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Abstract

Educational robotics, as emerging technologies, have been widely applied in the field of STEM education to enhance
the instructional and learning quality. Although previous research has highlighted potentials of applying educational
robotics in STEM education, there is a lack of empirical evidence to investigate and understand the overall effects

of using educational robotics in STEM education as well as the critical factors that influence the effects. To fill this gap,
this research conducted a multilevel meta-analysis to examine the overall effect size of using educational robotics

in STEM education under K-16 education based on 30 effect sizes from 21 studies published between 2010 and 2022.
Furthermore, we examined the possible moderator variables of robot-assisted STEM education, including discipline,
educational level, instructor support, instructional strategy, interactive type, intervention duration, robotic type,

and control group condition. Results showed that educational robotics had the moderate-sized effects on students’
STEM learning compared to the non-robotics condition. Specifically, educational robotics had moderate-sized effects
on students'learning performances and learning attitudes, and insignificant effects on the improvement of compu-
tational thinking. Furthermore, we examined the influence of moderator variables in robot-assisted STEM education.
Results indicated that the moderator variable of discipline was significantly associated with the effects of educational
robotics on STEM learning. Based on the findings, educational and technological implications were provided to guide
future research and practice in the application of educational robotics in STEM education.

Keywords STEM education, Educational robotics, Meta-analysis, Robot-assisted STEM education

Introduction

With the rapid development of science and technol-
ogy, educational robotics, as emerging technologies that
combine different digital techniques (e.g., mechanical
manufacturing, electronic sensors, artificial intelligence),
have been applied in multiple educational contexts to
enhance the instructional and learning quality. Specifi-
cally, in the field of STEM education, which highlights
the integration of science, technology, engineering, and
mathematics, educational robotics are usually used
to mediate and assist the instructional and learning
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process, which is named the robot-assisted STEM edu-
cation in prior research (Atman Uslu et al., 2022; Aug-
ello et al., 2020; Evripidou et al., 2020). In recent years,
the emergence of educational robotics has attracted wide
attention and previous research has revealed the poten-
tials of applying educational robotics in STEM educa-
tion, such as promoting students’ learning performance
(Okita, 2014), arousing their interest (Chin et al., 2014),
and cultivating their computational thinking (Chalm-
ers, 2018). However, although multiple studies revealed
the benefits of applying robotics in STEM education,
some of them also reported the ineffectiveness or nega-
tive effects of using robotics in assisting STEM educa-
tion (e.g., Berland & Wilensky, 2015; Keren & Fridin,
2014). Therefore, to guide the research and practice of
robot-assisted STEM education, it is essential to further
examine and verify the effects of educational robotics in
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STEM education. More importantly, since the complex-
ity of robot-assisted STEM education (Xu & Ouyang,
2022b), except the technological element of educational
robotics, other elements might also influence the effects
of using educational robotics in STEM education, such
as human subject (e.g., instructors, students), informa-
tion (e.g., discipline knowledge), medium (e.g., interac-
tive types), and external environment (e.g., intervention
durations). To achieve a high-quality STEM education,
the application of educational robotics should also take
careful consideration of these complex factors (Byrne
& Callaghan, 2014; Ouyang & Jiao, 2021). Meta-anal-
ysis approaches have been conducted to examine the
effects of educational robotics on STEM education (e.g.,
Batdi et al., 2019; Kazu & Kurtoglu, 2021; Mustafa et al.,
2016). For example, Sapounidis et al. (2023) conducted
a systematic review and meta-analysis to investigate the
application effects of educational robotics in STEM edu-
cation in primary school. However, existing review and
meta-analysis works about robot-assisted STEM educa-
tion (e.g., Atman Uslu et al., 2022; Sapounidis et al., 2023;
Zhong & Xia, 2020) mainly focused on the application
of educational robotics in one of the disciplines (e.g.,
mathematics, physics) or educational levels (e.g., pri-
mary school). Moreover, these studies did not holistically
examine the moderator variables that might influence
the effects of educational robotics on STEM education.
To fill these gaps, the current research conducted a mul-
tilevel meta-analysis to holistically investigate the field of
robot-assisted STEM education. Specifically, we aimed
to evaluate the effects of educational robotic applications
in STEM education, including how educational robot-
ics impact on students’ learning performances, learning
attitudes, and computational thinking (CT). Further-
more, we holistically explored the moderator variables
of robot-assisted STEM education (i.e., discipline, edu-
cational level, instructor support, instructional strategy,
interactive type, intervention duration, robotic type, con-
trol group condition) and examined how these factors
influenced the effects of using educational robotics in
STEM education. Based on our findings, educational and
technological implications were provided to improve the
research and practice of robot-assisted STEM education.

Literature review

Educational robotics in STEM education

With the rapid development of computer science and
technologies, robot, which combines the techniques of
mechanical manufacturing, electronic sensors, and arti-
ficial intelligence, has been applied in different fields to
help humans reach automatic, efficient, and adaptive life
(Wang et al., 2018). Educational robotics, as the applica-
tion of robot technique in education, is recognized as an
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innovative learning tool to change learning environment,
transform instructional and learning processes, and cre-
ate new educational ecology (Atman Uslu et al, 2022;
Evripidou et al., 2020; Yueh & Chiang, 2020). Compared
to other learning tools and techniques (e.g., animated
characters, virtual agents), educational robotic is usually
designed as entity of animal, vehicle, human, or in dif-
ferent shapes and sizes, which can directly interact with
students and enrich their learning experience (Atman
Uslu et al., 2022; Mubin et al., 2013). In the last decade,
educational robotics have been widely used in different
learning contexts, such as language education (Van den
Berghe et al., 2019), special education (Tlili et al., 2020)
and STEM education (Sophokleous et al., 2021), with a
goal to enhance educational quality.

STEM education requires students to master multidis-
ciplinary knowledge (e.g., science, technology, engineer-
ing, mathematics) and solve open-ended, ill-structured
problems in the real world. Traditional instructor-
directed strategies might fail to help students achieve
a high quality of learning effects in STEM education
because it mainly highlights the efficiency of knowledge
conveying and memorizing rather than students’ under-
standings (Sapounidis & Alimisis, 2020; Xu & Ouyang,
2022b). For example, under traditional lecturing modes,
students might have difficulty in understanding the
complex STEM concepts and have few opportunities to
develop higher-order thinking (e.g., problem-solving abil-
ity, creativity, CT) (Bers, 2021). Hence, the robot-assisted
STEM education, as an integrated field of educational
robotics and STEM education, highlights the utilization
of educational robotics to empower the instructional and
learning process of STEM education. The emergence of
educational robotics can offer opportunities for students
to manipulate objects, understand relevant theories and
concepts, and solve problems during the learning pro-
cesses (Atman Uslu et al., 2022; Evripidou et al., 2020).
Therefore, educational robotics are usually used in STEM
education to introduce students to complex knowledge
and concepts (Okita, 2014), promote their motivation
and engagement (Chin et al., 2014; Kim et al., 2015), and
cultivate their cognitive thinking and abilities (Chalmers,
2018).

The effects of educational robotics on STEM education

As an emerging technology, the positive effects of edu-
cational robotics have been verified in the field of STEM
education (Anwar et al., 2019; Atman Uslu et al., 2022).
First, increasing evidence showed that educational robot-
ics had positive effects on improving students’ learning
performances in STEM education. Rather than gain-
ing knowledge from instructors passively, students can
understand the complex concepts in STEM-related
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disciplines through learning with educational robot-
ics (Ferrarelli & Iocchi, 2021; Mohamed et al., 2021).
For example, Ferrarelli and Iocchi (2021) found that the
application of computer programming robotics signifi-
cantly improved high school students’ understandings
of the physical principles. Mohamed et al. (2021) used a
kind of educational robotics, namely Kodockly, to teach
programming and found it had positive impact on the
programming performances of young children aged from
6 to 11. Second, previous research found that educational
robotics had potential to promote students’ learning atti-
tudes of STEM education (Gomoll et al., 2016; Jaipal-Jam-
ani & Angeli, 2017). Learning attitude refers to students’
attitudes to learning as well as their perceptions, beliefs,
and interests during STEM learning. As physical entity,
educational robotics in STEM education can serve as a
role of a learning companion, to motivate students’ learn-
ing interest (Anwar et al., 2019; Mitnik et al., 2009). For
example, Leonard et al. (2016) found that fifth- through
eighth-grade students’ self-efficacy and STEM attitudes
enhanced when learning in the combined environment of
educational robotics and gamification. Merino-Armero
et al. (2018) found that third-grade students who learned
with robotics showed higher level motivation than those
who learned through pencil-and-paper. Third, previ-
ous studies have claimed that educational robotics con-
tributed to the development of students’ computational
thinking in STEM education (Chen et al., 2017; Eguchi,
2014; Saritepeci & Durak, 2017). Computational thinking
(CT) refers to the cognitive ability to solve problems in
the most efficient and effective ways through organizing
and analyzing data logically (Relkin et al.,, 2021; Xu et al,,
2022). Since robot-assisted activities in STEM education
can provide suitable contexts for problem-solving for
students, it can promote the development of students’
higher-order thinking, especially CT (Gomoll et al,
2017). For example, Ioannou and Makridou (2018) found
that robot-based instruction facilitated eighth-grade stu-
dents’ development of algorithmic thinking as well as
computational thinking.

Despite multiple studies revealing that the usage of
educational robotics had positive effects on STEM edu-
cation, the applications of educational robotics in STEM
education also existed some challenges. Educational
robotics sometimes may distract students from STEM
learning, increase their cognitive loads, and had nega-
tive learning effects (Berland & Wilensky, 2015; Keren &
Fridin, 2014). For example, Berland and Wilensky (2015)
found that eighth-grade students in course supported
with physical robotics gained lower programming skills
and CT scores rather than those students who worked in
courses supported with virtual agents. Keren and Fridin
(2014) also highlighted that it was difficult for robotics
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to play active roles in mathematics education without
instructor’s assistance and guidance. Therefore, since the
complicated effects of educational robotics, it is essential
to further investigate the effects of applying educational
robotics in STEM education, to better aid the educators,
researchers and technical developers to integrate the
robotics techniques and STEM education.

Moderator variables that influence the effects

of educational robotics

Since the complexity of educational system, multiple
moderator variables exist when applying educational
robotics in STEM education context. Specifically, robot-
assisted STEM education can be viewed as a complex
system that arises from the interactions between tech-
nologies (i.e., educational robotics), human subjects
(e.g., instructors, students), information (e.g., discipline
knowledge), mediums (e.g., interactive types), and exter-
nal environment (e.g., intervention durations) (Byrne
& Callaghan, 2014; Xu & Ouyang, 2022a). Except the
technology element of educational robotics, the multiple
and complex factors in STEM education (e.g., instructor,
student, medium, information, environment) also play
integral roles in robot-assisted STEM education (Byrne
& Callaghan, 2014; Xu & Ouyang, 2022b). Therefore, to
deeply understand the effects of educational robotics on
STEM education, the holistic principle needs to be taken
into considerations to identify the potential modera-
tor variables, as well as their influences upon the robot-
assisted STEM education.

