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collaboration in promoting students’ learning
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literature

Enwei Xu"2™ Xuezhen Feng1, Kewei Ning3, Yuan Wang1'4, Li Zhou' & Huanhuan Li'®

In the intelligent era, technology-supported collaboration has emerged as a vital educational
approach, widely implemented in educational practice. However, the extent to which
technology-supported collaboration enhances students’ learning outcomes remains uncer-
tain. This paper employs meta-analysis methods to quantitatively analyze 48 empirical
articles published over the past decade. The aim is to determine the effectiveness of
technology-supported collaboration in improving students’ learning outcomes and the extent
of its impact. The findings indicate that: (1) Technology-supported collaboration can enhance
student learning outcomes to a certain extent, with an overall effect size at the upper-middle
significant level (ES = 0.71, z=14.36, P<0.01, 95% CI [0.61, 0.801); (2) Regarding learning
outcome dimensions, technology-supported collaboration significantly impacts students'
academic achievement (ES = 0.80, z=11.34, P< 0.01, 95% CI [0.66, 0.94]), while its impact
on learning participation (ES=0.67, Z=6.82, P<0.01, 95% CIl [0.48, 0.87]) and learning
attitude (ES = 0.52, z=5.86, P<0.01, 95% CI [0.35, 0.69]) is moderate; and (3) Group size
(Chi2 =14.07, P<0.05), intervention duration (Chi2=13.83, P<0.01), and subject area
(Chi2 =25.43, P<0.05) all positively influence learning outcomes and are significant mod-
erating factors. Based on these findings, recommendations for future academic research and
teaching practice are provided to better enhance students' learning outcomes within the
context of technology-supported collaboration.
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Introduction

earning involves not only the acquisition of new knowledge

by learners but also the integration into the knowledge

community and the construction of meaning through social
interaction (Chen et al., 2023). Collaboration is considered an
effective learning strategy in socially constructive learning
environments, as it can trigger and resolve cognitive conflicts,
foster high-quality debates, and thereby achieve deeper under-
standing and consensus, significantly enhancing learning effi-
ciency (Luo & Zheng, 2024; Xu et al., 2023). However, without
appropriate technical support, collaborative interactions in
socially constructed learning environments can lead to confusion
and unsatisfactory outcomes for students (Liu et al, 2024).
Although extensive research has highlighted the theoretical ben-
efits of collaborative learning (Sung & Hwang, 2013; Li & Wang,
2022), and technology-supported advancements have clearly
improved the efficiency and quality of group interactions (Sung
et al,, 2017; Chatterjee et al., 2025), there is insufficient research
that connects these improvements directly to measurable learning
outcomes—particularly in the context of technology-supported
collaboration on students’ learning outcomes. In addition, in
terms of theoretical research, many studies focus on the benefits
of collaborative learning in the abstract, without examining how
various technological tools or platforms influence the dimensions
of learning outcomes (e.g., academic achievement, learning atti-
tude, and learning participation). In terms of empirical research,
the existing empirical studies often provide broad insights with-
out reaching a consistent conclusion or even reached contra-
dictory conclusions about whether and to what extent technology
support collaboration can improve or reduce student learning
outcomes (Jiang et al., 2018; Lin, 2020). For example, Liu et al.
(2024) proposed a series of pieces of evidence that collaboration
supported by technology can enhance learners’ participation,
reflection, and dialogue, thereby significantly improving learning
outcomes, and Kuo et al. (2012) found that technology-supported
collaboration enables students to discuss, explain, question, and
reflect on different experiences and ideas in real-life problem
situations and develop their meta-cognitive and learning inno-
vation abilities in the process, thereby improving their learning
attitudes and knowledge achievements. However, some studies
have suggested that technology-supported collaboration does not
improve learning outcomes. For instance, Dan and Dong (2022)
conducted a quasi experimental study on project-based colla-
borative learning activities in the English course “Interaction
Design” at a university in Nanjing, and pointed out that tech-
nology can distract students’ attention during collaboration,
thereby increasing their cognitive burden, and Persky and Pollack
(2010) studied the learning effectiveness of CSCL in university
courses and found that there was no significant difference in
academic achievement between technology-supported collabora-
tive learning and traditional classroom learning. Furthermore,
several studies have shown that just a few aspects of learning
outcomes are positively impacted by technology-supported col-
laboration. For example, Wang et al. (2022) integrated colla-
borative cognitive load theory with intelligent technological
methods to study online collaborative learning processes and
collaborative learning outcomes. They found that technology-
supported collaboration positively impacts interactions among
learners and increases their interest and motivation in learning,
but it does not have a positive effect on their academic
performance.

Therefore, there remains a critical gap in understanding the
specific impact of technology-supported collaboration on student
learning outcomes. This gap is particularly significant because the
integration of technology into collaborative learning environ-
ments is not a panacea. Technology can introduce new
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challenges, such as information overload, disengagement, or
disjointed communication (Liu et al., 2024; Dan & Dong, 2022),
which may undermine the potential benefits of collaboration.
Thus, it is crucial to conduct comprehensive and reliable holistic
research to provide more robust explanations and determine
whether and to what extent technology-supported collaboration
can lead to improved or reduced students’ learning outcomes. Of
course, the impact of technology-supported collaboration on
students’ learning outcomes is just one of the several factors that
affect these learning outcomes; other factors that may affect
research results are variations in the experimental design itself
implemented in various empirical literature (e.g., participants’
cognitive levels, sample size, subject areas, intervention duration,
etc). Considering the factors of the experimental design, this
study explores the factors that appear in the experimental design
as moderating variables and longitudinally compares the impact
of technology-supported collaboration on student learning out-
comes under the influence of these moderating variables to
determine which ones are more significant. By doing so, this
study aims to address the following research questions:

Questionl: What is the overall effect size of technology support
collaboration on students’ learning outcomes, and how does it
affect the three dimensions of learning outcomes (i.e., academic
achievement, learning attitude, and learning participation)?

Question2: Are there significant differences in the impact
effects obtained from the different experimental designs (are the
effect sizes heterogeneous)? If there is heterogeneity in the effect
size, what factors can explain the differences between research
conclusions—that is, how different moderating variables affect
the learning outcomes?

Addressing these research questions will not only advance
theoretical understanding of collaborative learning in technology-
supported environments but also provide practical insights for
educators and instructional designers looking to optimize the use
of technology in fostering meaningful, outcome-driven colla-
boration among students.

