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Abstract 
The massive use of technology, which has become a dominant and transformational force, requires students 

to develop computational thinking (CT) skills from elementary school. However, observations in class VC 

Keboansikep 2 Public Elementary School showed that students’ CT skills were low, despite students’ 

familiarity with technology. This study aims to examine the influence of the Coding and Artificial 

Intelligence (CAI) program on 27 students’ CT skills in class VC Keboansikep 2 Public Elementary School. 

The research used a quantitative approach with a pre-experimental one-group pretest-posttest design. Data 

were collected through a 20-item multiple-choice test based on CT indicators. Data were analyzed using 

descriptive and inferential statistics. Descriptive results showed an average pretest of 64.26 and posttest of 

82.22, with an increase of 17.96 points. The paired sample t-test obtained Sig. (2-tailed) < 0.001, showing 

a significant influence. The N-Gain average of 0.5693, showing moderate effectiveness. The results show 

that the CAI program has had a significant influence and quite an effective impact on improving the CT 

skills. Theoretically, the CAI program aligns with Vygotsky’s social constructivism theory, and practically 

encourages schools and policymakers to strengthen the CAI program in preparing a generation capable of 

creating technology-based solutions through CT. 
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INTRODUCTION 

With the massive use of technology in the 21st century, the roles of digitalization and 

artificial intelligence (AI) have become dominant forces transforming various aspects of human 

life, including education (Daulay et al., 2025; Normansyah et al., 2025; Surur et al., 2024). Data 

from the Ministry of Communication and Information in collaboration with UNICEF shows that 

98% of children and adolescents in Indonesia are familiar with the internet, and 79.5% of them 

actively use it (Kominfo, 2023). Meanwhile, the latest survey by the Indonesian Internet Service 

Providers Association records that the national internet penetration rate has reached 80.66% or 

approximately 229.4 million users (APJII, 2025). Other studies also report that 75% of children 

aged 7–12 in Indonesia use digital devices for at least two hours per day (Hasan et al., 2023). 

Elementary school students today are a generation born in the digital technology era, accustomed 

to the internet and AI, and already proficient in using gadgets (Fitri et al., 2025; Adzkia & 

Refdinal, 2024). This phenomenon indicates that Indonesian students are growing up in a highly 

intensive digital environment. Ideally, students should not just be passive users of technology, but 
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also possess thinking skills appropriate for the demands of the digital age, namely computational 

thinking skills. 

Computational thinking (CT) is a fundamental skill that must be possessed in the 21st 

century as a basis for understanding and using technology (Rahmadhani et al., 2024; Abidin et 

al., 2023). CT is the process of thinking using computational steps to solve complex problems 

systematically, resulting in effective and efficient solutions (Nurwita et al., 2025; Ghifari et al., 

2024; Şen, 2023). The main essence of CT is to think like a computer scientist when facing 

problems (Helsa et al., 2023). According to Wing (2017), CT encompasses four main indicators: 

decomposition, pattern recognition, abstraction, and algorithms. Decomposition emphasizes 

breaking down a large problem into smaller parts. Pattern recognition helps identify similarities 

in data or problems. Abstraction emphasizes filtering important information and ignoring 

unimportant details. Algorithms focus on arranging logical and systematic steps (Irawan et al., 

2025). Therefore, it can be concluded that CT is a thinking process that uses the basic ideas of 

computer science, including decomposition, pattern recognition, abstraction, and algorithms, in 

formulating problems, creating solutions, and developing solutions effectively and efficiently. 

However, high exposure to technology does not necessarily translate into adequate CT 

skills (Fitri et al., 2025; Elmawati et al., 2024; Acevedo-Borrega et al., 2022). The data shows the 

opposite reality. The results of the 2023 Bebras Challenge, which assessed the CT skills of 

international students, showed that 87% of Indonesian students scored below the minimum 

threshold of 50. This condition aligns with the 2022 Program for International Student 

Assessment (PISA) report, which ranked Indonesia at 63rd out of 81 countries with an average 

score of 366, far below the OECD average of 472 (OECD, 2022). Initial observation results in 

class VC at Keboansikep 2 Public Elementary School also showed a similar condition; the 

majority of students were not yet able to decompose problems, analyze patterns, perform 

abstractions, and develop algorithms when faced with technology-based problems. Ironically, the 

interview results show that the majority of students are already familiar with using AI 

technologies such as ChatGPT, image generators, and even deepfake content. Various studies 

confirm that without strong CT skills, students will only become passive users of technology, 

even at risk of decreasing higher-order thinking skills (Normansyah et al., 2025; Murtiningsih et 

al., 2024; Muvid et al., 2025; Otoluwa et al., 2025). 

The gap between high technology exposure and low CT skills is a serious problem in 

elementary school education in the digital age. Education is at a crucial point in equipping 

students to face increasingly complex life problems by adapting to students’ individual conditions 

(Larasati & Astuti, 2025; Bali et al., 2025; Noviyanti et al., 2023). Learning that can improve CT 

skills is needed as a key foundation so that students are not only proficient in using technology, 

but also able to use it intelligently (Majid et al., 2025). Coding education, which is now 

increasingly popular around the world, is the most promising and proven effective approach for 

improving CT (Irawan et al., 2025; Budiyanto et al., 2021). Several countries, such as Turkey, the 

United Kingdom, Finland, Australia, France, and Greece, have mandated coding skills in 

elementary schools (Handayani et al., 2025). The implementation of coding and AI curricula in 

schools can strengthen students' understanding and perception of technology while also 

improving students’ CT skills (Purbohadi & Santoso, 2025; Irawan et al., 2025). Therefore, the 

Ministry of Education, Culture, Research, and Technology (MoECRT) has established the Coding 

and Artificial Intelligence (CAI) program as part of the learning outcomes for Phase C (Grades 
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V–VI of Elementary School/Islamic Elementary Schools) through the latest curriculum policy 

(Badan Standar, Kurikulum, dan Asesmen Pendidikan, 2025). 

Several previous studies have shown that integrating technology and programming 

influences the improvement of CT skills. Research by Aminah et al. (2023) proved that using 

Scratch can significantly improve the CT skills of 8th-grade students. In line with this, research 

by Budiyanto et al. (2021) showed that the KARIN programming toy encourages early childhood 

children to develop CT. Furthermore, research by Irawan et al. (2025) found that using Python 

demonstrably improved the CT skills of prospective mathematics teachers. Meanwhile, research 

by Yunianto et al. (2024) found that integrating AI ChatGPT helped graduate students understand 

programming concepts more deeply. Finally, a bibliometric review by Handayani et al. (2025) 

found that there is still limited research on CT at the elementary school level. Although diverse, 

most of these studies still focus on the use of a single medium and are conducted at the early, 

middle, and high school levels. To date, there has been no research that specifically examines the 

influence of coding and artificial intelligence programs on elementary school students' CT skills. 

This condition certainly indicates a significant research gap that needs to be filled. 

To address this gap, this study aims to examine the influence of the Coding and Artificial 

Intelligence (CAI) program on the CT skills of VC grade students at Keboansikep 2 Public 

Elementary School. Compared to previous research, this study has the novelty of integrating 

plugged & unplugged coding learning and AI exploration to enhance the CT skills of 5th-grade 

elementary school students. The main foundation of this study is Vygotsky's Social 

Constructivism theory (1978), which emphasizes that effective learning occurs through social 

interaction and scaffolding. Theoretically, this study is expected to contribute to the study of 

learning that integrates coding and AI to improve the CT skills of elementary school students. 