Recently, researchers have started to consider the
potential factors and elements that might influence
the effects of educational robotics on STEM education
(e.g., Sapounidis & Alimisis, 2020; Woo et al., 2021).
For example, Sapounidis and Alimisis (2020) high-
lighted some important educational considerations that
might influence the application effects, such as the role
of age, student collaboration, and teacher instruction.
Woo et al. (2021) also proposed some technical and
procedural problems that might affect the implementa-
tion of educational robotics in classroom, including the
length of deployment, the autonomy of robotic action,
and the interactive type. However, these existing works
mainly discussed the potential factors that might influ-
ence robot-assisted STEM education from the theoreti-
cal level, without enough empirical evidence to reveal
the specific effects of these moderator variables. Hence,
how these complicated moderator variables influence the
application of educational robotics in STEM education
is still unknown. Therefore, it is important to holistically
explore the possible moderator variables that influenced
the effect of robot-assisted STEM education.
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Previous and current research

In recent years, various reviews and meta-analyses have
been conducted to explore the application of robotics
in the field of education. For example, Atman Uslu et al.
(2019) conducted a systematic review to examine the
application of educational robotics. The results clarified
that educational robotics had potentials to promote stu-
dents’ higher-order thinking skills, social skills, learning
performances, and affective characteristics. Wang et al.
(2023) conducted a meta-analysis and revealed a mod-
erate and positive effect (g=0.57) of educational robot-
ics on students’ learning outcomes. Talan (2021) used
a meta-analysis approach to investigate the effects of
educational robotic applications on students’ academic
achievement. However, the results showed that the effect
size was at a low level (g=0.385).

Furthermore, some reviews and meta-analyses started
to focus on the applications of educational robotics
in specific STEM education contexts. Specifically, we
located three prior studies that focused on robot-assisted
STEM education, including two systematic reviews
(Karim et al., 2015; Zhong & Xia, 2020) and one meta-
analysis (Sapounidis et al., 2023). Karim et al. (2015)
reviewed the research of robot-based mathematics and
physics learning and found that educational robotics con-
tributed to reshape K-12 STEM education. Zhong and
Xia (2020) revealed that educational robotics generally
played active roles in mathematics education in a system-
atic review. Additionally, Sapounidis et al. (2023) used
systematic review and meta-analysis methods to inves-
tigate the integration of educational robotics and STEM
education in primary school. The findings showed that
educational robotics have positive effects on students’
knowledge (g=0.528), skills (g=0.600), and attitudes
(g=0.287). However, this research had a limitation that it
only examined the effect sizes of using educational robot-
ics on primary school students’ STEM learning and did
not examine the influences of possible moderator vari-
ables in robot-assisted STEM education.

Overall, existing literature reviews and meta-analyses
about educational robotics in STEM education mainly
focused on one of the disciplines (e.g., mathematics,
physics) or educational levels (e.g., primary school). In
addition, although previous results preliminary revealed
the positive effects of educational robotics, the effect
sizes varied (e.g., minor effect size, moderate effect size).
Moreover, previous meta-analyses did not holistically
examine the moderator variables that might influence
the effects of educational robotics on STEM education.
Therefore, although prior research contributed to the
understanding of educational robotics, there is still a lack
of meta-analysis to examine the effects of educational
robotics in STEM education context holistically.
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To fill these gaps, the main purpose of this research
is to examine the effects of educational robotics in the
STEM education context, in order to guide educators,
instructors, researchers, and technical developers for
future practice and research in robot-assisted STEM
education. Specifically, we conducted a multilevel meta-
analysis to gain a comprehensive understanding of the
application effect of educational robotics in STEM edu-
cation as well as the moderator variables that might influ-
ence the application effects. Specifically, three research
questions (RQs) were proposed:

RQI1: What is the overall effect size of using educa-
tional robotics in STEM education?

RQ2: What are the average effect sizes of educa-
tional robotics on students’ learning performance,
learning attitudes and computational thinking (CT)
in STEM education?

RQ3: What are the moderator variables of robot-
assisted STEM education and how these variables
influence the effects of using robotics in STEM edu-
cation?

Methods

In order to explore the application effects of educational
robotics in STEM education, we conducted a meta-anal-
ysis from 2010 to 2022, following the Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses
(PRISMA) principles (Moher et al., 2009).

Study searching and screening

Searching strategy

To locate the empirical studies of robot-assisted STEM
education, several major publisher databases were
selected: Web of Science, Taylor & Francis, Scopus,
IEEE, Wiley, and ACM (Guan et al., 2020). Filters were
used to the empirical research and peer-reviewed articles
in the field of education and educational research from
January 2010 to December 2022. Additionally, snowball-
ing approach, was also utilized (Wohlin, 2014) to find
the articles that were not extracted in database search
through citation checking. At the stage of snowballing,
Google Scholar was used to manually searching specific
articles based on their titles.

Identification of search keywords

The searching strategies were prosed according to the
specific requirements of bibliographic databases. To
locate the research that applied educational robotics in
STEM education, three types of keywords were used as
the search terms of article titles in each database, includ-
ing keywords related to robotics, STEM disciplines,



Ouyang and Xu International Journal of STEM Education (2024) 11:7

and educational context. Specifically, the following
search keywords were used: (“robot*”) AND (“STEM”
OR “technology” OR “math*” OR “science” OR “phys-
ics” OR “engineering” OR “chemistry” OR “biology” OR
“programming” OR “geography”) AND (“learning” OR
“education” OR “teaching” OR “class” OR “course” OR
“school” OR “student” OR “grade”).

Eligibility criteria

The eligibility criteria were proposed to screen the
empirical studies that focused on the applications of
educational robotics in STEM education. Based on the
research objectives and questions of the current meta-
analysis, the following inclusion criteria were adopted:
(1) the research should be in the field of STEM education
with the support of educational robotics; (2) the research
should be an experimental or quasi-experimental design
with experimental and control groups; (3) the research
should report outcomes related to STEM learning (i.e.,
learning performance, learning attitude, CT); (4) the
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research should report sufficient data for effect-size cal-
culations (e.g., sample sizes, means, standard deviations,
or t, F values); (5) the research should ensure homoge-
neity between experimental and control groups through
either the pretests or the randomized controlled trials;
(6) the research should be published in English; (7) the
research should be full-text available.

Searching and screening procedure
The screening process involved the following procedures:
(1) removing the duplicates; (2) screening the articles
through titles and abstracts based on the eligibility crite-
ria; (3) reading the full texts to further screen the articles
based on the eligibility criteria; (4) utilizing the snow-
balling to further locate the articles; and (5) including
the final filtered articles in meta-analysis. In addition, all
articles were stored and screened through the Mendeley
software (see Fig. 1).

Specifically, a total of 758 studies were located as the
result of the first round of database searching (n="741)

Records identified through
database searching

IEEE = 125, Wiley =9, and
ACM =19)

Identification

(0= 741, WOS = 410, Taylor Records identiﬁgd through
& Francis =9, Scopus = 169, szl
(n=17)

l

Records after duplicates removed (n = 563)

Studies excluded in terms of research
field (not educational research) (n =

l

362), topic (not about robot education

Screening

Title and abstract screened
and 483 irrelevant studies removed

and STEM education) (n = 67),
,| language (not English) (n = 5),
research type (not empirical research)

A 4

(n = 34) and the possibility of retrieve
(no full-text available) (n = 15).

Studies excluded in terms of no
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Full-text articles assessed for eligibility (n = 80) >

comparison conditions (n = 47), no
STEM learning outcomes (n = 15),
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and no relevant data about effect size
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Studies included in meta-analysis (n = 21)
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Fig. 1 The selection flowchart used based on PRISMA (Moher et al., 2009)
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and subsequent snowballing through Google Scholar
(n=17). There was a total of 563 studies after the dupli-
cates were removed. Then, through reviewing the
research titles and abstracts, 483 studies were removed
based on the eligibility criteria. The selected studies were
examined by the first author to determine whether they
were suitable for the purpose of this systematic review.
Another researcher was invited to independently review
approximately 30% of the articles to confirm the reliabil-
ity and an inter-rater agreement of 93% was achieved.
After that, the full text of articles was reviewed by the
first author to verify if the studies met all the criteria for
inclusion in this meta-analysis. Finally, a total of 21 stud-
ies were included for the meta-analysis (see Fig. 1).

Data extraction and coding

To address the research questions, a coding scheme was
proposed to search for and identify comparable features
and moderator variables of robot-assisted STEM educa-
tion among the included studies. First, we coded the basic
information of each study, including the article’s title,
the author names, and the publication year. Second, we
coded the main content of each study, including the sam-
ple sizes, outcome variables (i.e., learning performance,
learning attitude and CT) and moderator variables that
might influence the effects of robot-assisted STEM edu-
cation. Specifically, the outcome variable of learning per-
formance included students’ academic achievements,
learning task performance, conceptual knowledge gains
in STEM learning. The outcome variable of learning atti-
tude included students’ learning motivation, interest, and
perception in STEM learning.

Eight types of moderator variables were coded accord-
ing to previous research (Byrne & Callaghan, 2014; Lee
& Lee, 2022; Zhang et al,, 2021): (1) discipline (i.e., sci-
ence, technology, engineering, mathematics, cross-
disciplinary); (2) educational level (i.e., kindergarten,
primary school, middle school, high school, higher
education); (3) instructor support (i.e., support, no sup-
port); (4) instructional strategy (i.e., problem-based
learning, project-based learning, game-based learn-
ing, lecturing); (5) interactive type (i.e., one-to-one, in
groups); (6) intervention duration (i.e,<1 day,>1 day
and<1 month,>1 month); (7) robotic type (i.e., pro-
gramming robot, social robot); and (8) control group
condition (i.e., traditional instruction, other technology).

Two raters completed the coding procedure of the 21
included articles. First, 50% of articles were coded by two
coders independently to calculate coding reliability. The
Krippendorft’s (2004) alpha reliability of all the coding
results was 0.84 among two raters at this phase. Second,
after the reliability was ensured, the other articles were
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coded independently by two raters. Two raters discussed
together to reach a consensus when there were conflict-
ing coding results.

Statistical analysis approaches

Effect size calculation

In meta-analysis, Cohen’s d is usually used to calculate
the effect sizes (Cohen, 1988). However, Cohen’s d may
result in bias and overestimates the effect sizes in small-
scale studies (Hedges, 1981). To compensate for the vul-
nerability of Cohen’s d, Hedges’ g (also known as Cohen’s
unbiased d) is used to calculate effect sizes in meta-anal-
ysis with respect to small sample sizes, such as sample
sizes that are smaller than 50 (Hedges & Olkin, 1985).
Therefore, Hedges’ g was selected to measure the mean
weighted effect sizes in this study (see Eq. 1). The quan-
tifiable results of all the effect sizes were calculated and
converted into the scale-free effect sizes. The 95% con-
fidence interval (CI) for Hedges’ g was used to examine
the significant differences. According to Cohen’s criterion
of Hedges’ g, 0.2 indicates a minor effect, 0.5 indicates a
moderate effect, and 0.8 indicates a large effect (Cohen,
1988). The Comprehensive Meta-Analysis (CMA) soft-
ware (Borenstein et al., 2013) was used to calculate the
individual effect sizes of the included studies.

Hedges/sg =] * (MEXp_ MControl/SDPooled)) (1)

where J=1—3/ (4 df — 1), df=ng,, + nconpro— 2-

Multilevel meta-analysis
After calculating the individual effect size, this study
examined the average effect sizes of educational robotics
on students’ learning performance, learning attitude and
CT in STEM education. Moreover, the overall effect size
of all the outcome variables was also calculated. Seven
studies in our dataset reported more than one outcome
variable or one sample size (i.e., Berland & Wilensky,
2015; Brown & Howard, 2014; Kurniawan et al., 2018;
Mohamed et al., 2021; Nugent et al., 2014; Rodriguez
Corral et al., 2016; Sdez-Lépez et al., 2019). We decided
to calculate them as different effect sizes separately.
Therefore, we detected 30 effect sizes from 21 studies.
Due to the nested structure of the data in the meta-
analysis, we applied a multilevel meta-analysis approach
to deal with the dependency of effect sizes (Houben et al.,
2015; Spruit et al., 2020). Compared to the traditional
meta-analysis model, the multilevel meta-analysis model
is developed to handle the hierarchical structure of data
and avoid “double-counting” studies in the meta-analy-
sis (Van den Noortgate et al., 2013). This approach can
adjust the variance within each study according to the
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number of reported effect sizes, while maintaining the
separation between moderators.