Literature review

Technology-supported collaboration. Technology-supported
collaboration is a core research area in computer-supported col-
laborative learning (CSCL). Its central essence is to place learners
at the heart of the learning process, focusing on how technology
can create new learning opportunities, including remote colla-
boration, cross-cultural communication, exploration of persona-
lized learning paths, and enhancing interdependence and
individual responsibility among team members (Xu, 2023; Sung
& Hwang, 2013). Existing literature has made significant con-
tributions to studying technology-supported collaboration by
focusing on two main aspects: the types of supporting technol-
ogies and the evaluation methods for their effectiveness. Li and
Wang (2022) categorized supporting technologies into three types
based on the interaction between technology and learning:
“learning space technology,” “enabling technology,” and “learning
analytics technology.” Ma et al. (2021), based on the types of
technologies used in the collaborative learning process, divided
supporting technologies into five dimensions: “network com-
munication technology,” “dynamic presentation technology,”
“sharing and co-construction technology,” “digital learning plat-
forms,” and “hardware technology”. These studies tend to view
technology as a transformative tool for improving students’
learning outcomes, placing excessive emphasis on its role in the
collaborative learning process. This often overlooks the social
contexts and instructional factors that influence the effectiveness
of collaborative learning, resulting in an oversimplification of the
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complexities involved in the collaborative learning process. On
the other hand, researchers emphasize diverse evaluation per-
spectives, rich evaluation methods, and the involvement of mul-
tiple evaluators when assessing the effectiveness of technology-
supported collaborative learning. Methods such as evaluation
scales, surveys, and interviews are employed to provide a com-
prehensive, objective, and accurate assessment of the effectiveness
of technology-supported collaborative learning for students (Liu,
2024; Jeong et al,, 2019; Fredericks et al., 2016; He et al., 2021).
Among these, learning engagement, as a crucial factor reflecting
students’ learning process, serves as a measure of learning
activities and the degree of student subjectivity, and is an
important indicator for evaluating students’ learning effective-
ness. It encompasses three dimensions: cognitive engagement,
emotional engagement, and behavioral engagement (Xu,2023;
Gong et al, 2018). Academic achievement, as a key factor
reflecting students’ learning outcomes, is one of the most com-
monly used indicators for evaluating learning effectiveness and
can be measured at multiple levels, such as the quality of artifacts,
knowledge tests, research papers, experimental reports, and
problem-solving design schemes (Xu et al., 2023; Li & Wang,
2022). Moreover, experimental design in empirical literature can
also affect the effectiveness of technology-supported collaborative
learning. For instance, differences in participants’ cognitive levels
can affect experimental results. Research has shown that lower-
grade students have a stronger interest in technology-supported
collaboration learning, and their learning outcomes are more
significant (Leng & Lu, 2020). The sample size of collaborative
groups could influence how well students collaborate when
studying using technology tools. Groups with two to four indi-
viduals are most suitable for collaborative learning, and small
groups cannot outperform large groups in terms of interaction
and performance if the size of the group surpasses seven
(Schellens & Valcke, 2006; Xu et al., 2023). Different subject areas
can also affect learners’ acceptance of technology-supported col-
laboration. Students with scientific literacy will actively seek
technology support to carry out collaborative learning to debate
and explain the rationality of problem solving when faced with
challenges or unreasonable structures (Kyndt et al, 2013; Xu
et al,, 2023). The intervention duration of teaching experiments is
positively correlated with learning outcomes (Xu et al., 2023).

The impact of technology-supported collaboration on learning
outcomes. Technology-supported collaboration has been widely
applied in classroom instruction, and several studies have sys-
tematically reviewed and meta-analyzed empirical literature on
the learning effectiveness of technology-supported environments
from various perspectives. Chen et al. (2019) designed a
technology-supported teaching interaction strategy based on an
analysis of classroom teaching interaction, knowledge types,
cognitive goals, and tool support. This strategy includes five types
of teaching interaction strategies: technology-supported ques-
tioning, problem-solving, peer evaluation, discussion, and colla-
borative knowledge construction. However, their research did not
determine the usefulness of technology-supported collaboration
in terms of student learning outcomes, nor did it reveal significant
differences in student learning outcomes between different factors
affecting technology-supported collaboration. Zhou and Deng
(2023) examined the effects of technology-supported teaching
interventions on students’ learning outcomes in programming
instruction by meta-analyzing 37 empirical research articles
published between 2006 and 2022. This study found that
technology-supported teaching interventions have a moderate
and significant positive impact on students’ learning outcomes,
but the technology support in their research was limited to

graphical programming tools and game-based programming tools
in programming instruction and has not been confirmed in non-
programming disciplines. Meanwhile, it is suggested that future
research can focus on a specific teaching model (such as project-
based teaching or collaborative learning) to explore the promo-
tion effect of technology support on students’ learning outcomes.
Ma et al. (2021) explored the effects of CSCL on students’
learning effects in terms of “learning cognition, learning emotion,
and learning process” in STEM education by meta-analyzing 142
relevant experimental and quasi-experimental research published
in international journals from 2009 to 2019. They found that the
application of CSCL in STEM education as a whole helps to
improve students’ learning effects, with the most notable benefit
being cognitive learning effects. After reviewing the literature,
their research proposed a learning effect that includes three
dimensions: “learning cognition, learning emotion, and learning
process,” and summarized five technology support tools including
“communication technology (such as embedded communication,
voice communication, etc.), dynamic presentation technology
(such as simulation technology, virtual games, augmented reality
technology, etc.), sharing and co-construction technology (such
as knowledge forums, resource sharing tools, etc.), learning
platforms (such as intelligent learning systems, integrated learn-
ing environments, etc.), and hardware technology (such as
interactive whiteboards, etc.) from 142 relevant experimental and
quasi-experimental research results. This provides a research
perspective for using CSCL to improve students’ learning effects
in subsequent classroom teaching practice. However, its research
only focuses on the single perspective of STEM and proposes
several strategies for technology support, but it still fails to con-
firm the effect of collaborating with technology support tools on
student learning outcomes.

The above research indicates that although a large body of
literature has studied technology-supported collaboration, there is
ambiguity and inconsistency regarding its impact on student
learning outcomes. Furthermore, there is a lack of empirical data
to explain whether and to what extent technology-supported
collaboration can improve student learning outcomes. This has
led to many teachers being unable to effectively implement
technology-supported collaboration to enhance student learning
outcomes. Therefore, it is crucial to conduct comprehensive and
reliable holistic research to provide more robust explanations and
determine whether and to what extent technology-supported
collaboration can lead to improved or reduced students’ learning
outcomes.

Methods

Meta-analysis is a research method that comprehensively ana-
lyzes the empirical data of multiple independent studies on the
same research topic as a whole and characterizes its impact effect
using the average effect size (ES) of multiple empirical research
data. It can also deeply analyze the influence of moderating
variables involved in the experimental design on the main effect,
providing us with a more comprehensive and in-depth inter-
pretation (Lipsey & Wilson, 2001). Additionally, this method
allows for the identification of gaps in existing research and
provides direction for future studies (Cooper, 2010). This method
is particularly suitable for addressing the research questions
because it allows for the integration of findings from a large
number of studies, providing a more robust and comprehensive
understanding of the relationship between technology-supported
collaboration and learning outcomes. In this study, we find that
the existing empirical studies often provide broad insights with-
out reaching a consistent conclusion or even reached contra-
dictory conclusions about whether and to what extent technology
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Fig. 1 Flowchart showing the selection process for the meta-analysis literature.

support collaboration can improve or reduce student learning
outcomes. Accordingly, this article uses meta-analysis to sys-
tematically quantify relevant empirical literature in international
journals to determine the effectiveness of technology-supported
collaboration in promoting students” learning outcomes, thereby
contributing to academic research and teaching practice.

This study adhered to the rigorous guidelines (such as database
searches, identification, screening, eligibility, merging, duplicate
removal, and analysis of included studies) of Cooper’s (2010)
proposed meta-analysis approach for analyzing quantitative data
from several independent studies. Using Rev-Man 5.4, a meta-
analysis was conducted on pertinent empirical research that was
published in global educational publications in the past decade.
Then, Cohen’s kappa coefficients were used to perform con-
sistency tests on the data extracted by the two researchers, and
publication bias and heterogeneity tests were performed on the
sample data to determine the quality of this meta-analysis.

Data sources and search strategies. The number of articles
included and removed during the selection process based on the
statement and research eligibility criteria is displayed in Fig. 1
(See Fig. 1), which illustrates the three stages of the data gathering
procedure for this meta-analysis.