Practically, this study can serve as a reference for educators in equipping students to become 

intelligent technology users with adequate CT skills. 

METHOD 

This research method uses quantitative research. Quantitative research is research used to 

answer research questions by using numerical data, then using statistical methods for data 

processing (Sugiyono, 2023). The quantitative research method was chosen because this study 

aims to examine the influence of the CAI program on the CT skills of VC grade students at 

Keboansikep 2 Public Elementary School. This type of research uses a pre-experimental design. 

This type of research was chosen because the researcher did not yet have full control over external 

variables that could potentially influence the results of the dependent variable. This is because the 

research was only conducted in one class as the experimental class, without a control class, and 

the sample selection process was not conducted randomly (Sugiyono, 2023). 

The research design used in this study is a one-group pretest-posttest design. This design 

was chosen to determine the difference in the effect of a treatment on the same group of subjects 

before and after the treatment (Sugiyono, 2023). This research was conducted in three stages: 

first, students were given a pretest to determine students’ initial skills. Next, the treatment will be 

given, which involves implementing the CAI program. After the treatment is completed, the 

students will be given a posttest to measure the impact of CT skills by comparing the scores 

between the pretest and posttest. Table 1 shows the research design used in this study: 
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Table 1. One-Group Pretest-Posttest Design 

Pretest Treatment Posttest 

O₁ X O2 
Source: Sugiyono (2023) 

Notes:  

O₁ = Pretest score (before treatment) 

X  = Treatment 

O2 = Posttest score (after treatment) 

This study was conducted at Keboansikep 2 Public Elementary School, located at Balai 

Desa Perum Permata Street, Keboansikep Village, Gedangan District, Sidoarjo Regency, East 

Java. The study was conducted over a period of 7 weeks, from September 1st to October 18th, 

2025. The population of this study is all 5th-grade students in the odd semester of the 2025/2026 

academic year at Keboansikep 2 Public Elementary School. The sample of this study is the VC 

class students, consisting of 27 students (including 16 male and 11 female). The sampling 

technique used is purposive sampling, which is a technique for determining samples based on 

specific considerations (Sugiyono, 2023). The selection of this class was based on initial 

observation results showing that the CT skills of VC grade students were the lowest compared to 

other classes and they had the highest exposure to technology. The research object of this study 

is the influence of the CAI program on the CT skills of students in class VC at Keboansikep 2 

Public Elementary School. This study involves two variables as follows:  

a. Independent variable (X)  :  Coding and Artificial Intelligence (CAI) Program. 

b. Dependent variable (Y)    :  Students' computational thinking skills. 

Research Hypothesis: 

a. H₀: There is no significant influence of the Coding and Artificial Intelligence program on the 

computational thinking skills of VC grade students at Keboansikep 2 Public Elementary 

School. 

b. H₁: There is a significant influence of the Coding and Artificial Intelligence program on the 

computational thinking skills of VC grade students at Keboansikep 2 Public Elementary 

School. 

Data collection techniques are methods for gathering data to determine whether the 

collected data is relevant and reliable for answering the research problem formulation (Sugiyono, 

2023). The data collection technique used is the administration of test instruments. A test is a 

measuring tool to determine the level of influence of treatment on students' skills (Arikunto, 

2021). The test consists of 20 multiple-choice objective questions, each with 4 answer options 

with one correct answer. The questions are designed according to CT indicators, namely 

decomposition, pattern recognition, abstraction, and algorithms.  

The test instrument has undergone content validity testing involving experts (validators), 

namely lecturers and teachers, to assess the alignment between the test items with the CT 

indicators, as well as the cognitive level of the students. Based on the validation results, all items 

were considered appropriate with minor revisions in terms of clarity of language, suitability with 

students’ characteristics, and alignment with the intended indicators of CT. Next, an empirical 

validity test was conducted using Pearson Product Moment correlation. The results showed that 
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20 items in the pretest and posttest with a significance value (Sig.) < 0.05 were declared valid 

because 𝑟𝑐𝑜𝑢𝑛𝑡 >  𝑟𝑡𝑎𝑏𝑙𝑒 (0.381) . The valid items indicate that each question consistently measures 

the same construct as the total score, reflecting students’ CT skills. After that, a reliability test 

was conducted using Cronbach's Alpha formula and obtained a value of 0.940, which is classified 

into the highly reliable category. This indicates that the instrument is very consistent and stable 

in measuring students’ CT skills. 

The data analysis techniques used in this study include descriptive data analysis and 

inferential data analysis. Descriptive statistical analysis was used to describe the characteristics 

of the sample, including the number of samples (n), the minimum value (min), the maximum 

value (max), the mean (m), and the standard deviation of the pretest and posttest scores. 

Meanwhile, inferential statistical analysis is used to determine the influence of the treatment 

given. Inferential statistical analysis is performed by comparing the results of pretest and posttest 

scores using statistical tests. The tests used are prerequisite tests such as normality and hypothesis 

tests such as the paired sample t-test and the normalized N-gain test. Table 2 shows the CT skill 

indicators used in this study: 

Table 2. CT Skill Indicators 

CT Skill 

Indicators 

Description Question 

Items 

Decomposition 
Students can understand problems by breaking down large problems 

into smaller, simpler, and easier-to-understand forms. 
1-5 

Pattern 

Recognition 

Students can recognize patterns or identify similarities to build 

problem-solving solutions. 
6-10 

Abstraction 
Students can filter important information and disregard unimportant 

information to solve a problem. 
11-15 

Algorithm 
Students can systematically arrange problem-solving steps and create 

effective and efficient solutions. 
16-20 

Source: Elmawati et al. (2024) 

RESULTS AND DISCUSSION 

Results  

Based on the data obtained through the data collection techniques that have been carried 

out, the results of the study regarding the influence of the CAI program on students' CT skills are 

divided into two parts: descriptive analysis and inferential analysis. Both sections are presented 

in detail in the following discussion: 

Descriptive Statistical Analysis 

Descriptive statistical analysis was obtained from the pretest and posttest scores of 27 

students in class VC at Keboansikep 2 elementary school. The pretest and posttest data of the 

students were obtained through multiple-choice tests with 20 questions, each containing 4 answer 

choices with one correct answer. The scores used in the test are 1 and 0. Table 3 shows the results 

of the descriptive statistical tests in this study: 
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Table 4. Descriptive Statistics Test Results 

Descriptive Statistics 

 N Minimum Maximum Mean Std. Deviation 

Pretest Score 27 30 95 64.26 19.201 

Posttest Score 27 50 100 82.22 14.566 

Valid N (listwise) 27     

Source: Researcher's Processing Results Using IBM SPSS Statistics 

Based on Table 4, which shows descriptive statistics test results, it can be seen that the 

average CT skills of the 27 students before the CAI program was implemented are still considered 

low. The average (mean) pretest score was 64.26, with the highest (maximum) score being 95, 

the lowest (minimum) score being 30, and a standard deviation of 19.201. After implementing 

the CAI program, there was a significant improvement in posttest results with an average score 

of 82.22, a maximum score of 100, a minimum score of 50, and a standard deviation of 14.566. 