Specifically, a three-level meta-analysis model was used
to calculate the average effects sizes of educational robot-
ics on students’ STEM learning (Cheung, 2014). In the
three-level meta-analysis model, the sampling variance
for the observed effect sizes was set as Level 1, the vari-
ance between effect sizes within the same study was set
as Level 2, and the variance between the studies was set
as Level 3. The method of restricted maximum likelihood
(REML) was used to estimate the variances in the model
(Hox, 2010). Moreover, a log-likelihood-ratio test was
conducted to compare the deviance of the full model to
the deviance of the models excluding one of the variance
parameters, which helped us determine whether signifi-
cant variance exists at Level 2 and 3 (Assink & Wibbe-
link, 2016). R package metafor was used to conduct the
multilevel meta-analysis (Viechtbauer & Viechtbauer,
2015).

To further detect associations between different mod-
erator variables and effect sizes, the moderator analysis
was further performed (Bloch, 2014). All the moderator
variables were categorical moderators in this meta-anal-
ysis. Multivariate models were used to conduct the mod-
erator analysis, where all the subgroups of moderator
variables were inputted to examine the moderate effects
on robot-assisted STEM education (Spruit et al., 2016).
Moderator analysis was only performed in case each cat-
egory of the potential moderator variables was filled with
at least three effect sizes (Spruit et al., 2016, 2020). There-
fore, the moderator variable categories without enough
effect sizes were not included in the moderator analysis
(i.e., engineering in discipline, kindergarten in educa-
tional level). Furthermore, omnibus tests were used to
test the statistical significance of moderator effects. Fur-
thermore, separate effect sizes were conducted for each
subgroup as ad hoc analyses for understanding the influ-
ence of each moderator variable.

Publication bias

Since studies with positive findings were more likely to be
published, we checked if there was any publication bias
in this meta-analysis (Franco et al,, 2014; Thornton &
Lee, 2000). Funnel plot, Egger’s test (Bowden et al., 2015)
and Rosenthal’s Fail-safe N test (Orwin, 1983) were used
together to detect publication bias. First, the funnel plot
is a qualitative and visual method to evaluate the possi-
ble publication bias. If the amount of effect of each study
does not distribute in the funnel plot symmetrically, it
indicates the publication bias might exist (Moher et al.,
2009). Second, the Egger’s test is a statistical method used
to plot the effect size estimates against their standard
errors (Bowden et al., 2015). Third, Fail-safe N estimates
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the number of unpublished studies as 5 k+10 (k is the
number of effect sizes retrieved) and the greater the Fail-
safe N value is, the smaller the publication bias is (Rosen-
berg, 2007).

Results

The overall effect size of using educational robotics

on STEM learning

The meta-analysis consisted of 21 robot-assisted STEM
education studies with 30 effect sizes, which included a
total of 2433 participants. The Hedges’ g of each effect
size was calculated (see Table 1). Furthermore, a three-
level meta-analysis model was used to calculate the over-
all effect size of educational robotics on STEM learning
(see Table 2). The results of multilevel meta-analysis
showed a mean effect size of 0.488 (SE=0.19; p<0.05;
95% CI was 0.094—-0.882). The results showed that edu-
cational robotics had significantly positive and moderate
effects on STEM education, compared to the instructions
without the application of educational robotics.

In the three-level meta-analysis model, the result of
the Cochran’s Q value was 92.839 (p<0.001) and the I2
value was 71.13%. The results indicated that there was a
high heterogeneity among the included studies (Higgins
et al., 2003; Sedgwick, 2015). Specifically, the I? of Level 2
was 37.52%, the I? of Level 3 was 33.61%, which revealed
that there was a significant variation of effect sizes within
unique studies (Level 2) and between unique studies
(Level 3). Therefore, the use of multilevel meta-analysis
was necessary in this research. In addition, the likelihood
ratio test comparing models with and without between-
study variance showed that the significant variance was
presented at the between-study level (0% |, 3=0.31,
SE=0.55, p<0.001). The variance between the effect
sizes within studies was also significant (0% | o, ,=0.34,
SE=0.58, p<0.001).

The average effect sizes of using robotics on students’
learning performances, learning attitudes and CT

To further explore the effects of educational robotics on
varied learning aspects, this research examined the aver-
age effect sizes of specific outcome variables, including
students’ learning performances, learning attitudes (i.e.,
learning perception and learning interest), and CT skills.
First, 14 effect sizes from 12 included studies (N=1082)
reported students’ learning performances in the robot-
assisted STEM education. The multilevel modeling analy-
sis found a mean effect size of 0.665 (SE=0.18; p<0.01;
95% CI was 0.275-1.054), which indicated that educa-
tional robotics had a moderate-to-large effect on improv-
ing students’ learning performances in STEM education
(see Table 2). Second, 12 effect sizes from 10 included
studies (N=900) reported students’ learning attitudes in
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Table 1 The outcome variables, measurements, sample sizes, and effect sizes of the included studies
Study Outcome variable Measurement Sample size Hedges'g
EG cG
Berland and Wilensky (2015) [1] cT Computational thinking test score 34 44 — 3.463**
Berland and Wilensky (2015) [2] Learning performance Conceptual knowledge test score 34 44 -0422
Brown and Howard (2014) [1] Learning performance Learning test completion time 12 12 1.050*
Brown and Howard (2014) [2] Learning performance Learning test completion time 10 10 0.365
Brown and Howard (2014) [3] Learning attitude Learning attitude questionnaire 12 12 -0534
Brown and Howard (2014) [4] Learning attitude Learning attitude questionnaire 10 10 1.082*
Constantinou and loannou (2018) cT Computational thinking test score 16 16 1.214%*
Ferrarelli and locchi (2021) Learning performance Conceptual knowledge test score 29 32 1.193*
loannou and Angeli (2016) cT Computational thinking test score 127 113 0.401**
Julia and Antoli, (2016) Learning performance Learning task test score 9 12 0.110
Kim and Lee, (2016) Learning attitude Learning attitude questionnaire 26 14 0.984**
Kurniawan et al,, (2018) [1] Learning performance Conceptual knowledge test score 25 23 0.344
Kurniawan et al., (2018) [2] Learning attitude Learning interest questionnaire 25 23 1.766%*
La Paglia et al, (2017) Learning attitude Learning attitude questionnaire 30 30 0.276
Leonard et al., (2016) Learning attitude Learning attitude questionnaire 20 29 0.657*
Merino-Armero et al., (2018) Learning attitude Learning motivation questionnaire 27 26 0.505
Mohamed et al,, (2021) [1] Learning performance Learning gain test score 12 10 1.480%*
Mohamed et al., (2021) [2] Learning performance Learning gain test score 8 8 1.200*
Nugent et al,, (2014) [1] Learning attitude Learning attitude questionnaire 147 141 0.221
Nugent et al,, (2014) [2] Learning performance Conceptual knowledge test score 147 141 0.434%*
Ortizetal, (2017) Learning performance Conceptual knowledge test score 33 27 1.627%*
Ponce et al, (2022) Learning performance Learning task test score 12 42 0.598
Rodriguez Corral et al,, (2016) [1] Learning attitude Learning perception questionnaire 15 15 1.693**
Rodriguez Corral et al,, (2016) [2] Learning performance Conceptual knowledge test score 15 15 1.269%*
Sédez-Lopez et al,, (2019) [1] Learning performance Conceptual knowledge test score 93 36 0.845%*
Sadez-Lopez et al, (2019) [2] Learning performance Conceptual knowledge test score 93 36 0.063
Shihetal, (2013) Learning performance Conceptual knowledge test score 53 49 0.275
Verner et al,, (2016) Learning attitude Learning attitude questionnaire 71 118 — 1.085%*
Welch and Huffman (2011) Learning attitude Learning attitude questionnaire 58 41 0.605**
Yang et al, (2022) cT Computational thinking questionnaire 54 47 0.103
1257 1176
Total: 30 effect sizes (k=30) N=2433

EG: experimental group, CG: control group; *p <0.05, **p <0.01

Table 2 Mean effect sizes of educational robotics on STEM learning

Effect size n k N g SE 95% Cl Variance components
02 Level 3 02 Level 2
Overall effects combined 21 30 2433 0.488 0.19 [0.094-0.882] 031 034
(0.55) (0.58)
Learning performance 12 14 1082 0.665 0.18 [0.275-1.054] 0.05 0.07
(0.23) (0.26)
Learning attitude 10 12 900 0.497 0.24 [0.023-1.017] 0.00 040
(0.00) (0.63)
cT 4 4 451 0.079 0.10 [-0.119-0.277] - -

n: number of studies, k: number of effect sizes, N: number of participants; Level 3: between studies, Level 2: within studies
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the robot-assisted STEM education. The multilevel mod-
eling analysis found a mean effect size of 0.497 (SE=0.24;
»<0.05; 95% CI was 0.023-1.017), which indicated that
educational robotics had a moderate effect on influ-
encing students’ learning attitudes in STEM education
(see Table 2). Third, 4 effect sizes from 4 included stud-
ies (N=451) reported students’ CT skills in the robot-
assisted STEM education. Since no hierarchical structure
of data existed, the random effect model was used to
calculate the mean effect size. The random effect model
analysis found a mean effect size of 0.079 (SE=0.101;
p=0.434; 95% CI was — 0.119-0.277), which indicated
that educational robotics had a minor and insignificant
effect on students’ CT in STEM education (see Table 2).

Moderator analysis

The moderator variables of 30 effect sizes were coded
from the 21 included studies (see Table 3). Furthermore,
the multilevel analyses were conducted to examine the
moderator effects of educational robotics on students’
STEM learning (see Table 4). Specifically, among all the
moderator variables, discipline was significantly associ-
ated with variability in robot-assisted STEM learning
effects (F(3, 25)=3.9205, p<0.05). However, educational
level, instructor support, instructional strategy, interac-
tive type, intervention duration, robotic type and control
group condition were insignificantly associated to the
students’ learning effects (p > 0.05).

Discipline

Regarding the discipline, most of the studies were con-
ducted in the discipline of technology (k=10), followed
by cross-disciplines (i.e., more than one discipline)
(k=8), mathematics (k=6), science (k=5), and engineer-
ing (k=1). The category of engineering was not included
in the moderator analysis, because it included less than 3
effect sizes. Significant difference was detected between
the weighted effect sizes of different disciplines (F(3,
25)=3.9205, p<0.05), which indicated that discipline
significantly moderated the effects of educational robot-
ics on STEM learning. Specifically, technology discipline
had a large effect on robot-assisted STEM education
(g=0.947, p<0.01), while the cross-disciplinary courses
had a nearly moderate effect on robot-assisted STEM
education (g=0.414, p<0.05). In addition, small effect
sizes were found in the mathematics discipline and the
effect size was not statistically significant (mathemat-
ics: g=0.376, p=0.204). In addition, science discipline
had a negative and insignificant effect size (g=— 0.613,
p=0.488). Therefore, the applications of educational
robotics had larger effect sizes in technology discipline
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and cross-disciplinary, and smaller effect sizes in science
and mathematics disciplines.