Firstly, the Chinese Core source journal, the Web of Science
Core Collection journal papers, and the Chinese Social Science
Citation Index (CSSCI) source journal papers included in CNKI
were the databases that were utilized to methodically search for
relevant papers. The reason for choosing these databases is that
they are core collection databases published in international and
Chinese journals. At the same time, they are also well-known
online resources offering scholarly, peer-reviewed content,
sophisticated search capabilities, and pertinent literature from
reputable scholars and specialists on our topic. The Boolean
operators used in Web of Science search strings are
“TS = (“learning effect” or “study effect” or “learning outcomes”
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or “study outcomes” and “pre test” or “post test”) or (“learning
effect” or “study effect” or “learning outcomes” or “study
outcomes” and “control group” or “quasi experiment” or
“experiment”) and (“collaborative” or “collaborative learning”
or “cooperative” or “cooperative learning” or “group learning” or
“computer-supported collaborative learning” or “CSCL”) and
(“technical support” or “technology” or “computer” or “mobile”
or “smartphones” or “iPad” or “digital” or “online”).” The
research field is “Education and Education Research,” and the
search period is from January 1, 2010, to May 20, 2024. A total of
132 papers were obtained. The Boolean operators used in CNKI
search strings are “SU = (‘Learning Effect’ * ‘Collaboration” +
‘Learning Effect’ * ‘Collaborative Learning’ + ‘Learning Effect’ *
‘CSCL’ + ‘Learning Effect’ * ‘Technology’ + ‘Learning Effect’ *
‘Technical Support’ + ‘Learning Effect’ * ‘Based on Technical
Support’ + ‘Collaborative Learning’ * ‘Technical Support’ +
‘Collaborative Learning’ * ‘Technical Environment’) and
FT = (‘Experiment’ + ‘Quasi Experiment’ 4+ ‘Pre Test’ + ‘Post
Test’ + ‘Empirical Research’)” (translated in Chinese during
search). During the search period from January 1, 2010, to May
20, 2024, a total of 256 studies were found. Before exporting
references to Endnote (a program for managing bibliographic
references), all duplicates and retractions were removed from the
database. A total of 387 studies were discovered.

Secondly, two researchers reviewed the titles and abstracts of
all the articles they had collected, selecting 171 studies in total
that fit the meta-analysis’s inclusion and exclusion criteria.

Finally, two researchers carefully went over the whole text of
each included article, making sure it met all the inclusion and
exclusion criteria. To guarantee comprehensive coverage of the
papers, a snowball search was conducted utilizing the listed
articles’ references and citations. 48 pieces were retained in
the end.

This entire process was carried out by two researchers working
together, and following discussion and negotiation to elucidate
any growing disagreements. If a consensus could not be reached
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Table 1 The designed data coding template.

Intervention duration

Collaborative Field

Technical tool

Subject area

Descriptive Variable information Data information
information
Field Type Explain

Number Independent variable Intervention strategy Technical-Supported collaboration; Non- Sample size
Technical-Supported collaboration

Title Dependent variable Learning outcomes Academic achievements; Learning attitude; Average value
Learning participation

Author Moderating variable Learning stage University or above; High school; Middle Standard deviation
school; Primary school or lower;

Year Group size 2-3; 4-6; 7-10; More than 10

More than 12 weeks; 5-12 weeks;

2-4 weeks; 0-1 week

Formal environment (school classrooms);
Informal environment (outdoor or
museum)

All Technical tools involved in included
studies

All subject areas involved in included
studies

initially, a third senior researcher was consulted to provide an
independent assessment and facilitate resolution. This structured
approach led to a consensus rate of ~94.7%, ensuring the
reliability and consistency of the study selection process.

Eligibility criteria. The following eligibility criteria were created
for both inclusion and exclusion because not all of the retrieved
papers satisfied the criteria required for this meta-analysis:

(1) The included studies’ publishing languages were restricted
to English and Chinese, and the complete text was available.
Excluded from consideration were articles not published
between 2010 and 2024 and those that did not adhere to the
publication language.

(2) The included papers’ research designs must be quantitative,
empirical, and able to evaluate how technology support
collaboration affects learning outcomes. Review and
theoretical publications were excluded because they were
unable to assess the effect of technology support collabora-
tion on learning outcomes.

(3) The included studies’ research methods must contain a
quasi-experiment, a natural experiment, or a randomized
control experiment with high internal validity and a strong
experimental design and be able to provide reasonable
evidence to prove the causal relationship between technol-
ogy support collaboration and learning outcomes. Articles
using only observational research methods or non-
experimental research methods were not included.

(4) The research topic must focus on the impact of technology-
supported collaboration on learning outcomes; in other
words, a particular technology tool must be employed to
encourage collaborative learning outcomes or include
collaborative elements in the experimental process.

(5) The included papers’ research results must offer specific
indicators (such as sample size, mean value, or standard
deviation) that can be used to measure the learning
outcomes. The articles that were unable to determine the
effect size or lacked particular measurement indicators for
learning outcomes were eliminated.

Data coding design. Meta-analysis requires extracting key
information from literature and encoding its features to convert
descriptive data into quantitative data. Using the experimental

variables included in the 48 meta-analysis literature, this study
builds a literature feature value coding table (see Table 1) with 15
coding fields, including “descriptive information, variable infor-
mation, and data information,” based on the CSCL meta-analysis
coding framework put forth by Jeong et al. (2019).

The descriptive information contained the following basic
details about the papers: the author, serial number, publishing
year, and paper title.

The variable information mainly records three variables within
the experimental design, including independent variables (inter-
vention strategy), dependent variables (learning outcomes), and
moderating variables (learning stage, group size, intervention
duration, collaborative field, technical tool, and subject area). Due
to the focus of this study on determining whether and to what
extent technology-supported collaboration can affect student
learning outcomes, intervention strategies are used as indepen-
dent variables in this study and encoded as technology-supported
collaboration and non-technology-supported collaboration.
Using learning outcomes as the dependent variable in this study
and referring to the research findings of Jeong et al. (2019) and
Xu (2023), learning outcomes were coded into three dimensions:
academic achievement, learning attitude, and learning participa-
tion. Among them, academic achievement refers to the cognitive
level of understanding, analyzing, and applying knowledge
primarily through testing or artificial products; learning attitude
refers to the non-cognitive level of learning motivation, self-
efficacy, perceived satisfaction, and usefulness evaluated subjec-
tively; and learning participation refers to the behavioral
interaction level of interactive participation and perception
among members evaluated through behavioral interaction. The
connection between the independent and dependent variables will
be influenced by the moderating variables to some degree. As a
result, the experimental design variables found in the 48 papers
were categorized and combined into 6 moderating variables (see
Table 1), where learning stages were encoded as primary school
or lower, middle school, high school, and university or above;
group sizes were coded as follows: 2-3 people, 4-6 people, 7-10
people, and more than 10 people; intervention duration was
encoded as 0-1 weeks, 1-4 weeks, 4-12 weeks, and more than
12 weeks; The collaborative fields were encoded as formal
environments (such as school classrooms) and informal environ-
ments (such as outdoor or museum environments); Technical
tools were classified based on the specific technical tools used in
the literature and coded into five dimensions: network
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Fig. 2 The funnel plot shows 125 effect sizes associated with publication bias in 48 studies.

communication technology, dynamic presentation technology,
shared and co-built technology, digital learning platforms, and
hardware technology. The subject areas were coded based on the
specific discipline used in the literature.

