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Computational thinking (CT), which is based on the effective use of
information processing tools in problem solving, can be developed
through programming activities. Because programming is a complex
structure requiring the use of strategic information (debugging,
algorithmic thinking, evaluation, and others.) as well as conceptual
knowledge (decisions, loops, operators, variables, arrays, and so on),
novice students may experience difficulties in solving certain problems
even after learning the basic concepts. This can limit the development of
CT. Creating algorithmic structures through reasoning based on
fundamental concepts depends on changing the focus of the training. This
study aims to examine the effect of problem-solving-based programming
training (PSbPT) on CT development in the context of programming
performance and reasoning skills. PSbPT is a structure based on the use
of CT components depending on the problem-solving stages. 40 students
studying in the computer technology department of a state university
underwent a 14-week programming training program. Participants were
randomly assigned to groups in an experimental design with pre-test and
post-test control groups. During the training process, students were
presented with complex problem scenarios that integrated reasoning and
programming and were based on CT components. The results showed
that the programming performance and reasoning skills of the
experimental group students who received PSbPT were statistically
significantly improved compared to the control group. PSbPT was more
effective than traditional programming training in terms of developing
students' CT skills. The impact of the adopted PSbPT approach on
programming, reasoning, and CT skills was discussed separately and
holistically.
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Introduction

Problem-solving is a skill that allows individuals to categorize objects into appropriate
classifications, reach new conclusions based on events or rules, reason, and manage their own
lives successfully (Dunbar, 2008). Students should develop problem-solving skills to succeed
in their courses and daily lives. Reasoning, a sub-skill of problem-solving, means determining
the causes of the encountered problems and making inferences about the solutions using
inductive or deductive methods (Barbey & Barsalou, 2009). Reasoning is essential for success
in daily and academic life. For example, a doctor can diagnose a disease by reasoning about
the symptoms observed in a patient. A civil engineer can design durable and functional
buildings by reasoning from data such as landforms, the condition of surrounding buildings,
and weather conditions. Students need reasoning skills to succeed in the courses they are
responsible for during their education.

Reasoning is recognized worldwide as an essential reference for investigating students’
educational achievement. Various exams are organized for students at different levels by
organizations such as the Organisation for Economic Co-Operation and Development
(OECD) and the International Association for the Evaluation of Educational Achievement
(IEA). Programme for International Student Assessment (PISA), Trends in International
Mathematics and Science Study (TIMSS), and Progress in International Reading Literacy
Study (PIRLS) are examinations conducted to periodically assess the educational
achievements of countries at the international level. These exams are also organized for
computer science (CS) fields in recent years and include tests based on without a computer
coding, algorithms, reasoning, and higher-order thinking skills. BEBRAS is an international
initiative that operates at all levels of education, from preschool to higher education
(BEBRAS, 2022). BEBRAS is a test based on CT components, including breaking complex
tasks into simpler components, algorithm design, pattern recognition, generalization, and
abstraction. BEBRAS test includes reasoning-based questions that address these skills.

CT is a kind of analytical thinking that uses CS concepts to solve problems, design systems,
and understand human behavior (Wing, 2006). ISTE and CSTA (2011) describe CT as
solving problems using computers or other information processing tools, automating solutions
through algorithmic thinking, identifying possible solutions, and transferring solutions to
other problems by analyzing, applying, and generalizing. These definitions indicate that CT is
a problem-solving approach related to various skills (see Fig. 1). According to Zhang and
Nouri (2019), CT is a skill at the intersection of other concepts. The development of CT skills
is related to programming (Lye & Koh, 2014; Ma et al., 2021; Mouza et al., 2020), reasoning
(Boom et al., 2018; Marinus et al., 2018), and problem-solving activities (Roman-Gonzalez et
al., 2017; Shute et al., 2017).
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Computing Problem-solving

Programming Reasoning

Figure 1. Concepts associated with CT

Programming can be used as a practical method to develop reasoning skills (Alferes et al.,
1996; Clement & Falmagne, 1986). Conducting problem-solving-based educational activities
within the framework of CT can be an effective method for programming learning (Cakiroglu
& Kilig, 2023; Kilig & Cakiroglu, 2023). However, CT skills developed through
programming learning may not be reflected in problem-solving processes in the context of
reasoning (Shen et al.,, 2022). Therefore, designing an educational environment where
reasoning and programming scenarios can be integrated can facilitate programming learning
and contribute to developing students’ CT skills.

Programming is a complex knowledge that requires applying skills such as analysis, planning,
hypothesis generation, and problem-solving through algorithms created by combining various
syntax structures (variables, loops, decision structures, operators, and alike) (Nickerson,
1983). Three types of knowledge stand out in programming learning: conceptual, semantic,
and strategic (Oliver, 1993). Conceptual knowledge refers to syntax structures. Semantic
knowledge involves creating algorithms. Strategic knowledge deals with solving problems.
Students new to programming have difficulty using this knowledge in solving complex
problems even if they learn the syntax structures of programming (Gokoglu & Kilic, 2023).
Garner (2003) stated that when teachers explain programming, students understand the topics
well, but they struggle to solve problems when programming individually. Strategic
knowledge depends on conceptual and semantic knowledge, and problem-solving skills are
required to solve problems that require strategic knowledge (Lahtinen et al., 2005).
Considering the difficulties of programming, educators might consider adopting methods
where students can learn programming by focusing on problem-solving approaches instead of
teaching only concepts (Kwon, 2017). In this way, the focus of programming instruction can
be shifted from simple coding to problem-solving. This approach may help reduce emotional
and cognitive barriers to programming in students’ minds can be eliminated (Chang, 2014;
Tom, 2015).

