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 This meta-analysis provides a comprehensive overview of the findings of studies in science 

education conducted between 2006 and 2021 (April) to improve computational thinking. The 

research process began with a literature review and the establishment of eligibility criteria. 

Following this, a coding form was developed to ensure the reliability of the coding, a pilot coding 

process was conducted, and the coding form and coding guide were finalized. This process 

concluded with data analysis, evaluation of findings, and reporting (investigator coding and 

parallel coding). The overall mean effect size (d = 0.714) for the 32 primary studies that met the 

inclusion criteria resulted in a moderate effect. Additionally, many moderator variables were 

determined (publication type, language, country, the status of the pilot study, year of publication, 

method, design, model, sampling method of the study group, the demographic structure of the 

study group, school type of study group, application research area, duration of application, the 

person performing the application, using the computer, coding, robotics, algorithm and flipped 

classroom method in the application, type of measurement tool, and the person who developed 

the measurement tools). Finally, an in-depth discussion of how these variables identified as 

moderators relate to their effectiveness was included. 

Keywords: computational thinking, meta-analysis, science education 

INTRODUCTION 

Information processing and problem-solving processes in the human brain are generally referred to as 

computational thinking (Wing, 2006). Computational thinking involves establishing systematic structures for 

solving complex problems, analyzing these structures, and developing solutions. This process considers 

engineering and scientific thinking approaches, along with concepts such as computability, intelligence, 

reasoning, and human behavior. In this respect, computational thinking largely overlaps with mathematical 

thinking (Korkmaz et al., 2015; Wing, 2006). In other studies in the literature, computational thinking is a 

fundamental skill that everyone should have to cope with problems, regardless of the field of study (Hsu et 

al., 2018; Voogt et al., 2015; Wing, 2006). Therefore, many different definitions explain the concept of 

computational thinking from different perspectives. When these definitions are examined, computational 

thinking is expressed in a way that includes many skills and/or features. 

Hsu et al. (2018) classified computational thinking according to the thinking process as in Figure 1. These 

thinking processes are abstraction, problem-solving, algorithm design, modeling, automation, efficiency and 

performance, data analysis, debugging and error, detection, data collection, visualization, representative data, 

connection to other fields, decomposition, conditional, logic, parallelization, transformation, pattern 

generalization, simulation. Figure 1 shows that the computational thinking process consists of 18 elements. 
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Computational thinking contributes to the development of basic skills such as reading, writing, and 

arithmetic, as well as thinking skills such as problem-solving, analysis, and decision-making (Wing, 2006). 

Computational thinking skills enable individuals to be successful not only in numerical calculations or 

computer-related situations but also in different areas. A study suggests that even without elective courses in 

science and mathematics education, students can learn computational thinking skills related to planned 

thinking (Rohaeti & Huda, 2025). 

The basic procedures/algorithms and abstraction elements of computational thinking are effective in 

helping students reach higher quality products in their learning processes and develop thinking skills that will 

help them comprehend different academic subjects such as mathematics, science, and language (Grover & 

Pea, 2017). Abstraction appears in different forms in every field. In mathematics, students expressing the 

quantities of objects with numbers and applying arithmetic algorithms are examples of abstraction. In science, 

examples can be given such as matching the name of a compound with its formula (e.g., glucose: C6H12O6), 

applying chemical algorithms (e.g., writing the products of a reaction given the reactants), and creating 

systems (e.g., adding reactions in aerobic respiration). Therefore, individuals with a high level of 

computational thinking can show high academic success in different fields (Lei et al., 2020). 

In addition to problem-solving, critical thinking, and scientific process skills in science education, findings 

from studies on computational thinking in recent years make the integration of computational thinking into 

this field an important study topic. For example, in a study conducted for this purpose, robotics and coding-

based STEM activities in students contributed to the development of students’ critical thinking, computational 

thinking, creative thinking, and problem-solving skills (Akyol, 2020). 

Science education is a field that prepares individuals for life and ensures that they are prepared for all the 

situations they will encounter throughout life (Cömert & Kıyıcı, 2013; Yavru & Gürdal, 1998). Therefore, 

learning science gives individuals the necessary skills to meet their natural needs more easily, adapt to the 

environment, and cope with nature. Researchers highlighted that the concept of computational thinking is 

best possible with science education, which provides learning in the context of real-world problems, and there 

is a relationship between science learning and computational thinking (Guzdial 1994; Hambrusch et al. 2009; 

Perkins & Simmons, 1988). In a study showing that components of computational thinking can deepen the 

 

Figure 1. Computational thinking process (Hsu et al., 2018) 
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learning of science content, the dynamic nature of computational models allows students to both “observe” 

and “interact” with target events in real-time, and also perform conceptual learning (Akşit, 2018). 

In recent years, science education studies in which computational thinking applications have been made 

provide important information about how this integration can be done (Guzdial, 1994; Hambrusch et al., 2009; 

Jona et al., 2014; Luo et al., 2020; NRC, 2000; Pintrich et al., 1991; Redish & Wilson, 1993). As a result, it is 

important to examine the relationship between science education and computational thinking skills. For this 

purpose, in this study, first of all, a comprehensive overview of the findings of the studies in the field of science 

education aimed at improving computational thinking was made and these studies were analyzed by meta-

analysis with a holistic approach. Of these studies, 33 primary studies were identified that met the meta-

analysis inclusion criteria. A coding form, where these studies are methodologically reliable, their findings are 

reported objectively, their researchers do not act in a biased way, the measurement tools and the method 

followed are suitable for the research, and they are designed following the experimental design rules. The 

information obtained from the survey is limited to the information reported in primary studies. Then, after 

transforming the experimental results of published empirical studies into comparable effect sizes, the 

average effect of applications in science education on computational thinking was examined. In addition, the 

effect of the determined moderator variables on computational thinking in science education was 

determined. 

In this study, answers to the following questions were sought. 

What are the effect sizes when primary studies in which science education applications are conducted to 

improve the computational thinking levels of learners (robotics, coding, algorithms, computer, and flipped 

classroom applications) are examined by meta-analysis method? 

According to the results of primary research, which distinguishing characteristics influence science 

education? 

METHODS 

A meta-analysis study was conducted in this study. Meta-analysis is a statistical method used to combine 

experimental findings obtained from individual studies on similar subjects, to synthesize and interpret them 

in the form of effect size (Card, 2012; Littell et al., 2008). 

Evaluating heterogeneity in meta-analysis is an important issue because whether there is real 

heterogeneity (variability between studies), which statistical model will be applied in the meta-analysis is 

decided (Borenstein et al., 2009). Testing heterogeneity, which is one of the main purposes of meta-analysis, 

also shows the presence of moderator variables, and some quantitative criteria are used to determine 

whether they exist (Göktaş, 2017). These are Cochran Q, Higgins I2 and T2 (tau squared).  