The data information includes three indicators that can
measure learning effectiveness: sample size, mean, and variance
(see Supplementary Table S1). This indicator is mainly used to
calculate the magnitude of the effect value, which is the
standardized mean difference (SMD) between the pre-post tests
of a single-group experiment or the comparison groups of a two-
group experiment. This study used the SMD calculation formula
proposed by Morris (2008):

X%

[(n,— l)sf+(n27 1)s2
(n, +n, 72)

Among them, x; and X, respectively represent the mean of the
pre-test or comparison group, s; and s, respectively represent the
standard deviation of the pre-test or comparison group, #, and #,
respectively represent the sample size of the pre-test or
comparison group.

SMD =

Procedure for extracting and coding data. Two researchers
extracted information from the papers according to the data
encoding table (see Table 1) and recorded it in Excel (see Sup-
plementary Table S1). Each study’s results were extracted inde-
pendently if the same outcome variable was measured differently
in a study or if an article included many studies. For instance,
Watson et al. (2020) used three cognitive testing tools to measure
academic achievement, and the various measurement values of
academic achievement were considered as three independent
studies; Balestrini et al. (2014) included two outcome variables,
“academic achievement and learning attitude,” which are also
considered two separate studies. After the data extraction was
done, the consistency test coefficient of the two researchers was
94.7%, and a consensus was established through debate and
negotiation. If a consensus could not be reached initially, a third
senior researcher was consulted to provide an independent
assessment and facilitate resolution. Supplementary Table S2
provides a detailed list of the key features of 48 included articles
with 125 effect sizes, including descriptive information (such as

6

publication year, author, serial number, and paper title), variable
information (such as independent, dependent, and moderating
variables), and data information (such as mean, standard devia-
tion, and sample size). Data analysis was then carried out based
on the results of testing the sample data’s heterogeneity and
publication bias using the RevMan 5.4 tool.

Publication bias test. If the sample literature studied cannot
represent the entire research in the field, it is considered that
there is publication bias in the study, which will limit the accuracy
and reliability of the meta-analysis. Thus, it is especially crucial to
perform publication bias testing in advance of meta-analysis
(Stewart et al, 2006; Lipsey & Wilson, 2001). A common
instrument for testing publication bias is funnel plots, which use
the effect value as the x-axis and the standard error of the effect
value as the y-axis. It can clearly and intuitively show whether the
sample data is concentrated in the upper region and equally
dispersed on both sides of the average effect value. If so, the
possibility of publication bias is extremely low. The data in this
study’s funnel plot, which is displayed in Fig. 2 (See Fig. 2), is
uniformly distributed within the upper effective region, demon-
strating the validity of the meta-analysis samples and a low
probability of publication bias.

Heterogeneity test. Heterogeneity refers to the degree of varia-
tion among all the study samples included in a meta-analysis
(Lipsey & Wilson, 2001). In practical research, heterogeneity can
arise from factors such as differences in study design (e.g., quasi-
experiments, randomized controlled trials, etc.), the diversity of
supporting technologies (e.g., different types of educational soft-
ware or platforms), as well as cultural backgrounds and sample
differences (e.g., variations in grade levels, geographic regions,
etc.). While some studies have standardized their measurement
indicators, others have used non-standardized assessments, which
can affect the magnitude of observed effect sizes within the same
topic. Therefore, in meta-analysis, the I? value is commonly used
to judge the degree of sample heterogeneity. It is generally
believed that when I?> > 50%, a random effects model should be
used for moderate to high heterogeneity; otherwise, a fixed effects
model should be applied (Lipsey & Wilson, 2001). Although the
random effects model provides a more robust correction by
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Table 2 Tests results for heterogeneity.

Effect model Effect quantities Comprehensive effect size 95% Confidence interval Heterogeneity test

Lower limit Upper limit Chi?2 Df(P) 12
Fixed effect model 125 0.61 0.56 0.65 603.47 124*** 79%
Random effect model 125 0.71 0.61 0.80 603.47 124%** 79%
#4p<0.001.

addressing heterogeneity, the various factors contributing to
heterogeneity suggest that the results of the analysis may not be
fully generalizable across all contexts. Therefore, subgroup
analyses are needed to identify the specific sources of hetero-
geneity and to further deepen the interpretation of this varia-
tion. The heterogeneity test results of the sample effect size can
be used for research to choose an appropriate effect model. The
study’s heterogeneity test results indicated (See Table 2) that
I2=73% and that there was considerable heterogeneity
(p < 0.001); therefore, to guarantee the scientific and trustworthy
analysis results, the total effect size should be calculated using a
random effects model. At the same time, to better explain the
impact of technology-supported collaboration on student
learning outcomes, further subgroup analysis of variables that
may generate heterogeneity in the 48 meta-analysis articles is
still needed.

Results

The results of the whole effect size analysis. This meta-analysis
selected the random effect model to examine 125 effect sizes from
48 studies based on the heterogeneity test results and obtained the
overall effect size forest plot (See Fig. 3). In accordance with
Cohen’s (1992) effect size rating standard (effect sizes greater
than or equal to 0.8 are significant effects, between 0.2 and 0.8 are
moderate effects, and below 0.2 are mild effects), the results of
this meta-analysis indicate that the combined effect size of
technology-supported collaboration on students’ learning out-
comes is 0.71 and has a significant level of upper-middle
(z=14.36, P<0.01, 95% CI [0.61, 0.80]), providing data support
for the conclusion that technology-supported collaboration is an
effective factor in promoting student learning.

Furthermore, this study also examined three different dimen-
sions that affect learning outcomes in order to better understand
the specific impact of technology-supported collaboration on
student learning outcomes. The results showed that (See Table 3):
technology-supported collaboration has a positive impact on
different dimensions of learning outcomes (ES is greater than 0),
which improves students’ academic achievement (ES = 0.80),
learning attitude (ES=0.52), and learning participation
(ES=0.67) to a certain extent, but there is no significant
difference between groups (chi2 = 6.08, P> 0.05). Although there
is no significant difference in the degree of influence of
technology-supported collaboration on different types of learning
outcomes, the data from this study indicate that its impact on
learning achievement is at a moderate to high level of significant
influence (ES=0.80, z=11.34, P<0.01, 95% CI [0.66, 0.94]),
while its impact on learning participation (ES=0.67, z=6.82,
P<0.01, 95% CI [0.48, 0.87]) and learning attitude (ES =0.52,
z=>5.86, P<0.01, 95% CI [0.35, 0.69]) is only at a moderate level
of influence.

The results of the moderator effect size analysis. The two-tailed
test of 125 effect quantities revealed substantial heterogeneity in
the overall forest plot (I2 = 79%, z = 14.36, p < 0.001), indicating
the presence of moderating variables that may be related to

factors other than sampling error that influence learning out-
comes. To further explore the key factors that affect learning
outcomes, this meta-analysis conducted subgroup analyses on
the six moderating variables included in the experimental design
of the 48 included articles, including “learning stage, group size,
intervention duration, collaborative field, technical tool, and
disciplinary fields.” The overall forest plot showed that there was
significant heterogeneity in the two-tailed test of 125 effect sizes
(12 =79%, z=14.36, p <0.001), indicating that there are mod-
erating variables that can be attributed to factors other than
sampling error that affect learning outcomes. To further explore
the key factors that affect learning outcomes, this meta-analysis
conducted subgroup analyses on the six moderating variables
included in the experimental design of the 48 included articles,
including “learning stage, group size, intervention duration,
collaborative field, technical tool, and disciplinary fields.” The
results showed that (See Table 4): different moderating variables
can positively affect students’ learning outcomes, among which
group size (Chi2=14.07, P<0.01), intervention duration
(Chi2=13.83, P<0.01), and subject area (Chi2=2543,
P <0.01) have significant differences in inter-group effects and
can all be considered key moderating factors that affect learning
outcomes in a technology-supported collaborative learning
environment. However, there was no significant difference in
the inter-group effects of learning stage (Chi2 =6.68,
P=10.08>0.05), technical tool (Chi2=3.14, P=0.07 >0.05),
and collaborative field (Chi2 = 3.17, P = 0.06 > 0.05). Therefore,
we are unable to clearly explain the significance of these three
elements for promoting students’ learning outcomes in the
context of technology-supported collaboration. These are the
specific results, which are as follows:

(1) Different learning stages have a positive impact on the
collaborative learning effect of technology support, and there
is no significant difference in inter-group effects (Chi2 = 6.68,
P=0.08>0.05). The order of effect size values is university
or above (ES=0.79, P<0.01), primary school or lower
(ES=10.62, P<0.01), high school (ES=0.46, P<0.01), and
middle school (ES =0.36, P <0.01). These findings indicate
that, even if the learning stage has a positive impact on
learners’ learning outcomes, we are unable to explain why it is
crucial for fostering learners’ learning outcomes in the context
of technology-supported collaboration. Furthermore, univer-
sity or above accounts for 64.8% of all empirical studies
conducted by researchers; all things considered, university or
above has the largest comprehensive effect size, suggesting
that this may be the ideal learning stage for cultivating
learning outcomes in the context of technology-supported
collaboration.

(2) Different group sizes have a positive impact on the
collaborative learning effect of technology support, with
significant differences in inter-group effects (Chi2 = 14.07,
P <0.05). In this case, the 2-3 person group had the largest
overall effect size (ES = 0.79, P < 0.01), followed by the 7-10
person group (ES=10.66, P<0.01) and the 4-6 person
group (ES=0.59, P<0.01), all of whom had medium-to-
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Experimental Control Std. Std.
Study or Subgroup Me: SD_Total Mean SD_Total Weight IV, Random, 95% CI 1V, Random, 95% C1
2.1.1 Academic achievements
KO1-Mara Balestini2015 17 603 26 15 745 26 08%  029(0.26,084 e
k02-Mara Balestrini2015 356 054 43 347 0.5 43 09% 0.17 [0.25,0.59) e
k03-Kuo— En Chang2010 7075 16.75 28 5876 16754 25 08% 0.71[0.15,1.26) ol
k04-Kuo—En Chang2010 77.78 10576 24 7056 3141 28 08% 0.94[0.37,1.52) (RS
k05-Kuo—En Chang2010 14.03 319 54 137 355 54 09% 0.10[-0.28,0.47) i ol
K06-Chih-Ming Chen2014 9285 6847 49 8214 10155 43 09%  123(079,166) —
K07-Chifi-Ming Chen2014 4263 1149 32 4225 674 32 08%  0.04(045053 T
k08-Chih-Ming Chen2014 6.31 151 108 5.32 118 108 1.0% 0.73(0.45,1.00) o
k09-Yen-HuaChen2012 57.93 1585 27 5189 1939 27 08% 0.34 [0.20,0.87) k a
k10-Yen-HuaChen2012 86.51 11.84 32 7995 1199 27 08% 0.54(0.02,1.07) [
k11-M.E. Jones2011 69.68 14.66 33 6061 19.87 32 08% 0510.02,1.01) i
KI2-ME. Jones2011 127 808 20 632 644 25 07% 087025149 —
K13-Zu-Chun Lin2011 4775 1253 35 463 1261 35 09% 0110035058 =
K14-C.P . Lin2011 7518 1498 125 6992 1334 95 1.0%  037(0.10,064] —
k15-C-P . Lin2011 62.22 7.07 36 5897 527 33 08% 0.51(0.03, 0.99 e
Kk16-Javier Melero2014 18.01 094 30 186 142 15 07% 0.36 [-0.26, 0.98] =
K17-Ali Farhan AbuSeileek2011 70.08 9563 25 8513 1001 24 08% 050 [-0.07,1.07) [
Kk18-Ali Farhan AbuSeileek2011 7024 2378 29 5917 1879 29 08% 0.51[0.01,1.03 —
K19-Ju-JuLan2015 6785 1827 21 5125 2554 20 07%  074[010,137) —
K20-Ju-JuLan2015 269 109 48 248 109 53 09%  019(020,058 -
k21-Dawn Bikowski2016 403 12517 27 3588 1337 25 08% 0.35[-0.20,0.90 e
k22-Dawn Bikowski2016 2233 6.1 21 2007 715 28 08% 0.33[-0.24,0.90] B
k23-Ching-Huei Chen2012 735 142 20 6.05 201 20 07% 0.73(0.08,1.37) =
k24-Nazli AZODI2020 92.86 6.847 49 8214 10155 43 09% 1.23[0.79, 1.66] -
k25-Nazli AZODI2020 311 11 44 25 123 42 09%  052(009,095 [
K26-Salaudee2016 4885 195 65 4867 148 48 09%  0.110027,048) -
K27-Hui-Chun Chu2014 42701 10757 270 36079 10769 130 1.0%  061(0.40,083 -
k28-Hui-Chun Chu2014 166 493 78 1583 494 83 1.0% 0.200.11,051) [
k29-Hui-Chun Chu2014 821 1217 46 7945 ™ 40  09% 0.26 [0.17,0.69) s
k30-Erhan Unal2021 59.37 16.87 31 4307 1447 3 08% 1.02[0.49, 1.56] Sl
k31-Erhan Unal2021 14217 5383 180 8444 8775 180 1.0% 0.94(0.72,1.16) ok
K32-Hui-Chun Hung2013 8283 459 68 6948 1437 33 09% 147(1.01,1.94] ——
hun Hung2013 9326 43¢ 57 9085 598 33 09% 048004091 —
k34-Gwo-Jen Hwan2010 90.85 5.99 53 86.18 832 68 0.9% 0.63(0.26, 1.00) Iy
k35-Gwo-Jen Hwan2010 86.18 832 68 8283 458 68  09% 0.50(0.15,0.84) [
k36-Gwo-Jen Hwan2010 242 116 59 229 116 59 0.9% 0.11[0.25,0.47) &
k37-Wu-Yuin Hwang2013 257 1.04 23 233 124 3% 08% 0.20[032,0.73) e
K38-Chester 8.J. Huang2017 961 299 59 565 213 59 09% 152(1.10,193] ——
K39-Chester 8.J. Huang2017 105 258 23 9 313 36 08% 0500003104 -
K40-Chester $.J. Huang2017 37 547 25 29 473 25 08%  052(0.04,109 —
kd1-Ingo Kollar2014 1.983 168 25 1483 0.808 25 08% 0.37[0.19,0.93 i g
k42-Ingo Kollar2014 1.983 168 25 05 1634 25 08% 0.88[0.30, 1.46) e
k43-Chih-Cheng LIN2011 1.483 0.808 25 05 1634 25 08% 0.75(0.18,1.33) =
k44-Chih-Cheng LIN2014 55515 2261 25 52005 4373 25 08% 0.99(0.40,1.58) =
k45 Tzung-Jin Lin2013 88 443 15 79 43 15 06% 1.74(0.88, 260) =
K46-Zu-Chun Lin2013 427 042 15 351 032 15 06% 1.98(1.09, 28] —
K47-Emma M. Mercier2013 6802 9393 15 5145 7382 15 06% 1.9101.02,279) —
k48-Amy T. Peterson2016 68.02 9393 15 52 11455 15 06% 1.49(0.67,2.31) -
k49-Selen Razon2012 377 052 42 35 073 42 09% 0.42[-0.01,0.85) [E..
k50-Selen Razon2012 382 043 42 353 082 42 09% 0.44(0.01,087) =
k51-Patricio2010 77.88 1346 40 7125 1313 40 09% 0.49(0.05,0.94] =
K52-Jeremy2010 7788 1346 40 60 831 40 08% 1.58(1.08, 209] =
K53-Addison Y.S. Su2010 7768 1354 40 7685 1948 40 09%  0.05(039,049) -
k54-Addison Y.8. Su2010 242 2353 21 2153 2489 20 07% 1.08[0.42,1.74)