Educational level

Regarding the educational level, most of the studies were
conducted in primary school (k=9), followed by middle
school (k=38), higher education (k=38), high school (k=4)
and kindergarten (k=1). The category of kindergarten
was not included in the moderator analysis, because it
included less than 3 effect sizes. No significant differ-
ence was detected between the weighted effect sizes of
different educational levels (F(3, 25)=2.5690, p>0.05),
indicating that the effects of educational robotics on
STEM education had no difference across educational
levels. Specifically, the effect size of educational robot-
ics on STEM education was at the large level for stu-
dents in higher education (g=1.052, p<0.01) and at the
moderate level for students in primary school (g=0.518,
p<0.05). In addition, the effect size of high school was at
the large level without statistical significance (g=0.824,
p=0.061). However, educational robotics had a negative
and insignificant effect size for students in middle school
(g=-0.189, p=0.729).

Instructor support

Regarding the instructor support, among the included
studies, instructors supported students in robot-assisted
STEM education in most of the cases (k=19), and
they sometimes did not provide support to students
(k=11). No significant difference was detected between
the weighted effect sizes of instructor supports (F(1,
28)=0.1951, p>0.05), which indicated that the effects of
educational robotics on STEM education had no differ-
ence across instructor supports. Specifically, the effect
size of educational robotics on STEM education was
significantly larger in the instructor-supported cases
(g=0.546, p<0.05) than the cases where the instruc-
tors did not provide supports to students (g=0.312,
p=0.351).

Instructional strategy

Regarding the instructional strategy, most of the stud-
ies were conducted through the problem-based learning
mode (k=13), followed by the project-based learning
mode (k=8), lecturing (k=6), and game-based learning
(k=3). No significant difference was detected between
the weighted effect sizes of different instructional strat-
egies (F(3, 26)=0.5636, p>0.05). This result indicated
that the effects of educational robotics on STEM edu-
cation had no difference across instructional strategies.
Specifically, the game-based learning had a significantly
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Table 3 The moderator variables of the included studies
Study Moderator variables

Discipline Educational Instructor Instructional Interactivetype Intervention Robotic type CG condition

level support strategy duration

Berland and Wilensky S MS S PbBL One-to-one > 1 day PR or
(2015) [1] and <1 month
Berland and Wilensky S MS S PbBL One-to-one > 1 day PR or
(2015) [2] and <1 month
Brown and Howard, M HE NS L One-to-one <1day SR Tl
(2014) [1]
Brown and Howard M HS NS L One-to-one <1day SR Tl
(2014) [2]
Brown and Howard M HE NS L One-to-one <1day SR il
(2014) [3]
Brown and Howard M HS NS L One-to-one <1day SR Tl
(2014) [4]
Constantinou T MS S PbBL In groups >1 month PR Tl
and loannou (2018)
Ferrarelli and locchi S HS S PjBL In groups >1 month PR Tl
(2021)
loannou and Angeli T MS S PbBL In groups >1 month PR or
(2016)
Julia and Antolf 2016) M PS S PjBL In groups >1 month PR Tl
Kim and Lee (2016) T HE S PbBL In groups >1 month PR Tl
Kurniawan et al,, T HE S PbBL One-to-one >1 day PR or
(2018) [1] and <1 month
Kurniawan et al,, T HE S PbBL One-to-one > 1 day PR or
(2018) [2] and <1 month
LaPagliaetal, (2017) M PS NS PjBL In groups >1 month PR Tl
Leonard et al, (2016)  DC MS S GBL One-to-one >1 month PR oT
Merino-Armero etal,  DC PS S PbBL In groups > 1 day PR Tl
(2018) and < 1 month
Mohamed et al., T PS NS GBL One-to-one <1day PR Tl
(2021) [1]
Mohamed et al,, T PS NS GBL One-to-one <1day PR il
(2021) [2]
Nugentetal, (2014)  DC MS NS PjBL In groups > 1 day PR Tl
(1 and <1 month
Nugentetal, (2014)  DC MS NS PjBL In groups > 1 day PR il
[2] and<1 month
Ortizetal, (2017) E HE S PjBL In groups >1 month PR 1l
Ponce et al, (2022) CcD PS S L In groups NA SR il
Rodriguez Corral etal, T HE S PbBL One-to-one >1 month PR Tl
(2016) [1]
Rodriguez Corral etal, T HE S PbBL One-to-one >1 month PR Tl
(2016) [2]
Séez-Lopezetal, D PS S PbBL NA >1 month PR Tl
(2019) [1]
Séez-Lopezetal, cD PS S PbBL NA >1 month PR il
(2019) [2]
Shihetal, (2013) CcD PS S PjBL In groups >1 month PR Tl
Verner et al,, (2016) S MS NS L In groups <1day SR il
Welch and Huffman S HS NS PjBL In groups >1 month PR 1l
(2011)
Yang et al,, (2022) T K S PbBL In groups >1 month PR or

Discipline: S: science, T: technology, E: engineering, M: mathematics, CD: cross-disciplinary; educational level: K: kindergarten, PS: primary school, MS: middle school,
HS: high school; HE: higher education; instructor support: S: support, NS: no support; instructional strategy: PbBL: problem-based learning, PjBL: project-based

learning, GBL: game-based learning, L: lecturing; robotic type: PR: programming robot, SR: social robot; control group condition: TI: traditional instruction, OT: other
technology; NA: not reported in the study
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Table 4 The overall results of moderator analysis
Moderator variables n k N g 95% Cl p SE F(df1, df2) 0% levels O Level2
a. Discipline F(3,25)=3.9205*  0.000 0429
al.Science 4 427 -0613 [-2845,1618] 0.488 0.804
a2.Technology 7 10 617 0.947** [0.463,1.431] 0.002 0214
a3. Mathematics 3 6 237 0.376 [-0.285,1.038] 0.204 0.257
a4. Cross-disciplinary 6 8 1092 0.414*  [0.032,0.780] 0.032 0.155
b. Educational level F(3, 25)=2.5690 0.144 0378
b1. Primary school 7 9 586 0.518* [0.108,0.928] 0.020 0.178
b2. Middle school 6 8 1164 -0189  [-14251.048] 0729 0523
b3. High school 3 4 200 0.824 [-0.070,1.718] 0.061 0.281
b4. Higher education 5 8 304 1.052** [0.394,1.711] 0.007 0.279
¢. Instructor support F(1,28)=0.1951 0.345 0336
c1. Support 15 19 1383 0.546*  [0.002, 1.095] 0.049 0.261
c2. No support 6 11 1050 0312 [-0.398,1.022] 0.351 0.319
d. Instructional strategy F(3,26)=0.5636 0.000 0.398
d1. Problem-based learning 9 13 1036 0440  [-0401,1280] 0277 0386
d2. Project-based learning 7 8 979 0.555*  [0.135,0.975] 0017 0178
d3. Game-based learning 2 3 87 1.029%** [0.475, 1.583] 0.000 0.080
d4. Lecturing 3 6 331 0025 [-1344,1395] 0964 0533
e. Interactive type F(1,26)=0.0027 0.376 0.382
el.One-to-one 6 13 487 0523 [-0614,1.661] 0336 0522
e2.In groups 14 15 1688 0.455*  [0.071,0.840] 0.024 0.179
f. Intervention duration F(2,26)=1.2442 0.365 0.305
f1.<1day 3 7 314 0263  [-14752001] 0724 0710
f2.>1day and <1 month 4 7 881 —0.040 [-1.733,1.653] 0.955 0.692
f3.>1 month 13 15 205 0.672%** [0.376,0.967] 0000  0.138
g. Robotic type F(1,28)=0.9438 0337 0311
g1. Programming robot 18 24 2102 0.569*  [0.135, 1.004] 0.013 0.210
g2. Social robot 3 6 331 0025 [-1344,1395] 0964 0533
h. Control group condition F(1,28)=2.2099 0.240 0373
h1.Traditional instruction 16 23 1466 0.614** [0.252,0.976] 0.002  0.175
h2. Other technology 5 7 642 -0.026 [-1.588,1.537] 0.970 0.639

n: number of studies, k: number of effect sizes, N: number of participants; Level 3: between studies, Level 2: within studies; *p <0.05, **p <0.01, ***p <0.001

large-level effect size (g=1.029, p<0.001) on robot-
assisted STEM learning. The project-based learning
had a significantly moderate-level effect size (g=0.555,
p<0.05). However, both the problem-based learning
and lecturing had insignificant effect sizes (problem-
based learning: g=0.440, p=0.277; lecturing: g=0.025,
p=0.964).

Interactive type

Regarding the interactive type, most of the included
studies reported student’s interactive types with robot-
ics (k=28). Among the 28 effect sizes, the interactive
type between students and robotics was one-to-one
in 13 effect sizes and the interactive type was within

groups in other 15 effect sizes. No significant differ-
ence was detected between the weighted effect sizes of
different interactive types (F(1, 26)=0.0027, p >0.05),
which indicated that the effects of educational robotics
on STEM education had no difference across interac-
tive types. The effect size of robotics on STEM edu-
cation was at the moderate level for students who
interacted with robotics in groups (g=0.455, p <0.05).
No significant effect size was identified in the one-to-
one interactive type (g=0.523, p=0.336).

Intervention duration
Regarding the intervention duration, included stud-
ies were mostly conducted in the duration length of
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“>1 month” (k=15), followed by “<1 day” (k=7), and
“>1 day and <1 month” (k=7). No significant difference
was detected between the weighted effect sizes of differ-
ent intervention durations (F(2, 26)=1.2442, p>0.05),
which indicated that the effects of educational robot-
ics on STEM education had no difference across inter-
vention durations. Specifically, the duration length of
“>1 month” (g=0.672, p<0.001) had the largest effect
size on robot-assisted STEM learning. No significant
effect sizes were identified in the duration length of
“<1day” (g=0.263, p="724), and “>1 day and <1 month”
(g=—0.040, p=0.955).

Robotic type

Regarding the robotic type, programming robots (i.e.,
robotics that specifically designed as learning tools for
students to design and operate them with program-
ming languages) were mostly used in the include studies
(k=24), while social robots were rarely used (k=6). No
significant difference was detected between the weighted
effect sizes of different robotic types (F(1, 28)=0.9438,
p>0.05), which indicated that the effects of educational
robotics on STEM education had no difference across
robotic types. Specifically, the effect size of programming
robot on STEM education was identified at the moder-
ate level (g=0.569, p <0.05), while the effect size of social
robot was small and insignificant (g=0.025, p=0.964).

Control group condition

Regarding the control group condition, the control group
condition was reported as the traditional instruction
without educational robotics in 23 effect sizes. The other
7 effect sizes reported that they used other technologies
(e.g., virtual agent) in control groups. No significant dif-
ference was detected between the weighted effect sizes
of different control group conditions (F(1, 28)=2.2099,
p>0.05). This result indicated that the effects of educa-
tional robotics on STEM education had no difference
across control group conditions. Specifically, the effect
size of educational robotics on STEM education was
at the moderate level when the control group condi-
tion was the traditional instruction (g=0.614, p<0.01).
The effect size was negative and insignificant when the
control group condition was set as other technologies
(g=-0.026, p=0.970).

Publication bias

To check for the publication bias, a funnel plot was firstly
used to visually present the distribution of effect sizes in
this meta-analysis. In the funnel plot, the distribution
of the effect sizes was not in a perfectly symmetric pat-
tern around the summary effect, which indicated that the
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publication bias may exist. Therefore, the quantitative
statistical approaches (i.e., Egger’s test, fail-safe N) were
further used to test the possible publication bias. First, a
non-significant p-value (p=0.0964) was examined in the
Egger’s test for a regression intercept, which indicated
there was no evidence of publication bias in this meta-
analysis. Second, the fail-safe N=530 (k=30), suggested
that 530 studies should be added to the meta-analysis
before the cumulative size effect would become statisti-
cally insignificant. Overall, the results implied that pub-
lication bias to some extent existed in our data, but there
was no indication of a strong bias.