In meta-analysis studies, it is necessary to determine the full inclusion/exclusion criteria that will enable 

us to answer the research question (Card, 2012). After reviewing the relevant literature, the compliance of the 

studies obtained with the inclusion and exclusion criteria is evaluated. The coding form, which is accepted as 

the data collection tool of the meta-analysis study, is created (Üstün, 2012). Judgment, which is inevitable 

when coding the coder’s primary work, can reveal differences in how elements on the coding page are 

encoded. This difference can occur in two ways: encoder reliability and consistency between different 

encoders (Lipsey & Wilson, 2001). Intra-coder reliability is calculated by examining the consistency of scores 

given by the same individual. It is mostly determined by the average compliance rate and Cohen’s kappa 

coefficient (Vevea & Zelinsky, 2019). Intercoder reliability (ICR) is the degree of agreement or consistency 

between multiple coders (Cohen & Swerdlik, 2018). 

The validity of the results of a meta-analysis study may be low if the studies included in the meta-analysis 

are biased, no matter how impeccable other methodological issues are (Becker, 2005). In this context, 

publication bias can occur when the sample research conducted according to the literature does not 

represent the universe of systematically completed studies.  

In this meta-analysis study, a rigorous research process was followed to collect, analyze and summarize 

the empirical evidence relevant to the research questions. Results are reported according to “preferred 

reporting items for systematic reviews and meta-analyses”, also known as “PRISMA” (Liberati et al., 2009). The 
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recommendations of the Cochrane handbook for systematic reviews of primary research were followed 

(Higgins et al., 2003) 

Literature Review  

The following stages were applied in the literature review process of this research: 

1. Databases were determined for the literature review of the meta-analysis. The thesis catalog of the 

Higher Education Institution, ULAKBİM, pages of scientific journals, ProQuest Digital Dissertations, 

Proquest EBSCOhost, ERIC, ScienceDirect, Web of Science, Taylor & Francis Online, Scopus, and JSTOR 

databases were used. 

2. Research was conducted based on the key concepts of “Science Education”, “Science Teaching”, 

“Science Learning”, “STEM” and “Computational Thinking” and relevant literature was determined. 

3. These works of literature have been categorized according to the eligibility criteria given below. In a 

meta-analysis, it is necessary to determine the full inclusion/exclusion criteria that will enable us to 

answer our research question in line with the purpose of the research (Card, 2012). 

PRISMA Flowchart 

Figure 2 shows the 4 stages of the meta-analysis process and the number of primary studies remaining 

at each stage. 

Inclusion/Exclusion Criteria  

Only studies with the following characteristics were included in the meta-analysis: 

1. Containing applications or variables related to science education, 

2. Studies included in the meta-analysis were published between 2006 and 2020 (because Jeannette 

Wing’s article “computational thinking” in 2006 was the pioneering publication). 

 

Figure 2. PRISMA 2009 flowchart for meta-analysis (Page et al., 2021) 
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3. Computational thinking level being the dependent variable, 

4. Published or unpublished master’s and doctoral theses, articles in academic (peer-reviewed) journals, 

papers presented at conferences and symposiums, 

5. Experimental and quasi-experimental research model, 

6. Reporting effect size or numerical data necessary to calculate effect size, 

7. Studies to be included in the analysis must be published in Turkish or English. 

Research studies with the following characteristics were excluded from the scope of meta-analysis: 

1. Articles published in journals other than peer-reviewed academic journals, 

2. Theses that report the same findings and have been published as both theses and articles, 

3. Studies that do not include statistical data or raw scores that would allow for the calculation of effect 

size, 

4. Studies that do not meet the inclusion criteria were excluded from the scope of the research. 

Data Coding and Encoder Reliability 

Characteristics expressing the features of the research that were decided to be included in the analysis 

were coded in a systematically collected coding form by transforming them into quantitative data. Coding was 

carried out by two lecturers who were experts in the field of coding reliability.  

In this study, the percentage of agreement and Cohen’s kappa statistics were used for the ICR analysis, 

assuming that the coded items, the encodings of the coders, and the categories of the items were 

independent of each other. The average within-encoder agreement rate was 1.0, and the mean agreement 

rate between the researcher and coder_Tr was 0.856. Additionally, the average agreement rate between the 

researcher and coder_Eng was calculated as 0.801. Looking at Table 1, Cohen’s kappa value for the two 

encodings (within the encoder) made by the researcher was 1.00 and it was statistically significant (p < 0.05). 

In Table 1, Cohen’s kappa value, which is the ICR, is statistically significant for primary studies published 

in both Turkish and English (*p < 0.05). The Cohen’s kappa value calculated for studies whose publication 

language is Turkish is (κ = 0.779), and it is at a significant level (0.61 < κ < 0.80) according to Landis and Koch 

(1977); Fleiss et al. (1981), on the other hand, there is a perfect fit (0.75 < κ). The Cohen’s kappa value calculated 

for studies whose language is English is (κ = 0.688) and is moderate (0.41 < κ < 0.60) according to Landis and 

Koch (1977). According to Fleiss et al. (1981), there is a good level of agreement (0.40 < κ < 0.75). 

For coder reliability, it was important that those performing the coding had experience with meta-analysis. 

Two researchers were selected: one, an associate professor in science education, and the other, a professor 

in computer and instructional technologies. A face-to-face meeting was held with the parallel coders to reach 

a consensus on the coding. The characteristics of the primary studies included in the study are summarized 

in Appendix A. Citations of selected primary studies are marked with “*” in the bibliography. 

Appendix A shows that 69% of the primary studies were published as journal articles, and 84% were 

published in English. While the research method of 38% of the primary studies was quantitative, 63% of them 

were mixed, but the data on computational thinking were collected quantitatively. The research design in 

Table 2 where 6% of the primary studies are real experimental and 56% are semi-experimental. Of the 

Table 1. Cohen’s kappa statistics for intra-coder and intercoder reliability. 

 κ Asymptotic standard error Approximate Tc Significance level 

In encoder 

Cohen’s kappa 1.000 0.000 28.203 0.000 

Valid cases 330    

Studies in Turkish 

Cohen’s kappa 0.779 0.046 13.714 0.000 

Valid cases 132    

Studies in English 

Cohen’s kappa 0.688 0.440 16.470 0.000 

Valid cases 1,199    

Note. Not assuming the null hypothesis and using the asymptotic standard error assuming the null hypothesis 
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primary studies, 38% of which were in the experimental-control group pre-/post-test model, and 34% of the 

primary studies were planned in the single group pre-/post-test model. At the school level of the research 

group, 53% are in the 5th and 8th grade range, and 22% are in the 9th and 12th grade range. 41% of primary 

studies reported pilot studies. 

RESULTS 

Meta-analysis results will be examined under five sub-headings: heterogeneity analysis, overall moderate 

effect size, power analysis, publication bias and moderator analyses.  

Heterogeneity Analysis  

In this study, the effect sizes of the studies on computational thinking in the field of science education 

between 2006-2021 were combined and a random effects model was chosen in order not to ignore the inter-

study variability (Borenstein et al., 2009). 