k55-Han-Yu Sung2013 416 0535 21 348 0625 20 07% 1.15(0.48,1.81] -
k56-Han-Yu Sung2013 94.07 818 32 9079 999 3 0.8% 0.36 [0.14,0.85) e
k57-Han-Yu Sung2013 94.07 818 32 9459 9.06 3 08% -0.06 [-0.55,0.43] i
K58-Djurdjica Taka2015 2144 041 32 2026 042 31 07%  281(210,35% ==
K59-Chia-Wen Tsai2012 876 043 32 8581 043 31 07%  218(155,281) =
K60-Chia-Wen Tsai2012 02137 003859 33 01345 003914 35 08%  201(1.42,260] —
kB1-Chia-Wen Tsai2012 87.3576 297 7 7972 569 7 04% 1.580.32, 2.83) ST
kB2-Chia-Wen Tsai2012 86.73 5.56 35 8038 1227 33 08% 0.67(0.18,1.16] 1
kB3-Sandy White Watson2020 93.27 225 24 89 031 25 08% 264 (1.86,3.43) A
90.17 335 24 8627 338 25 08% 1.14[0.53,1.75) =
K65-andy White Walson2020 65973 1376 40 62097 1263 40 07%  291[227,354) T
K6-SandyWhite Watson2020 63401 1338 40 6001 1311 40 08%  254[194,313) —
kB7-Jia and Gu2024 86.8 4. 60 E 12! 64 09% 057(0.21,0.93) o
k68-Jia and Gu2024 7542 12814 33 6073 15389 33 08% 1.03[0.51,1.54] o
Subtotal (95% CI) 2921 2703  55.3% 0.80 [0.66, 0.94] ‘
Heterogeneity: Tau*= 0.26; Chi*= 389.54, df = 67 (P < 0.00001), F= 83%
Testfor overall effect: 11.34 (P < 0.00001)
2.1.2 Learning attitude
k01-Mara Balestrini2015 348 063 43 3.05 05 43 0.9% 0.77[0.33,1.21)
k02-Mara Balestrini2015 345 038 28 335 04 25 08% 0.25[-0.29,0.79)
k03-Kuo—En Chang2010 368 069 54 343 07 54 09% 0.36[0.02,0.74]
k04-Kuo—En Chang2010 21 033 32 183 041 32 08% 072(0.21,1.22)
¥05-Kuo~ En Chang2010 511 0875 19 447 1477 57 08% 047006099
K06-Chifi-Ming Chen2014 281 175 27 175 25 27 08%  048(007,10%
k07-Chih-Ming Chen2014 387 076 32 369 101 27 08% 0.200.31,0.71)
k08-Chih-Ming Chen2014 748 084 20 162 079 25 03% 7.09(5.44,8.73) >
k09-Yen-HuaChen2012 348 025 125 329 045 95 1.0% 054 [0.27,0.81)
k10-Yen-HuaChen2012 427 0704 30 387 1.06 15 07% 0.47[0.16,1.10]
KI1-ME. Jones2011 438 061 25 397 067 24 08% 063006121
KI2-ME. Jones2011 449 03 21 44 043 20 O07%  022(040,083
K13-Zu-Chun Lin2011 357 144 23 315 119 27 08%  032(024,08
k14-C-P . Lin2011 433 023 46 409 054 40 09% 0.59(0.15,1.02)
k15-C-P . Lin2011 454 038 31 432 062 3 08% 0.42[-0.08,0.93]
ki6-Javier Melero2014 2617 3.04 25 2383 313 25 08% 0.81[0.23,1.39
41.92 5.36 25 3838 817 25 08% 0.60(0.04,1.17)
67085 33053 15 2209 10403 15 06%  179(0.92,268
KI9-Ju-JuLan2015 379 046 42 352 063 42 09%  049(005097
k20-Ju-JuLan2015 2972 1514 40 26.85 1516 40  09% 0.18[-0.25,0.63)
k21-Dawn Bikowski2016 83 2308 21 8304 2635 20 08% -0.02 [-0.63, 0.60]
k22-Dawn Bikowski2016 418 0.405 il 368 0.487 20 07% 1.10[0.44,1.76)
K23-Ching-Huei Chen2012 3347 067 32 2988 441 3 08% 1.13[0.60, 1.67)
K24-Nazli AZODI2020 3347 067 32 3336 068 31 08%  016(033,066
K25-Nazli AZODI2020 1104 204 35 1072 192 33 09%  016(032,064
K26-Salaudee2016 448 046 24 442 037 25 08%  014(042,070)
k27-Hui-Chun Chu2014 437 0.36 24 439 048 25 08% -0.05-0.61,0.51]
k28-Hui-Chun Chu2014 343 0579 40 328 0.607 40 09% 0.25[-0.19,0.69]
k29-Hui-Chun Chu2014 312 067 40 295 0.557 40 0.9% 027 [0.17,0.71)
K30-Erhan Unal2021 485 7 60 4386 72 B4 09% 0.41[0.05,0.76)
Subtotal (95% CI) 1018 24.0% 0.52[0.35, 0.69]
Heterogeneity: Tau®= 0.16; ChP= 102.28, df= 20 (P < 0.00001); F= 72%
Testfor overall effect 7= 5.86 (P < 0.00001)
2.1.3 Learning participation
k01-Mara Balestrini2015 5 9.06 26 35 1181 26 08% 0.14 [-0.40, 0.69] T
k02-Mara Balestrini2015 333 07 43 298 064 43 09% 0.51(0.08,0.94] I~
K03-Kuo=En Chang2010 334 051 28 31 062 25 08% 0420013098 =
K04-Kuo= En Chang2010 5380 9874 24 4356 10411 28 08%  1.02(044,160] ===
k05-Kuo— En Chang2010 372 082 108 36 088 108 1.0% 0.14[0.13,0.41) o
k0B-Chih-Ming Chen2014 335 047 125 3.05 058 95  1.0% 0.57 [0.30, 0.85) i
k07-Chih-Ming Chen2014 2088 231 3% 2124 201 33 09% -0.16 -0.64,0.31] T
k08-Chih-Ming Chen2014 429 069 25 397 074 24 08% 044[0.13,1.01) -
K09-Yer-HuaChen2012 466 042 21 412 086 20 O07%  096(031,161) i
K10-Yen-HuaChen2012 19 121 48 169 135 53 09%  021(018,060) —
KI1-ME. Jones2011 304 126 23 322 137 27 08%  -0.13}069,042 B
k12-M.E. Jones2011 613 089 31 561 114 31 08% 0.54 (0.04,1.05) =
k13-Zu-Chun Lin2011 1817 224 25 1783 226 25 08% 0.24 032,079 T
k14-C-P . Lin2011 123.25 1468 25 11392 1374 25 08% 0.65(0.08,1.22) —
k15-C-P . Lin2011 086 0.05 15 059 023 15 06% 1.58[0.74,2.41] —
K16-Javier Melero2014 7571 4197 5 6878 489 5 03%  138(008,284 T
KI7-Ali Farhan AbuSeileek2011 5886 10306 5 3992 6667 5 03%  1.97(031,363
k18-Ali Farhan AbuSeileek2011 372 035 42 345 084 42 09% 0.42[-0.02,0.85) e
K19-Ju-JuLan2015 3071 1452 40 2794 16397 40  09% 0.18[-0.26,0.62) S
k20-Ju-JuLan2015 41 0354 2 365 0.389 20 07% 1.19[0.52, 1.86] -
k21-Dawn Bikowski2016 414 0379 21 376 0.407 20 07% 0.95(0.30, 1.60] i
K22-Dawin Bikowski2016 394 045 21 352 0596 20 07%  078(014,142) =
K23-Ching-Huei Chen2012 261 03 32 27 28 31 08% 079028131 i
K24-Nazli AZODI2020 261 03 32 2149 091 31 08%  164[(1.07,223 g
k25-Nazli AZODI2020 88.68 068 32 8658 199 31 0.8% 1.40(0.85, 1.96) _
k26-Salaudee2016 95 18 24 554 219 25 07% 1.94[1.25,2.63) ——
k27-Hui-Chun Chu2014 5.56 168 24 372 213 25  08% 0.94[0.35,1.53) ol
Subtotal (95% CI) 873 20.7% 0.67 [0.48, 0.87] *
Heterogeneity: Tau*= 0.18; Chi*= 94.01, df= 26 (P < 0.00001); F= 72%
Testfor overall effect 7= 6.82 (P < 0.00001)
Total (95% CI) 4594 100.0% 0.71[0.61, 0.80] +
Heterogeneity: Tau*= 0.23; Chi*= 603.47, df= 124 (P < 0.00001); = 79%