In this study, university students received PSbPT. We examined the development of
programming performance, reasoning skills, and CT components. The research hypotheses
are listed below:

RQ1: How does PSbPT affect programming performance?
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RQ2: How does PSbPT affect reasoning skills?

RQ3: How does PSbPT affect CT components in the context of programming and reasoning?
Theoretical background

Computational thinking

Papert (1996) emphasized that we can effectively use computers to develop thinking
skills. This emphasis created the basis of today’s understanding of CT. Wing (2006) defined
CT as a fundamental skill such as reading, writing, and arithmetic. The introduction of CT as
a fundamental skill has increased the interest in CT research. The increase in CT research has
led to different views on the definition, scope, development, and assessment of CT. The
definitions of CT commonly include the effective use of computers in problem-solving (ISTE,
2016; Wing, 2006). We can use computers as a supplementary tool for performing
mathematical and logical operations. In addition to the contribution of computers, learners
need logical questioning and critical thinking to solve problems. In the definitions of CT,
researchers talk about formulating the proposed solutions and transferring these solutions to
different problems (ISTE & CSTA, 2011). Based on these definitions, using systematic
approaches for problem-solving would be useful. Algorithm creation and problem-solving
techniques are systematic approaches that can be used to solve problems that may arise in the
information processing process (Aho, 2012).

Researchers associate CT with different problem-solving skills. These skills include
abstraction, decomposition, data collection, data analysis, pattern recognition,
conceptualization, data representation, mathematical reasoning, algorithm, parallelization,
automation, modeling and simulation, testing, debugging, and generalization (Kalelioglu et
al., 2016). Decomposition makes complex problems more understandable by breaking them
into smaller parts (Csizmadia et al., 2015). Abstraction is extracting the necessary information
from complex information structures (Curzon et al., 2014). Algorithmic thinking is
identifying and sequencing the necessary steps for solving problems (Csizmadia et al., 2015;
Curzon et al., 2014). Evaluation checks the functionality and correctness of the algorithms
developed and the codes written (Schneider & Gersting, 2018; Yadav et al., 2018). Testing
and debugging are essential for evaluation (Kili¢ et al., 2021). Generalization is applying a
method suitable for solving one problem to solve different problems (Barr et al., 2011;
Curzon et al., 2014). Automating algorithmic structures or code blocks using them in different
parts of the same software is also called generalization (I. Lee et al., 2011).

Different approaches are used to develop CT-related skills. Weinberg (2013) stated that
without a computer activity, general programming, robot programming, or STEM
applications can develop CT. Since it is considered to be directly related to CS, programming
activities are used more in research on CT development (Atmatzidou & Demetriadis, 2016;
Lye & Koh, 2014; Rodriguez-Martinez et al., 2020; Wang et al., 2021). Table 1 shows the
skills associated with CT and the assessment methods used.
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Table 1. CT-related components and assessment methods

Research Component Assessment Method
Asbell-Clarke et al. (2021) Decomposition, abstraction, pattern recognition, BEBRAS tests

algorithm design
del Olmo-Muioz et al. Decomposition, abstraction, algorithmic thinking, BEBRAS tests,

(2020)
Mouza et al. (2020)

Rodriguez-Martinez et al.

evaluation, generalization

CT concepts (algorithms, loops, conditionals, variables
and so forth.)

CT concepts (sequences, loops, events, conditionals)

Programming test
Programming test

Programming test

(2020)

Sun et al. (2022) Decomposition, abstraction, algorithmic thinking, BEBRAS tests
evaluation, generalization
Wu and Su (2021) Decomposition, pattern recognition, abstraction, Programming test

algorithm design

Kuo and Hsu (2020) Decomposition, abstraction, pattern recognition BEBRAS tests

As seen in Table 1, programming or reasoning tests are generally used to assess CT.
BEBRAS tests, which are applied within the scope of annual events in 59 countries that are
members of the organization, are recommended for measuring CT development (Roman-
Gonzalez et al., 2018; Tang et al., 2020). The questions in the BEBRAS tests are structured
according to decomposition, abstraction, algorithmic thinking, evaluation, and generalization
skills. Yiikseltiirk and Altiok (2022) emphasized that the systematic use of CT components in
the solution process of a problem will contribute to programming. Bayman and Mayer (1988)
stated that developing skills such as decomposition, evaluation, and debugging is essential for
effective programming. These skills are considered basic skills related to CT (Angeli et al.,
2016; Csizmadia et al., 2015).

Problem-solving-based programming training

Programming includes conceptual knowledge of syntax structures, semantic
knowledge that includes algorithmic structures, and strategic knowledge that deals with
problem-solving processes (Bayman & Mayer, 1988; Oliver, 1993). In programming, various
strategic methods should be used to overcome the difficulties encountered in problem-solving
processes. Providing students with strategies on where and how to use which thinking skill
can play a facilitating role in the problem-solving process. Problem-solving approaches
structured within the CT framework can affect the development of programming skills
(Atmatzidou & Demetriadis, 2016; Bundy, 2007). Kalelioglu et al. (2016) stated that there are
similarities between problem-solving steps and CT skills. They proposed a framework for
using CT skills in problem-solving (Fig. 2).

e Gathering, representing, and Generate, select, and plan . Assessing solutions and
Identify the problem analysin dara solutions Implement solutions continue for improvement

[0 Abstraction [ Data collection [ Mathematical reasoning ~ [] Automation [ Testing
s . Building algorithms and Modelling and .
[] Decomposition [] Data analysis O procedures O cimulations [] Debugging
[ Pattern recognition [ Parallelisation [ Generalisation

[ Conceptualising

[ Data representation

Figure 2. Framework for CT as a problem-solving process

Fig. 2 was obtained by categorizing the skills in the operational definition of CT (ISTE &
o
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CSTA, 2011), which emerged from analyzing CT-related articles (Kalelioglu et al., 2016). In
this study, we performed PSbPT by modifying the framework proposed by Kalelioglu et al.
(2016). In the training process, we examined the development of CT components that support
the problem-solving steps shown in Table 2.