Table 2 shows the results of Cochran Q, Higgins I2 and T2 analyzes and summarizes the heterogeneity 

analysis data for the primary studies of this study. For the Q statistic, the p-value is < 0.01, the I2 value is 

78.062 % and the tau-square is 0.243. The calculated Q = 141,309, and this value is greater than the chi-square 

value (44.495), which corresponds to 31 degrees of freedom. This shows that the effect sizes have a 

heterogeneous distribution according to the fixed effects model. According to Table 2, the I2 value being 

78,062 shows a very significant level of heterogeneity (Borenstein et al., 2009), and it means that 78.062 % of 

the observed variance comes from actual differences between studies and can therefore potentially be 

explained by study-level covariates. The I2 value of this study indicates a high level of heterogeneity. Therefore, 

it was decided to use the random effects model in the study. If we had an infinitely large study sample, the 

estimated value in each study would be the true effect and the variance of these effects would be tau-square 

(τ2 = 0.243). However, it is difficult to interpret the numerical value of tau-square (τ2). 

In the forest plot in Figure 3, the effect size is squared and the horizontal lines extending from the middle 

of the squares show the confidence interval of the research. The degree of heterogeneity can also be 

evaluated visually with forest plots. The less the intersection of the point estimates of the studies in the 

confidence intervals, the higher the heterogeneity. According to Figure 3, heterogeneity is seen. 

Table 2. Heterogeneity analysis for primary studies 

Heterogeneity Tau square 

Q SD (Q) p I2 τ2 (tau square) Standard error Variance τ (tau) 

141.309 31 0.000 78.062 0.243 0.098 0.010 0.,493 
 

 

Figure 3. Forest plot for the calculated effect sizes (Kıyıcı, 2022) 
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Overall Moderate Effect Size  

In the fixed-effects model, the mean of the universe effect sizes is assumed to be zero, while in the 

random-effects model, it is assumed that the mean of the effect sizes varies from study to study in the 

universe. Therefore, the standard deviation of the universe effect sizes of all studies is different from zero 

(Ellis, 2010). In the random effects model, in Table 3 the Z test, in which the hypothesis accepts that the mean 

effect sizes are zero in the universe, is significant (p = 0.000; p < 0.05). As a result, the mean effect sizes are 

not zero in the universe. Table 3 shows the values of the effect size, Sd, variance and hypothesis testing 

calculated according to the fixed effect and random effects model. The analysis following the random effects 

model to predict the effectiveness of science education on computational thinking was moderate (d = 0.714, 

0.50 < d < 0.80) (Cohen et al., 2007). The lower limit of the 95% confidence interval is 0.498, the upper limit is 

0.930; and the overall effect size of 0.714 (Table 3).  

In this study, the self-reported values of the studies whose effect size was reported as Cohen’s d, the g 

values of the studies reported as hedge’s g were converted to Cohen’s d and the r-value of the studies 

reported as correlational (r) was converted to Cohen’s d (Table 4). In addition, the effect size classification was 

made by Cohen et al. (2007) and reported in the results section. Table 4 shows that there are 13 primary 

studies with high, 7 moderate, 10 low and 2 negative impact levels. 

Table 3. Overall effect size details 

Model df 
Overall effect 

size 
Variance 

Absence hypothesis 

test (2-tailed) 
Standard 

error 

Confidence interval %95 

Z p Lower bound Upper bound 

Fixed effects model 31 0.697 0.002 15.293 0.000 0.046 0.608 0.787 

Random effects model 31 0.714 0.012 6.476 0.000 0.110 0.498 0.930 
 

Table 4. Effect size values of primary studies and impact levels according to Cohen et al. (2007) 

Research code Cohen’s d Impact level 

META_20 (Walliman, 2015) 2.98 High 

META_57 (Yin et al., 2020) 2.39 High 

META_76 (Basu et al., 2015) 1.84 High 

META_112 (Hava & Ünlü, 2021) 1.49 High 

META_15 (Tchoubar, 2018) 1.43 High 

META_74 (Garneli & Chorianopoulos, 2018) 1.39 High 

META_87 (Sırakaya et al., 2020) 1.32 High 

META_111 (Batı & Yetişir, 2021) 1.12 High 

META_23 (Christensen, 2020) 0.97 High 

META_16 (Akşit, 2018) 0.91 High 

META_10 (Adsay et al., 2020) 0.83 High 

META_86 (Karaahmetoğlu & Korkmaz, 2019) 0.82 High 

META_73 (Merkouris & Chorianopoulos, 2018) 0.80 High 

META_114 (Ridlo et al., 2021) 0.78 Middle 

META_6 (Bolat, 2020) 0.78 Middle 

META_48 (Jaipal-Jamani & Angeli, 2017) 0.74 Middle 

META_84 (Batı et al., 2018) 0.73 Middle 

META_67 (Irgens et al., 2020) 0.68 Middle 

META_5 (Akyol, 2020) 0.63 Middle 

META_18 (Basu et al., 2017) 0.60 Middle 

META_66 (Zhang et al., 2019) 0.49 Low 

META_9 (Cakır & Yaman, 2018) 0.48 Low 

META_44 (Fakhriyah et al., 2019) 0.47 Low 

META_55 (Hutchins et al., 2020) 0.43 Low 

META_99 (Ouyang et al., 2018) 0.42 Low 

META_30 (Irgens et al., 2020) 0.41 Low 

META_3 (Çimentepe, 2019) 0.38 Low 

META_53 (Román-González et al., 2017) 0.31 Low 

META_113 (Sun et al., 2020) 0.24 Low 

META_46 (Mensan et al., 2020) 0.21 Low 

META_101 (Leonard et al., 2018) 0.13 Ineffective 

META_7 (Uşengül & Bahçeci, 2020) -1.59 Ineffective 
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In addition, Cohen’s d value of one study was negative (Table 4). A negative effect size means that the 

study did not contribute to the overall effect size. When the results of the aforementioned primary research 

were examined, the post-test score was lower than the pre-test score. 

Power Analysis  

Power analysis is performed to determine the size of the effect that can be detected with a certain number 

of studies and whether this detectable effect will be significant (Pigott, 2012). 

𝛿 =  0.714 (effect size) 

𝑉𝛿
  =  0.012 (variance) 

𝜆∗  =  
𝛿

√𝑉𝛿
 
 =  

0.714

√0.012
 𝜆∗  =  6.52 

𝛼 =  0.05 & 𝑍 =  4.843 

𝑐𝛼  =  1.96 

𝑝 =  1 − Φ(𝑐𝛼 − 𝜆∗) + Φ(−𝑐𝛼 − 𝜆∗) 

p =  1 − Φ(1.96 − 6.52) + Φ(−1.96 − 6.52) 
p = 0.999 

 

The calculated statistical power shows that the effect size of 32 studies included in the study has a high 

statistical power. 

Figure 4 shows the central and decentralized distributions of the effect size detected in the study. High 

statistical power was calculated for the effect size value of 32 studies with the G*Power analysis program (p 

= 0.97). Figure 4 shows the central and decentralized distributions of the effect size detected in the study. 

