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 Abstract 

The research aims to explore the acquisition of Computational Thinking (CT) sub-skills among 5th and 

6th grade secondary school students in Turkey through a block-based programming 

application, code.org. It seeks to understand if mastering these skills is essential for students globally. 

This study involved seven volunteer students selected through a mixed-methods suitability sample for 

the academic year 2021-2022. It utilized multiple tools: the Computational Thinking Skill Level Scale 

(CTSLS), observations, and interviews. Each student completed six tailored lessons via distance 

learning, which were recorded for observation and followed by interviews. Analysis of CT skills was 

conducted descriptively, considering the CTSLS scores before and after the lessons, observation of CT 

sub-skills during each session, and individual progress. Despite individual variations in CT skill display, 

there was no significant difference in the CTSLS scores pre- and post-intervention or between students 

of middle and high skill levels. The findings suggest that while individual progress in CT skills can be 

noted, the overall impact of the intervention on enhancing CT skills as measured by CTSLS is limited. 

This highlights the need for further investigation into the methods and effectiveness of teaching CT 

skills through block-based programming platforms. 
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Introduction 

The 21st century is characterized by the capabilities of calculation, programming, and design, 

as it is an era that is progressing with the notion that "everything is programmable". The Institute for the 

Future (IFTF, 2020) categorized 21st century skills into six shifts, and according to emerging 

technological advancements, the majority of the 10 skills required in the future are technology-based. 

Among these skills is Computational Thinking (CT), which underscores the significance of 

programming. (Davies, Fidler & Gorbis, 2011) Therefore, CT is considered one of the essential skills 

for the 21st century. (Wing, 2010; Davies, Fidler & Gorbis, 2011; Mohaghegh, McCauley, 2016). In 

this context, CT stands out as one of the most important skills of the 21st century, and programming is 

considered as a basic tool in the development of this skill (Wong & Cheung, 2018). Research shows that 

programming activities can contribute to the development of problem solving, critical thinking and 

creative skills (Cetinkaya, 2019; Kukul & Çakır, 2020). 

According to the Association of Computer Science Teachers (CSTA) and the International 

Association for Technology in Education (ISTE), CT defines skills as an approach to problem-solving 

that can be applied to a computer. It is a problem-solving methodology that enables situations to be 

automated, transferred, and applied and has the potential to be produced from a wide range of 

disciplines. The power of CT extends to all other reasoning skills, allowing for the development of 

useful computational tools and advancements in quantum physics, biology, and human-computer 

systems. (CSTA; HERE; Barr and Stephenson, 2011) 

Through a program supported by the National Science Foundation (NSF), CSTA and the ISTE 

collaborated to address future educational needs. According to this study, all students must demonstrate 

proficiency in basic Computational Thinking Skills (CTS) by the time they graduate high school (CT 

Leadership Toolkit, 2011). 

Many organizations, such as ISTE, NSF, CSTA, Google, Microsoft, and universities, are 

actively working on teaching CTS (Wing, 2010). Additionally, many countries have included CT skill-

based training programs in their curricula and are conducting extensive research on this topic. Several 

studies have suggested that CTS should be incorporated into a 12-year curriculum. (Wing, 2010; NSF, 

2010; Google, 2010; CSTA-ISTE, 2011) 

Currently, there is a lack of comprehensive evaluations of CT abilities. (CT Teacher Resources, 

2011) This study aimed to address the questions raised by Wing regarding the teaching of computer 

science concepts (Wing, 2017). 

 What is the appropriate scope of computer science skills for students of various ages and 

developmental stages?  

 At what age can the students effectively comprehend and apply these skills?  

 At what point did they typically acquire computer science concepts in their education?  
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 What is the most effective approach for teaching computational thinking to students at the 

K-12 level?  

 How has the teaching of computational thinking progressed thus far, and has the intended 

outcomes been achieved? 

The primary objective of this research was to investigate the acquisition of sub-skills related to 

CT by secondary school students in Turkey through the use of a block-based application (code.org), 

which aims to promote the development of these skills among a broad audience. Specifically, this study 

sought to determine the extent to which students acquire various sub-skills of CT and the specific sub-

skills that they learn. 