The increase in the average score by 17.96 points shows that the CAI program has a positive 

impact on students' CT skills. Based on this data, it can be concluded that the CAI program can 

improve the CT skills of VC grade students at Keboansikep 2 Public Elementary School. 

 

Figure 1. Box Plot of Pretest and Posttest Scores 

Based on Figure 1, there is a clear change in distribution after the implementation of the 

CAI program. In the pretest, student scores ranged from 30-95, with Q1 at 50, the median at 65, 

and Q3 at 80. This shows that most students were in the moderate category, even with a significant 

spread in lower scores. In the posttest, the box plot shows an improvement in score distribution 

with a range of 50-100, Q1 at 70, the median at 85, and Q3 at 95. This quartile increase signifies 

a shift in value groups toward higher categories across the board. The IQR also decreased from 

30 to 25, showing that the variation in student scores after the treatment became slightly more 

uniform. Additionally, the median increased by 20 points, showing that students not only 

experienced individual improvement but also collective improvement in CT skills after 

participating in the CAI program. 

Table 5. Comparison of CT Skills by Indicator 

CT Skill Indicators Pretest (Mean) Posttest (Mean) Increase Percentage 

Decomposition 0.69 0.87 0.18 26.1% 

Pattern Recognition 0.80 0.85 0.05 6.3% 

Abstraction 0.50 0.74 0.24 49.2% 

Algorithm 0.58 082 024 404% 
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Based on Table 5, all CT skills indicators increased after the implementation of the CAI 

program. For the decomposition indicator, the average score increased from 0.69 to 0.87, or by 

26.1%. The pattern recognition indicator showed the smallest increase, from 0.80 to 0.85, or by 

6.3%. The abstraction indicator showed the largest increase, from 0.50 to 0.74, or by 49.2%. 

Meanwhile, the algorithm indicator increased from 0.58 to 0.82, or by 40.4%. This shows that the 

CAI program is capable of improving all CT skills indicators for students. 

 

Figure 2. Diagram of CT Skills Improvement Based on Indicators 

Based on Figure 2, the pattern of improvement in CT skills is more clearly visible through 

a visual comparison between pretest and posttest scores for each indicator. The most notable 

improvements were seen in higher-level indicators such as abstraction and algorithms. 

Meanwhile, basic indicators such as pattern recognition and decomposition showed smaller 

improvements. This visual shows that the CAI program is able to improve CT skills evenly. 

Inferential Statistical Analysis  

Inferential statistical analysis is used to analyze sample data, and the results are applied to 

the population with the probability of error and truth expressed as a percentage (Sugiyono, 2023). 

This study was used to examine the influence of the CAI program on students' CT skills and to 

determine its effectiveness in improving students' CT skills. The tests to be used are the normality 

test, the paired sample t-test, and the N-gain test. The results of the prerequisite tests and 

hypothesis tests are presented as follows:  

1. Prerequisite Tests  

The prerequisite test in the form of the normality test was conducted to ensure that the data 

came from a normally distributed sample (Sugiyono, 2023). The normality tests for both pretest 

and posttest results in this study used the Shapiro-Wilk technique because the sample size was 

less than 50 people. The basis for decision-making is as follows: if the Sig. value is > 0.05, then 

the data is considered normally distributed. Conversely, if the Sig. value is < 0.05, then the data 

is considered not normally distributed. Table 6 shows the results of the normality test obtained 

from this study:  
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Table 6. Normality Test Results 

Tests of Normality 

 

Kolmogorov-Smirnova Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 

Pretest .130 27 .200* .954 27 .274 

Posttest .143 27 .165 .929 27 .066 
*. This is a lower bound of the true significance. 

a. Lilliefors Significance Correction 

Source: Researcher's Processing Results Using IBM SPSS Statistics 

Based on Table 6, which shows the normality test results, it is known that the Sig. value 

for the pretest is 0.274 and for the posttest is 0.066. Both of these significance values are greater 

than the established significance level (α = 0.05), so it can be concluded that the pretest and 

posttest score data are normally distributed. Therefore, inferential data analysis can be continued 

using a parametric statistical test, namely the paired sample t-test. This aligns with Sugiyono's 

(2023) opinion, which states that parametric tests require normally distributed data. If this 

assumption is met, then parametric statistical analysis techniques can be used appropriately. 

2. Hypothesis Testing 

After ensuring the data is normally distributed, the next step is to perform hypothesis 

testing. Hypothesis testing is a temporary answer to the research problem that must be tested to 

prove whether the hypothesis can be accepted or rejected. In this study, hypothesis testing was 

conducted using the paired sample t-test and the N-gain test. 

The paired sample t-test was used to test whether there was an effect between two paired 

data groups, in this study, specifically the influence of the CAI program on students' CT skills. 

This test is used because the data comes from the same group (students in one class) who are 

given a treatment and measured before and after the treatment. The decision-making basis for this 

test is as follows: if the Sig. (2-tailed) value is < 0.05, then H₀ is rejected and H₁ is accepted. 

Conversely, if the Sig. (2-tailed) value is > 0.05, then H₀ is accepted and H₁ is rejected. Table 7 

shows the results of the paired sample t-test obtained from this study: 

Table 7. Paired Sample t-Test Results 

Paired Samples Test 

 

Paired Differences 

t df 

Significance 

Mean 
Std. 

Deviation 

Std. 

Error 

Mean 

95% Confidence 

Interval of the 

Difference 

One-

Sided 

p 

Two-

Sided 

p 
Lower Upper 

Pair 1 Pretest - 

Posttest 

-17.963 8.117 1.562 -21.174 -14.752 -11.499 26 <.001 <.001 

Source: Researcher's Processing Results Using IBM SPSS Statistics 

Based on Table 7, which shows the results of the paired sample t-test, it was found that the 

average difference (mean difference) between the pretest and posttest results was -17.963 with a 

standard deviation of 8.117 and a standard error mean of 1.562. The calculated t-value is -11.499 

with 26 degrees of freedom (df) and a Sig. (2-tailed) value of < 0.001. Since the Sig. (2-tailed) 

value is smaller than the significance level (α = 0.05) or Sig. (2-tailed) = 0.001 < α = 0.05, H₀ is 

rejected and H₁ is accepted. Therefore, it can be concluded that there is a significant influence of 
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the CAI program on the CT skills of VC grade students at Keboansikep 2 Public Elementary 

School. 

The N-gain test is used to measure the effectiveness of the CAI program on improving 

students' CT skills within a group by comparing the difference between pretest and posttest scores 

to the maximum score. This test provides a quantitative description of the categories of student 

skills improvement. Table 8 shows the results of the N-gain test obtained from this study: 

Table 8. N-gain Test Results 

Descriptive Statistics 

 N Minimum Maximum Mean Std. Deviation 

Ngain_Score 27 .00 1.00 .5693 .26636 

Ngain_Persen 27 .00 100.00 56.9349 26.63572 

Valid N (listwise) 27     

Source: Researcher's Processing Results Using IBM SPSS Statistics 

Based on Table 8, which shows the results of the N-Gain test, the average N-Gain value 

for students' CT skills is 0.5693 or 56.93%. The minimum value is 0.00 and the maximum is 1.00, 

showing variations in improvement among students. Referring to Hake's (1998) interpretation of 

the criteria, an N-gain value between 0.3 and 0.7 is classified as the moderate category. Thus, it 

can be concluded that the CAI program is quite effective in improving the CT skills of students 

in class VC at Keboansikep 2 Public Elementary School. 

