggle in identifying relevant patterns within the data. This
inability reflects a more fundamental challenge in understanding the structure of problems, which
limits their capacity to engage in computational thinking. These students likely require more
foundational support and practice to develop their pattern recognition skills (Lecorchick et al,
2020). For instance, one of the students stated that “I could not find the answer because I did not
know how to answer it, how to use the formula, and how to solve it. So, did not answer that
question.”

4.3. Abstraction

This study found general practices for solving problems in mathematics learning regarding CT
abstraction. Abstraction is an essential skill for distinguishing between what is essential and what
is less critical. The abstraction carried out by students in solving problems is in the form of
highlighting essential parts of the instructions and finding general patterns for solving problems.
In mathematics, abstraction is about finding patterns and cause-and-effect relationships.
Abstraction is the CT skill most commonly used in mathematics learning. Abstraction is an
essential first step in solving problems in general, namely identifying the most essential parts of a
problem to form an overall picture of the solution. Abstraction is needed for activities to determine
the right solution.

The application of abstraction by students in answering questions takes the form of determining
the right idea as a solution to the problem or determining a suitable strategy for solving the
problem and determining ideas or strategies for solving problems by formulas appropriate to the
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data held. The following is a quote from a student regarding abstraction in problem-solving:
“When answering questions, I can identify key elements and determine solutions or ideas in the
form of formulas used to solve the problems.”

In applying abstraction, students with high initial abilities can apply it to the three problems
given. The abstraction is applied using the chosen formula to solve the problem. High initial ability
students can use appropriate ideas or strategies according to the data the students have. Students
with moderate initial ability can only apply abstraction in questions 1 and 2, but in question
number 3, students with moderate ability cannot. From a quote from a student with moderate
initial ability who cannot apply abstraction because the student is confused about determining
ideas/formulas, in the case of too much data obtained, the following is a quote from a student with
medium initial ability: “I cannot write a formula or idea in question number 3 because question
number 3 has data, and [ cannot relate one data to another. I am confused about choosing a
suitable formula or idea.”

Low-ability students struggle to apply abstraction, which is the ability to focus on the essential
elements of a problem while ignoring irrelevant details. Their difficulty in abstract thinking means
they cannot generalize or simplify complex problems, limiting their ability to solve more advanced
tasks (Akin & Murrell-Jones, 2018). In this case, they could only apply abstraction in the first,
presumably simpler, question, where the need to generalize or simplify may have been minimal.
This suggests that when the problem becomes more abstract or requires a more profound
understanding, low-ability students find it challenging to engage with the necessary cognitive
processes.

In contrast, abstraction is less challenging for high- and medium-ability students (Lakin & Wai,
2020). These students can more readily identify the key elements of a problem and ignore
extraneous information, allowing them to engage with the problem more efficiently and formulate
solutions. Their cognitive capacity enables them to see the bigger picture and generalize from
specific examples, essential in solving more complex problems. One factor contributing to the
varying levels of abstraction is the ability to think critically. This highlights the importance of
developing students’ problem-solving skills and their capacity for abstraction, which can be crucial
for success in technical fields like electrical engineering. This difficulty with abstraction highlights
a cognitive gap that low-ability students face, particularly in higher-level tasks that require
strategic thinking and the ability to generalize beyond specific cases. In this sense, one of the
students stated that “I do not understand the questions given, [ am confused by the long questions,
and I do not know what formula to use to answer the questions.”

Abstraction activities in the classroom often involved simplifying complex statistical problems
by focusing on critical elements. High-ability students excelled in identifying and applying
relevant formulas. For instance, during a lesson on calculating averages, a student remarked, “I
ignored the unnecessary details and focused only on the data required for the formula.”

Moderate-ability students struggled with abstraction when faced with multiple data points but
demonstrated improvement through teacher-led modeling. One student stated, "When the teacher
showed us how to simplify the problem by grouping the data, it became much easier to
understand." This highlights how instructional strategies can help mitigate the challenges of
abstraction.