Discussion and implications

Addressing the research questions

Although educational robotics have attracted wide atten-
tion recently, there is a lack of literature review work to
holistically examine the effects of robot-assisted STEM
education. To gain a comprehensive understanding of the
integration of educational robotics and STEM education,
this research conducted a multilevel meta-analysis to
examine the application effects of educational robotics in
STEM education as well as the influence of relevant mod-
erator variables. Specifically, to address the first research
question, we included 21 robot-assisted STEM educa-
tion studies with 30 effect sizes to examine the overall
effect size of educational robotics on STEM education
through a multilevel approach. A moderate-level and
positive effect (g=0.488) of educational robotics on stu-
dents’ STEM learning was shown in the current research.
Furthermore, to address the second research question,
we also examined the effects of educational robotics on
students’ learning performance, learning attitude and
computational thinking in STEM education. Specifically,
educational robotics both had moderate impacts on stu-
dents’ learning performances (g=0.665) and learning
attitudes (g=0.497) in STEM education. In addition, this
meta-analysis found that the robot-assisted STEM edu-
cation could not significantly improve students’ CT.

To address the third research question, we fur-
ther used multilevel analyses to explore the potential
moderator variables (i.e., discipline, educational level,
instructor support, instructional strategy, interac-
tive type, intervention duration, robotic type, control
group condition) in the robot-assisted STEM educa-
tion as well as their moderator effects. Among all the
moderator variables, only discipline was found to be
significantly associated with robot-assisted STEM
learning effects. Specifically, the applications of edu-
cational robotics were more effective in technology
discipline and cross-disciplinary, and less effective in
science and mathematics disciplines. Furthermore,
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first, we found that the educational level of higher
education was more suitable to apply educational
robotic techniques than other educational levels. Sec-
ond, robot-assisted STEM education had more posi-
tive effects when instructors provided supports to
students, compared to the absence of instructors.
Third, educational robotics had relatively greater
effects on STEM learning when combining with game-
based learning and project-based learning than other
instructional strategies. Fourth, students’ group-level
interaction resulted in better learning outcomes than
one-to-one interaction when applying educational
robotics in STEM education. Fifth, among all the inter-
vention durations (i.e., from <1 day to>1 month), the
best intervention duration for robot-assisted STEM
education was more than one month. Sixth, the results
found that the use of programming robotics had more
positive effects than social robotics in STEM educa-
tion. Finally, compared to using other technologies,
the effect size of using educational robotics in STEM
learning was larger when the control group condition
was set as the traditional instruction without techno-
logical supports.

Consistent with the findings of previous meta-anal-
yses (e.g., Sapounidis et al., 2023; Wang et al., 2023),
the current research also revealed the positive applica-
tion effects of educational robotics. However, the over-
all effect size of educational robotics in this research is
at a moderate level (g=0.488), which is different when
comparing to prior studies. The different scopes of
previous meta-analyses might cause this discrepancy.
For example, Wang et al. (2023) mainly focused on
the effects of educational robotics in the whole edu-
cational context rather than specific STEM education
context (g=0.57), while Sapounidis et al. (2023) merely
focused on the effects of educational robotics on pri-
mary school students’ STEM learning (g=0.428).
In addition, from an analytical perspective, the cur-
rent study used a multilevel meta-analysis approach
to calculate the combined effect sizes and conduct
the moderator analysis. Hence, compared to previous
meta-analyses that mainly used traditional approaches
(e.g., fixed effect model, random effect model), the
analytical procedure in this study might better deal
with the hierarchical structure of data and avoid
“double-counting” studies (Van Den Noortgate et al,
2013). To sum up, the current research used a multi-
level meta-analysis approach to expand the findings of
previous meta-analyses in the field of robot-assisted
STEM education (e.g., Sapounidis et al., 2023; Talan,
2021; Wang et al., 2023), which guided the following
educational and technological implications.
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Educational implications

From an educational perspective, the emergence of edu-
cational robotics might influence other educational ele-
ments (e.g., instructor, student) in STEM education, to
finally affect the instructional and learning process and
performance. First, regarding the effects of educational
robotics, our findings showed that students benefited
from robot-assisted STEM education, which mainly pro-
moted their learning performances and attitudes. Con-
firming previous studies’ findings (e.g., Atman Uslu et al.,
2022; Karim et al., 2015; Zhong & Xia, 2020), we yielded
reliable and accurate inferences to indicate that educa-
tional robotics had great potential to reshape STEM edu-
cation. However, inconsistent with previous research that
highlighted the role of educational robotic in promot-
ing students’ CT (Sapounidis et al., 2023; Zhang et al,,
2021), we found the insignificant effects of educational
robotics on students’ CT. Since there are few empirical
studies investigating the effects of educational robot-
ics on students’ CT during STEM learning, the current
meta-analysis only included 4 related research to calcu-
late the average effect size. Therefore, future research is
supposed to further examine how educational robotics
influence students’ CT in STEM education. In addition,
CT is a higher-order thinking associated with problem-
solving ability, logical skill and creativity (Li et al., 2020;
Wing, 2006), which may cannot be enhanced merely
through using educational robotics. Hence, the robot-
assisted STEM education is supposed to be combined
with ill-structured problems and tasks, to allow students
to solve problems and develop CT during the learning
processes (Wang et al., 2022; Xu et al., 2022). Support-
ing this viewpoint, we found that project-based learning
and game-based learning had more positive effects on
robot-assisted STEM education than traditional lecturing
mode. Therefore, when educational robotics are applied
in STEM education, the instructional process should also
shift from the instructor-directed to student-centered
learning (Xu & Ouyang, 2022b). Instead of directly con-
veying knowledge, instructors should utilize educational
robotics to facilitate students’ learning experience and
work as facilitators to provide guidance and support stu-
dents. Furthermore, although previous research claimed
that robotics could free human beings from redundant
work or even replace them in the field of education
(DeCanio, 2016), our findings indicated that instructor’s
involvement was important and irreplaceable in robot-
assisted STEM education. In addition, the findings of
our moderator analysis showed a more positive result
for technology discipline than other disciplines. Hence,
when applying educational robotics in STEM education
contexts, educators and instructors should pay attention
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to the connection between robotic curriculum and spe-
cific STEM disciplines, such as science, mathematics, and
engineering (Zhang et al., 2021). For example, in a sci-
ence course, learning activities may focus on using robot-
ics to explore scientific concepts, such as the principles
of motion and energy. In a mathematics course, program-
ming robotics can be operated to solve mathematical
problems, such as measuring angles or calculating dis-
tances. Overall, although educational robotics can bring
opportunities to promote the quality of STEM education
(Chalmers, 2018; Chin et al., 2014; Okita, 2014), we can-
not overstate the role of technology and overlook the role
of pedagogy (Selwyn, 2016). Pedagogy should remain the
foundation of STEM education, while the emerging tech-
nologies, such as educational robotics, are supposed to
act as supplements to enhance students’ learning expe-
rience (Friedman & Deek, 2003). Therefore, to reach the
goal of high-quality STEM learning, future robot-assisted
STEM education should also focus on instructor involve-
ment and pedagogical design to create student-centered
learning experience.

Technological implications

From a technological perspective, since educational
robotic is an emerging technique in STEM education,
future development requires a better fit between robotic
technologies and STEM education contexts. First, com-
pared to computer programming robot, social robot was
less applied in STEM education context, and had lower-
level impact on students’ STEM learning. To explain this
finding, programming robots mainly focus on the pro-
gramming training and operation (Calinon, 2009), while
social robots are usually designed to convey knowledge
or answer students’ questions, and more likely to be used
in language education and special education (Belpaeme
et al., 2018). However, instead of programming robots,
previous studies have revealed that social robots had the
potential to enhance students’ learning interest and expe-
rience in STEM education though human-robot com-
munication and interaction (e.g., Shiomi et al., 2015; Yang
et al, 2018). Therefore, future design and development
of social robots can focus on STEM-related disciplines
and learning contexts. Moreover, advanced artificial
intelligence (AI) techniques can be also added into the
robotic designs, enabling robotics to adapt to the needs
and abilities of students and provide adaptive feedbacks
and supports (Chu et al., 2022; Ouyang et al., 2023). Sec-
ond, in this research, we found that educational robotics
were more effective in high school and higher educa-
tion than other education levels (e.g., primary school,
middle school). Due to the complex functions of educa-
tional robotics, most of the educational robotics might be
more suitable for older students (e.g., students in higher
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education) than younger students (e.g., students in pri-
mary school). Therefore, more advanced techniques,
such as 3D printing and virtual reality, can be inte-
grated with the design of educational robotics, to help
younger students easily understand knowledge during
STEM learning (Belpaeme et al., 2018; Zapata-Caceres &
Martin-Barroso, 2021; Zhang et al., 2021). Considering
younger students’ cognitive load during robot-assisted
STEM learning, the ease of use is also one of the essential
points during the design process of educational robotics
(Law, 2019; Xu & Ouyang, 2022b). Third, regarding the
interactive types with educational robotics, we found
that group-level interaction performed better than one-
to-one interaction. Based on the social, cultural, and
situated perspectives of learning (Vygotsky, 1978), stu-
dents’ collaboration during robot-assisted learning might
help them emerge collective intelligence and generate
high-quality learning outcomes (Ouyang et al, 2023).
However, in this research, we found that most of the edu-
cational robotics were individual-oriented, that did not
support multiple students to work, operate or interact
at the same time (e.g., Ferrarelli & Iocchi, 2021; Ioannou
& Angeli, 2016). Hence, collaboration-oriented educa-
tional robotics are suggested to be developed as a future
direction of robot-assisted STEM education, in order to
empower students’ collaboration during interacting with
robotics. For example, future educational robotics can
consist of collaboration-oriented features such as shared
control of robotics, collaborative data analysis, and group
decision-making algorithms.

Conclusions, limitations, and future directions

The application of educational robotics in STEM edu-
cation, as an emerging trend, has attracted wide atten-
tion in the field of education. Previous review works
contributed to the understanding of educational robot-
ics, but few of them focused on the STEM education
contexts. In addition, although multiple research has
revealed the benefits of educational robotics in STEM
education, the ineffectiveness or negative effects in
robot-assisted STEM education were also reported
in some cases. Therefore, to gain a comprehensive
understanding of the application effect of educa-
tional robotics in STEM education, we conducted a
meta-analysis to holistically examine the effects of
robot-assisted STEM education as well as the mod-
erator variables that might influence the application
effects. Specifically, we used a multilevel meta-analysis
approach to examine (a) the overall effect sizes of edu-
cational robotics on students’” STEM learning; (b) the
average effect sizes of using educational robotics on
students’ learning performance, learning attitude, and
computational thinking in STEM education; and (c)
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the possible moderator variables as well as their influ-
ence on robot-assisted STEM education. Based on our
findings, we proposed educational and technological
implications for future practice and development of
robot-assisted STEM education.

