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 Evidence on whether educational robotics (ER)–assisted programming 

instruction improves students’ computational thinking (CT) remains mixed. 

To synthesize existing findings, we conducted a meta-analysis of 33 

empirical studies (39 effect sizes) published between 2015 and 2025. 

Eligible studies were identified through searches of Web of Science, 

ScienceDirect, Taylor & Francis Online, Wiley Online Library, SAGE 

Journals, IEEE Xplore, and Google Scholar. Effect sizes were calculated 

using Hedges’ g, and a random-effects model was adopted because 

substantial heterogeneity was observed (I²=79.61%, Q=186.369, p<0.001). 

The results showed a statistically significant moderate positive effect of  

ER-assisted programming instruction on CT (g=0.621, p<0.001). Subgroup 

analyses further indicated that intervention duration and programming mode 

explained part of the heterogeneity: longer interventions produced larger 

effects, and plugged programming yielded stronger gains than unplugged 

programming. These findings support ER as an effective approach for 

promoting CT in programming instruction and suggest that instructional 

duration and programming mode should be carefully considered in  

ER-supported learning design. 
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1. INTRODUCTION  

In today’s era of rapid information technology development, the widespread use of computers and 

the ongoing advancement of informatization and intelligence are profoundly shaping people’s lifestyles and 

thought patterns, driving social progress and national development [1]. This trend is prompting education 

systems worldwide to rethink their talent development objectives and spotlight digital literacy education 

centered on computational thinking (CT) [2]. CT refers to the mental process of identifying problems and 

designing systematic, algorithmic solutions that can be effectively executed by humans or computational 

agents [3]. Many countries recognize that programming education is a key path to cultivating students’ CT 

and are gradually incorporating it into basic education systems to foster students’ logical reasoning,  

problem-solving, and innovation skills, thereby better adapting to the demands of a digital society [4]. 

Among the technical tools used in programming instruction, educational robotics (ER), as a learning medium 

that combines software and hardware, has injected new vitality into programming education [5].  

In contrast to conventional programming methods (such as text-based or visual block 

programming), ER provides students with a visual and interactive programming learning experience, greatly 

reducing students’ stereotype that programming is “boring and tedious” [6]. As a flexible and creative 
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teaching tool, ER can create an experiential, context-based learning environment, thereby stimulating 

students’ interest, motivation, and active engagement while supporting the development of CT [7]. In the 

process of building, programming, and interacting with robots, students will actively apply the key 

components of CT—including abstraction, decomposition, pattern recognition, algorithmic thinking, and 

debugging—and transfer these abilities to solving real-world problems [8]. From a constructivist learning 

perspective, ER provides students with opportunities for exploration and reflection, enabling them to apply 

new knowledge to different situations and cultivate innovative problem-solving skills [9]. With these 

advantages, a variety of ER kits, such as Micro:bit and Arduino, have been widely used in programming 

classrooms around the world [10]. These applications range from basic robot operation to comprehensive 

task-based projects involving design, programming, and testing, enabling students to develop CT skills 

through practice [11]. 

Although extensive research has shown the significant educational value and positive impact of 

integrating ER into programming instruction in promoting learners’ CT [12], the empirical evidence remains 

inconsistent. For example, Yolcu and Demirer [13] noted that the experimental group using m-Bot for robotic 

programming significantly outperformed the control group, which only engaged in block programming, in 

terms of programming success rate and learning transfer, but no significant difference was found in CT. 

Similarly, Weng et al. [14] found no significant improvement in students’ overall CT skills in a project-based 

programming course for first-year students at university. The researchers believe this may be related to short 

teaching cycles, insufficient feedback, and differences in learning motivation. On the other hand, Noh and 

Lee [15] argued that ER did not significantly promote CT among learners with some programming 

experience. In sum, these mixed findings suggest that ER may promote learning indirectly by increasing 

interest, engagement, and transfer, whereas its direct contribution to CT development may depend on learner 

characteristics and instructional conditions. Therefore, a consensus has yet to be reached on the actual 

effectiveness of ER in promoting CT. 