Publication Bias  

To assess the risk of publication bias in the results of this meta-analysis, Funnel scatterplot, Egger 

regression, Duval and Tweedie (2000) trim and fill, Rosenthal’s (1979) error protection number, and Orwin 

protection number analyzes were performed. 

The funnel plot is shown in Figure 5. The majority of studies are included in the funnel which means that 

primary studies are clustered around the average effect size. The tiny circles in the graph represent the 

primary studies included in the research (Hunter & Schmidt, 2004; Sterne & Egger, 2005). Since the base of 

 

Figure 4. Central and decentralized distributions of the effect size obtained from the research (Kıyıcı, 2022) 

 

Figure 5. Funnel plot (Kıyıcı, 2022) 
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the “funnel” shape of the graph expands as the standard error increases, it is a graph obtained from unbiased 

data. The funnel plot in Figure 5 is a scatter plot, one point for each study included in the meta-analysis. 

In the graph in Figure 6, circles represent primary studies, and black circles represent studies that, if done, 

will prevent publication bias. 

The answer to the question of what research should have been done so that there is no publication bias 

in the research can be given by the method known as trim and fill (Becker, 2005). The white rectangle at the 

bottom of the graph in Figure 5 shows the overall effect of the original study at the 95% confidence interval, 

and the black one shows the overall effect obtained by adjusting for publication bias (after the trim and fill 

application). 

According to Duval and Tweedie (2000) trim and fill analysis, while the average effect size determined for 

primary studies was 0.734, if 10 peer studies were added, the estimated effect size value was calculated as 

0.447. 

The Egger regression test was not found to be statistically significant (p = 0.762, p < 0.05) (Egger et al., 

1997; Sterne & Egger, 2005). Accordingly, there is no bias in primary studies. The Rosenthal (1979) fail-safe 

number obtained from this meta-analysis study is 1,530, which is statistically significant since p < 0.05 (p = 

0.000). This figure informs us that for p > 0.05 to be included in this meta-analysis, 1,530 studies with a zero 

effect size value should be conducted in the opposite direction of the studies included in this meta-analysis 

(Borenstein et al., 2019; Rosenthal, 1979). To control the robustness of the results of the meta-analysis against 

publication bias, the ratio between the calculated error protection number (N) and the number of primary 

studies in the meta-analysis (k) was calculated as 1,530/(5×32+10) = 9 (Mullen et al., 2001). According to the 

results of the Orwin protection number test, to reduce the average effect size of studies on computational 

thinking in science education below 0.05, 415 studies with an average effect size of 0.000 should be done or 

415 studies should be neglected (Orwin & Boruch, 1982). Begg and Mazumdar (1994) rank correlations tests 

were applied to statistical tests that the study sample was not biased. According to the analysis results in 

Table 5, the primary studies included in this meta-analysis study were not selected biased (tau = 0.14, p > .05) 

(Begg & Mazumdar, 1994). 

Moderator Analyses 

Moderator variables were determined to investigate how the practices related to science teaching 

changed the effect of computational thinking. For moderator variable analysis, the values of each variable 

were categorized into theoretically and statistically comparable codes. Variables that were determined to be 

 

Figure 6. Funnel plot for trim and fill (Kıyıcı, 2022) 

Table 5. Results of Duval and Tweedie (2000) trim and fill 

 Trimmed studies Overall effect size 
Confidence interval %95 

Lower bound Upper bound 

Observed values  0.734 0.499 0.969 

Estimated values 10 0.447 0.183 0.709 
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moderator as a result of the literature review: publication type, publication language, country of application, 

pilot study status, year of publication, research method, research design, research model, sampling method 

of the study group, demographic structure of the study group, school of the study group, type, research area 

of the application, duration of the application, the person making the application, using a computer, coding, 

robotics, algorithm, and flipped classroom method in the application, type of measurement tool, and the 

person who developed the measurement tools.  

The moderator analysis results made by the mixed effects model are presented in Appendix A and 

Appendix B. Appendix C shows the heterogeneity analysis results for subgroups of moderators. 

DISCUSSION  

In this study, the overall average effect of science education on computational thinking was investigated 

and the effect of different moderators was determined. This meta-analysis study provided an overview of the 

evidence that science teaching supports computational thinking. The calculated average effect size value 

showed that science teaching had a moderate effect on computational thinking, which is consistent with 

related studies in the literature (Guzdial, 1994; Hambrusch et al., 2009; Jona et al., 2014; NRC, 2000; Pintrich 

et al., 1991; Redish & Wilson, 1993; Repenning et al., 2010; Sengupta et al., 2013; Sherin, 2001; Wilensky, 1995; 

Wilensky & Reisman, 2006; Wilensky et al., 2014). In a study on the subject of biological evolution knowledge, 

which showed an increase in computational thinking knowledge, both evolutionary knowledge change over 

time and computational thinking over time is important with medium to large effect sizes with univariate 

analysis of variance (Christensen, 2020). The reporting of different effect sizes on computational thinking in 

primary studies is an important finding to provide evidence for the impact of science teaching. As a result, 

effect sizes of all primary studies are not common and moderator variables are effective on effect sizes. The 

narrow confidence interval of the mean effect size calculated as 0.714 indicates the presence of a small 

variance for the mean effect size; the wider confidence interval results from the high heterogeneity of the 

data. The mean effect size values for the random effects model and the fixed effects model are 0.714 and 

0.697, respectively. Because of the difference in weighting primary studies, the average effect size estimated 

with the fixed effects model is usually small. The fixed effects model places less weight on information from 

studies with small samples and more weight on studies with larger samples to estimate the average effect 

size. The random effects model, on the other hand, weights primary studies more evenly to estimate the 

average effect size (Borenstein et al., 2009). Therefore, in this meta-analysis, the average effect size calculated 

with the random effects model was preferred. 

This statistically determined heterogeneity can be due to either sampling error of primary studies or 

variability between studies. The reason why one of the sources of heterogeneity is thought to be sampling 

error is the diversity in the samples of primary studies (Huedo-Medina et al., 2006). For example, Basu et al. 

(2015) and Çimentepe (2019) studied with sixth-grade students, and Batı et al. (2018) worked with eighth-

grade students. However, the tests and measurements we use to detect the presence of heterogeneity are 

not related to the variance value among primary studies, but to the increase in the variance due to 

heterogeneity (Mittlböck & Heinzl, 2006). Since the Cochran Q statistic calculated in this study is significant, 

the effect sizes of all primary studies are not common, and the moderator variables are effective on the effect 

sizes. Another calculated measure of heterogeneity, I2, shows that 78.062% of the observed variance is due 

to real differences between studies. For this reason, considering that the heterogeneity detected could 

potentially be explained by covariates at the study level, moderator variable analyzes were performed. 

The statistical power calculation made to conduct research free of errors shows that the overall effect size 

of the 32 studies included in the study has a high statistical power. The high statistical power indicated that 

the primary studies were sufficient to determine the overall effect level and heterogeneity. Another 

contribution of the power analysis is that it shows that the probability of rejection is very low by not accepting 

the H1 hypothesis, which is true even if the findings support it. 