To fulfill the objectives of this research, it is necessary to address the following questions: 

 What constitutes CTS? 

 What sub-skills are included within CTS? 

When breaking down a problem into smaller components for resolution, the following questions 

arise. 

 How much development do students experience in terms of skills using this application, 

based on their individual needs? 

 How do students acquire skills tailored to their individual needs and development by using 

this application? 

 Does the application's provision of CTS enhance students' CTS? 

 

Method 

Research Design 

This study employed a mixed method which is a research approach that integrates the collection 

and analysis of both quantitative and qualitative data in a single study or series of studies (Creswell et 

al., 2006). In this study, a sequential transformational design was employed, in which quantitative data 

were first collected and analyzed, followed by the collection and analysis of qualitative data. All data 

collected in the interpretation and discussion sections were combined and evaluated (Creswell et al. 

2003). 

Participants 

For this study, 5th and 6th grade students attending secondary schools in Turkey during the 

academic year 2021-2022 were selected as a sample. Since the study covered an extensive period, 

required in-depth research, and the age group of the students was small, the sample selection was 

voluntary as "convenience sampling." (Teddlie and Yu, 2007) 

Six students (5 girls and 2 boys) participated in the research, 5 of them being in the 5th grade 

and 2 in the 6th grade. Of the six students, 4 had taken information technology courses and 2 had 
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previously received coding training. All but one student reported knowing how to use a computer. As 

the courses were provided through distance education, the students were selected from different schools 

resulting in a diverse mix of social status and academic success among the students. This increased the 

diversity of the study and allowed for individual differences among participants.  

Data Collection  

To enhance the validity and reliability of the study, observations, interviews, and survey data-

collection techniques were employed for each sub-problem, which complemented each other. The 

triangulation method was used to conduct both observations and interviews, using different data 

collection techniques and methods (Holloway & Wheeler, 1996; Mays & Pope, 2000). 

Computational Thinking Skill Levels Scale (CTSLS) 

The "Computational Thinking Skill Levels Scale" developed by Korkmaz, Çakır, and Özden 

(2015) was utilized in this study. This scale was specifically designed for secondary school students and 

comprised a five-point Likert-type questionnaire containing 22 items. The Cronbach's alpha reliability 

coefficient for the scale was 0.809, and the values for its sub-dimensions ranged from 0.640 to 0.867. 

These results indicate that this study is appropriate for the intended purpose. 

The Likert-type scale used in this study was rated on a scale ranging from 1 (never) to 5 

(always). The raw scores obtained from the students' answers were converted into standard scores, which 

were then used to determine the CTS. The formula used to convert the raw score to the standard score 

is as follows: × standard score = (× raw score/number of measuring items) × 20. Standard scores were 

then used to determine the corresponding CTS levels, which were classified as follows: 20-51 for Low 

Level, 52-67 for Intermediate CTS, and 68-100 for High Level CTS. 

 

Structured Observation and Interview Form 

The items on the observation form were categorized based on the concepts of CT outlined in 

Table 1, and the observable behaviors on the code.org platform were assessed based on these 

classifications.  

Interviews were conducted with the students at the conclusion of the course, during which their 

feedback on the observation form was obtained. To this end, interview form questions were developed 

based on problem situations and observation form items. These questions and the behavioral items were 

developed after consulting an expert and five Information Technology teachers who had previously 

provided coding instructions to secondary school students. 

Each entry on the form was designated as "Observed (O), Not Observed (N), or Partially 

Observed (P)" using a Likert-type scale with three levels of agreement. 
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Table 1. CT Concepts constituting the Observation Form items 

CT Concepts Definition of Concepts 

Data Collection Proper Information Collection Process 

Data Analysis Make sense of information, draw patterns and draw conclusions 

Data Representation 
Organize and depict information through appropriate graphs, charts, words, 

or images 

Problem Decomposition Break down tasks into smaller manageable chunks 

Abstraction Define the main idea by reducing complexity 

Algorithms and 

Procedures 
A series of sequential steps to solve a problem or to achieve an end 

Automation Having machines or computers to do tedious or repetitive tasks 

Simulation 
A notation or transactional model. It also involves providing experiments 

that use models. 