To clarify this issue, some scholars have used meta-analysis to synthesize research on how ER used 

in programming education influences students’ CT. However, existing reviews and meta-analyses have 

mainly focused on a single educational stage, such as elementary education, or on a specific instructional 

approach, such as project-based learning, which limits a broader understanding of ER effectiveness across 

instructional contexts. In addition, prior syntheses have not sufficiently examined several moderating factors 

that may shape the effects of ER interventions, including educational stages [16], teaching strategies [17], 

interaction types [18], intervention duration [19], and programming methods [20]. Therefore, the present 

study uses a meta-analytic approach to offer a broader synthesis of how ER-assisted programming instruction 

affects students’ CT. It estimates the overall effect of ER interventions and examines whether these 

moderating factors explain variation in the observed effects. The novelty of this study lies in three aspects. 

First, it specifically synthesizes empirical evidence on ER-assisted programming instruction for CT, rather 

than discussing ER in a broader and less focused manner. Second, it integrates evidence across different 

instructional contexts and systematically compares multiple moderators that may explain variations in 

effectiveness. Third, it provides more instructionally actionable evidence by identifying the conditions under 

which ER can better promote students’ CT. 

 

 

2. METHOD 

2.1.  Literature search and inclusion criteria 

To find empirical studies on the impact of ER on students’ CT in programming education, we 

conducted a systematic literature search of Web of Science, ScienceDirect, Taylor & Francis Online, Wiley 

Online Library, SAGE Journals, IEEE Xplore, and Google Scholar databases. We limited the search to  

peer-reviewed empirical publications (journal articles and conference proceedings) written in English and 

published between 2015 and 7 October 2025 (final search date: 7 October 2025). The search terms combined 

three main concept blocks using Boolean operators: (“educational robotics” OR “educational robot” OR 

“programming robot” OR “robotics education” OR “robot-assisted learning”) AND (“programming 

education” OR “coding education” OR “computer programming”) AND (“computational thinking”). Because 

search interfaces and field tags vary across databases, minor database-specific syntax adaptations were 

applied while preserving the same three-block logic and Boolean structure. After the database search, 

backward and forward snowballing was used to identify additional relevant studies from the reference lists 

and citations of the included articles. This process initially extracted 2,368 records. 

Table 1 summarizes the inclusion and exclusion criteria used for study selection. This study 

followed the preferred reporting items for systematic reviews and meta-analyses (PRISMA) guidelines [21] 

to conduct a literature search and screening. To ensure the scientific nature of the included literature and its 

relevance to the research questions, we used the following inclusion and exclusion criteria. For the empirical 

research, only papers based on empirical research were included. Review and theoretical studies were not 
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considered. In terms of combination of ER and programming education, the research must use programming 

ER projects as the teaching medium and measure students’ CT during programming learning. Studies that do 

not include both elements will be excluded. Regarding the educational stage, the research subjects must 

include students in kindergarten, primary school, secondary school, or higher education. Lastly, for the 

research design, the literature must adopt an experimental or quasi-experimental design. Single-group 

experiments must report pre-test and post-test data; two-group experiments should include an experimental 

group that receives ER programming instruction and a control group that learns under other teaching 

conditions. Eligible studies were required to report sufficient statistical information—such as sample size, 

mean, standard deviation (SD), or T/F-value—to allow the calculation of the effect size (Hedges’ g). Studies 

that did not meet these criteria were excluded.  

In total, 33 independent studies met all inclusion criteria and were retained for the meta-analysis, as 

shown in the PRISMA flow diagram in Figure 1. Some studies reported multiple independent effect sizes, 

resulting in a total of 39 effect sizes for subsequent analysis. In such cases, we extracted more than one effect 

size from a single paper only when the effect sizes were based on independent, non-overlapping participant 

samples (e.g., different teaching classes or different grade-level cohorts). Accordingly, no paper contributed 

more than one effect size from the same participant sample. 