Three limitations existed in the current research,
which led to future research directions. First, we
located articles from the best-known scholar databases
with the keywords relevant to robot-assisted STEM
education. However, since it is an interdisciplinary and
technology-dependent field, some articles that only
highlighted the technology rather than the STEM edu-
cation context might be missed during the searching
process. In addition, the unpublished articles might be
ignored in the current research, which might inflate
the total effect size (but under control in the publica-
tion bias). Therefore, future review works can further
adjust the searching criteria to avoid this problem. Sec-
ond, due to the criteria of meta-analysis, this research
excluded the quantitative studies that involved non-
experimental/quasi-experimental designs as well as
qualitative studies. However, these studies may also
consist of valuable information for us to understand
the effects of robot-assisted STEM education. Hence,
although meta-analysis can provide powerful evidence
for summarizing and synthesizing the effects of edu-
cational robotics on STEM education, future review
works can use it in conjunction with other methods
(e.g., systematic review). Third, we mainly focused
on students’ learning performance, learning attitude,
and computational thinking during the robot-assisted
STEM education; the effects of educational robotics
on other cognitive abilities and higher-order thinking
(e.g., spatial ability, reasoning ability, creativity) can be
investigated in future meta-analysis. To sum up, the
potentials and challenges of educational robotics for
enhancing STEM education were revealed in this meta-
analysis, to guide instructors, educational practitioners,
policymakers, and technical developers in promoting
the development of future STEM education.

Acknowledgements
Not applicable.

Author contributions

FO: conceptualization of the research, manuscript writing and revision and
supervision of the research. WX: manuscript data collection and analysis,
manuscript writing.

Funding

This work was supported by National Natural Science Foundation of China
(62177041); Zhejiang Province educational science and planning research
project (2022SCG256); and Zhejiang University graduate education research
project (20220310).

Data availability
The data are available upon request from the corresponding author.

Page 150f 18

Declarations

Competing interests
The authors declare that they have no competing interests.

Received: 13 September 2023 Accepted: 23 January 2024
Published online: 01 February 2024

References

* Reviewed articles

Anwar, S., Bascou, N. A, Menekse, M., & Kardgar, A. (2019). A systematic review
of studies on educational robotics. Journal of Pre-College Engineering
Education Research, 9(2), 1-10. https://doi.org/10.7771/2157-9288.1223

Assink, M., & Wibbelink, C. J. (2016). Fitting three-level meta-analytic models in
R: A step-by-step tutorial. The Quantitative Methods for Psychology, 12,
154-174. https://doi.org/10.20982/tqgmp.12.3.p154

Atman Uslu, N, Yavuz, G. O, & Kogak Usluel, Y. (2022). A systematic review study
on educational robotics and robots. Interactive Learning Environments,
31(9), 5874-5898. https://doi.org/10.1080/10494820.2021.2023890

Augello, A, Daniela, L, Gentile, M,, Ifenthaler, D., & Pilato, G. (2020). Robot-
assisted learning and education. Frontiers in Robotics and Al, 7, 591319.
https://doi.org/10.3389/frobt.2020.591319

Batdi, V, Talan, T,, & Semerci, C. (2019). Meta-analytic and meta-thematic analy-
sis of STEM education. International Journal of Education in Mathematics,
Science and Technology, 7(4), 382-399. https://ijemst.net/index.php/
ijemst/article/view/803

Belpaeme, T, Kennedy, J,, Ramachandran, A, Scassellati, B, & Tanaka, F. (2018).
Social robots for education: A review. Science Robotics, 3(21), eaat5954.
https://doi.org/10.1126/scirobotics.aat5954

*Berland, M., & Wilensky, U. (2015). Comparing virtual and physical robotics
environments for supporting complex systems and computational
thinking. Journal of Science Education and Technology, 24(5), 628-647.
https://doi.org/10.1007/5S10956-015-9552-X/METRICS

Bers, M. U. (2021). Coding, robotics and socio-emotional learning: Develop-
ing a palette of virtues. Pixel-Bit Revista De Medios y Educacion, 62(62),
309-322. https://doi.org/10.12795/pixelbit.90537

Bloch, M. H. (2014). Meta-analysis and moderator analysis: Can the field
develop further? Journal of the American Academy of Child and Adoles-
cent Psychiatry, 53(2), 135-137. https;//doi.org/10.1016/j.jaac.2013.12.
001

Borenstein, M., Hedges, L., Higgins, J., & Rothstein, H. (2013). Comprehensive
meta-analysis version 3 [Computer software]. Biostat

Bowden, J,, Davey Smith, G., & Burgess, S. (2015). Mendelian randomization
with invalid instruments: Effect estimation and bias detection through
Egger regression. International Journal of Epidemiology, 44(2), 512-525.
https://doi.org/10.1093/ije/dyv080

*Brown, L. N, & Howard, A. M. (2014). The positive effects of verbal encour-
agement in mathematics education using a social robot. In 2014 IEEE
integrated STEM education conference (pp. 1-5). IEEE.

Byrne, D., & Callaghan, G. (2014). Complexity theory and the social sciences.
Routledge.

Calinon, S. (2009). Robot programming by demonstration. EPFL Press.

Chalmers, C. (2018). Robotics and computational thinking in primary school.
International Journal of Child-Computer Interaction, 17,93-100. https://
doi.org/10.1016/}.ijcci.2018.06.005

Chen, G, Shen, J,, Barth-Cohen, L., Jiang, S, Huang, X., & Eltoukhy, M. (2017).
Assessing elementary students’computational thinking in everyday
reasoning and robotics programming. Computers & Education, 109,
162-175. https://doi.org/10.1016/j.compedu.2017.03.001

Cheung, M. W. L. 2014). Modeling dependent effect sizes with three-level
meta-analyses: A structural equation modeling approach. Psychological
Methods, 19, 211. https://doi.org/10.1037/a0032968

Chin, K.Y, Hong, Z.W.,, & Chen, Y. L. (2014). Impact of using an educational
robot-based learning system on students’ motivation in elementary


https://doi.org/10.7771/2157-9288.1223
https://doi.org/10.20982/tqmp.12.3.p154
https://doi.org/10.1080/10494820.2021.2023890
https://doi.org/10.3389/frobt.2020.591319
https://ijemst.net/index.php/ijemst/article/view/803
https://ijemst.net/index.php/ijemst/article/view/803
https://doi.org/10.1126/scirobotics.aat5954
https://doi.org/10.1007/S10956-015-9552-X/METRICS
https://doi.org/10.12795/pixelbit.90537
https://doi.org/10.1016/j.jaac.2013.12.001
https://doi.org/10.1016/j.jaac.2013.12.001
https://doi.org/10.1093/ije/dyv080
https://doi.org/10.1016/j.ijcci.2018.06.005
https://doi.org/10.1016/j.ijcci.2018.06.005
https://doi.org/10.1016/j.compedu.2017.03.001
https://doi.org/10.1037/a0032968

Ouyang and Xu International Journal of STEM Education (2024) 11:7

education. [EEE Transactions on Learning Technologies, 7(4), 333-345.
https://doi.org/10.1109/TLT.2014.2346756

Chu, S.T, Hwang, G. J,, &Tu, Y. F. (2022). Artificial intelligence-based robots
in education: A systematic review of selected SSCI publications. Com-
puters and Education Artificial Intelligence. https://doi.org/10.1016/j.
caeai.2022.100091

Cohen, J. D. (1988). Statistical power analysis for the behavioral sciences.
Lawrence Erlbaum Associates.

*Constantinou, V., & loannou, A. (2018). Development of computational
thinking skills through educational robotics. In EC-TEL Practitioner
proceedings (pp. 1-11). Springer. https://CEUR-WS.org/Vol-2193/
paper9.pdf

DeCanio, S. J. (2016). Robots and humans—complements or substitutes?
Journal of Macroeconomics, 49, 280-291. https://doi.org/10.1016/].
jmacro.2016.08.003

Eguchi, A. (2014). Educational robotics for promoting 21st century skills.
Journal of Automation Mobile Robotics and Intelligent Systems, 8(1),
5-11. https://doi.org/10.14313/JAMRIS_1-2014/1

Evripidou, S., Georgiou, K., Doitsidis, L., Amanatiadis, A. A, Zinonos, Z., &
Chatzichristofis, S. A. (2020). Educational robotics: Platforms, com-
petitions and expected learning outcomes. [EEE Access, 8, 219534—
219562. https://doi.org/10.1109/ACCESS.2020.3042555

*Ferrarelli, P, & locchi, L. (2021). Learning newtonian physics through pro-
gramming robot experiments. Technology, Knowledge and Learning,
26(4), 789-824. https://doi.org/10.1007/510758-021-09508-3/FIGUR
ES/21

Franco, A, Malhotra, N., & Simonovits, G. (2014). Publication bias in the social
sciences: Unlocking the file drawer. Science, 345(6203), 1502-1505.
https://doi.org/10.1126/science.1255484

Friedman, R. S., & Deek, F. P. (2003). Innovation and education in the digital age:
Reconciling the roles of pedagogy, technology, and the business of
learning. IEEE Transactions on Engineering Management, 50(4), 403-412.
https://doi.org/10.1109/TEM.2003.819650

Gomoll, A, Hmelo-Silver, C. E, Sabanovi¢, S., & Francisco, M. (2016). Dragons,
ladybugs, and softballs: Girls' STEM engagement with human-centered
robotics. Journal of Science Education and Technology, 25(6), 899-914.
https://doi.org/10.1007/510956-016-9647-z

Gomoll, A. S, Hmelo-Silver, C. E, Tolar, E., Sabanovi¢, S., & Francisco, M. (2017).
Moving apart and coming together: Discourse, engagement, and deep
learning. Educational Technology & Society, 20(4), 219-232.

Guan, C, Mou, J, &Jiang, Z. (2020). Artificial intelligence innovation in educa-
tion: A twenty-year data-driven historical analysis. International Journal
of Innovation Studies, 4(4), 134-147. https://doi.org/10.1016/j.ijis.2020.
09.001

Hedges, L. V. (1981). Distribution theory for Glass's estimator of effect size
and related estimators. Journal of Educational Statistics, 6(2), 107-128.
https://doi.org/10.3102/10769986006002107

Hedges, L.V, & Olkin, I. (1985). Statistical methods for meta-analysis. Academic
press.

Higgins, J. P.T, Thompson, S. G., Deeks, J. J, & Altman, D. G. (2003). Measuring
inconsistency in meta-analyses. BMJ, 327(7414), 557-560. https://doi.
0rg/10.1136/bmj.327.7414.557

Houben, M., Van Den Noortgate, W., & Kuppens, P. (2015). The relation between
short-term emotion dynamics and psychological well-being: A meta-
analysis. Psychological Bulletin, 141, 901-930. https://doi.org/10.1037/
20038822

Hox, J. J, Moerbeek, M., & van de Schoot, R. (2010). Multilevel analysis: Tech-
niques and applications. Routledge.

loannou, A, & Makridou, E. (2018). Exploring the potentials of educational
robotics in the development of computational thinking: A summary
of current research and practical proposal for future work. Education
and Information Technologies, 23, 2531-2544. https://doi.org/10.1007/
$10639-018-9729-z

*loannou, I, & Angeli, C. (2016). A framework and an instructional design
model for the development of students’'computational and algorithmic
thinking. In MCIS 2016 Proceedings (pp. 1-7). AIS. https://aisel.aisnet.org/
mcis2016/19

Jaipal-Jamani, K, & Angeli, C. (2017). Effect of robotics on elementary preser-
vice teachers'self-efficacy, science learning, and computational think-
ing. Journal of Science Education and Technology, 26(2), 175-192. https://
doi.org/10.1007/510956-016-9663-z

Page 16 of 18

*Julia, C, & Antoli, J. O. (2016). Spatial ability learning through educational
robotics. International Journal of Technology and Design Education, 26(2),
185-203. https://doi.org/10.1007/510798-015-9307-2

Karim, M. E, Lemaignan, S., & Mondada, F. (2015). A review: Can robots reshape
K-12 STEM education? In 2015 IEEE international workshop on Advanced
robotics and its social impacts (ARSO) (pp. 1-8). IEEE.