Testfor overall effect Z= 14.36 (P < 0.00001)
Testfor suboroun differences: Chi*= 6.08. df=2 (P = 0.05). F=67.1%

Fig. 3 The overall effect size forest plot.

higher levels of impact. When the group size exceeded 10,
learning outcomes improved at a lower-middle level
(ES=0.37, P<0.01). These findings indicate that group
size has a negative relationship with the influence on
learning outcomes and that the impact decreases with

group size.

-4 2 2
Favours [experimental] Favours [control]

(3) Different intervention durations have a positive impact on
the collaborative learning effect of technology support, with
significant differences in inter-group effects (Chi2 = 13.83,
P<0.01). With an increase in intervention duration, the
effect sizes corresponding to this factor showed an upward
trend. Learning outcomes improved to an upper-middle
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Table 3 The results of the three-dimensional test of learning outcomes.

Intervention

Learning outcomes

Effect 95% Confidence

Heterogeneity test

strategy quantity size interval
Twotailed Intergroup
test effect
Lower limit Upper limit df(P) 2Z(P) Chi2(P)
Technical-Supported Academic achievements 0.80 0.66 0.94 83% 67*** 11.34*** 6.08*
collaboration Learning attitude 052 035 0.69 72% 29*** 5.86***
Learning participation 0.67 048 0.87 72% 26***  6.82***
Comprehensive effect 0.71 0.61 0.80 79% 124***  14.36***
size
*p<0.05, ***p < 0.001.
Table 4 The results of the moderator effect size analysis.
Moderating Variable type Effect Effect 95% Confidence Heterogeneity Two-tailed Inter-
variable quantity size interval test test group
effect
Lower Upper 12 df(P) Z (P) Chi2 (P)
limit limit
Learning stage Primary school or lower 35 0.62 0.45 0.79 77% 347 77" 6.68
Middle school 5 0.36 0.12 0.60 10% 4 2.94"
High school 4 0.46 0.20 0.71 22% 3 3.45"
University or above 81 0.79 0.66 0.92 82% 807  12.07”
Overall effect size 0.71[0.61,0.80], Z=14.36 (p<0.01)
Group size 2-3 person 16 0.79 0.63 0.95 67% 157 9.81" 14.07
4-6 person 79 0.59 0.54 0.64 81% 78" 22.44"
7-10 person 21 0.66 0.57 0.76 84% 217 13.73"
More than 10 person 9 0.37 0.19 0.54 9% 8 4.07"
Overall effect size 0.61[0.56,0.65], Z=28.12 (p<0.01)
Intervention 0-1 weeks 13 0.70 0.46 0.85 5% 12 536" 13.83"
duration 2-4 weeks 21 0.54 0.44 0.63 66% 207  10.89"
5-12 weeks 29 0.60 0.5 0.69 88% 28" 1371”7
More than 12 weeks 62 0.67 0.61 0.73 79% 617 21677
Overall effect size 0.61[0.56,0.65], Z=28.12 (p < 0.01)
Collaborative field ~ Formal environment 107 0.57 0.53 0.62 72% 106" 249" 317
Informal environment 18 0.86 0.74 0.99 92% 177 13.78™
Overall effect size 0.61[0.56,0.65], Z=28.12 (p<0.01)
Technical tool network communication 16 0.52 0.36 0.67 49% 15 6.60" 314
technology
dynamic presentation technology 21 1.01 0.67 134 87% 207 5.837
shared and co-built technology 15 0.87 0.49 1.25 87% 147 45"
hardware technology 26 0.49 032 0.67 75% 257 561"
digital learning platform 47 0.75 0.60 0.90 75% 467 976"
Overall effect size 0.71[0.61,0.80], Z=14.36 (p<0.01)
Subject area Chinese 6 0.47 0.27 0.66 1% 5 466" 25.43"
Math 13 0.54 0.32 0.75 66% 12 493"
English 17 0.60 0.31 0.89 84% 16~ 4.02"
computer 10 0.51 0.27 0.75 69% 97 4.09”
medical science 3 0.85 0.08 1.61 20% 2 217
Education 45 0.92 0.73 110 80% 44"  o7”
science 26 0.82 0.54 1.02 83% 25" 638"
Other fields 5 0.33 0.15 0.51 5% 4 3.697

Overall effect size

0.71[0.61,0.80], Z=14.36 (p<0.01)

‘p<0.05 "p<0.01, "p<0.001.

level (ES=0.67, P<0.01) following an intervention dura-
tion lasting more than 13 weeks. Based on this finding, the
effect of learning outcomes is positively connected with the
length of the intervention duration; that is, the longer the
intervention duration, the greater the effect size.

(4)

The collaborative field has a positive impact on the
collaborative learning effect of technology support, and
there is no significant difference in inter-group effects
(Chi2 =3.17, P=10.06 >0.05). The informal collaborative
field had the highest effect size rating (ES = 0.86, P <0.01),

| (2025)12:1505 | https://doi.org/10.1057/541599-025-05766-2 9



ARTICLE

followed by the formal collaborative field (ES=0.57,
P<0.01). This result shows that while the collaborative
field improves learning outcomes, it cannot be considered
the main factor influencing learning outcomes in the
context of technology-supported collaboration. Addition-
ally, researchers are more likely to conduct empirical
studies in formal environments, such as classrooms (which
account for 85.6% of all studies conducted); on the other
hand, informal environments, such as outdoor spaces or
museums, have the highest comprehensive effect sizes,
suggesting that it is possible to appropriately carry out
technology-supported collaborative learning in an informal
collaborative field.