Parallelization 
Organize resources to perform concurrent tasks aimed at achieving a 

common goal 

  

  Data Analysis 

The quantitative and qualitative data obtained were analyzed separately and interpreted together 

in the findings section. Based on the data obtained from the CTSLS, the raw score was converted into a 

standard score according to the leveling formula presented in this study, and student levels were 

determined. The observation and interview forms were analyzed using a descriptive analysis method.  

Application and Code.org Lessons  

Prior to the commencement of the course, which comprised seven individual courses as shown 

in Figure-1, the demographic characteristics of the students were assessed and the corresponding profiles 

were established.  After the initiation of the course, CTSLS was implemented and the CT proficiency 

levels of the students were determined.  Each session was documented, and the entire curriculum was 

tracked using a structured observation form.  At the conclusion of the course, a structured interview 

form was administered to students to obtain feedback. Independent observations and interviews were 

conducted for each course. At the conclusion of the program, the CTSLS was administered once more 

to the students and changes in their CT levels were examined.  
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Figure 1: Course F to apply (code.org screen) 

   

Findings and Discussion 

The study's results were analyzed based on the CTSLS, the length of each course completed 

individually, the CTS of the students for each course, the CT sub-skills exhibited by the students at each 

CTS level, and the students' individual progress. 

Table 2. 

CTSLS student first test results 

Student Level 

Scale Standard 

Score 

Student-1 High Level 79,09 

Student-2 Intermediate 61,82 

Student-3 Intermediate 56,36 

Student-4 Intermediate 62,73 

Student-5 High Level 68,18 

Student-6 High Level 68,18 

Student-7 High Level 65,45 

 

Table 3. 

CTSLS student final test results 

Student Level 

Scale  

Standard Score 

Student-1 High Level 74,55 

Student-2 High Level 71,82 

Student-3 Intermediate 54,55 

Student-4 Intermediate 55,45 

Student-5 Intermediate 64,55 

Student-6 High Level 76,36 

Student-7 High Level 77,27 

 

20-51: Low Level; 52-67: Intermediate; 68-100: High Level. 

  

Based on CTSLS data, the students in this study were categorized as having intermediate or 

high levels. As indicated in Tables 2 and 3, the outcomes of the initial and concluding examinations 

demonstrated that although some students exhibited changes in their levels, others did not experience 

any changes. Nevertheless, there was a noticeable improvement in the standardized scores of all 

students.  
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Figure 2: Students' course practice times 

  

The data presented in Figure 2 indicate that the majority of the students completed the U-1 and 

the U-2 lessons focusing on debugging ahead of the schedule within the expected. They completed the 

U-4 course including basic loops faster than expected. However, students generally struggled with other 

courses and continued at a slower pace. Notably, all students struggled with the nested-loop concept in 

U-5 course which is longest time spent. 

Table 4. Findings of CTS Observation Items of All Students in Practice Courses 
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 According to Table 4, the students in the U-1 course exhibited skills in data analysis, 

representation, and simulation as well as in adapting what they had learned to new situations, parsing 

problems, abstraction, and algorithms. However, only a partial observation was made regarding this 

abstraction. In the U-2 course, students made progress after being applied to real-world situations, and 

all skills except automation were observed. In the U-3 course, students demonstrated abstraction by 

visualizing events in their minds, and despite struggling with automation, they were able to showcase 

all skills. This demonstrates that the students progressed through learning. As students had to use their 

knowledge of mathematics in the course, it took longer than expected, and the course structure was 

different from that of previous courses, prolonging the time it took to become accustomed to. Although 

the U-3 course was the first in a loop structure, students demonstrated all skills except for partial 

abstraction in the U-4 course. The U-5 course, which included nested loops, was the longest course, and 

students who made progress in CTS demonstrated some skills. Students who could parse problems, 

automate, and adapt to new situations struggled with abstraction. In the U-6 course, where nested loops 

became even more complex, students were challenged to analyze and abstract data, partially 

demonstrating how to parse and parallelize problems. It can be concluded from Table 5 that the students 

demonstrated the partial processes of problem decomposition, abstraction, automation, and 

parallelization throughout the course. 