Table 2. Relationship between problem-solving and CT components

Problem-Solving Steps CT Components

Defining and simplifying the problem Decomposition

Collecting, presenting, and analyzing information for problems Abstraction

Create solution steps Algorithmic Thinking
Implementing solution steps Generalization (automatization)
Evaluating the Solution Evaluation (testing, debugging)

As shown in Table 2, we hierarchically mapped the problem-solving steps to the CT
components in this study. Such mapping approaches are used to solve problems in
programming training (e.g., general programming and robotic programming). Kili¢ and
Cakiroglu (2023) evaluated the CT development of teachers receiving robotic programming
training. They structured robotic task problems hierarchically based on decomposition,
abstraction, algorithmic thinking, generalization, and debugging skills. Similarly, Uggiil
(2022) proposed robotic programming problems that require the hierarchical use of logical
questioning, decomposition, abstraction, algorithmic thinking, debugging, and generalization
skills. Yiikseltiirk and Altiok (2022) provided examples of how decomposition, abstraction,
algorithm, automation, and generalization skills can be used to solve traditional programming
problems.

Methodology

Research model

This study employed a pretest-posttest control group experimental design to examine
the effect of problem-solving-based programming training (PSbPT) on students’
computational thinking development. A true experimental design with pre-test and post-test
control groups was created by randomly assigning students to two equal groups (Biiytlikoztiirk
et al.,, 2016). The independent variable was the instructional method, with two levels: (a)
problem-solving-based programming training (experimental group) and (b) traditional
programming training (control group). The dependent variables were (1) programming
performance, (2) reasoning skills, and (3) computational thinking components
(decomposition, abstraction, algorithmic thinking, generalization, and evaluation).

Participants were 40 vocational school students enrolled in the Computer Technologies
department. Due to the limited number of computers available in the laboratory for individual
use, students were randomly assigned to either the experimental (n = 20) or control (n = 20)
group using a simple randomization procedure. Specifically, all participant names were listed
alphabetically and assigned random numbers using a computer-generated randomization
sequence. The first 20 students were assigned to the experimental group, and the remaining 20
to the control group. This procedure ensured that each participant had an equal probability of
being assigned to either group. Groups were balanced regarding gender (4 females, 16 males
in each group) and prior programming experience (minimal to no prior C# knowledge).
Students were not given any information about whether they would be in an experimental or
control group.
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Procedure

This research was conducted over a 14-week academic semester. The experimental
procedure consisted of four distinct phases: pretest administration, intervention
implementation, posttest administration, and data analysis. Both groups received 1080
minutes of programming training (90 minutes per week). Prior to the intervention, all
participants completed two assessment instruments: (1) a programming performance test
measuring C# syntax knowledge and visual programming skills, and (2) a BEBRAS-based
reasoning skills test measuring computational thinking components. Tests were administered
in a computer laboratory setting during regular class hours. No significant differences were
found between groups at pretest (see Results section).

The control group received traditional programming instruction following a conventional
sequence: (1) theoretical explanation of concepts by the instructor, (2) demonstration of
sample applications, (3) individual problem-solving by students, and (4) instructor feedback
on solutions. Instruction covered basic C# concepts (variables, operators, decision structures,
loops, arrays, methods) and visual programming tools (Button, TextBox, ComboBox, Label,
MaskedTextBox, CheckBox, ListBox, RadioButton, ProgressBar, Timer, Chart). The
experimental group received problem-solving-based programming training structured around
computational thinking components. The instructional process followed five steps mapped to
CT components (see Table 2): (1) Complex, real-life programming scenarios were presented
(secure password application, states of water, quiz application, cake-making, garden planning,
personnel management system). (2) Students used structured problem-solving forms to
analyze problems through decomposition (breaking into sub-problems) and abstraction
(identifying relevant information). (3) Students developed algorithms using algorithmic
thinking skills. (4) Students coded solutions using generalization principles. (5) Students
tested and debugged their solutions.

At the beginning of the training, the experimental group received explicit instruction on CT
components and their application to problem-solving. The instructor modeled CT-based
problem-solving using sample applications. Students then solved problems individually using
structured forms, followed by class discussions of different solution approaches.

Table 3. Comparison of instructional approaches

Aspect Control Group (Traditional) Experimental Group (PSbPT

Problem presentation Standard programming exercises Complex, real-life scenarios

Conceptual Syntax-focused CT component-focused

framework

Problem-solving Unstructured Structured forms (decomposition — abstraction
process — algorithm — generalization — evaluation)
Instructor role Lecturer and demonstrator Facilitator and modeler

Student activity Individual coding CT-based analysis + coding + discussion
Feedback Individual error correction Collective solution discussion

Upon completion of the intervention, both groups completed the same programming
performance test and BEBRAS reasoning skills test used at pretest. Tests were administered
under identical conditions to ensure comparability.