Discussion 

Implementation of the CAI Program 

The implementation of the CAI program in class VC of Keboansikep 2 Public Elementary 

School was carried out through seven meetings using the Problem-Based Learning (PBL) model, 

which was structured in stages. The first meeting began with a pretest to measure the students' 

initial CT skills. Starting from the second meeting, students were introduced to the basic concepts 

of CT for problem-solving. In the third meeting, students applied CT concepts as the foundation 

for coding through various plugged and unplugged activities. In the fourth meeting, students 

applied CT concepts as the basis for understanding AI logic and working principles. In the fifth 

meeting, students explored the utilization of AI. In the sixth meeting, students delved into AI 

literacy and ethics in the use of AI. In the seventh meeting, students took a posttest to measure 

changes in students’ skills after the CAI program. The results of the program implementation 

showed a gradual increase in students' CT skills through each stage of the activities. 

During the implementation process, the teacher provided scaffolding in a gradual and 

adaptive manner according to students’ abilities, and this support was systematically reduced as 

students became more independent in learning. At the initial stage, the teacher played a dominant 

role by introducing technological concepts and guiding students through structured explanations 

and demonstrations. In the next stage, students engaged in collaborative learning through peer 

discussions to explore ideas, solve problems, and construct understanding together. Furthermore, 

students worked on student worksheets through a combination of guided, collaborative, and 

independent activities. This gradual reduction of scaffolding allows students to build 

understanding through hands-on experience and social interaction while solving technology-
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based problems, enabling them to gradually transition from guided learning to independent 

problem-solving and supporting the development of CT skills in a more structured and meaningful 

way. 

The implementation of a CAI program integrated with the PBL model aligns with previous 

research findings that emphasize the importance of problem context in programming-based 

learning for enhancing students’ CT skills. Research conducted by Aksakal & Kucuk (2025) 

shows that the use of PBL in programming learning significantly improves students’ CT skills 

because students actively solve problems through meaningful, student-centered projects. The 

study also explains that problem-based programming activities encourage students to develop 

systematic thinking strategies, so that students not only understand concepts but are also able to 

apply them in real-world situations through systematic thinking. Furthermore, research by Omeh 

et al. (2025) and Wu et al. (2026) indicates that the use of PBL in interactive and adaptive 

programming instruction can enhance students’ programming skills and computational thinking 

abilities. These findings reinforce the notion that the implementation of CAI using the PBL model 

provides a contextual learning experience, fosters active student engagement, and strengthens 

systematic thinking skills.  

On the other hand, improvements in students’ CT skills in the implementation of CAI 

program are also influenced by the gradual use of scaffolding. Research by Liu et al. (2026) shows 

that scaffolding in programming-based learning significantly improves students’ CT performance 

as well as the complexity of the solutions students’ produce. This study explains that scaffolding 

provided at the right time can reduce students’ cognitive load and help students develop thinking 

regulation gradually. Additionally, research by Jung et al. (2025) indicates that elementary school 

students require gradual support in understanding abstract programming concepts, such as 

algorithms and decomposition, making scaffolding a crucial strategy to bridge the gap between 

prior knowledge and new concepts. These findings are further supported by systematic review 

studies by Tariq et al. (2024) and Liu et al. (2024), which state that the integration of CT in 

learning will be optimal when supported by problem-based pedagogical strategies and structured 

scaffolding. Thus, the implementation of CAI that combines PBL and gradual scaffolding has 

proven capable of creating a constructive, adaptive, and effective learning environment for the 

continuous development of students’ CT skills. 

Based on data analysis, it can be concluded that the implementation of the CAI program 

using the PBL model and the integration of gradual scaffolding in each session, starting from the 

introduction of CT concepts, coding practice, understanding the logic and principles of AI, AI 

utilization, and strengthening AI literacy and ethics, has proven to provide space for students to 

gradually improve students’ CT skills. This learning sequence encourages students to learn 

through direct experience in problem-solving and active interaction with technology, while the 

teacher acts as a facilitator by providing scaffolding. This approach makes learning more 

constructive, meaningful, and relevant for developing students' CT skills. 

Improvement in CT Skills 

Based on the results of inferential statistics, the posttest average score increased by 17.96 

points from the pretest average score. The increase in students' CT skills occurred because the 

CAI program was designed systematically and gradually. Furthermore, all CT skills indicators 
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increased after the implementation of the CAI program. First, the decomposition indicator 

increased by 26.1% because students were trained to break down problems into smaller parts to 

find solutions. Second, the pattern recognition indicator showed the smallest increase of 6.3% 

because this skill was already relatively good from the start; students were already able to 

recognize and apply patterns to solve new problems. Third, the abstraction indicator showed the 

largest increase, at 49.2%, because students were trained to filter important information in the 

problem-solving process. Fourth, the algorithmic indicator increased by 40.4% because students 

were trained in using a systematic approach to arrange the steps for problem-solving. Therefore, 

it can be concluded that following the implementation of the CAI program, there was an 

improvement in all CT indicators, and a significant improvement in the advanced-level indicators 

namely abstraction and algorithms, while the improvements in the decomposition and pattern 

recognition indicators were relatively smaller because the baseline values were already high. 

These findings are consistent with various previous studies indicating that programming 

and AI-based learning that actively engages students in understanding and solving problems using 

CT concepts has been shown to significantly improve the CT skills of elementary school students 

(Saragih et al., 2025; Ruangtip et al., 2025; Aminah et al., 2023; Cırıt & Aydemir, 2023; Ibrohim 

et al., 2023). Such learning encourages students to engage in higher-order thinking processes 

through contextual and challenging activities. Additionally, research by Rahmadhani et al. (2024) 

indicates that students’ initial proficiency in the decomposition and pattern recognition indicators 

tends to be higher because these indicators are easier to understand. The abstraction and algorithm 

indicators require special support to foster higher-order thinking processes, as these processes 

place a burden on working memory and require gradual, challenging learning experiences. The 

CAI program is capable of providing open-ended tasks that allow students to develop advanced 

thinking skills. Thus, the CAI program not only maintains already strong foundational skills but 

also significantly enhances advanced skills (Guan et al., 2025). 

Based on inferential statistics, the CAI program significantly influences students' CT skills 

because each learning stage provides appropriate scaffolding tailored to students' needs, enabling 

students to reach students’ optimal potential in CT. Furthermore, the N-Gain score, which is in 

the moderate category, shows that the CAI program is quite effective in improving students' CT 

skills. This shows that although improvement occurred in most students, the level of effectiveness 

was not uniform. The variation in this improvement is influenced by differences in students' initial 

skills, the pretest ceiling effect on students with high initial scores, differences in learning styles 

and learning speed, and variations in each individual's learning motivation. 

This result aligns with various previous studies that have shown that programming and AI-

based learning are proven to have a significant influence on improving students' CT skills. 

Research by Irawan et al. (2025), Budiyanto et al. (2025), Weng et al. (2024), Yunianto et al. 