Kazu, .Y, & Kurtoglu Yalcin, C. (2021). The effect of STEM education on
academic performance: A meta-analysis study. Turkish Online Journal of
Educational Technology-TOJET, 20(4), 101-116.

Keren, G., & Fridin, M. (2014). Kindergarten Social Assistive Robot (KindSAR)
for children’s geometric thinking and metacognitive development in
preschool education: A pilot study. Computers in Human Behavior, 35,
400-412. https://doi.org/10.1016/j.chb.2014.03.009

Kim, C., Kim, D,, Yuan, J,, Hill, R. B, Doshi, P, & Thai, C. N. (2015). Robotics to pro-
mote elementary education pre-service teachers' STEM engagement,
learning, and teaching. Computers & Education, 91, 14-31. https://doi.
0rg/10.1016/j.compedu.2015.08.005

*Kim, S., & Lee, Y. (2016). The effect of robot programming education on
attitudes towards robots. Indian Journal of Science and Technology, 9(24),
1-11. https://doi.org/10.17485/1JST/2016/V9124/96104

Krippendorff, K. (2004). Reliability in content analysis: Some common mis-
conceptions and recommendations. Human Communication Research,
30(3), 411-433. https://doi.org/10.1093/hcr/30.3.411

*Kurniawan, O, Lee, N.T. S, Datta, S., Sockalingam, N,, & Leong, P. K. (2018).
Effectiveness of physical robot versus robot simulator in teaching
introductory programming. In Proceedings of 2018 IEEE international
conference on teaching, assessment, and learning for engineering (pp.
486-493). IEEE. https://doi.org/10.1109/TALE.2018.8615190

*La Paglia, F, La Cascia, C, Francomano, M. M., & La Barbera, D. (2017). Edu-
cational robotics to improve mathematical and metacognitive skills.
Annual Review of Cyber Therapy and Telemedicine, 15(14), 70-75. https://
api.semanticscholar.org/Corpus|D:201407442

Lee, H., & Lee, J. H. (2022). The effects of robot-assisted language learning: A
meta-analysis. Educational Research Review, 35, 100425. https://doi.org/
10.1016/j.edurev.2021.100425

*Leonard, J, Buss, A, Gamboa, R, Mitchell, M., Fashola, O. S., Hubert, T, &
Almughyirah, S. (2016). Using robotics and game design to enhance
children’s self-efficacy, STEM attitudes, and computational thinking
skills. Journal of Science Education and Technology, 25(6), 860-876.
https://doi.org/10.1007/510956-016-9628-2/METRICS

Li, Y, Schoenfeld, A. H., diSessa, A. A, Graesser, A. C, Benson, L. C,, English, L. D.,
& Duschl, R. A. (2020). Computational thinking is more about thinking
than computing. Journal for STEM Education Research, 3, 1-18. https://
doi.org/10.1007/541979-020-00030-2

*Merino-Armero, J. M., Gonzalez-Calero, J. A, Cozar-Gutiérrez, R, & Villena-Tara-
nilla, R. (2018). Computational thinking initiation: An experience with
robots in primary education. Journal of Research in Science, Mathematics
and Technology Education, 1(2), 181-206. https://doi.org/10.31756/
JRSMTE.124

Mitnik, R, Nussbaum, M., & Recabarren, M. (2009). Developing cognition with
collaborative robotic activities. Journal of Educational Technology &
Society, 12(4),317.

*Mohamed, K, Dorgham, Y., & Sharaf, N. (2021). Kodockly: Using a tangible
robotic kit for teaching programming. In B. Csap¢ & J. Uhomoibhi (Eds.),
International conference proceeding on computer supported education
(CSEDU) (pp. 137-147). Springer Nature. https://doi.org/10.5220/00104

46401370147

Moher, D, Liberati, A, Tetzlaff, J.,, Altman, D. G., Prisma Group. (2009). Preferred
reporting items for systematic reviews and meta-analyses: the PRISMA
statement. PLoS Medicine, 6(7), e1000097. https://doi.org/10.1371/journ
alpmed.1000097.t001

Mubin, O, Stevens, C. J, Shahid, S., Al Mahmud, A, & Dong, J. J. (2013). A review
of the applicability of robots in education. Journal of Technology in

Education and Learning, 1(209-0015), 1-7. https://doi.org/10.2316/Journ
al.209.2013.1.209-0015

Mustafa, N., Ismail, Z,, Tasir, Z., & Mohamad Said, M. N. H. (2016). A meta-analysis
on effective strategies for integrated STEM education. Advanced Science
Letters, 22(12), 4225-4228. https://doi.org/10.1166/as1.2016.8111

*Nugent, G, Barker, B, Grandgenett, N., & Adamchuk, V. 1. (2014). Impact of
robotics and geospatial technology interventions on youth STEM


https://doi.org/10.1109/TLT.2014.2346756
https://doi.org/10.1016/j.caeai.2022.100091
https://doi.org/10.1016/j.caeai.2022.100091
https://CEUR-WS.org/Vol-2193/paper9.pdf
https://CEUR-WS.org/Vol-2193/paper9.pdf
https://doi.org/10.1016/j.jmacro.2016.08.003
https://doi.org/10.1016/j.jmacro.2016.08.003
https://doi.org/10.14313/JAMRIS_1-2014/1
https://doi.org/10.1109/ACCESS.2020.3042555
https://doi.org/10.1007/S10758-021-09508-3/FIGURES/21
https://doi.org/10.1007/S10758-021-09508-3/FIGURES/21
https://doi.org/10.1126/science.1255484
https://doi.org/10.1109/TEM.2003.819650
https://doi.org/10.1007/s10956-016-9647-z
https://doi.org/10.1016/j.ijis.2020.09.001
https://doi.org/10.1016/j.ijis.2020.09.001
https://doi.org/10.3102/10769986006002107
https://doi.org/10.1136/bmj.327.7414.557
https://doi.org/10.1136/bmj.327.7414.557
https://doi.org/10.1037/a0038822
https://doi.org/10.1037/a0038822
https://doi.org/10.1007/s10639-018-9729-z
https://doi.org/10.1007/s10639-018-9729-z
https://aisel.aisnet.org/mcis2016/19
https://aisel.aisnet.org/mcis2016/19
https://doi.org/10.1007/s10956-016-9663-z
https://doi.org/10.1007/s10956-016-9663-z
https://doi.org/10.1007/s10798-015-9307-2
https://doi.org/10.1016/j.chb.2014.03.009
https://doi.org/10.1016/j.compedu.2015.08.005
https://doi.org/10.1016/j.compedu.2015.08.005
https://doi.org/10.17485/IJST/2016/V9I24/96104
https://doi.org/10.1093/hcr/30.3.411
https://doi.org/10.1109/TALE.2018.8615190
https://api.semanticscholar.org/CorpusID:201407442
https://api.semanticscholar.org/CorpusID:201407442
https://doi.org/10.1016/j.edurev.2021.100425
https://doi.org/10.1016/j.edurev.2021.100425
https://doi.org/10.1007/S10956-016-9628-2/METRICS
https://doi.org/10.1007/s41979-020-00030-2
https://doi.org/10.1007/s41979-020-00030-2
https://doi.org/10.31756/JRSMTE.124
https://doi.org/10.31756/JRSMTE.124
https://doi.org/10.5220/0010446401370147
https://doi.org/10.5220/0010446401370147
https://doi.org/10.1371/journal.pmed.1000097.t001
https://doi.org/10.1371/journal.pmed.1000097.t001
https://doi.org/10.2316/Journal.209.2013.1.209-0015
https://doi.org/10.2316/Journal.209.2013.1.209-0015
https://doi.org/10.1166/asl.2016.8111

Ouyang and Xu International Journal of STEM Education (2024) 11:7

learning and attitudes. Journal of Research on Technology in Education,
42(4),391-408. https://doi.org/10.1080/15391523.2010.10782557

Okita, S.Y. (2014). The relative merits of transparency: Investigating situations
that support the use of robotics in developing student learning adapt-
ability across virtual and physical computing platforms. British Journal
of Educational Technology, 45(5), 844-862. https://doi.org/10.1111/bjet.
12101

*QOrtiz, O. O, Franco, J. A. P, Garau, P. M. A, & Martin, R. H. (2017). Innova-
tive mobile robot method: Improving the learning of programming
languages in engineering degrees. IEEE Transactions on Education, 60(2),
143-148. https://doi.org/10.1109/TE.2016.2608779

Orwin, R. G. (1983). A fail-safe N for effect size in meta-analysis. Journal of
Educational Statistics, 8(2), 157-159. https://doi.org/10.3102/10769
986008002157

Ouyang, F, Dinh, A. T, & Xu, W. (2023). A systematic review of Al-driven
educational assessment in STEM education. Journal for STEM Education
Research, 6,408-426. https://doi.org/10.1007/541979-023-00112-x

Ouyang, F, & Jiao, P. (2021). Artificial intelligence in education: The three para-
digms. Computers and Education: Artificial Intelligence, 2, 100020. https://
doi.org/10.1016/j.caeai.2021.100020

*Ponce, P, Lopez-Orozco, C. F, Reyes, G. E. B, Lopez-Caudana, E., Parra, N. M,

& Molina, A. (2022). Use of robotic platforms as a tool to support STEM
and physical education in developed countries: A descriptive analysis.
Sensors, 22(3), 1037. https://doi.org/10.3390/522031037

Relkin, E,, de Ruiter, L. E,, & Bers, M. U. (2021). Learning to code and the acquisi-
tion of computational thinking by young children. Computers & Educa-
tion, 169, 104222. https://doi.org/10.1016/j.compedu.2021.104222

*Rodriguez Corral, J. M., Morgado Estévez, A, Cabrera Molina, D., Pérez-Pena, F,
Amaya Rodriguez, C. A, & Civit Balcells, A. (2016). Application of robot
programming to the teaching of object-oriented computer languages.
International Journal of Engineering Education, 32(4), 1823-1832. https://
doi.org/10.17616/R3TNINEG

Rosenberg, M. S. (2007). The file-drawer problem revisited: A general weighted
method for calculating fail-safe numbers in meta-analysis. Evolution,
59(2), 464-468. https://doi.org/10.1111/}.0014-3820.2005.tb01004.x

*Sadez-Lopez, J. M, Sevillano-Garcia, M. L, & Vazquez-Cano, E. (2019). The effect
of programming on primary school students'mathematical and scien-
tific understanding: Educational use of mBot. Educational Technology
Research and Development, 67(6), 1405-1425. https://doi.org/10.1007/
$11423-019-09648-5/METRICS

Sapounidis, T, & Alimisis, D. (2020). Educational robotics for STEM: A review
of technologies and some educational considerations. In Science and
mathematics education for 21st century citizens: Challenges and ways
forward (pp. 167-190). Nova Science Publishers.

Sapounidis, T, Tselegkaridis, S., & Stamovlasis, D. (2023). Educational robotics
and STEM in primary education: a review and a meta-analysis. Journal of
Research on Technology in Education. https://doi.org/10.1080/15391523.
2022.2160394

Saritepeci, M., & Durak, H. (2017). Analyzing the effect of block and robotic
coding activities on computational thinking in programming educa-
tion. In I. Koleva & G. Duman (Eds.), Educational research and practice
(pp. 490-501). St. Kliment Ohridski University Press.

Sedgwick, P. (2015). Meta-analyses: What is heterogeneity? BMJ. https://doi.
0rg/10.1136/bmjh1435

Selwyn, N. (2016). Is technology good for education? Polity Press.