The same instructor delivered instruction to both groups. The instructor held a position in the
Computer Technologies department, had ten years of computer science teaching experience,
and was actively engaged in computer science education research. This consistency controlled

for instructor effects across conditions.
’ n-c-i.,v"
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During the 12-week training period, both groups were presented with six different problem
situations related to daily life that needed using basic programming concepts and visual
programming tools. The problems titled secure password application, states of water, quiz,
cake-making, garden planning, and personnel management system were asked at two-week
intervals. The students in the experimental group used the structured problem-solving form to
solve the given problem situations within the framework of CT components. Kili¢ and
Cakiroglu (2023) used a similar form to evaluate CT development through robotic
programming. After the students filled in the forms, the instructor asked a few randomly
selected students to share their answers with the other students. Thus, a discussion
environment was created, and different solutions for the problems were presented. Fig. 3
exemplifies a sample problem situation. The problem is related to array and random structures
in programming. Students should use visual programming tools such as Label, TextBox, and
Button to solve this problem.

Secure Password Application

Mchmet is a bank employee responsible for the safe in a
private bank. Every weckday at 5:30 PM. he collects the
money accumulated in the bank and stores it in a
high-security safe. However, Mchmet always carries the
money with him due to concerns about the safe's existing
password. Therefore, he wants to use a different password for
the safe. Mehmet wants to synchronize the safe's password
with his mobile phone. Mchmet has been asked to create a
program that will generate a 4-digit secure password to be
used on his phone. If Mehmet asked you for help, how
would you create such a password algorithm and write a
password program?

Note: The safe's password entry is provided via a computer
keyboard.

Figure 3. Secure password application

Fig. 4 exemplifies another application. The cake-making application requires using decision
structures (if-else, switch-case) and loop (for, while) concepts in programming. Students
should use visual programming tools such as ProgressBar, Timer, and Chart to solve this
problem.

Cake Making
Ms. Filiz wants to make a cake to serve with tea for her guests. She plans to use a robot that can be
programmed and equipped with the necessary ingredients for this process. The robot will need to be programmed
using the ingredients and steps given in the recipe. Ms. Filiz wants to see what stage the cake-making process is at
and when it is finished by looking at the robot’s screen. Ms. Filiz asks you to:

1) Design an appropriate user interface for the cake-making process.

2) Program the robot using the list of ingredients and steps in a suitable manner.

Ingredients: Steps:

+ Eggs 1)  Whisk the Eggs and Sugar

*  Sugar 2) Add Milk and Whisk

« Oil 3) Add Oil and Vanilla and Whisk
« Milk 4) Bake for 30 minutes

+ Vanilla

Figure 4. Cake-making application
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Fig. 5 and Fig. 6 exemplify the statements the students wrote on the problem-solving form
concerning a problem situation within the decomposition framework, abstraction, and
algorithmic thinking skills. Decomposition and abstraction are the primary stages necessary to
address the problem situation. In Fig. 5, the student decomposed the given problem into
specific parts such as questions and answers, correct and incorrect checks, calculation of

score, and time. He identified the necessary visual tools, variables, and programming
structures in the abstraction stage.
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Figure 5. Problem-solving form sample (decomposition and abstraction)

Fig. 6 shows the solution to the given problem within the algorithmic thinking. In Fig. 6, the
student designed a form and wrote an algorithm for solving the problem. In this part of the
problem-solving form, students designed the program interface they will create within the
framework of Visual Programming and wrote the solution steps. The algorithm in Fig. 6 listed
information about the program’s functioning.
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Figure 6. Problem-solving form sample (algorithmic thinking)
Participants

The study participants consisted of 40 students studying in the Computer
Technologies department of a vocational school of a state university in Tiirkiye. The students
were randomly divided into groups. There are four girls and sixteen boys in each group. The
age range of the students was between 20 and 25. Before the study, a form was applied to the
students to learn their demographic information and programming experiences. Most of the
students did not know about C# programming language and visual programming tools.
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Instruments and item design

This study employed a two-dimensional assessment approach to measure
computational thinking development: (1) Contextual application of CT and (2) underlying CT
components. Programming Performance measured through the Programming Test, assessing
students’ ability to apply CT components in actual coding tasks (C# syntax and visual
programming). Reasoning skills measured through BEBRAS tests, assessing students’ ability
to apply CT components in abstract, computer-free reasoning tasks. These two dimensions
represent “contextual applications” of computational thinking—programming performance
reflects CT in a coding context, while reasoning skills reflect CT in a logical problem-solving
context. Both tests were designed to measure five core CT components: decomposition,
abstraction, algorithmic thinking, generalization, and evaluation. Table 4 presents the
mapping of individual test items to specific CT components. This mapping allows for the
calculation of *CT composite scores* for each dimension (programming-based CT and
reasoning-based CT), representing the sum of scores across all CT components within each
test. Thus, while programming performance and reasoning skills are presented as separate
outcomes, they serve as indicators of CT development in different contexts. The CT
component analysis (Table 10 and 11) represents a more granular examination of which
specific CT skills improved within each context.

Table 4. Relationship of questions with CT components

Instrument Decomposition  Abstraction Algon.thmlc Generalization  Evaluation
Thinking