(2024), Sadik et al. (2024), and Jiang & Li (2021) shows that learning programming and AI 

learning can effectively improve all CT indicators simultaneously. Additionally, the N-Gain value 

categorized as moderate aligns with the results of various previous studies. Research by Coletta 

(2023) shows that N-Gain in education tends to be moderate because its distribution is normal 

and highly influenced by variations in students' initial skills and the pretest ceiling effect. 

Research by Christman et al. (2024) also found that N-Gain is influenced by instrument 

characteristics, so it is not always high even though the improvement is significant. Additionally, 
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Bazán-Perkins & Santibáñez-Salgado (2025) and Curi et al. (2025) found that the variation in 

students' learning styles resulted in a moderate N-Gain. 

Based on the data analysis results, it can be concluded that the CAI program significantly 

influences and quite effectively improves students' CT skills. The significant increase in pretest-

posttest scores and the improvements in all CT indicators show that the phased and problem-

based learning design has a real impact on the development of CT skills. The N-Gain value, which 

is in the moderate category, is influenced by variations in initial skills, the complexity of advanced 

CT indicators, the pretest ceiling effect, and differences in students' learning styles and speeds. 

Overall, the CAI program has proven to provide measurable and pedagogically relevant 

improvements in CT skills, and has great potential for continued optimization in elementary 

school learning. 

The Results’ Connection to Vygotsky's Social Constructivism Theory 

The research results showed a significant improvement in students’ CT skills through the 

implementation of a CAI program aligned with the theory of Social Constructivism proposed by 

Lev Vygotsky. According to Vygotsky (1978), the learning process occurs through social 

interaction that enables students to develop within the Zone of Proximal Development (ZPD), 

which is the gap between a student’s current abilities and the potential abilities they can achieve 

with assistance from more competent others. Vygotsky also explains the concept of scaffolding 

as a form of temporary support provided by teachers, peers, or learning aids (technology) until 

students are able to complete tasks independently. In this context, learning focuses not only on 

the final outcome but also on the process of interaction that helps students build understanding 

gradually. 

This result also aligns with various previous studies showing that the gradual 

implementation of programming and AI-based learning from Vygotsky's Social Constructivism 

theory is becoming a strong foundation for improving CT skills. Research by Hsu & Hsu (2025) 

and Nurwita et al. (2025) state that technology-based learning designed with constructivist 

principles is able to improve students' CT skills. These findings are supported by research by 

Weng et al. (2024), which shows that integrating programming and technology into learning 

creates learner-centered instructional designs and fosters active interaction among learners, 

technology, and the learning environment. The use of technology not only aids in understanding 

concepts but also facilitates the process of knowledge construction through hands-on experiences 

and problem-solving. Additionally, the study by Liu et al. (2026) demonstrates that scaffolding 

in programming education significantly enhances students’ CT skills, enabling them to develop 

more complex abilities in alignment with student’s learning needs. 

These findings are also supported by a systematic review by Possaghi & Papavlasopoulou 

(2025), which shows that technology-based computational activities tend to be designed using 

constructivist approaches to develop CT skills more broadly. The study found that the use of tools 

such as programming software and the Internet of Things (IoT) encourages students to engage in 

real-world context-based activities, allowing students to develop computational skills through 

direct interaction with technology and students’ surrounding environment. Furthermore, research 

by Korte et al. (2025) and Santaengracia et al. (2026) indicates that learning based on 

programming, AI, and educational games supported by social interaction and shared reflection 
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can enhance students’ knowledge construction. Therefore, the implementation of CAI programs 

designed to be interactive, adaptive, and collaborative within the framework of Social 

Constructivism serves as a strong foundation for enhancing students’ CT skills. Therefore, CAI 

programs reinforce Vygotsky’s theory that social interaction and technological support are key 

elements in the development of students’ CT skills. 

Overall, the key results of this study show that implementation of the CAI program has a 

significant influence and quite an effective impact on improving students' CT skills. This 

improvement is not only statistically significant but also pedagogically relevant as it helps 

students adapt to the skills needs of the 21st century. Therefore, implementing the CAI program 

has great potential to support the transformation of elementary education toward the digital era, 

which emphasizes higher-order thinking skills and technological proficiency from an early age. 

The results of this study also reinforce the urgency of implementing the CAI curriculum in Phase 

C at elementary schools. 

The results of this study have important implications both theoretically and practically for 

the world of elementary education. Theoretically, the study results show that the CAI program 

can be an effective strategy for improving students' CT skills and supporting Vygotsky's Social 

Constructivism theory. Practically, the results of this study also serve as a basis for schools and 

policymakers to strengthen the latest curriculum policies through the CAI program as a strategic 

step in preparing a generation that is not only technologically literate but also capable of 

understanding, analyzing, and creating computational technology-based solutions. The 

implementation of the CAI program also requires the role of teachers as facilitators who guide 

students to understand technological concepts, not just be passive users. 

This study has several limitations. First, this study did not include a control group, so it was 

not possible to compare the results between the experimental and non-experimental groups. A 

study design with a control group would provide stronger comparisons and conclusions. Second, 

this study has not examined the influence of individual characteristics, such as gender differences 

or interest in technology, on students’ CT skills. These factors have the potential to influence the 

results of improvements in CT skills. Therefore, future research is recommended to use an 

experimental design with a control group and to include longitudinal analysis to observe the long-

term impact of the CAI program on students’ CT skills. 

CONCLUSION  

Conclusion 

Based on the results of the research and discussion, it can be concluded that the 

implementation of the CAI program has a significant influence and quite an effective impact on 

improving the CT skills of VC grade students at Keboansikep 2 Public Elementary School. The 

results of the descriptive statistical analysis show that the average posttest score increased by 

17.96 points, showing a significant improvement in CT skills after the treatment was given. The 

results of the paired sample t-test showed a value (Sig. (2-tailed)) < 0.001, which means the CAI 

program significantly influences students' CT skills. The results of the N-Gain test showed an 

average value of 0.5693 (56.93%), which is in the moderate category, showing that the CAI 

program is quite effective in improving students' CT skills. The results of this study also show 

that the implementation of the CAI program aligns with Vygotsky's Social Constructivism theory 
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and serves as a foundation for schools and policymakers to strengthen the latest curriculum 

policies through the CAI program as a strategic step in training students to use technology while 

developing CT skills, which are the main foundation for equipping this 21st-century generation. 

Recommendations 

Based on the results of the research, discussion, and conclusions, the researcher offers 

several recommendations as a follow-up to this study, namely: 1) Educators are advised to prepare 

themselves to implement the CAI program continuously in elementary schools, as it has been 

proven to improve students' CT skills; 2) Future researchers are advised to involve more than one 

class or school so that the research results can be generalized more widely, and to allow for a 

comparison of the CAI program's impact on students with different characteristics; 3) Future 

researchers are also advised to develop the CAI program with an interactive learning model and 

integrate innovative digital learning media to make it engaging. 