While evaluating the reliability of the results of the meta-analysis, attention was paid to factors that may 

affect the estimation of the difference resulting from the practices in the primary studies. Studies with biased 

interventions and for which relevant data were not available even if they met other inclusion criteria were 

excluded from the meta-analysis so that bias in the selection of primary studies would not affect the research 
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results. Since it is difficult to identify the sources of bias at this stage while determining the inclusion and 

exclusion criteria, the meta-analysis studies in the literature were examined and expert opinions were taken. 

However, the bias in primary research is also due to publication bias at the time of publication. The publication 

tendency of studies with a statistically significant relationship is higher than those with no significant 

difference. In the 95% confidence interval, the upper limit is 0.930 and the lower limit is 0.498, and the effect 

size value is 0.714, and it is at a medium (0,5 ≤ d < 0,80) level (Cohen, 1988). Therefore, the calculated overall 

effect size value is 95% accurate.  

In the Egger Regression analysis, there was no publication bias among the primary studies. On the other 

hand, the fact that Rosenthal’s (1979) error protection number is significant indicates that there is no 

publication bias in primary studies. For the significance to disappear as a result of the meta-analysis, 1530 

studies with a zero effect size value should be done or neglected. The Rosenthal (1979) error protection 

number is 47 times the number of included studies. The 32 studies included in the meta-analysis are all 

studies for this research question that can be accessed from all studies according to inclusion criteria. Apart 

from these, there is no possibility of reaching 1,530 studies, and this result is an indication that there is no 

publication bias in the meta-analysis study. The Orwin protection number is 415, and if 415 studies can be 

accessed apart from the 32 primary studies included in this study, the effect size obtained will be reduced to 

the level of indifference (p < 0.05). The Orwin’s safe N number is more than 12 times the number of studies 

included in the meta-analysis can be considered as an indication of the absence of publication bias. The 

applied Begg and Mazumdar (1994) rank correlations were found to be insignificant. As a result, since the 

sample selection is not biased, it does not cause any publication bias. Analysis of publication bias showed that 

publication bias did not affect the effect size in computational thinking studies in science education. This is an 

important finding showing that the evidence for the impact of computational thinking in science education is 

strong, although previous studies have reported varying levels of effect size (Christensen, 2020; Leonard et 

al., 2018; Ridlo et al., 2021).  

One of the variables regulating the relationship between science education and computational thinking is 

not the type of publication, it also overlaps with the findings of different studies in the literature.  

The publication type (article and thesis) did not change the effect of augmented reality on academic 

achievement. Similarly, in the study investigating the effect of portfolio usage on academic success, the 

publication type (master’s thesis, doctoral thesis, article, and conference document) did not have a moderator 

effect (Akçayır, 2018; Başol & Erbay, 2017; Batdı, 2014; Shin & Kim, 2013; Şen & Yılmaz, 2013). The finding that 

publication type was not a significant moderator in this meta-analysis warrants more careful consideration 

than simply stating that it was not significant. There can be several reasons for this result. First, the included 

studies sufficiently varied to show clear differences; most were experimental or quasi-experimental studies 

published in peer-reviewed journals, which limits variation in publication type as a category. If a moderator 

variable varies little across studies, it is harder to detect moderation effects, which may lead to non-significant 

results even when a real effect exists (Borenstein et al., 2009). Second, in theory, the effectiveness of 

computational thinking interventions in science education may depend mostly on teaching methods and 

context—such as how instruction is delivered, how long the intervention lasts, or how well it aligns with 

curriculum goals—rather than on how the findings are published. This suggests that the link between 

computational thinking and science achievement is strong across publication types, consistent with the steady 

effect sizes observed in the studies. 

The relevant data indicate that the average effect size of the pilot study is statistically insignificant. This 

meaninglessness shows that the effectiveness of science education on computational thinking skills did not 

affect the conduct of the pilot study. However, pilot applications in educational research increase the 

strengths of the studies by providing a critical perspective and supporting the validity of their results 

(Gudmundsdottir & Brock-Utne, 2010). The pilot study provides to control the research focus, questions, and 

method by gaining foresight about the actual research. Therefore, reporting pilot studies that contribute to 

the scientific validity and power of primary studies is also important for meta-analysis studies. However, the 

limited use of pilot studies in the primary research of this study may have revealed this inconsistency. 

For the interaction between science education and the level of computational thinking, the average effect 

size of the publication year moderator was not statistically significant. This is an indication that there may be 
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uncontrollable problems in these studies as well as the low number of studies in subgroups. When meta-

analyses across different topics in the literature are examined, the year of publication is not a moderator 

variable (Dağyar & Demirel, 2015; Tutal, 2019). and statistically significant for some subgroups and 

insignificant for others (Othman, 1996). 

Considering the time required for the recognition of its relationship with science education after 2006, 

which is widely accepted as the starting point of computational thinking research worldwide, it becomes more 

understandable that the average effect sizes of the subgroups are significant as 2021 approaches. 

When Barr and Stephenson’s (2011) framework for integrating computational thinking into science 

education is examined, the fields of physics and chemistry are well-suited for developing computational 

thinking sub-skills in terms of knowledge qualities and learning processes. However, while science (n = 9), 

STEM (n = 15), and physics-chemistry-biology (n = 6) fields are thought to be suitable for developing 

computational thinking sub-skills, the statistical results indicate the opposite. 

In the moderator variable analysis, the application period did not regulate the effect of science education 

on computational thinking skills. Although the average effect sizes across application duration subgroups 

differ, there is no statistically significant difference among them (Armağan, 2011; Ayaz, 2014; Üstün, 2012). 

The number of primary studies that determined the effect of science education on computational thinking 

was limited. Therefore, it is clear that more primary studies are needed to conduct more comprehensive 

meta-analyses. It is important to determine policies, assess the effectiveness of teaching methods and 

techniques, and implement these decisions, as indicated by meta-analyses in education in general and science 

education in particular. 

Limitations 

This study is limited by the constraints inherent in the meta-analysis method. Researchers usually report 

expected results, which can lead to the disregard of unexpected results, even if they are statistically significant. 

As a result, this reduces the validity of the meta-analysis. The researcher decides on the variables and criteria 

for selecting studies to be included in the research. Therefore, the objectivity of the meta-analysis method is 

low (Armağan, 2011). Clearly stating criteria and decisions is critical to ensuring the reliability and validity of 

any study.  

First, the scope of the literature search was confined to studies indexed in specific databases—including 

the Council of Higher Education Thesis Catalog, ULAKBİM, ProQuest Digital Dissertations, ProQuest 

EBSCOhost, ERIC, ScienceDirect, Web of Science, Taylor & Francis Online, Scopus, and JSTOR—and to studies 

published between January 2006 and April 2021. Studies published outside this timeframe or indexed in other 

repositories were not included. While multiple databases were searched, the inclusion of gray literature 

remained limited, which may introduce a degree of publication bias risk despite the favorable results of the 

bias analyses conducted in this study. 