Programming test Q4, Q5 Q1,Q2,Q3,Q9  Q3,Q5,Q6,Q7,Q8 QI,Q9 Q6, Q7, Q8

BEBRAS tests ~ Q3, Q8 QL Q6 Q2, Q3, Q4, Q5, Q6,Q4,Q5, Q10 Q1, Q4,Q5,Q9
Q7
Q8, Q9, Q10

Programming test items

The programming test, developed by the researchers to assess students’ programming
performance, consists of nine multiple-choice and open-ended questions focusing on basic
syntax and visual programming tools. The content validity of the test was established using
the Delphi survey technique guidelines proposed by Hasson et al. (2000). Three researchers
specializing in computational thinking (CT) analyzed the items to ensure they accurately
measured the intended CT components. Based on this expert panel, the Content Validity
Index (CVI) was calculated at 0.92, exceeding the standard 0.80 threshold for excellent
content validity (Polit & Beck, 2006). The instrument’s reliability was evaluated using
internal consistency and inter-rater agreement. The Cronbach’s alpha coefficient for the
programming test was 0.84, indicating high internal consistency for educational measurement
(Nunnally & Bernstein, 1994). Furthermore, to ensure the objective scoring of the open-ended
questions, two independent researchers scored the responses. The resulting Cohen’s Kappa
coefficient was 0.81, representing “almost perfect” agreement between the raters (Landis &
Koch, 1977). The open-ended questions in the programming test were evaluated using a
structured scoring rubric. This rubric assigned partial points based on three main criteria: (1)
correct use of programming syntax (e.g., variables, loops, decision structures), (2) the logical
flow and efficiency of the proposed algorithm, and (3) the accuracy of the expected output.
For instance, if a student provided a correct logical structure but had minor syntax errors, they
received partial credit to reflect their strategic knowledge. The scoring process was conducted
independently by two researchers, and any discrepancies were resolved through consensus.
Fig. 7 shows a sample question in the programming test. Students should find which of these
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problem situations are solved by using loops. This question measures the students’ abstraction
and generalization skills.

Which of the program examples below can be written more concisely using a repetitive (loop)
structure? Indicate with an 'X' in the Approval column if applicable. Otherwise, leave it blank.

Problems Approval
Program that writes numbers from 1to 20 line by line

Program that prints the larger of 2 numbers entered from the keyboard

Program that calculates the sum of 3 numbers entered

Program that calculates the factorial of the entered number

Program that calculates a person's age given their birthdate

Program that prints all even numbers from O to 100

Program that determines if the entered number is odd or even

Program that generates 5 values randomly between 1and 10

Figure 7. Sample programming question about loop

According to the algorithm given below, what will be the Toplam
Komisyon if the Fiyat value entered is 40 TL?

I TopKon = © H Sayac = 0 ]
§> ey L rign]

VET
0/
[lopxon = TopKon + Kon Q

O @

HAYIR]
o,

Gikig
“Toplam Komisyon = *, TopKom

Cor )

Figure 8. Sample programming question about algorithms

Fig. 8 tests the students’ algorithm reading skills. This question also measures students’
algorithmic thinking and evaluation skills in the context of CT. Students can obtain 40 points
from the nine questions in the programming test. The maximum score for each question varies
between 3-6 points. Some questions have only one correct answer (see Fig. 8). Some have
more than one, but only correct answers are scored (see Fig. 7).
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BEBRAS test items

To assess reasoning skills, 10 multiple-choice and open-ended questions were selected
from the official BEBRAS international task pool, varying in difficulty. The BEBRAS tests
are internationally recognized for their validity in measuring CT components, including
decomposition, abstraction, and algorithmic thinking. For the current study sample (N = 40),
the internal reliability of the test was calculated using the Kuder-Richardson 20 (KR-20)
formula, yielding a value of 0.78. This value is considered acceptable and consistent with
reliability scores reported in similar CT assessment literature (Kuder & Richardson, 1937).
Construct validity was further supported by the hierarchical mapping of each question to
specific CT skills, as detailed in Table 3. While some questions aim to measure a single CT
skill, others measure more than one CT component. Fig. 9 shows sample BEBRAS tests
questions.

Mert is playing a new puzzle game on the computer. In the game, he needs to organize the

marbles inside a cylinder.
Rules:
+ Marbles must be either blue or red

* There must be at least 3 marbles inside the cylinder at the start,

Objective: To create a stack in the cylinder with no fewer than 3 marbles by pressing the
START button consecutively.

What happens when the START button is pressed once?
*  There must be at least 3 marbles inside the cylinder at the start.

* Depending on the color of the first falling marble, one of the two options below will occur.

Two different scanners encode the pixels of an image into a special code by moving line
by line. This special code is obtained by counting black and white pixels.

If pixels of the same color are next to each other, their total number is written.

Scanners start encoding images from the top left and proceed line by line.

After encoding a line, the two scanners proceed to the next line using different
methods:

Scanner A: Each line
encoding starts over.

is encoded separately. When moving to the next line, the

Scanner B: When reaching the end of a line, the encoding continues based on the color
of the next line's starting pixel and does not reset

1 the first falling marble s red: 1f the first falling marble is blue: Example:
ed by the scanners as follows:
A blue marble is added o the top of 3 marbles are added o the top of the S LA A i e
the cylinder. cylinder in the order: | red. 1 blue, 1 red.
Before After Before After (3 white - 2 black - 1 white - 6 black)

|

o

é Y

Mert will press the button again as long as there are at least 3 marbles left in the cylinder after
pressing the START button.

The game will end when there are 2 or fewer marbles left in the cylinder

Example: [ ]
The situation shown on the right depicts a game that will end after 5 clicks. ®
At the end of the game, only 2 blue marbles will remain in the cylinder :

How can a sequence of colored marbles be created with just 3 marbles to ensure the game
never ends?

Answer: ...

Figure 9. Sample BEBRAS questions related to reasoning skills

The question on the left side in Fig. 9 shows a puzzle game. Students should sort marbles
according to the given rules. This question also measures students’ decomposition and
algorithmic thinking skills in the context of CT (see Table 4). In the question on the right side
in Fig. 9, students should find out which images in the options will have the same code when
encoded by both scanners.