 

 

Table 1. Inclusion and exclusion criteria 
Domain Inclusion Exclusion 

Study type Empirical studies Reviews, theoretical papers, or conceptual papers 
Content focus ER used in programming instruction, with CT 

measured as an outcome 

No ER-based programming component or no CT outcome 

Population Students from kindergarten to higher education Non-student samples or populations outside kindergarten 
to higher education 

Design Experimental or quasi-experimental designs Non-experimental studies 
Reporting Sufficient statistical information to calculate 

Hedges’ g 
Insufficient statistical information to calculate effect sizes 

 

 

 
 

Figure 1. PRISMA-guided flowchart of the study identification and selection procedure 
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2.2.  Coding of literature 

For each study, we extracted basic information, including the author, publication year, sample size, 

gender distribution, intervention characteristics, and study outcomes. After independently completing the 

initial coding, the two coders assessed intercoder reliability, yielding a Cohen’s kappa=0.896, indicating high 

agreement [22]. Any discrepancies were first resolved through discussion and joint review of the original 

reports. If consensus could not be reached, a third researcher adjudicated the final coding decision. Based on 

prior work [16], [17], [20], [23], we classified five moderating variables. Education stage was coded from the 

participant description (kindergarten; elementary school; secondary school (middle/high school); higher 

education). Teaching strategy was coded as the dominant instructional approach (problem-based learning:  

ill-structured problem solving; project-based learning: extended robotics project culminating in a tangible 

product/performance; design-based learning: iterative design-test-redesign cycles; lecture-based teaching: 

teacher-led explanation/demonstration followed by practice). Interaction type was coded as individual 

learning when students mainly worked individually (often with teacher guidance), and as group collaboration 

when tasks required teamwork with shared goals and joint artefact construction. Intervention duration was 

coded by total instructional time (≤1 day, >1 day and ≤1 month, or >1 month). Programming method was 

coded as plugged versus unplugged (screen-free) robot programming: plugged programming used a 

computer/tablet-based coding environment to create and execute code for robot control, whereas unplugged 

programming involved constructing and testing command sequences without a computer (e.g., on-device 

button programming or tangible command formats), with the robot serving as the execution agent. 

 

2.3.  Statistical procedures 

The meta-analysis was conducted in comprehensive meta-analysis (CMA), version 3.3.0.7 [24]. 

Hedges’ g was used as the effect size index because it corrects for bias in small samples [25]. Based on 

Cohen [26], effect sizes were interpreted as small (<0.50), moderate (0.50-0.79), and large (≥0.80). 

Heterogeneity was evaluated using the Q statistic and I² [27]. A fixed-effect model was applied when 

heterogeneity was low (I²<75% or P(Q)>0.05), whereas a random-effects model was used when 

heterogeneity was substantial [28]. When heterogeneity was significant, subgroup analyses were performed 

to explore possible sources of between-study variation [29]. Publication bias was assessed with funnel plots 

and Egger’s regression test [30]. A leave-one-out sensitivity analysis was also performed to examine whether 

the pooled estimate changed materially after the sequential removal of individual studies [31]. 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Overall effect size 

When merging effect sizes, we first conducted a heterogeneity test. The results (I²=79.61%, 

Q=186.369, p=0.000) indicated significant heterogeneity among the 33 included studies. Therefore, we used 

a random-effects model to combine the 39 effect sizes from the 33 included studies. Figure 2 shows that the 

final combined effect size of the 33 included studies was g=0.621 (95% CI: [0.512, 0.729], Z=11.235, 

p<0.001). This effect size exceeded the 0.50 threshold, indicating that ER-based programming activities have 

a statistically significant effect on students’ CT development, and the effect size is moderate. These results 

indicate a significant overall positive effect of ER on students’ CT, although substantial heterogeneity was 

observed across studies. 

 

3.2.  Publication bias 

To further evaluate the stability of the pooled effect, publication bias was examined. We used funnel 

plots together with Egger’s regression test to detect possible publication bias in this study. A total of 39 

independent effect sizes were analyzed, and Figure 3 presents the funnel plot. As shown in Figure 3, the 

effect sizes of most studies were evenly distributed around the mean, indicating little evidence of publication 

bias. Egger’s regression test yielded t=1.720 and p=0.094 (p>0.05), suggesting that no significant publication 

bias was detected. In summary, the validity of the literature included in this study is high, providing a robust 

and reliable data basis for subsequent effect analysis. 