Table 5. Overall Evaluation of CTS Observation Items of All Students in Practice Courses 
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Frequency Values 

O 5 5 6 3 1 5 2 6 3 
  

P 1 1 - 3 5 1 2 - 3 
  

N - - - - - - 2 - - 
  

  Avg. 

Duration 
                  

  

Overall Rating 
405' O O O P P O P O P 

  

                      

 The CTS results of students across different courses and based on their CTSLS levels were 

analyzed. It was found that in the U-1 course, there was no difference in the CTS displayed by middle- 

and high-level students, indicating similar skill levels. In the U-2 course, high-level students 

demonstrated problem decomposition, abstraction, and algorithms, while all students, except one, 

partially exhibited some of these skills. It was observed that higher-level students in the U-2 course 

performed better than intermediate students in terms of these skills. In the U-3 course, higher-level 
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students showed superiority in data collection, analysis, and representational skills compared with 

intermediate students, although they exhibited similar traits in other skills. In the U-4 course, 

intermediate students demonstrated full proficiency in automation, simulation, and parallelization skills, 

whereas there were no significant differences in other skills between higher and intermediate students. 

Additionally, there were no significant differences between intermediate- and higher-level students in 

U-5 and U-6 courses. 

Table 6. Evaluation of CTSLS Observation Items of Each Students in All Courses 
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Students                     

Student-1  

(High Level)  

(6 Grade) 

234' O P O P P O P O O 

Student-2 

(Intermediate)  

(5 Grade) 

223' O O O O O O P O O 

Student-3 

(Intermediate) 

(6 Grade) 

424' O P O P P P P P P 

Student-4 

(Intermediate) 

(5 Grade) 

204' O O O P P O P O P 

Student-5  

(High Level)  

(5 Grade) 

221' O O O O P O O O O 

Student-6  

(High Level)  

(5 Grade) 

363' O O O O P O P O O 

Student-7 

(High Level) 

(5 Grade) 
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 According to Table 6, which provides an overview of each student's proficiency in various 

skills, all students exhibited data collection and data representation abilities across all courses. However, 

their proficiencies in data analysis, algorithm building, simulation, and parallelization are partial. 

Furthermore, only two students, one at an intermediate level and one at a high level, demonstrated all 

skills, except for one in the overall course. These students almost fully exhibited most of their skills. 

One high-level student fully exhibited all skills, whereas only two skills were partially demonstrated by 

this student. Additionally, two students, one at a higher level and one at an intermediate level, exhibited 
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four skills partially and the remaining skills completely. Finally, two students in total, including one at 

an intermediate level and one at a high level, fully demonstrated the two skills and partially demonstrated 

the others. They achieved the lowest performance by demonstrating their skills. 

Upon evaluating the individual performance of students in courses, it becomes clear that certain 

skills pose difficulties for all students collectively, whereas others exhibit distinct behaviors. Upon 

closer examination of the overall situation of Student-1 (S1), it becomes evident that S1 encounters 

difficulties in gathering and processing data, but remains proficient in presenting it. However, S1 faced 

challenges in abstraction, parsing problems, and displaying automation skills. With regard to the 

algorithm, simulation, and application of the learned skills to new situations, S1 demonstrated 

competency. When faced with an unfamiliar task, S1 resorts to trial and error to achieve a correct 

outcome. S1 recognizes the difficulty in abstraction and consequently immerses themselves in the 

context by utilizing their hands or mouse to solve the problem step-by-step. The construction of nested 

loop structures poses a challenge for S1 because of its inability to decipher the intricate problem 

structures. Only after comprehending the appropriate course of action can S1 employ an algorithmic 

framework to reach a conclusion. 

Upon examining the general situation of Student-2 (S2), it is evident that S2 possesses the skills 

of collecting data, analyzing and representing the collected data, abstracting problems, developing 

algorithms, and adapting learned knowledge through simulation to novel situations. S2 demonstrates the 

understanding and application of the loop structure, although difficulties arise with complex nested-loop 

structures. Despite this, S2 remains open to exploring new problem situations and can devise solutions 

through logical reasoning even in the absence of prior exposure to loop structures. With teacher 

guidance, S2 was able to independently apply a repeat block within the loop structure. Ultimately, S2 

advanced their learning by mastering the CTS. 