REFERENCES 

Abidin, Z., Herman, T., & Wahyudin, W. (2023). The Computational Thinking in Elementary 

School in the Indonesia New Curriculum: A Teacher’s Perspective. Sekolah Dasar: Kajian 
Teori Dan Praktik Pendidikan, 32(2), 178–185. 

https://doi.org/10.17977/um009v32i22023p178-185 

Adzkia, M. S., & Refdinal, R. (2024). Teacher readiness in terms of technological skills in facing 

artificial intelligence in the 21st century education era. JPPI: Jurnal Penelitian Pendidikan 

Indonesia, 10(4), 1048-1057. https://doi.org/10.29210/020244152 

Aksakal, H., & Kucuk, S. (2025). Secondary school students’ computational thinking skills, group 

cohesion, and performance in problem-based programming education. Journal of Systems 

and Software, 230, Article 112535. https://doi.org/10.1016/j.jss.2025.112535 

Aminah, N., Sukestiyarno, Y. L., Cahyono, A. N., & Maat, S. (2023). Student Activities in 

Solving Mathematics Problems With a Computational Thinking Using Scratch. IJERE: 
International Journal of Evaluation and Research in Education, 12(2), 613–621. 

https://doi.org/10.11591/ijere.v12i2.23308 

Arikunto, S. (2021). Prosedur Penelitian: Suatu Pendekatan Praktik. Jakarta: Rineka Cipta. 

APJII. (2025). Survei Internet APJII 2025: Tingkat Penetrasi Internet di Indonesia. 

https://survei.apjii.or.id/ 

Acevedo-Borrega, J., Valverde-Berrocoso, J., & Garrido-Arroyo, M. C. (2022). Computational 

Thinking and Educational Technology: A Scoping Review of the Literature. Education 

Sciences, 12(1), 1-16. https://doi.org/10.3390/educsci12010039 

Badan Standar, Kurikulum, dan Asesmen Pendidikan, Kementerian Pendidikan Dasar dan 

Menengah Republik Indonesia. (2025). Naskah Akademik Pembelajaran Koding dan 
Kecerdasan Artifisial pada Pendidikan Dasar dan Menengah. Pusat Kurikulum dan 

Pembelajaran & Pusat Standar dan Kebijakan Pendidikan Kemendikdasmen. 

https://kurikulum.kemdikbud.go.id/file/1741766787_manage_file.pdf 

Bali, M. M. E. I., Kumalasani, M. P., & Yunilasari, D. (2022). Artificial Intelligence in Higher 

Education: Perspicacity Relation between Educators and Students. JIECR: Journal of 
Innovation in Educational and Cultural Research, 3(2), 146–152. 

https://doi.org/10.46843/jiecr.v3i2.88 

https://doi.org/10.17977/um009v32i22023p178-185
https://doi.org/10.29210/020244152
https://doi.org/10.1016/j.jss.2025.112535
https://doi.org/10.11591/ijere.v12i2.23308
https://survei.apjii.or.id/
https://doi.org/10.3390/educsci12010039
https://kurikulum.kemdikbud.go.id/file/1741766787_manage_file.pdf
https://doi.org/10.46843/jiecr.v3i2.88


Aisyah et al. - The Influence of the Coding... | 209 

Bazán-Perkins, B., Santibañez-Salgado, J.A. Relationship between the learning gains and learning 

style preferences among students from the school of medicine and health sciences. BMC 

Med Educ 25, 71 (2025). https://doi.org/10.1186/s12909-024-06554-0 

Budiyanto, C. W., Shahbodin, F., Umam, M. U. K., Isnaini, R., Rahmawati, A., Widiastuti, I. 

(2021). Developing Computational Thinking Ability in Early Childhood Education: The 

Influence of Programming Toy on Parent-Children Engagement. IJPTE: International 
Journal of Pedagogy and Teacher Education, 5(1), 19-25. 

https://dx.doi.org/10.20961/ijpte.v5i1.44397 

Christman, E., Miller, P., & Stewart, J. (2024). Beyond normalized gain: Improved comparison 

of physics educational outcomes. APS: Physical Review Physics Education Research, 

20(1), 1-17. https://doi.org/10.1103/PhysRevPhysEducRes.20.010123 

Cırıt, D. K., & Aydemir, S. (2023). Online Scratch Activities during the COVID-19 Pandemic: 

Computational and Creative Thinking. IJERE: International Journal of Evaluation and 

Research in Education, 12(4), 2111–2120. https://doi.org/10.11591/ijere.v12i4.24938 

Coletta, V. P. (2023). Evidence for a normal distribution of normalized gains. APS: Physical 

Review Physics Education Research, 19(1), 1-5. 

https://doi.org/10.1103/PhysRevPhysEducRes.19.010111 

Curi, M, E., Gerosa, A., Viera, M., Carboni, A. (2025). A review of computational thinking 

interventions in upper elementary education. Computers and Education Open. 

https://doi.org/10.1016/j.caeo.2025.100252 

Daulay, L. A., Nasution, A. K. P., Asnawi, A., Zahari, C. L., & Wardani, H. (2025). Bibliometric 

study on research trends in artificial intelligence and mathematics education. Alifmatika: 

Jurnal Pendidikan dan Pembelajaran Matematika, 7(1), 124–147. 

https://doi.org/10.35316/alifmatika.2025.v7i1.124-147 

Elmawati, E., Dahlan, J. A., Marthadiputra, B. A. P., & Muhammad, I. (2024). Student's 

Computational Thinking Ability in Solving Sequences and Series: The Difference between 

Male and Female. Mosharafa: Jurnal Pendidikan Matematika, 13(1), 199–214. 

https://doi.org/10.31980/mosharafa.v13i1.1987 

Fitri, T. E., Almairus, A. N., Estuhono, E., Filahanasari, E., Ahmad, S., Sukma, E., Bentri, A., & 

Anggraeni, A. (2025). Improving Students' Computational Thinking Skills Based on 

Minangkabau Literature. Mosharafa: Jurnal Pendidikan Matematika, 14(1), 119–130. 

https://doi.org/10.31980/mosharafa.v14i1.2760 

Ghifari, M.T., et al. (2024). Challenges in Developing Junior High School Students' 

Computational Thinking Skills in Mathematics Through Problem-Based Learning. 

Kalamatika: Jurnal Pendidikan Matematika, 9(2), 135–146. 

https://doi.org/10.22236/KALAMATIKA.vol9no2.2024pp135-146 

Guan, Y., Zhang, C., He, H., Zhang, W., Hu, Z., Bi, T., Jin, X. (2025). AI literacy predicts 

computational thinking through multidimensional interactions among Chinese high school 

students. Scientific Reports, 33092 (2025). https://doi.org/10.1038/s41598-025-16712-z 

Hake, R. R. (1998). Interactive-engagement versus traditional methods: A six-thousand-student 

survey of mechanics test data for introductory physics courses. American Journal of 

Physics, 66(1), 64–74. https://doi.org/10.1119/1.18809 

Handayani, M., Wahono, B., & Anam, R. S. (2025). Advancements in computational thinking 

research in science education: a bibliometric analysis of reputable international journals 

(2014-2024). Jurnal Penelitian Pendidikan Indonesia, 11(3), 225-237. 