Data analysis

Prior to hypothesis testing, assumptions for parametric analyses were examined. The
Shapiro-Wilk test was used to assess normality due to the small sample size (n < 50). Results
indicated that pretest and posttest scores for both programming performance and reasoning
skills were normally distributed for both experimental and control groups (all p > .05).
Levene’s test was conducted to examine homogeneity of variances. Where Levene’s test
indicated unequal variances (p < .05), Welch’s t-test with adjusted degrees of freedom was
used instead of the standard independent samples t-test.

Descriptive statistical analyses characterized students’ programming performance and
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reasoning skill levels. Independent samples t-tests were used to compare group differences at
pretest and posttest. Paired samples t-tests examined within-group changes from pretest to
posttest. Cohen’s d effect sizes were calculated for all significant findings to indicate practical
significance (Cohen, 1988): small effect (d = 0.2), medium effect (d = 0.5), and large effect (d
= 0.8). All analyses were conducted using SPSS version 23.0, with significance level set at o
=0.05.

Results

Considering the research problems, this section presents the findings obtained from
the tests (pretest, posttest) for the compared domains for each group. First, the findings
regarding the effect of PSbPT on programming and reasoning skills were presented. Then, the
results regarding the development of CT components in both contexts were shared.

Programming performance and reasoning skills

Table 5 shows the pretest results for students’ programming performance and
reasoning skills. The mean score of the students’ programming performance pretest was
13.15, and the mean score of the students’ reasoning skills pretest was 2.35. The
programming performance pretest score of the control group (M=14.40, SD=5.519) was
higher than the experimental group (M=11.90, SD=5.046). The reasoning skills pretest score
of the experimental group (M=2.60, SD=1.535) was higher than the control group (M=2.10,
SD=1.119).

Table 5. Pretest statistics of programming performance and reasoning skills in each group

Skills Group N M SD SEM
Programming performance Control 20 14.40 5.519 1.234
Experimental 20 11.90 5.046 1.128
Total 40 13.15 5.371 0.849
Reasoning skills Control 20 2.10 1.119 0.250
Experimental 20 2.60 1.535 0.343
Total 40 2.35 1.350 0.213

M=Mean, SD=standard deviation, SEM=standard error of mean

The independent samples t-test results in Table 6 show no significant difference between the
experimental and control groups regarding programming performance (t=1.495, p=0.143) and
reasoning skills (t=1.117, p=0.247) before the intervention. This data indicates that the
experimental and control groups were equivalent before the intervention. Therefore, we
compared the posttest scores of the experimental and control groups to reveal the effect of
PSbPT on programming and reasoning skills.

Table 6. Independent samples t-test of pretest programming performance and reasoning skills

Test Group Md ¢ df p d %95 CI
Programming performance Experimental - Control 2.50 1.495 380.143 0.47 -0.885, 5.885
Reasoning skills Experimental - Control 0.50 1.117 380.247 0.35 -0.360, 1.360

Md=Mean difference, CI=Confidence Interval, LB=lower-bound, UP=upper-bound

Table 7 shows the posttest results of the students in the sample for programming performance
and reasoning skills. The mean posttest score for programming performance was 22.12, and
the score for reasoning skills was 3.97. Contrary to the pretest results, the programming
performance posttest score of the experimental group (M=26.00, SD=4.877) was higher than
the control group (M=18.25, SD=5.820). Similar to the pretest results, the reasoning skills
posttest score of the experimental group (M=5.15, SD=1.460) was higher than the control
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group (M=2.80, SD=1.321).

Table 7. Posttest statistics of programming performance and reasoning skills in each group

Test Group N M SD SEM
Programming performance Control 20 18.25 5.820 1.301
Experimental 20 26.00 4.877 1.090
Total 40 22.12 6.595 1.042
Reasoning skills Control 20 2.80 1.321 0.295
Experimental 20 5.15 1.460 0.326
Total 40 3.97 1.818 0.287

We analyzed pretest and posttest scores with paired samples t-test to check students’
programming performance and reasoning skills development. Table 8 shows that the
programming performance and reasoning skills of the students in the experimental and control
groups who received programming training, even though with different methods, improved
significantly. The posttest scores of the students in the experimental group who received
programming training based on problem-solving were significantly higher than their pretest
scores with a mean difference of 14.10 (SD=5.505) (t=11.454, p=0.000). The programming
performance posttest scores of the control group students who traditionally received
programming training differed significantly from their pretest scores with a mean difference
of 3.85 (SD=2.230) (t=7.718, p=0.000). The results show that the programming performance
of the students who received programming training in both ways differed significantly. The
reasoning skill posttest scores of the students in the experimental group who received
programming training based on problem-solving were significantly higher than the pretest
scores with a mean difference of 2.55 (SD=1.637) (t=6.964, p=0.000). The reasoning skills
posttest scores of the students in the control group who traditionally received programming
training differed significantly from the pretest scores with a mean difference of 0.70
(SD=1.174) (t=2.666, p=0.015). The results show that programming training based on
problem-solving improves reasoning skills more than traditional programming training.

Table 8. Paired samples t-test results in each group

Test Group N i/})st-Pre SD t df d p

Programming performance Control 20 3.85 2.230 7.718%** 19 1.73 0.000
Experimental 20 14.10 5.505 11.454%** 19 2.56 0.000

Reasoning skills Control 20 0.70 1.174 2.666* 19 0.60 0.015
Experimental 20 2.55 1.637 6.964%** 19 1.56 0.000

*p <.001, p < .05 (2-tailed)

In order to investigate the effect of problem-solving-based programming training on the
development of programming performance and reasoning skills further, we compared the
mean differences between the groups. Table 9 shows the independent samples t-test results on
the posttest scores. According to Table 9, the experimental group students’ programming
performance posttest scores (t = 4.564, p = 0.000) and reasoning skills posttest scores
(t=5.334, p=0.000) differed significantly compared to the control group.