Other limitation, the literature search was restricted to studies containing the keywords “STEM,” “Science 

Education,” “Science Teaching,” “Science Learning,” and “Computational Thinking.” This keyword selection, 

though systematic, may have excluded relevant studies that used alternative terminology or conceptual 

framings of computational thinking in science contexts. Future searches might consider broader or 

supplementary keyword sets to capture a more comprehensive body of literature. 

Like all meta-analyses, this study reflects decisions made by the researcher regarding inclusion and 

exclusion criteria, coding categories, and the operationalization of moderator variables. These decisions 

introduce an inherent degree of subjectivity. To mitigate this, all criteria were defined a priori and applied 

consistently throughout the screening and coding process. Nevertheless, readers should interpret the 

findings in light of these methodological choices, particularly the exclusion of studies that did not report 

sufficient statistical data to calculate effect sizes. 

Finally, the moderator analyses were limited to the 23 variables captured in the coding form, which, in 

turn, were constrained by the information reported in the primary studies. Several theoretically relevant 

variables—such as teacher training level, implementation fidelity, or the specific computational thinking 

components targeted—were frequently underreported in the primary studies and therefore could not be 

examined as moderators. This represents not only a limitation of the current study but also a gap in the 
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primary literature that future researchers should address by adopting more standardized reporting practices. 

Of course, the data in the coding form is limited to the information reported in the studies included in the 

meta-analysis. It also covers research from January 2006 to April 2021. Literature published before or after 

these dates was not included in the review. Although different search tools have been used, the amount of 

gray literature included in the research is limited. Hence, this may pose a threat to publication bias. 

Implications  

In this study, a medium effect size was determined on the computational thinking level of science 

education activities. However, there are gaps in the literature regarding the effects of activities developed for 

computational thinking on science achievement or attitudes. In addition, we have noticed that research on 

computational thinking is mostly conducted in computer-related fields. However, it attaches particular 

importance to its integration with science, as computational thinking is considered the connective tissue 

between computer science and science. 

Computational thinking is an umbrella concept that contains various skills (Ibılı et al., 2020). Studies on 

computational thinking mostly focus on abstraction, problem-solving, and algorithmic thinking components 

(Kalelioglu et al., 2016). However, there is a lack of studies in the literature that examine the relationships 

among these components in a multifaceted manner. 

In the present study, we found that 8 out of 32 primary studies used random sampling. Although it is often 

stated that the sample was randomly selected, in practice, as Delen and Sen (2022) noted, randomization is 

usually applied at the group level rather than the student level. In other words, student clusters are randomly 

assigned to either the experimental or the control group. Whereas randomization should ideally be used to 

evenly distribute students’ characteristics. When choosing a sampling method in future research for data with 

a higher effect size and stronger against publication bias (Silver & Kelsay, 2021), care should be taken. 
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Table A1. Primary studies 

Fine name Author name Publication type 
Publication 

language 
Pilot study 

Research 

method 

Pattern of 

research 
Research model 

Research 

group 

META_10 (Adsay et al., 2020) Journal article Turkish Unavailable Mix method 
Non-

experimental 
Relational screening model 

Middle school 

6th, 7th, 8th 

grade 

META_101 (Leonard et al., 2018) Journal article English Available Mix method 
Weak 

experimental 
Single group pre-/post-test Teachers 

META_111 (Batı & Yetişir, 2021) Journal article English Unavailable 
Quantitative 

method 

Non-

experimental 
Relational screening model Teachers 

META_112 (Hava & Ünlü, 2021) Journal article English Unavailable 
Quantitative 

method 

Non-

experimental 
Relational screening model Middle school 

META_113 (Sun et al., 2020) Journal article English Unavailable 
Quantitative 

method 

Non-

experimental 
Relational screening model Middle school 

META_114 (Ridlo et al., 2021) Journal article English Unavailable Mix method 
Semi-

experimental 

Pre-/post-test model with 

experimental-control 
Undergraduate 

META_15 (Tchoubar, 2018) PhD thesis English Available Mix method 
Weak 

experimental 

Single group post-test 

model 

Middle school 

6th grade 

META_16 (Akşit, 2018) PhD thesis English Unavailable Mix method 
Weak 

experimental 

Single group post-test 

model 

Middle school 

7th grade 

META_18 (Basu et al., 2017) Journal article English Available Mix method 
Semi-

experimental 

Pre-/post-test model with 

experimental-control 

Middle school 

6 class 

META_19 (Walliman, 2015) Master thesis English Unavailable Mix method 
Semi-

experimental 
Single group pre-/post-test Undergraduate 

META_23 (Christensen, 2020) PhD thesis English Available Mix method 
Semi-

experimental 

Pre-/post-test model with 

experimental-control 

High school 

9th, 10th, 11th, 

12th grade 

META_3 (Çimentepe, 2019) Master thesis Turkish Available 
Quantitative 

method 

Semi-

experimental 

Pre-/post-test model with 

experimental-control 

Middle school 

6th grade 

META_30 (Irgens et al., 2020) Journal article English Unavailable Mix method 
Weak 

experimental 
Single group pre-/post-test 

High school 

12th grade 

META_44 (Fakhriyah et al., 2019) Journal article English Available 
Quantitative 

method 

Semi-

experimental 

Post-test model with 

experimental-control 
Undergraduate 

META_46 (Mensan et al., 2020) Journal article English Available 
Quantitative 

method 

Semi-

experimental 

Pre-/post-test model with 

experimental-control 

Middle school 

5th grade 

META_48 
(Jaipal-Jamani & Angeli, 

2017) 
Journal article English Available 

Quantitative 

method 
 Single group pretest/post Undergraduate 

META_5 (Akyol, 2020) PhD thesis Turkish Available Mix method 
Semi-

experimental 

Pre-/post-test model with 

experimental-control 
Undergraduate 

META_53 
(Román-González et al., 

2017) 
Journal article English Unavailable 

Quantitative 

method 

Semi-

experimental 
Single group pre-/post-test 

Middle school 

5th, 6th, 7th, 8th 

grade & high 

school 9th & 

10th grade 

META_55 (Hutchins et al., 2020) Journal article English Available Mix method 
Semi-

experimental 

Pre-/post-test model with 

experimental-control 
High school 

META_57 (Yin et al., 2020) Journal article English Unavailable Mix method 
Weak 

experimental 
Single group pre-/post-test High school 

META_6 (Bolat, 2020) PhD thesis Turkish Available Mix method Experimental 
Pre-/post-test model with 

experimental-control 

High school 

10th grade 

META_66 (Zhang et al., 2019) Journal article English Available 
Quantitative 

method 

Semi-

experimental 

Pre-/post-test model with 

experimental-control 

High school 6th 

& 7th grade 

META_67 (Irgens et al., 2020) Journal article English Unavailable 
Quantitative 

method 
Experimental Single group pre-/post-test High school 

META_7 
(Uşengül & Bahçeci, 

2020) 
Journal article English Unavailable 

Quantitative 

method 

Semi-

experimental 
Single group pre-/post-test 

Middle school 

5th grade 

META_73 
(Merkouris & 

Chorianopoulos, 2018) 
Congress notice English Unavailable Mix method 

Semi-

experimental 

Single group post-test 

model 

Middle school 

6th grade 

META_74 
(Garneli & 

Chorianopoulos, 2018) 
Journal article English Unavailable Mix method 

Semi-

experimental 
Single group pre-/post-test 

Middle school 

6th grade 

META_76 (Basu et al., 2015) Congress notice English Unavailable Mix method 
Weak 

experimental 
Single group pre-/post-test 

Middle school 

5th grade 

META_84 (Batı et al., 2018) Journal article English Unavailable Mix method 
Semi-