https://doi.org/10.29210/020254495 

https://doi.org/10.1186/s12909-024-06554-0
https://dx.doi.org/10.20961/ijpte.v5i1.44397
https://doi.org/10.1103/PhysRevPhysEducRes.20.010123
https://doi.org/10.11591/ijere.v12i4.24938
https://doi.org/10.1103/PhysRevPhysEducRes.19.010111
https://doi.org/10.1016/j.caeo.2025.100252
https://doi.org/10.35316/alifmatika.2025.v7i1.124-147
https://doi.org/10.31980/mosharafa.v13i1.1987
https://doi.org/10.31980/mosharafa.v14i1.2760
https://doi.org/10.22236/KALAMATIKA.vol9no2.2024pp135-146
https://doi.org/10.1038/s41598-025-16712-z
https://doi.org/10.1119/1.18809
https://doi.org/10.29210/020254495


210 | Sekolah Dasar: Kajian Teori dan Praktik Pendidikan, Vol. 35, No.1, Mei 2026, Hal 195-212 

Hasan, M. F., Patty, A., Sani, A., & Taufiq, F. (2023). Chat GPT as A Learning Assistant for 

Islamic Education: A Study in Madrasah Ibtidaiyah. Nadwa: Jurnal Pendidikan Islam, 

17(2), 203–230. https://doi.org/10.21580/nw.2023.17.2.26167 

Helsa, Y., Juandi, D., & Turmudi, T. (2023). Computational thinking skills indicators in number 

patterns. Jurnal Pendidikan Matematika, 17(2), 167–188. 

https://doi.org/10.22342/jpm.17.2.20042.167-188 

Hsu, TC., Hsu, TP. (2025). Teaching AI with games: the impact of generative AI drawing on 

computational thinking skills. Education and Information Technologies, 30, 21499–21518. 

https://doi.org/10.1007/s10639-025-13624-3 

Ibrohim, M. M., Siregar, E., & Chaeruman, U. A. (2023). Scratch and Computational Thinking 

in Elementary School: A Meta-analysis. Al-Ishlah: Jurnal Pendidikan, 15(3), 2703–2715. 

https://doi.org/10.35445/alishlah.v15i3.2326 

Irawan, E., Huda, M. K., & Purwasih, R. (2025). A learning trajectory for developing 

computational thinking in prospective mathematics teachers through Python programming 
in Google Colab. Alifmatika: Jurnal Pendidikan dan Pembelajaran Matematika, 7(1), 34-

52. https://doi.org/10.35316/alifmatika.2025.v7i1.34-52 

Jiang, B., & Li, Z. (2021). Effect of Scratch on computational thinking skills of Chinese primary 

school students. Journal of Computers in Education, 8(4), 505–525. 

https://doi.org/10.1007/s40692-021-00190-z 

Jung, Y., Tscholl, M., & Xie, Y. (2025). Enhancing computational thinking in upper elementary: 

A two-phase study examining the effect of unplugged activities. International Journal of 

Child-Computer Interaction, 45, 100765.https://doi.org/10.1016/j.ijcci.2025.100765 

Kominfo. (2023). 98 Persen Anak dan Remaja Tahu Internet. Kominfo.go.id. 

https://www.kominfo.go.id/index.php/content/detail/3836/98-persen-anak-dan-remaja-

tahu-internet/0/berita_satker 

Korte, S.-M., Körkkö, M., & Føreland, L. R. (2025). Developing computational thinking skills in 

higher education through peer reflection on robotics and programming exercises with Bee-

Bots, Lego Mindstorms EV3 and Minecraft Education. Learning, Culture and Social 

Interaction, 55. https://doi.org/10.1016/j.lcsi.2025.100947 

Larasati, I., & Astuti, T. (2025). Effectiveness of PBL Model Assisted by 3D Animation Media 

on Motivation and Learning Outcomes of Science In Elementary School. Sekolah Dasar: 
Kajian Teori dan Praktik Pendidikan, 34(1), 24–35. 

https://doi.org/10.17977/um009v34i12025p24-35 

Liu, Z., Gearty, Z., Richard, E., Orrill, C. H., Kayumova, S., & Balasubramanian, R. (2024). 

Bringing computational thinking into classrooms: A systematic review on supporting 

teachers in integrating computational thinking into K-12 classrooms. International Journal 

of STEM Education, 11(51). https://doi.org/10.1186/s40594-024-00510-6 

Liu, J., Zhang, Y., Li, W., Wang, Q., Niu, P., & Zhang, X. (2025). Adaptive vs. planned 

metacognitive scaffolding for computational thinking: Evidence from generative AI-

supported programming in elementary education. Computers & Education, 241. 

https://doi.org/10.1016/j.compedu.2025.105473 

Majid, M., Oroh, F. A., Zakaria, P., Maharani, S., & Moha, A. (2025). Publication Trends of 

Computational Thinking in Elementary School Students: A Bibliometric Review. Al-

Ishlah: Jurnal Pendidikan, 17(1), 39–48. https://doi.org/10.35445/alishlah.v17i1.3161 

https://doi.org/10.21580/nw.2023.17.2.26167
https://doi.org/10.22342/jpm.17.2.20042.167-188
https://doi.org/10.1007/s10639-025-13624-3
https://doi.org/10.35445/alishlah.v15i3.2326
https://doi.org/10.35316/alifmatika.2025.v7i1.34-52
https://doi.org/10.1007/s40692-021-00190-z
https://doi.org/10.1016/j.ijcci.2025.100765
https://www.kominfo.go.id/index.php/content/detail/3836/98-persen-anak-dan-remaja-tahu-internet/0/berita_satker
https://www.kominfo.go.id/index.php/content/detail/3836/98-persen-anak-dan-remaja-tahu-internet/0/berita_satker
https://doi.org/10.1016/j.lcsi.2025.100947
https://doi.org/10.17977/um009v34i12025p24-35
https://doi.org/10.1186/s40594-024-00510-6
https://doi.org/10.1016/j.compedu.2025.105473
https://doi.org/10.35445/alishlah.v17i1.3161


Aisyah et al. - The Influence of the Coding... | 211 

Murtiningsih, S., Sujito, A., & Soe, K. K. (2024). Challenges of using ChatGPT in education: A 

digital pedagogy analysis. IJERE: International Journal of Evaluation and Research in 

Education, 13(5), 3466–3473. https://doi.org/10.11591/ijere.v13i5.29467 

Muvid, M. B., Arnandy, D. A., Arrosyidi, A., & Sulistiowati, S. (2025). ChatGPT in Education: 

A New Paradigm for Enhancing Student Learning and Engagement. Al Ishlah: Jurnal 

Pendidikan, 17(1), 673–682. https://doi.org/10.35445/alishlah.v17i1.5874 

Normansyah, A. D., Sjam, D. A., & Khoerudin, C. M. (2025). Integration of artificial intelligence 

(AI) technology in teaching and learning to build resilient character. JKP: Jurnal Konseling 

dan Pendidikan, 13(3), 245–257. https://doi.org/10.29210/1174000 

Noviyanti, N., Yuniarti, Y., & Lestari, T. (2023). Pengaruh Pembelajaran Berdiferensiasi 

Terhadap Kemampuan Computational Thinking Siswa Sekolah Dasar. Prima Magistra: 

Jurnal Ilmiah Kependidikan, 4(3), 283-293. https://doi.org/10.37478/jpm.v4i3.2806 

Nurwita, F., Kusumah, Y. S., & Juandi, D. (2025). Design and Evaluation of a mobile application 

for achieving computational thinking skills through geometric transformation learning in 
middle school. Infinity Journal, 14(4), 877-898. 

https://doi.org/10.22460/infinity.v14i4.p877-898 

OECD. (2023). PISA 2022 Results (Volume I): The State of Learning and Equity in Education. 