Upon evaluating the general circumstances of Student-3 (S3), it is apparent that the student 

possesses the ability to collect data but encounters difficulties in effectively analyzing it. While S3 

demonstrated proficiency in applying the problem situation as required, challenges arose when 

attempting to view the problem comprehensively when solving intricate issues. Nonetheless, S3 divides 

the problem into more manageable components. However, S3 experienced difficulties in constructing 

algorithms step by step and creating loop structures. Consequently, S3 frequently makes errors when 

applying prior solutions to similar situations because of its inability to visualize the problem as a whole. 

Additionally, S3 displayed reluctance in the approach when faced with new situations and when solving 

complex problems. Research conducted by İbili and Günbatar (2020) revealed that the utilization of 

block-based programming tools has a favorable impact on the self-confidence of students who have easy 

access to computers and possess higher self-efficacy perceptions in CTS. However, students such as S3, 

who did not take IT classes or block-based programming lessons, may face disadvantages. 
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Upon evaluating the overall performance of Student-4 (S4), it is evident that the students 

possessed proficient skills in data collection and analysis. However, challenges in abstraction have 

hindered S4's ability to demonstrate problem-solving skills in problem discrimination to the fullest 

extent. Moreover, students face difficulties in algorithm development, automation, and in adapting their 

learned skills to new situations. Despite these challenges, S4 demonstrated its ability to effectively 

perform simulations. Although students have attempted to break down complex problem structures into 

smaller components, they have struggled to determine the appropriate placement of blocks when 

creating nested loop structures. Additionally, S4 faced difficulties in applying the learned skills to new 

situations and was unable to fully exhibit the ability to parallelize. 

Upon analyzing the overall performance of Student-5 (S5), it can be observed that the student 

possesses the necessary abilities for data collection and analysis. Although S5 may have some challenges 

with abstract thinking, the student can develop algorithms by breaking down problems and utilizing 

automation. Additionally, S5 demonstrated the capacity to adapt and apply the learned concepts in new 

situations. Initially, students struggled in the early lessons, but S5 was able to showcase their skills more 

effectively as they progressed. Despite the difficulties encountered in the abstraction process, S5 

simplified the complex problem structures using an algorithmic approach. Ultimately, Student-5 was 

successful in completing the CTS course. 

Upon analyzing the general circumstances of Student-6 (S6), it becomes evident that the student 

possesses the ability to gather and interpret data, as well as the capacity to resolve problems 

systematically by breaking them down into smaller components. In addition, students can create or write 

algorithms to arrive at solutions. Although S6 may struggle to comprehend the broader picture in 

complex situations, the student demonstrated an effort to attain the desired outcome by drawing or 

erasing their steps and identifying errors. This indicates that S6 successfully addressed the problems by 

utilizing concrete drawings, as students may have difficulty with abstract concepts and thoughts. This 

methodical approach and students’ step-by-step progress have enabled them to simplify complex 

situations. Ultimately, it was observed that Student-6 encountered challenges in exhibiting CTS but 

made commendable progress through diligent efforts. 

Upon analyzing the general circumstances of Student-7 (S7), it becomes evident that the student 

possesses the capacity to gather data but struggles with interpreting the information collected. When 

faced with a problem, S7 endeavored to solve it by breaking it down into manageable steps. However, 

students encounter difficulties in identifying solutions in complex problem situations and often resort to 

applying previous solutions in a similar manner. Furthermore, S7 had trouble creating a sequence of 

algorithmic steps as the student struggled to visualize the problem at hand. To better comprehend the 

problem, S7 often attempted to concretize it through drawings or writing. Nevertheless, students 

encounter challenges in adapting existing state data to new situations as well as applying what was 

previously learned to diverse contexts. 
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Conclusion and Recommendations  

According to the pretest–post-test analysis, there was no significant discrepancy between the 

students, which is consistent with the findings of several previous studies (Grover et al., 2016; Uslu, 

2018). It was determined that the Code.org courses and CTS training received by the students did not 

prove to be beneficial in a significant manner. In addition, there was no marked difference in CTS 

between middle- and high-level students. 