experimental 

Pre-/post-test model with 

experimental-control 

Middle school 

8th grade 

META_86 
(Karaahmetoğlu & 

Korkmaz, 2019) 
Journal article English Unavailable Mix method 

Semi-

experimental 

Pre-/post-test model with 

experimental-control 

Middle school 

6th grade 

META_87 (Sırakaya et al., 2020) Journal article English Unavailable Mix method 
Non-

experimental 
Relational screening model 

Middle school 

5th-8th grades 

META_9 (Cakır & Yaman, 2018) Journal article Turkish Available 
Quantitative 

method 

Semi-

experimental 

Pre-/post-test model with 

experimental-control 

Middle school 

7th grade 

META_99 (Ouyang et al., 2018) Congress notice English Available Mix method 
Weak 

experimental 
Single group pre-/post-test Mix 
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Table B1. Moderator analyses of outcomes, publication bias, generation, and instructional setting 

Variable 
Effect size and 95% CI Heterogeneity 

N d SE Variance 95% CI Z p QB df p 

Publication type 
Article 21 0.873 0.145 0.021 0.589 1.156 6.036 0.000 

*3.061 1 0.080 
Others 11 0.466 0.182 0.033 0.110 0.823 2.565 0.010 

Language 
Turkish 5 0.002 0.285 0.081 -0.560 0.556 0.07 0.985 

7.320 1 0.007 
English 27 0.829 0.115 0.013 0.603 1.055 7.190 0.000 

Country 

Turkey 11 0.508 0.204 0.042 0.109 0.908 2.398 0.016 

*1.774 2.000 0.412 USA 13 0.751 0.177 0.031 0.404 1.098 3.920 0.000 

Other countries 8 0.896 0.216 0.047 0.473 1.319 0.288 0.773 

Pilot study 

Not specified 4 0.907 0.334 0.111 0.253 1.561 2.718 0.007 

*0.628 2.000 0.731 Yes 13 0.625 0.175 0.031 0.281 0.969 3.563 0.000 

No 15 0.745 0.160 0.026 0.431 1.059 4.646 0.000 

Publication year 

2021 2 0.674 0.423 0.179 -0.155 1.503 1.593 0.111 

*1.476 5.000 0.916 

2020 12 0.683 0.206 0.042 0.280 1.087 3.322 0.001 

2019 4 1.058 0.449 0.202 0.177 1.938 2.353 0.019 

2018 9 0.797 0.188 0.035 0.429 1.166 4.241 0.000 

2017 3 0.464 0.355 0.126 -0.233 1.160 1.305 0.192 

2015 2 0.538 0.431 0.186 -0.307 1.383 1.247 0.212 

Research method 
Quantitative 12 0.779 0.200 0.040 0.387 1.172 3.893 0.000 

*0.151 1.000 0.698 
Mixed 20 0.685 0.136 0.018 0.419 0.951 5.050 0.000 

Research design 

Real-experimental pattern 2 0.801 0.813 0.661 -0.793 2.394 0.985 0.325 

*1.444 3 0.695 
Semi-experimental pattern 17 0.857 0.159 0.025 0.546 1.168 5.397 0.000 

Weak-experimental pattern 7 0.571 0.228 0.052 0.125 1.017 2.508 0.012 

Non-experimental pattern 5 0.584 0.264 0.070 0.066 1.102 2.209 0.027 

Research model 

Exp. control group 12 0.836 0.206 0.043 0.432 1.241 4.052 0.000 

*0.607 2.000 0.738 Single group 15 0.691 0.159 0.025 0.379 1.004 4.337 0.000 

Correlational survey 5 0.584 0.267 0.071 0.061 1.107 2.190 0.029 

The educational level of 

the study group 

5-8th grade 18 0.869 0.148 0.022 0.578 1.160 5.855 0.000 

*6.856 3 0.077 
9-12th grade 7 0.884 0.270 0.073 0.355 1.413 3.274 0.001 

Bachelor’s degree 4 -0.022 0.326 0.106 -0.661 0.617 -0.067 0.947 

Teachers 2 0.497 0.404 0.163 -0.295 1.288 1.229 0.219 

Sampling method 

Not specified 3 0.428 0.305 0.093 -0.169 1.025 1.405 0.160 

1.390 2.000 0.499 Random 6 0.923 0.305 0.087 0.345 1.501 3.130 0.002 

Non-random sampling methods 23 0.722 0.305 0.016 0.478 0.967 5.788 0.000 

Demographics of the 

study group 

Not specified 3 1.248 0.421 0.177 0.424 2.073 2.967 0.003 

*1.806 2.000 0.405 Urban 23 0.658 0.132 0.017 0.399 0.917 4.978 0.000 

Rural 5 0.747 0.325 0.106 0.110 1.384 2.300 0.021 

School type 

Not specified 3 0.942 0.340 0.115 0.276 1.608 2.772 0.006 

0.852 2.000 0.653 Others 7 0.557 0.250 0.062 0.068 1.047 2.230 0.026 

State school 22 0.727 0.138 0.019 0.457 0.997 5.274 0.000 

Research topic 

Not specified 2 0.997 0.373 0.139 0.267 1.728 2.676 0.007 

7.105 3.000 0.069 
Science 9 0.210 0.219 0.048 -0.219 0.638 0.959 0.338 

Physics-chemistry-biology 6 0.919 0.228 0.052 0.472 1.367 4.029 0.000 

STEM 15 0.808 0.149 0.022 0.516 1.100 5.421 0.000 

Duration of the application 

Not specified 11 0.713 0.189 0.036 0.342 1.084 3.769 0.000 

0.569 3 0.903 
1-3 weeks 7 0.588 0.245 0.060 0.108 1.069 2.398 0.016 

4-7 weeks 8 0.862 0.273 0.074 0.328 1.397 3.161 0.002 

8 or more weeks 6 0.746 0.275 0.075 0.208 1.284 2.717 0.007 

The person who made the 

application 

Not specified 9 0.636 0.210 0.044 0.225 1.048 3.029 0.002 

*3.042 2.000 0.218 Exp. control researcher 6 0.323 0.287 0.082 -0.239 0.885 1.127 0.260 