*Shih, B.Y, Chen, T. H.,, Wang, S. M., & Chen, C.Y. (2013). The exploration of
applying lego nxt in the situated science and technology learning.
Journal of Baltic Science Education, 12(1), 73-91. https://doi.org/10.
31763/ijrcs.v2i1.508

Shiomi, M., Kanda, T, Howley, I, Hayashi, K., & Hagita, N. (2015). Can a social
robot stimulate science curiosity in classrooms? International Journal of
Social Robotics, 7,641-652. https://doi.org/10.1007/512369-015-0303-1

Sophokleous, A., Christodoulou, P, Doitsidis, L., & Chatzichristofis, S. A. (2021).
Computer vision meets educational robotics. Electronics, 10(6), 730.
https://doi.org/10.3390/electronics10060730

Spruit, A, Assink, M., van Vugt, E. S, van der Put, C. E, & Stams, G. J. J. M. (2016).
The effects of physical activity interventions on psychosocial outcomes
in adolescents: A meta-analytic review. Clinical Psychology Review, 45,
56-71. https://doi.org/10.1016/j.cpr.2016.03.006

Spruit, A, Goos, L, Weenink, N., Rodenburg, R, Niemeyer, H,, Stams, G. J,, &
Colonnesi, C. (2020). The relation between attachment and depression

Page 17 of 18

in children and adolescents: A multilevel meta-analysis. Clinical Child
and Family Psychology Review, 23, 54-69. https://doi.org/10.1007/
$10567-019-00299-9

Talan, T. (2021). The effect of educational robotic applications on academic
achievement: A meta-analysis study. International Journal of Technology
in Education and Science, 5(4), 512-526. https://doi.org/10.46328/ijtes.
242

Thornton, A, & Lee, P. (2000). Publication bias in meta-analysis: Its causes and
consequences. Journal of Clinical Epidemiology, 53(2), 207-216. https://
doi.org/10.1016/50895-4356(99)00161-4

Tlili, A., Lin, V., Chen, N. S, & Huang, R. (2020). A systematic review on robot-
assisted special education from the activity theory perspective. Educa-
tional Technology & Society, 23(3), 95-109.

Van den Berghe, R, Verhagen, J,, Oudgenoeg-Paz, O, Van der Ven, S, & Lese-
man, P. (2019). Social robots for language learning: A review. Review of
Educational Research, 89(2), 259-295. https://doi.org/10.3102/00346
54318821286

Van den Noortgate, W., Lopez-Lopez, J. A, Marin-Martinez, F, & Sanchez-Meca,
J.(2013). Three-level meta-analysis of dependent effect sizes. Behavior
Research Methods, 45, 576-594.

*Verner, I. M., Polishuk, A, & Krayner, N. (2016). Science class with roboThespian:
Using a robot teacher to make science fun and engage students. IEEE
Robotics and Automation Magazine, 23(2), 74-80. https://doi.org/10.
1109/MRA.2016.2515018

Viechtbauer, W, & Viechtbauer, M. W. (2015). Package ‘'metafor’ The Comprehen-
sive R Archive Network. Package ‘metafor’. http://cran.r-project.org/web/
packages/metafor/metafor.pdf.

Viygotsky, L. S. (1978). Mind in society: The development of higher psychological
processes. Harvard University Press.

Wang, C, Shen, J,, & Chao, J. (2022). Integrating computational thinking in
STEM education: A literature review. International Journal of Science
and Mathematics Education, 20(8), 1949-1972. https://doi.org/10.1007/
$10763-021-10227-5

Wang, K, Sang, G.Y, Huang, L. Z, Li, S. H., & Guo, J. W. (2023). The effectiveness
of educational robots in improving learning outcomes: A meta-analysis.
Sustainability, 15(5), 4637. https://doi.org/10.3390/su15054637

Wang, T. M, Tao, Y, & Liu, H. (2018). Current researches and future develop-
ment trend of intelligent robot: A review. International Journal of
Automation and Computing, 15(5), 525-546. https://doi.org/10.1007/
$11633-018-1115-1

*Welch, A, & Huffman, D. (2011). The effect of robotics competitions on
high school students'attitudes toward science. School Science and
Mathematics, 111(8), 416-424. https://doi.org/10.1111/J.1949-8594.
2011.00107.X

Wohlin, C. (2014). Guidelines for snowballing in systematic literature studies
and a replication in software engineering. In Proceedings of the 18th
international conference on evaluation and assessment in software engi-
neering (pp. 1-10). https://doi.org/10.1145/2601248.2601268

Woo, H,, LeTendre, G. K, Pham-Shouse, T, & Xiong, Y. (2021). The use of social
robots in classrooms: A review of field-based studies. Educational
Research Review, 33, 100388. https://doi.org/10.1016/j.edurev.2021.
100388

Xu, W,, Geng, F, & Wang, L. (2022). Relations of computational thinking to rea-
soning ability and creative thinking in young children: Mediating role of
arithmetic fluency. Thinking Skills and Creativity, 44, 101041. https://doi.
0rg/10.1016/j.ts¢.2022.101041

Xu, W,, & Ouyang, F. (2022a). A systematic review of Al role in the educational
system based on a proposed conceptual framework. Education and
Information Technologies, 27, 4195-4223. https://doi.org/10.1007/
$10639-021-10774-y

Xu, W,, & Ouyang, F. (2022b). The application of Al technologies in STEM
education: A systematic review from 2011 to 2021. International
Journal of STEM Education, 9(59), 1-20. https://doi.org/10.1186/
540594-022-00377-5

Yang, G. Z., Dario, P, & Kragic, D. (2018). Social robotics—Trust, learning, and
social interaction. Science Robotics, 3(21), eaau8839. https://doi.org/10.
1126/scirobotics.aau8839

*Yang, W, Ng, D.T.K, & Gao, H. (2022). Robot programming versus block
play in early childhood education: Effects on computational thinking,
sequencing ability, and self-regulation. British Journal of Educational
Technology, 53(6), 1817-1841. https://doi.org/10.1111/BJET.13215


https://doi.org/10.1080/15391523.2010.10782557
https://doi.org/10.1111/bjet.12101
https://doi.org/10.1111/bjet.12101
https://doi.org/10.1109/TE.2016.2608779
https://doi.org/10.3102/10769986008002157
https://doi.org/10.3102/10769986008002157
https://doi.org/10.1007/s41979-023-00112-x
https://doi.org/10.1016/j.caeai.2021.100020
https://doi.org/10.1016/j.caeai.2021.100020
https://doi.org/10.3390/S22031037
https://doi.org/10.1016/j.compedu.2021.104222
https://doi.org/10.17616/R31NJNEG
https://doi.org/10.17616/R31NJNEG
https://doi.org/10.1111/j.0014-3820.2005.tb01004.x
https://doi.org/10.1007/S11423-019-09648-5/METRICS
https://doi.org/10.1007/S11423-019-09648-5/METRICS
https://doi.org/10.1080/15391523.2022.2160394
https://doi.org/10.1080/15391523.2022.2160394
https://doi.org/10.1136/bmj.h1435
https://doi.org/10.1136/bmj.h1435
https://doi.org/10.31763/ijrcs.v2i1.508
https://doi.org/10.31763/ijrcs.v2i1.508
https://doi.org/10.1007/s12369-015-0303-1
https://doi.org/10.3390/electronics10060730
https://doi.org/10.1016/j.cpr.2016.03.006
https://doi.org/10.1007/s10567-019-00299-9
https://doi.org/10.1007/s10567-019-00299-9
https://doi.org/10.46328/ijtes.242
https://doi.org/10.46328/ijtes.242
https://doi.org/10.1016/S0895-4356(99)00161-4
https://doi.org/10.1016/S0895-4356(99)00161-4
https://doi.org/10.3102/0034654318821286
https://doi.org/10.3102/0034654318821286
https://doi.org/10.1109/MRA.2016.2515018
https://doi.org/10.1109/MRA.2016.2515018
http://cran.r-project.org/web/packages/metafor/metafor.pdf
http://cran.r-project.org/web/packages/metafor/metafor.pdf
https://doi.org/10.1007/s10763-021-10227-5
https://doi.org/10.1007/s10763-021-10227-5
https://doi.org/10.3390/su15054637
https://doi.org/10.1007/s11633-018-1115-1
https://doi.org/10.1007/s11633-018-1115-1
https://doi.org/10.1111/J.1949-8594.2011.00107.X
https://doi.org/10.1111/J.1949-8594.2011.00107.X
https://doi.org/10.1145/2601248.2601268
https://doi.org/10.1016/j.edurev.2021.100388
https://doi.org/10.1016/j.edurev.2021.100388
https://doi.org/10.1016/j.tsc.2022.101041
https://doi.org/10.1016/j.tsc.2022.101041
https://doi.org/10.1007/s10639-021-10774-y
https://doi.org/10.1007/s10639-021-10774-y
https://doi.org/10.1186/s40594-022-00377-5
https://doi.org/10.1186/s40594-022-00377-5
https://doi.org/10.1126/scirobotics.aau8839
https://doi.org/10.1126/scirobotics.aau8839
https://doi.org/10.1111/BJET.13215

Ouyang and Xu International Journal of STEM Education (2024) 11:7

Yueh, H. P, & Chiang, F. K. (2020). Al and robotics in reshaping the dynamics
of learning. British Journal of Educational Technology, 51(5), 1804-1807.
https://doi.org/10.1111/bjet.13017

Zapata-Céceres, M., & Martin-Barroso, E. (2021). Applying game learning
analytics to a voluntary video game: Intrinsic motivation, persistence,
and rewards in learning to program at an early age. IEEE Access, 9,
123588-123602. https://doi.org/10.1109/ACCESS.2021.3110475

Zhang, Y. Luo, R, Zhu, Y, &Yin, Y. (2021). Educational robots improve K-12 stu-
dents'computational thinking and STEM attitudes: Systematic review.
Journal of Educational Computing Research, 59(7), 1450-1481. https://
doi.org/10.1177/0735633121994070

Zhong, B, & Xia, L. (2020). A systematic review on exploring the potential of
educational robotics in mathematics education. International Journal of
Science and Mathematics Education, 18, 79-101. https://doi.org/10.1007/
$10763-018-09939-y

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 18 of 18


https://doi.org/10.1111/bjet.13017
https://doi.org/10.1109/ACCESS.2021.3110475
https://doi.org/10.1177/0735633121994070
https://doi.org/10.1177/0735633121994070
https://doi.org/10.1007/s10763-018-09939-y
https://doi.org/10.1007/s10763-018-09939-y

	The effects of educational robotics in STEM education: a multilevel meta-analysis
	Abstract 
	Introduction
	Literature review
	Educational robotics in STEM education
	The effects of educational robotics on STEM education
	Moderator variables that influence the effects of educational robotics
	Previous and current research

	Methods
	Study searching and screening
	Searching strategy
	Identification of search keywords
	Eligibility criteria
	Searching and screening procedure

	Data extraction and coding
	Statistical analysis approaches
	Effect size calculation
	Multilevel meta-analysis
	Publication bias


	Results
	The overall effect size of using educational robotics on STEM learning
	The average effect sizes of using robotics on students’ learning performances, learning attitudes and CT
	Moderator analysis
	Discipline
	Educational level
	Instructor support
	Instructional strategy
	Interactive type
	Intervention duration
	Robotic type
	Control group condition

	Publication bias

	Discussion and implications
	Addressing the research questions
	Educational implications
	Technological implications

	Conclusions, limitations, and future directions
	Acknowledgements
	References