 

3.3.  Sensitivity analysis 

To assess the stability of the pooled result, a leave-one-out sensitivity analysis was conducted by  

re-estimating the overall effect after omitting one study at a time. Figure 4 presents the results of this 

procedure. Each estimate remained close to the original pooled effect, and the corresponding confidence 

intervals showed only slight variation across iterations. These findings indicate that the leave-one-out 

estimates (Hedges’ g=0.605-0.646) remained close to the overall pooled effect (g=0.621), suggesting that no 

single study unduly influenced the result. 
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Figure 2. Forest plot of overall effects on students’ CT 

 

 

 
 

Figure 3. Funnel plot of standard error 
 

 

 
 

Figure 4. Sensitivity analysis (with one study removed) 
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3.4.  Subgroup analysis 

Because of the significant heterogeneity we observed when combining effect sizes in Section 3.1., 

we performed subgroup analyses on the five variables (education stage, teaching strategies, interaction types, 

intervention duration, and programming types) to explore potential sources of variation. The criterion was 

that a p-value greater than 0.10 for a subgroup indicated no significant difference in effect size between 

subgroups, indicating that the moderator variables were not the source of heterogeneity [28]. Therefore, 

further analyses are needed to explore other potential moderators that may explain the observed 

heterogeneity. Specific results are shown in Table 2. The use of ER in programming learning activities 

showed no significant differences across different education levels, teaching strategies, or interaction types. 

However, significant differences were observed across different intervention durations and programming 

types. Specifically, in terms of intervention duration, long-term intervention had the largest effect size 

(g=0.669***), followed by short-term (g=0.646***) and medium-term (g=0.415***). As for programming 

methods, plug-in programming had a moderate effect size (g=0.658***), while unplugged programming had a 

small effect size (g=0.470***). 

 

 

Table 2. Subgroup analysis of ER effects on students’ CT 
Variables Group Number 

of effect 
sizes (k) 

g 95% confidence 

interval 

Z Q (b) P(Q) 

Lower Upper 

Educational stage Kindergarten 6 0.515*** 0.330 0.700 5.448 1.542 0.673 

Elementary school 16 0.622*** 0.438 0.807 6.600 

Middle school 12 0.690*** 0.470 0.910 6.152 
Higher education 5 0.619*** 0.412 0.826 5.861 

Teaching strategies Game-based learning 4 0.711*** 0.409 1.014 4.604 0.881 0.927 

Problem-based learning 8 0.581*** 0.265 0.897 3.606 
Project-based learning 21 0.637*** 0.497 0.776 8.961 

Lecture method 2 0.666*** 0.354 0.978 4.183 

Design-based learning 4 0.514** 0.175 0.853 2.969 
Interaction type Group work 36 0.615*** 0.500 0.731 10.470 0.253 0.615 

Individual work 3 0.685*** 0.441 0.928 5.508 

Intervention 

duration 

<1 day 2 0.646** 0.267 1.026 3.340 8.122 0.017 

>1 day and ≤1 month 9 0.415*** 0.298 0.532 6.968 

>1 month 28 0.669*** 0.533 0.806 9.641 

Programming 
methods 

Plugged programming 32 0.658*** 0.524 0.791 9.671 3.756 0.053 
Unplugged programming  7 0.470***  0.336  0.605  6.857  

Note: ***p-values <0.001, **p-values <0.01; Q(b)=between-group heterogeneity statistic; and P(Q)=p value for between-group 

heterogeneity. 

 

 

3.5.  Discussion 

3.5.1. Interpretation of the main findings 

This study applied meta-analysis to integrate 33 empirical studies published between 2015 and 

2025. The results showed that integrating ER into programming instruction significantly improved students’ 

CT, yielding an overall moderate effect (g=0.621, p<0.001). Such a result aligns with earlier studies [32], 

[33] and further supports the educational value of integrating ER into programming learning activities. The 

subgroup analyses further showed that the beneficial impact of ER on students’ CT was evident across 

different educational stages, teaching strategies, and interaction types, with relatively similar effect sizes. 

However, intervention duration and programming methods explained part of the variation in the observed 

effects. 