Abstraction is an activity that students can understand quickly if they pay more attention when
the teacher provides explanations. Abstraction is an activity that students must have in solving
mathematical problems. When students can apply abstraction, they can solve most of the
problems.

4.4. Algorithmic Thinking

The research results show that applying algorithms can encourage students to be precise in their
work and think structured. The algorithm is run by students using teacher practice in class.
Algorithmic thinking is needed in solving mathematical problems. An algorithm is a way of
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creating instructions to solve a problem. Students face many challenges when applying algorithms.
More students want shortcuts. Students tend to be careless in some of their solving or calculation
steps. Because they want a shortcut, they have difficulty solving problems. Sometimes, students
give solutions that do not make sense.

The application of student abstraction in solving problems can be seen from the results of
students’ answers, namely by looking at the structure of students’ thinking. Algorithms in solving
mathematical problems are seen from structural and sequence thinking in finding solutions.
Students who think algorithmically state that by choosing a strategy or idea to find a solution, they
start thinking about how to carry out the idea to the end. One of the quotes from students with
high initial abilities as “I choose the right idea or strategy for the solution. Then, car['f'ully think
about and explain the idea to think from the data obtained, then choose a strategy or formula and
follow the formula to the end."

Applying algorithmic thinking is not difficult for students with high abilities. Students with
high initial abilities can think algorithms on all three questions. Algorithmic thinking is complex
for students with medium and low abilities (Wess et al., 2021). Students with moderate ability can
only apply thinking on question number one, while students with low ability cannot apply
algorithmic thinking skills on the three questions. Students with medium and low initial abilities
are seen answering questions using inconsistent shortcuts. Students are careless in implementing
the chosen idea, so they cannot find a solution. A student with medium ability stated that:

I do not know how to solve the problem. After | had written down what I knew and was asked
about the question, | remembered the formula the teacher had taught. However, | do not know how
to use the formula. I forget. So, 1just filled in according to what | remembered. And | am not sure if
the answer | wrote is correct.

In contrast, students with low ability have poor mathematical problem-solving skills because
they cannot solve problems completely (Anjariyah et al, 2022). Algorithmic thinking was
cultivated through structured problem-solving tasks. High-ability students consistently
demonstrated the ability to construct logical, step-by-step solutions. One student explained, “I
followed the steps we practiced in class, starting with the formula and checking each calculation
carefully.”In contrast, medium- and low-ability students exhibited fragmented algorithmic
processes, often relying on trial and error. Classroom activities involving step-by-step
demonstrations and iterative practices significantly improved these students' skills. A teacher’s
observation noted, “When students worked on problems in smaller groups, they became more
confident in following the algorithm.”

5. Discussion

The research findings indicate that students exhibited varying degrees of success in applying
computational thinking (CT) indicators, including decomposition, pattern recognition, abstraction,
and algorithmic thinking. In classroom settings, activities such as group projects and problem-
based leaming tasks were instrumental in enhancing these skills. For instance, during a project on
environmental data analysis, students were tasked with breaking down complex datasets, which
helped them practice decomposition in a real-world context. Decomposition, which involves
breaking a problem into smaller, manageable sub-problems, was observed in students of all ability
levels, although its effectiveness varied. High-ability students demonstrated a strong ability to
identify and organize essential information, often using illustrations to clarify their thinking.
Medium-ability students managed to decompose problems but occasionally struggled to connect
sub-problems, while low-ability students faced significant difficulties in this process, often
requiring guidance to focus on key elements. Studies suggest that group learning and practical
problem-solving activities can enhance decomposition skills, especially for students who struggle
(Humble & Mozelius, 2023)

Pattern recognition, another critical CT skill, was effectively applied by high-ability students,
who were able to identify patterns in data and use them to formulate solutions. In a classroom




A. Astuti et al. / Journal of Pedngogical Research, 0(0), 1-21 17

exercise involving statistical trends, high-ability students quickly identified patterns in historical
data, which allowed them to predict future trends accurately. However, medium- and low-ability
students found this skill more challenging. High-ability students excelled in recognizing recurring
patterns and translating them into actionable strategies, while lower-ability students often failed to
connect relevant data points. This suggests that prior knowledge plays a vital role in pattern
recognition, highlighting the need for educators to create opportunities for collaborative learning
and discussions to foster this skill (Yasin & Nusantara, 2023).