Table 9. Independent samples t-test of posttest programming performance

Test Group Md ¢ df p d %95 CI
Programming performance Experimental - Control ~ 7.75 4.564*** 380.000 1.44 4.308, 11.191
Reasoning skills Experimental - Control ~ 2.35 5.334*** 380.000 1.68 1.458, 3.241

Table 10 compares the average difference between the pretest and posttest scores of the
experimental and control groups. The analysis revealed that the difference between the two
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groups was statistically significant for both programming performance (t=7.717, p=0.000) and
reasoning skills (t=4.106, p=0.000). Further analysis of the students’ programming
performance and reasoning skills before and after the intervention showed that problem-
solving-based programming training was more effective than traditional programming
training. Students who participated in problem-solving-based programming training showed
better programming performance and improved reasoning skills than those who received
traditional programming training. Therefore, problem-solving-based programming training
can significantly enhance students’ programming performances and reasoning skills
compared to traditional programming training.

Table 10. Independent samples t-test of post-pretest programming performance and reasoning
skills

Test Group Md t df P d %95 CI
Programming o ental - Control 1025 7.717%%*% 25076 0.000 244 7.514, 12.985
performance

Reasoning Skills Experimental - Control 1.85 4.106*** 38 0.000 1.30 0.937,2.762

a: Welch's t-test used due to violation of homogeneity of variance assumption (Levene's test, p <.05).
Degrees of freedom adjusted using Welch-Satterthwaite equation.

CT component developments

Table 11 shows the differences between students’ CT skills before the intervention.
The t-test results show no significant difference between the experimental and control groups
regarding programming performance (t=1.65, p=0.127) and reasoning skills (t=0.817,
p=0.419) before the intervention. However, the posttest results show that PSbPT created a
significant difference in CT skills for programming performance (t=5.468, p=0.000) and
reasoning skills (t=4.992, p=0.000). This result indicates that PSbPT is more effective in
developing CT skills than traditional programming training.

Table 11. Independent samples t-test results of CT skills

Test Md ¢ df p d %95 CI
Programming performance Pre 1.65 1.560 38 0.127 0.49 -0.491, 3.791
(Experimental —Control) Post 6.1 5.468*** 38 0.000 1.73 3.841, 8.358
Reasoning skills Pre 0.80 0.817 38 0.419 0.26 -1.181, 2.781
(Experimental — Control) Post 4.00 4.992*** 38 0.000 1.58 2.377,5.622

% 001 (2-tailed)

Table 12 shows the results of the paired samples t-test conducted within the framework of CT
posttest and pretest score differences within the groups in the context of programming
performance and reasoning skills of PSbPT. When we examined the paired samples t-test
results, we found that the total CT difference scores of the students in the experimental
(t=12.700, p=0.000) and control groups (t=5.534, p=0.000) differed significantly in
programming performance. When we analyzed the students’ scores in terms of reasoning
skills, we observed that there was no significant difference in the CT difference scores of the
students in the experimental group only (t=4.595, p=0.000).
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Table 12. Paired samples t-test results in each group

Post-Pre

Skill Group N M sd t daf d p

Programming Control 20 7.00 5.656  5.534%** 19 124 0.000

performance Experimental 20 27.15 9.560  12.700*** 19 284 0.000
Control 20 0.85 3.013  1.216 19 0.28 0.222

Reasoning skills Experimental 20 3.90 3796 4.595*** 19 103 0.000

001 (2-tailed)
Discussions

Programming performance and reasoning skills development

This study investigated the effect of PSbPT on students’ CT development in the
context of programming performance and reasoning skills. In this context, we first examined
students’ programming performance and reasoning skills development. The participants were
randomly divided into experimental and control groups within the framework of the pretest-
posttest control group experimental design. The control group received programming training
without any intervention. The experimental group received PSbPT. Results showed a
significant improvement in the students in both groups in the context of developing
programming performance and reasoning skills. Since the groups are given programming
training, albeit with different methods, a positive development is expected in their
programming performance, reasoning and problem-solving skills (Erol & Cirak, 2022; Olsson
& Granberg, 2022). Programming requires strategic knowledge as well as conceptual
knowledge. Therefore, students use reasoning skills to solve programming problems (Alferes
et al., 1996; Clement & Falmagne, 1986). Falkner and Palmer (2009) state that programming
activities support students’ reasoning skills.

When we compared the students’ posttest scores and the differences between the pretest and
posttest scores, we observed a significant difference in favor of the experimental group in
terms of both programming performance and reasoning skills. While no intervention was
made to the students in the control group to solve complex problems during the training
process, the experimental group students used a problem-solving form. This form aimed for
the students to analyze the problems more planned, systematically, and strategically. In
studies using similar forms, it was emphasized that students’ strategic knowledge also
improved during the solution of programming problems (Kili¢ & Cakiroglu, 2023; Ucgiil,
2022; Yikseltirk & Altiok, 2022). Using CT components to solve programming problems
helps students develop solution strategies. We think this strategy development is why the
improvement in the students’ reasoning skills in the experimental group differed significantly
from those in the control group. Reasoning is a skill that requires strategic knowledge and is
more prominent in complex problem situations. While students do not have much difficulty
solving programming problems that require syntax knowledge, they have difficulty solving
complex problems that require strategic knowledge and skills (Hoc et al., 1990; Sajaniemi &
Navarro-Prieto, 2005). Students who deal with complex problems based on programming
within the framework of CT components need to use their reasoning skills more. Accordingly,
exposing students to problem-solving processes can be an effective method to develop their
reasoning skills.