With regard to intervention duration, long-term interventions lasting more than one month produced 

the strongest effects, whereas short-term interventions lasting less than one day also showed significant 

benefits. By contrast, interventions lasting from one day to one month showed relatively weaker effects. This 

pattern suggests that the relationship between intervention duration and CT outcomes may be non-linear. A 

possible explanation can be drawn from cognitive load theory [34]. Short-term activities often involve clear 

goals and highly focused tasks, which may quickly attract students’ attention and support immediate 

engagement in CT-related learning [35]. In medium-term interventions, however, task demands may increase 

before students have developed stable learning strategies, which may reduce the benefits at this stage. Longer 

interventions, in contrast, provide more time for repeated practice, feedback, and reflection, which may 

gradually strengthen abstraction, algorithmic thinking, and problem solving [36]. These findings indicate that 

teachers should pay attention not only to the duration of robotics-supported programming activities, but also 

to how tasks are sequenced throughout the intervention period. The duration of instruction should therefore 

be aligned with task complexity, learning objectives, and the level of guidance provided to students [37]. 
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Another important finding was that plugged programming was more effective than unplugged 

programming in promoting students’ CT, which is consistent with previous studies [38]. This difference may 

be understood from the perspective of embodied cognition [39]. Plugged programming provides direct 

command-execution-feedback cycles, such as robot movement or sensor responses, which help students 

connect abstract programming logic with observable outcomes [40]. By contrast, unplugged activities rely 

more heavily on symbolic reasoning and usually provide less immediate feedback [41]. So, teachers may use 

unplugged activities only as introductory supports for basic concepts, but instructional design should place 

greater emphasis on plugged programming when the aim is to promote deeper understanding of algorithmic 

logic, code execution, and problem solving [42]. 

 

3.5.2. Implications for classroom practice 

This study offers several practical insights for classroom teaching. ER should be incorporated into 

regular programming instruction as a planned teaching resource rather than being used only in occasional 

demonstration lessons or enrichment activities. When the instructional goal is to promote students’ CT, 

robotics-supported programming should be linked to explicit CT objectives and implemented as part of a 

coherent teaching process. Teachers should also pay attention to how robotics activities are arranged over 

time. Rather than relying only on isolated robotics sessions, they should organize robotics-supported 

programming as a continuing sequence of learning tasks so that students have sufficient opportunities to 

practice, revise, and consolidate CT skills. Notably, when cultivating students’ CT skills is the primary 

objective, plugged programming should be prioritized in classroom implementation. Compared with 

unplugged programming, plugged environments provide stronger support for helping students connect 

programming code with observable outcomes and problem-solving processes. Unplugged activities may still 

be useful during the introductory stage to support basic concepts such as sequencing or decomposition, but 

they should generally play a supporting role when the goal is to develop deeper CT skills. 

 

3.5.3. Limitations and future research 

Several issues should be taken into account when interpreting the findings of this meta-analysis. To 

begin with, the review was restricted to studies published in English, which means that relevant evidence 

reported in other languages may not have been captured. In addition, the included studies showed 

considerable heterogeneity, indicating that the impact of ER on students’ CT may vary according to factors 

not examined in the present analysis. Another constraint concerns the moderator analysis. Because the 

reporting quality and level of detail differed across primary studies, only five moderators could be coded 

consistently and compared across studies. Further meta-analytic research may broaden the language scope of 

the search and investigate additional moderators, including teacher expertise, task complexity, and 

assessment approaches, when primary studies provide sufficient information. 

 

 

4. CONCLUSION 

This meta-analysis synthesized 33 empirical studies to examine whether robotics-supported 

programming can enhance students’ CT. The findings show that ER can be a meaningful instructional 

approach for supporting CT development, while intervention duration and programming methods help 

explain variation in outcomes across studies. These results suggest that educators should integrate ER into 

regular programming instruction in ways that align activity duration, learning tasks, and instructional goals, 

and should prioritize programming approaches that more directly support students’ engagement with code, 

feedback, and problem solving when CT is the primary objective. At the policy level, schools and curriculum 

planners should provide sustained curricular, technical, and professional support so that robotics-supported 

programming can be implemented purposefully and consistently across classroom settings. 
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