Exp. control teacher 17 0.871 0.154 0.024 0.570 1.172 5.670 0.000 

Computer usage 

Not specified 6 0.552 0.238 0.057 0.086 1.018 2.321 0.020 

2.977 2.000 0.226 Used 18 0.641 0.151 0.023 0.344 0.938 4.236 0.000 

Unused 8 1.085 0.245 0.060 0.604 1.566 4.420 0.000 

Coding usage 

Not specified 6 0.552 0.235 0.055 0.091 1.012 2.348 0.019 

2.857 2.000 0.240 Used 17 0.649 0.148 0.022 0.359 0.940 4.379 0.000 

Unused 9 1.083 0.249 0.062 0.594 1.571 4.346 0.000 

Robotics usage 

Not specified 6 0.552 0.239 0.057 0.085 1.020 2.315 0.021 

*1.393 2.000 0.498 Used 9 0.611 0.215 0.046 0.191 1.032 2.848 0.004 

Unused 17 0.850 0.162 0.026 0.533 1.167 5.255 0.000 

Algorithm usage 
Not specified 7 0.551 0.231 0.053 0.099 1.003 2.387 0.017 

*1.705 2.000 0.426 
Unused 25 0.792 0.129 0.017 0.540 1.044 6.151 0.000 

Flipped classroom 
Not specified 7 0.551 0.231 0.054 0.097 1.005 2.381 0.017 

1.568 2.000 0.457 
Unused 25 0.785 0.128 0.016 0.534 1.036 6.135 0.000 

Measurement tool type 

Not specified 1 1.121 0.500 0.250 0.141 2.102 2.241 0.025 

5.675 3.000 0.129 
Achievement test 8 1.165 0.238 0.056 0.700 1.631 4.905 0.000 

Likert type 17 0.580 0.140 0.020 0.306 0.855 4.142 0.000 

Other types of scale 6 0.559 0.221 0.049 0.125 0.992 2.528 0.011 

The person who develops 

measurement tools 

Pre-existing tool 17 0.622 0.151 0.023 0.325 0.919 4.107 0.000 
0.816 1.000 0.366 

Developed by the researcher 15 0.824 0.165 0.027 0.501 1.148 4.993 0.000 

Note. N: Number of primary studies; d: Effect sizes; SE: Standard error; & CI: Confidence intervals 
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Table C1. Heterogeneity analysis results for subgroups of moderators 

Moderator Subgroups 
Heterogeneity 

Q df(Q) p-value I2 

Publication type 

Article 60.830 2 0.000 67.121 

Other types of publications 80.444 10 0.000 87.569 

General 141.309 30 0.000 78.062 

Language 

Turkish 30.563 4 0.000 86.912 

English 94.466 26 0.000 72.477 

General 141.309 30 0.000 78.062 

Country 

Turkey 50.698 10 0.000 80.275 

USA 32.059 12 0.001 62.568 

Other countries 51.981 7 0.000 86.534 

General 141.309 31 0.000 78.062 

Pilot study 

Not specified 2.028 3 0.567 0.000 

Yes 88.472 12 0.000 86.436 

No 41.795 14 0.000 66.503 

General 141.309 31 0.000 78.062 

Publication year 

2021 2.024 1 0.155 50.603 

2020 86.725 11 0.000 87.316 

2019 1.285 3 0.733 0.000 

2018 31.554 8 0.000 74.647 

2017 1.624 2 0.444 0.000 

2015 1.427 1 0.232 29.911 

General 141.309 31 0.000 78.062 

Research method 

Quantitative 26.177 11 0.006 57.979 

Mixed  112.759 19 0.000 83.150 

General 141.309 31 0.000 78.062 

Research design 

Real experimental  0.025 1 0.875 0.000 

Semi-experimental  115.329 16 0.000 86.127 

Weak experimental  2.116 6 0.909 0.000 

Non-experimental  3.204 4 0.524 0.000 

General 137.962 30 0.000 78.255 

Research model 

Experimental-control group 93.415 11 0.000 88.225 

Single group  40.190 14 0.000 65.166 

Correlational survey  3.204 4 0.524 0.000 

General 141.309 31 0.000 78.062 

The educational level of the study group 

5-8th grade 58.26642 17 0.000 70.824 

9-12th grade 28.32269 6 0.000 78.816 

Bachelor’s degree 32.30569 3 0.000 90.714 

Teachers 0.384347 1 0.535 0 

General 138.5565 30 0.000 78.34818 

The sampling method of the study group 

Not specified 0.062 2 0.969 0.000 

Random  12.485 5 0.029 59.951 

Non-random  104.689 22 0.000 78.985 

General 141.309 31 0.000 78.062 

Demographics of the study group 

Not specified 20.154 2 0.000 90.076 

Urban 116.161 22 0.000 81.061 

Rural 3.515 4 0.476 0.000 

General 141.103 30 0.000 78.739 

School type of the study group 

Not specified 20.788 2 0.000 90.379 

Others 2.745 6 0.840 0.000 

State school 109.502 21 0.000 80.822 

General 141.309 31 0.000 78.062 

The research area of the application 

Not specified 9.515 1 0.002 89.490 

Science 33.899 8 0.000 76.401 

Physics-chemistry-biology 28.052 5 0.000 82.176 

STEM 33.018 14 0.003 57.598 

General 141.309 31 0.000 78.062 

Duration of the application  

Not specified 39.394 10 0.000 74.616 

1-3 weeks 2.523 6 0.866 0.000 

4-7 weeks 23.958 7 0.001 70.782 

8 or more weeks 73.782 5 0.000 93.223 

General 141.309 31 0.000 78.062 

The person who makes the application 

Not specified 6.699 8 0.569 0.000 

Exp. control researcher 71.442 5 0.000 93.001 

Exp. control teacher 54.870 16 0.000 70.840 

General 141.309 31 0.000 78.062 

Computer usage 

Not specified 3.449 5 0.631 0.000 

Used 104.148 17 0.000 83.677 

Unused 25.354 7 0.001 72.391 

General 141.309 31 0.000 78.062 

Coding usage 

Not specified 3.449 5 0.631 0.000 

Used 106.260 16 0.000 84.943 

Unused 19.460 8 0.013 58.891 

General 141.309 31 0.000 78.062 
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Table C1 (Continued).  

Moderator Subgroups 
Heterogeneity 

Q df(Q) p-value I2 

Robotics usage 

Not specified 3.449 5 0.631 0.000 

Used 76.280 8 0.000 89.512 

Unused 53.398 16 0.000 70.036 

General 141.309 31 0.000 78.062 

Algorithm usage 

Not specified 3.449 6 0.631 0.000 

Unused 123.975 24 0.000 80.641 

General 141.309 31 0.000 78.062 

Flipped classroom usage 

Not specified 3.449 6 0.631 0.000 

Unused 127.548 24 0.000 81.184 

General 141.309 31 0.000 78.062 

Measurement tool type 

Achievement test 24.809 7 0.001 71.784 

Likert type 75.080 16 0.000 78.689 

Other types of scale 4.278 5 0.510 0.000 

General 141.309 31 0.000 78.062 

The person who develops measurement 

tool 

Pre-existing test 86.068 16 0.000 81.410 

Developed by the researcher 50.987 14 0.000 72.542 

General 141.309 31 0.000 78.062 
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