Upon examination of the students' completion times, all students were able to finish the initial 

course within the anticipated timeframe. They completed the courses in a longer time than expected 

because they had difficulty with new problem situations in other courses. The most time was spent in 

the course that included the nested loop structure. 

In general, the students were successful in collecting, analyzing, and representing the data, 

designing algorithms, and simulating them. However, they faced challenges in parsing problems, 

particularly in the areas of abstraction, automation, and adapting what they learned to similar situations. 

Just like another study, students generally struggled with the loop structures because of the significance 

of CT and abstraction skills in mathematical thinking (Grover et al., 2016). In conclusion, it is evident 

that students struggle to visualize situations in their minds while abstracting, which hinders their ability 

to separate problems and perceive them as a whole.  

 Based on the findings of this study, the following recommendations were provided for teaching 

CTS: 

 For the nested loop structure, lessons should be more detailed and simplified by distributing them 

over time.  

 Students at the secondary school level have difficulties in abstraction. They should be encouraged 

to embody situations by drawing, writing, or using body language. 

 A scale should be developed for CTS in order to incorporate personal creative projects, illuminate 

transaction processes, control different stages, and value multiple ways of knowing of students 

(Brennan & Resnick, 2012). Additionally, this can be supported by artificial intelligence. 

 Conducting a similar study including grade level would be beneficial to examine the difference in 

development according to age. 

Policy Implications 

According to findings of this study, the suggestions and implications for how CTS can 

contribute to educational policies are categorized as follows: 
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- Integration of CTS into education programs 

CTS should be integrated not only in the information technologies course but also in all courses. 

Like STEM and STEAM studies that support the interdisciplinary approach, CT has a structure that can 

support many fields such as Mathematics, Science and Art. Skills such as problem solving and analytical 

thinking, which are sub-skills of CT, are among the skills needed in all fields. Especially as seen in this 

study, students developed various skills for inferencing, putting themselves in the character's shoes and 

repetitive operations. These skills are needed in many areas of the curriculum and it is recommended to 

develop and support them with CTS. 

CTS need to be integrated into the curriculum in a way that is appropriate to the level of the 

student with the spiral learning. This study with secondary school students has shown that they have 

difficulty in demonstrating the necessary skills according to their age level. However, for students who 

develop abstract thinking skills with age, the level of demonstrating these skills becomes easier and 

more understandable. For this reason, it would be more effective to support effective learning if CTS 

are not only aimed at students at a certain level, but also distributed to all levels in accordance with the 

level of the student. 

Studies should be carried out in order to make learning permanent by giving feedback with 

measurement and evaluation methods of computational thinking skills. In all learning environments, 

feedback and tracking learning is an important phenomenon. For this reason, CT should be integrated 

into the curriculum in a well-structured way in terms of measurement and evaluation. 

- CTS in teacher education 

In the light of this study, in order to create the guidance and learning environment that students 

need to develop their CTS, teachers need to be trained in this direction and to have this skill. If CTS are 

to be integrated into all disciplines, it is necessary to include them in the programs of all faculties of 

educational sciences. For this reason, curricula should be created in faculties of education to enable 

students to acquire CTS and teachers should graduate with this ability. 

All educators who are currently teaching should be supported with in-service training programs 

to have CTS and policies should be developed in this direction.  

- Developing CTS with artificial intelligence support 

As seen in this study, CTS are difficult to assess and monitor because they involve many high-

level thinking skills. For this reason, presenting CT with artificial intelligence systems for a more 

systematic, accurate measurement and feedback will be a supportive element for learning. 

In order to understand the digital world, CTS are expected to support the development of 

students to get used to artificial intelligence systems, one of the technologies of the future, and to achieve 

artificial intelligence literacy. Students and teachers who have an analytical logic structure and computer 

logic are expected to adapt to the use and literacy of artificial intelligence more easily. For this reason, 

efforts can be made to provide CTS to teachers and students in this direction. 
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With the integration of these policy approaches into education, teachers and students with 21st 

century skills will respond to the requirements of the age. 
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