OECD Publishing, Paris. https://doi.org/10.1787/53f23881-en 

Omeh, C. B., Ayanwale, M. A., Mnguni, L. E., & Olelewe, C. J. (2025). Fostering programming 

skill and critical thinking through AI-assisted PBL integration. Journal of New Approaches 

in Educational Research, 14(22), 1-25. https://doi.org/10.1007/s44322-025-00041-0 

Otoluwa, M. H., Salim, A., Kadir, K., Saud, I. W., Darise, G. N., & Asma, A. (2025). Students’ 

perceptions and effect of ChatGPT on research proposal quality across gender in Indonesia. 

IAES: International Journal of Artificial Intelligence (IJ-AI), 14(5), 3613–3623. 

https://doi.org/10.11591/ijai.v14.i5.pp3613-3623 

Possaghi, I., & Papavlasopoulou, S. (2026). Technologically-rich computational activities in K–

12 education: A systematic review of constructivist and constructionist interventions. 

Behaviour & Information Technology, 45(2), 197–

236.https://doi.org/10.1080/0144929X.2025.2513569 

Purbohadi, D., & Santoso, J. (2025). Child-friendly e-learning for artificial intelligence education 

in Indonesia: conceptual design. IAES: International Journal of Artificial Intelligence, 

14(4), 2622–2633. https://doi.org/10.11591/ijai.v14.i4.pp2622-2633 

Rahmadhani, F., Mulyono, B., & Hapizah, H. (2024). The Effectiveness of Differentiating 

Mathematics Learning in Arithmetic Sequence to Support Computational Thinking Ability. 

Journal La Edusci, 5(5), 323-337. https://doi.org/10.37899/journallaedusci.v5i5.1782 

Ruangtip, P., Ruckbumrung, T., & Rueboon, W. (2025). Enhancing computational thinking in 

elementary students through STEM and Mojobot. IJERE: International Journal of 

Evaluation and Research in Education, 14(5), 3917–3927. 

https://doi.org/10.11591/ijere.v14i5.33091 

Sadik, M. A., Budiyanto, C. W., & Yuana, R. A. (2024). The Influence of Educational Robotics 

in STEM Integrated Learning and the Development of Computational Thinking Abilities. 

JANAPATI: Jurnal Nasional Pendidikan Teknik Informatika, 13(3), 760–768. 

https://doi.org/10.23887/janapati.v13i3.81608 

Santaengracia, J.J., Palop, B. & Rodríguez-Muñiz, L.J. (2026). Computational thinking in K-6 

education: a scoping review of instructional practices. Journal of Computers in Education, 

1-34. https://doi.org/10.1007/s40692-025-00380-z 

https://doi.org/10.11591/ijere.v13i5.29467
https://doi.org/10.35445/alishlah.v17i1.5874
https://doi.org/10.29210/1174000
https://doi.org/10.37478/jpm.v4i3.2806
https://doi.org/10.22460/infinity.v14i4.p877-898
https://doi.org/10.1787/53f23881-en
https://doi.org/10.1007/s44322-025-00041-0
https://doi.org/10.11591/ijai.v14.i5.pp3613-3623
https://doi.org/10.1080/0144929X.2025.2513569
https://doi.org/10.11591/ijai.v14.i4.pp2622-2633
https://doi.org/10.37899/journallaedusci.v5i5.1782
https://doi.org/10.11591/ijere.v14i5.33091
https://doi.org/10.23887/janapati.v13i3.81608
https://doi.org/10.1007/s40692-025-00380-z


212 | Sekolah Dasar: Kajian Teori dan Praktik Pendidikan, Vol. 35, No.1, Mei 2026, Hal 195-212 

Saragih, M. V. A., Nurjanah, N., & Yulianti, K. (2025). The Improve High School Student’s 

Computational Thinking Ability and Mathematical Resilience With Project Based 

Learning Assisted by GeoGebra. Edumatica: Jurnal Pendidikan Matematika, 15(1), 87–

101. https://doi.org/10.22437/edumatica.v15i1.42801 

Şen, Ş. (2023). Relations between preservice teachers’ self-efficacy, computational thinking skills 

and metacognitive self-regulation. European Journal of Psychology of Education, 38, 

1251-1269. https://doi.org/10.1007/s10212-022-00651-8 

Sugiyono. (2023). Metode Penelitian Pendidikan: Pendekatan Kuantitatif, Kualitatif, Kombinasi, 

R&D dan Penelitian Tindakan (Edisi ke-3, Cetakan ke-3). Bandung: Alfabeta. 

Surur, M., Nadeak, B., Rianita. N. M., Ratnadi, N. N. A., Suparjan, S., Nasution, B., Primo, A. 

(2024). Use of Artificial Intelligence in Learning: Analysis of Effectiveness and Potential 

in Improving the Quality of Learning. JIP: Jurnal Ilmu Pendidikan, 30(2), 160–167. 

https://doi.org/10.17977/um048v30i2p160-167 

Tariq, R., Babines, B. M. A., Ramirez, J., Alvarez-Icaza, I., & Naseer, F. (2024). Computational 
thinking in STEM education: Current state-of-the-art and future research directions. 

Frontiers in Computer Science, 6. https://doi.org/10.3389/fcomp.2024.1480404 

Vygotsky, L. S. (1978). Mind in Society: The Development of Higher Psychological Processes 

(M. Cole, V. John-Steiner, S. Scribner & E. Souberman, Eds.). Cambridge: Harvard 

University Press. 

Weng, X., Ye, H., Dai, Y., & Ng, O.-L. (2024). Integrating Artificial Intelligence and 

Computational Thinking in Educational Contexts: A Systematic Review of Instructional 

Design and Student Learning Outcomes. Journal of Educational Computing Research, 

62(6), 1640–1670. https://doi.org/10.1177/07356331241248686 

Wing, J. M. (2017). Computational thinking’s influence on research and education for all. Italian 

Journal of Educational Technology, 25(2), 7–14. https://doi.org/10.17471/2499-4324/922 

Wu, T.-T., Elsa, E., & Huang, Y.-M. (2026). Integrating computational thinking into problem-

based learning in EAP writing: Effects on motivation and writing performance. Journal of 

English for Academic Purposes, 80. https://doi.org/10.1016/j.jeap.2026.101641 

Yunianto, W., Lavicza, Z., Kastner-Hauler, O., & Houghton, T. (2024). Investigating the use of 

ChatGPT to solve a GeoGebra based mathematics+computational thinking task in a 

geometry topic. Journal on Mathematics Education, 15(3), 1027–1052. 

https://doi.org/10.22342/jme.v15i3.pp1027-1052 

https://doi.org/10.22437/edumatica.v15i1.42801
https://doi.org/10.1007/s10212-022-00651-8
https://doi.org/10.17977/um048v30i2p160-167
https://doi.org/10.3389/fcomp.2024.1480404
https://doi.org/10.1177/07356331241248686
https://doi.org/10.17471/2499-4324/922
https://doi.org/10.1016/j.jeap.2026.101641
https://doi.org/10.22342/jme.v15i3.pp1027-1052