‘@ Participatory Educational Research (PER)

Mw"
-134-



Participatory Educational Research (PER), 13(3); 119-141, 1 May 2026

CT components development

We examined the students’ CT development within the framework of the components
measured by the programming test and BEBRAS reasoning tests. In the pretests conducted
before the intervention, we observed no significant difference between the experimental and
control groups regarding CT. These results show that the CT skills of the students in both
groups were close to each other. After the intervention, when we compared the pretest and
posttest score differences within the groups, we saw that students’ CT skills in the context of
programming improved significantly in both groups. Programming effectively ensures CT
development (Lee et al., 2014; Lye & Koh, 2014). The strategic knowledge required for
programming includes high-level thinking skills. Therefore, regardless of the methods used,
students who are doing programming have to use these skills. For example, solutions to
programming problems are algorithmically transferred to the compiler through coding. In
other words, algorithmic thinking is a skill inherent in programming that enables the creation
of meaningful structures in problem-solving (Linn & Dalbey, 1985). Syntax errors
encountered during the coding process and logical errors that occur during the execution of
the code require the use of debugging skills. Testing the correctness of the designed
algorithms is a process that requires evaluation skills. In this respect, it is essential to expose
students to more complex programming problems and to ensure a higher level of development
of CT skills. When we compared the posttest scores of the students between the groups, we
can say that the results met this expectation. Within the context of this study, PSbPT appeared
effective in supporting students’ CT development in the context of programming. The
students in the experimental group had the opportunity to practice CT components in complex
problems within the framework of the problem-solving form throughout the training. Students
divided the problems into parts through decomposition. Through abstraction, they created the
structures and algorithms required for each part. They combined the parts through algorithmic
design and created a product by practicing through coding. To test the accuracy of the
product, they passed it through an evaluation filter and looked for ways to transfer the
obtained solutions to different problems. When the differences between the posttest and
pretest within the groups were examined, the reasoning-based CT developments of the control
group did not differ much. This situation supports the inferences mentioned above. It was
observed that the students in the control group, who were trained with the traditional
programming method, generally started writing code without much reasoning about the
problem. These students are looking for solutions to the errors they encounter during the
coding process. Therefore, instead of giving priority to programming problems, students give
more priority to errors in the syntax structure of programming. This situation also reveals the
reasons for the view in the literature that “even if students know programming syntax
structures, they often have difficulty solving complex problems (Aparicio et al., 2018;
Gokoglu & Kilig, 2023).”

When we examined the CT development of students based on reasoning within and between
groups, we observed that the results were significant only in favor of the experimental group.
The CT development of the students in the control group in programming performance
differed from their CT development in reasoning skills. Although both skills seem related, CT
skills acquired in the programming context may not be transferred to solving other problems
in the reasoning context (Shen et al., 2022). While some skills in CT may be effective due to
the nature of programming, different skills may be more effective in problems based on
reasoning and related to different fields. For example, in daily life problems and STEM
(Science, Technology, Engineering, and Mathematics) applications, more general CT skills
such as Creativity, Algorithmic thinking, Cooperativity, Critical thinking, and Problem-
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solving are emphasized (ISTE, 2016; Korkmaz et al., 2017). Swaid (2015) also emphasized
skills such as data collection, retrieval, and visualization for STEM. These two contexts were
addressed together through PSbPT applied to the experimental group. Through reasoning-
based complex programming scenarios, students used their reasoning skills in programming
problems. CT and reasoning skills are interrelated. It is crucial to create instructional
environments that address both skills together.

The findings of this study should be interpreted within the context of several limitations. First,
the sample consisted of 40 vocational school students from a single institution in Tiirkiye,
limiting the generalizability of results to other educational contexts, age groups, or cultural
settings. Second, the intervention was conducted within a specific course (C# Programming)
over one academic semester; longer-term effects or transfer to other programming languages
remain unexplored. Third, while random assignment was used, the small sample size may
have limited statistical power to detect smaller effects. Therefore, the strong effects observed
should be replicated in larger, more diverse samples before drawing broad conclusions about
PSbPT's efficacy. Future research should examine the effectiveness of this approach across
different educational levels (e.g., K-12, undergraduate) and programming contexts.

Conclusions and suggestions

Within the context of this study, PSbPT demonstrated greater effectiveness than
traditional programming training for developing vocational school students’ programming
performance, reasoning skills, and computational thinking. These findings suggest that
structured problem-solving approaches incorporating explicit CT components may offer
advantages over concept-focused instruction, particularly for students facing difficulties at the
strategic knowledge level of programming. Therefore, educators need help teaching these
concepts and students’ understanding of these skills (Yadav et al., 2017). Results may provide
some practical suggestions for educators who teach programming and CT. While CT
components are primarily theoretical in the studies, there needs to be more certainty about
how to use these components in practice. In this study, using CT components in solving
programming problems in 12 weeks provides essential information about these components
and how to use them in practice. Educators also have significant responsibilities within the
PSbPT framework. Educators should include complex programming scenarios based on
reasoning when designing questions that measure programming-related outcomes. The
reasoning skills developed in this way can contribute to a better understanding of topics in
other disciplines.

While this study focused on university-level vocational students, the PSbPT framework may
warrant investigation with younger learners who might require additional scaffolding to
understand and apply CT components. Furthermore, this study examined five specific CT
components; future research might explore additional components such as parallelization or
automation. Replication studies with larger, more diverse samples across different educational
contexts would strengthen the evidence base for PSbPT’s effectiveness.
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