Abstraction, which focuses on identifying essential elements while ignoring irrelevant details,
also revealed disparities among students. High-ability students were proficient in selecting
relevant data and determining suitable strategies, while medium-ability students demonstrated
partial success, often struggling with complex data sets. During a lesson on mathematical
modeling, students practiced abstraction by focusing on key variables and ignoring extraneous
information, which helped them develop more accurate models. Low-ability students, however,
faced significant difficulties, often failing to simplify or generalize problems. To address these
challenges, structured practice and collaborative problem-solving activities can help students
develop abstraction skills, enabling them to focus on critical aspects of problems (Giiler & Cekmez,
2023; Sezer & Namukasa, 2023).

Algorithmic thinking, characterized by the ability to create logical, structured solutions, was
observed primarily among high-ability students. These students consistently demonstrated
sequential and methodical problem-solving approaches. In programming classes, high-ability
students successfully applied algorithmic thinking by developing efficient code to solve complex
problems, showcasing their ability to construct logical sequences. In contrast, medium- and low-
ability students struggled to apply this skill, often resorting to trial-and-error methods or
inconsistent shortcuts. This highlights the importance of encouraging structured problem-solving
practices in classrooms, as well as providing opportunities for students to learn and refine
algorithmic thinking through real-world applications (Bers, 2021).

In summary, while high-ability students exhibited competence across all CT indicators,
medium- and low-ability students faced challenges that hindered their performance. The
integration of real-world examples and hands-on activities in the classroom was shown to
significantly impact students' understanding and application of CT skills. For example, students
who participated in a collaborative project on data visualization reported a deeper understanding
of abstraction and pattern recognition. These findings underscore the importance of differentiated
teaching strategies and collaborative learning environments to support the development of CT
skills among students of varying abilities. By integrating structured activities and fostering critical
problem-solving discussions, educators can better address the needs of diverse learners in
mathematics and statistics education.

6. Conclusion

Based on these findings, this research can conclude that students with low abilities are less capable
of pattern recognition, abstraction, and algorithmic thinking, so they cannot apply CT indicators to
solve problems. Meanwhile, students with high abilities can solve problems using the CT indicator
stages. It is illustrated in the decomposition indicator, characterized by students’ ability to collect
important information in written form from what is known and asked from the questions. In the
pattern recognition indicator, student activities are not visible in students” answers, but pattern
recognition is in the form of students’ activities to match questions with past experiences in their
minds. Then, in the abstraction indicator, where students determine strategies for solving
problems in the form of decisions taken in solving problems, this activity is marked by selecting
relevant formulas. Finally, the algorithmic thinking indicator in statistics material is characterized
by finding solutions in a logical and structured manner. Students with moderate abilities can solve
one problem out of three problems given with indicators of decomposition abstraction and are less
capable of pattern recognition and algorithmic thinking. Students with low initial abilities could
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not solve the three problems, but in questions one and three, the students could write
decomposition indicators.

7. Limitations and Future Research

The results of this research are based on limited material, namely on statistics content for junior
high school students, and include four CT indicators: decomposition, pattern recognition,
abstraction, and algorithmic thinking. Three potential future studies that could overcome these
limitations are (1) investigations of more significant numbers of participants; (2) Investigation of
material content other than Statistics, for example, Numbers, Algebra, Measurement, and
Geometry; (3) investigation of all CT indicators. These three studies could also be combined for a
more thorough investigation of the opportunities and challenges of CT, with the idea of a mixed
methods approach.
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