(5) Different technological tools have a positive impact on
learning outcomes without significant differences in inter-
group effects (Chi2 =3.14, P=0.07>0.05). The dynamic
presentation technology (ES=1.01, P<0.01) and shared
and co-built technology (ES = 0.87, P <0.01) demonstrated
a high degree of significant effect; the digital learning
platform (ES=0.75, P<0.01) achieved a medium-upper
degree of impact; the network communication technology
(ES=0.52, P<0.01) and the hardware technology
(ES=0.49, P<0.01) were only connected to a lower-
medium degree of effect. These findings indicate that, even
if the technological tool has a positive impact on learners’
learning outcomes, we are unable to explain why it is
crucial for fostering learners’ learning outcomes in the
context of technology-supported collaboration. Further-
more, the dynamic presentation technology (e.g., simula-
tion technology, virtual games, AR/VR, etc.) and the shared
and co-built technology (e.g., knowledge forums, resource
sharing tools, etc.) have the largest comprehensive effect
size, suggesting that these may be the ideal technical tools
for cultivating students’ learning outcomes in the context of
technology-supported collaboration.

(6) Different subject areas have a positive impact on the
collaborative learning effect of technology support, with
significant differences in inter-group effects (Chi2 = 25.43,
P <0.05). Education (especially in educational technology)
had the greatest overall impact, achieving a significant level
of effect (ES=0.92, P<0.01), followed by medical science
(ES = 0.85, P<0.01) and science (ES = 0.82, P <0.01), both
of which also achieved a significant level of effect. Other
fields (such as language and art) were the least effective
(ES=10.33, P<0.01), only having a medium-low degree of
effect compared to English (ES=0.60, P<0.01), math
(ES=0.54, P<0.01), computer (ES=0.51, P<0.01), and
Chinese (ES = 0.47, P < 0.01). These results suggest that the
technical disciplines fields (e.g., education technology,
medical science, and science) may be the most effective
subject areas for cultivating students’ learning outcomes in
the context of technology-supported collaboration.

Discussion

Based on the results of the meta-analysis, this study has obtained
quantitative evidence on the overall effects of computer-
supported collaborative learning (CSCL) and its moderating
factors. To ensure alignment with the research questions, the
subsequent sections will provide an in-depth discussion centered
around the Question 1 (the overall effects of CSCL on student
learning outcomes and their three-dimensional differences) and
Question 2 (whether experimental design variables contribute to
effect size heterogeneity and their critical moderating roles). This
discussion integrate existing theoretical frameworks to elucidate
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the underlying mechanisms and research limitations, thereby
offering specific practical implications and recommendations.

The overall effectiveness of technical-supported collaboration
on students’ learning outcomes proposed in Question 1.
Technology-supported collaboration has become an important
learning method in the intelligent era and is widely adopted in the
field of education. Although there have been some studies on
whether and to what extent technology-supported collaboration
can improve or reduce students’ learning outcomes, there is no
consistent research conclusion or even contradictory conclusions
(e.g., Liu et al. 2024, Dan and Dong 2022, Persky and Pollack
2010), but the results of this meta-analysis further confirm the
positive role of collaboration supported by technology in pro-
moting students’ learning outcomes as a whole and also verify its
enhancement effect on three specific learning outcomes, such as
academic achievements, learning attitude, and learning partici-
pation. Previous studies have shown that providing personalized
and timely feedback for learners’ collaborative learning through
technology-supported methods in teaching practice can promote
students’ participation and interaction quality, facilitate teachers’
presence and guidance feedback, and enhance the level of colla-
borative knowledge construction among groups (Li & Wang,
2022; Nokes et al.,, 2015; Luo & Zheng, 2024), thereby resolving
conflicts among subjects in a socially constructed learning
environment and leading to high-quality and deep-level learning
outcomes (Stahl et al., 2006; Tsuei, 2011). This paper gives con-
sistent statistical support for the research perspectives discussed
above, confirming that “technology-supported collaboration” is
an effective factor in boosting students’ learning outcomes.
Therefore, the meta-analysis’s findings not only successfully
respond to the initial research question about the overall impact
of promoting learning outcomes and its effect on the three
dimensions of learning outcomes (i.e., academic achievements,
learning attitude, and learning participation) through the use of
technology-supported collaboration approach but also boost our
belief in promoting students’ learning outcomes by using
technology-supported collaboration.

Additionally, while the concomitant increases in learning
participation and attitude are only somewhat better, the
associated improvements in academic achievements are substan-
tially stronger. According to certain studies, academic achieve-
ments differ from learning attitudes and learning participation in
school education. Academic achievement is regarded as an
important criterion for students’ knowledge level and teachers’
teaching quality, and it receives special attention from teachers,
students, and parents. The pursuit of academic achievement has
become the most concerning teaching goal for both teachers and
students (Xu et al., 2023; Huang, 2023; Wu et al., 2023). However,
in the practice of collaborative learning supported by technology,
due to the lack of design for learning attitude and learning
participation activities, there are a large number of spurious
collaborations in teaching activities, which to some extent affect
students’ learning attitude and participation behavior (Xu, 2023;
Strijbos et al., 2004; Lin, 2020). This finding is consistent with the
research results of Jeong et al. (2019) and Ma et al. (2021), both of
which found that there are differences in the impact of CSCL on
students’ cognitive, emotional, and process learning effects and
that the impact on emotional learning effects is the smallest.
Therefore, we should strengthen the design of learning attitude
and learning participation goals and activities in the collaborative
learning process supported by technology so that students can
release positive learning attitudes such as a sense of accomplish-
ment and happiness during the activity experience, which in turn
induces active participation in learning behavior, thus helping to
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achieve academic achievement goals (Wang et al., 2022; Liu et al,,
2024). Effective collaboration with technology can reduce the
cognitive burden of learners, thereby regulating their learning
attitude and learning participation towards academic achieve-
ment in the context of technology-supported collaboration.
Specifically, on the one hand, members of collaborative groups
can actively participate in learning with the support of technology
tools, which can enhance their self-efficacy in problem-solving,
thereby releasing positive learning attitudes such as a sense of
accomplishment and happiness, thus achieving high levels of
academic achievement; on the other hand, members of
collaborative groups can induce positive learning attitudes such
as a sense of competition and accomplishment with the support
of technology tools, and achieve positive learning participation
behaviors through knowledge construction, collaborative argu-
mentation, etc., thus achieving high levels of academic achieve-
ment; of course, high levels of academic achievement will
stimulate students’ positive participation behavior and generate
emotional experiences such as self-efficacy.

It is evident that technology-supported collaboration affects
not only the learning outcomes as a whole but also their three
specific dimensions, and this study illuminates the complex
relationships that exist between academic achievements, learn-
ing attitude, and learning participation with regard to these
three dimensions of learning outcomes. Future empirical
studies should focus more on learning attitude and learning
participation in order to completely develop students’ learning
outcomes.

The moderating effects of technical-supported collaboration
with regard to learning outcomes proposed in Question 2. As
part of the meta-analysis, this study conducted subgroup analysis
on the six types of moderating variables included in the experi-
mental design of the 48 included papers to further investigate the
critical elements influencing learning outcomes. The results
showed that different moderating variables can positively affect
students’ learning outcomes, with significant differences between
groups in terms of group size, intervention duration, and subject
area, all of which can be considered as key moderating factors
affecting learning outcomes in a technology-supported colla-
borative learning environment. However, there were no sig-
nificant differences in the effects between the groups of learning
stage, technical tool, and collaborative field. As a result, we are
unable to clearly explain the significance of these three elements
for promoting students’ learning outcomes in the context of
technology-supported collaboration.

Regarding the learning stage, different learning stages had an
upper-middle-level effect on learning outcomes without a
significant inter-group difference, indicating that we cannot
adequately explain why it is essential to support the development
of learning outcomes in the context of technology-supported
collaboration. As stated in the study by Xu et al. (2023), “students’
cognitive characteristics vary depending on the learning stage, but
this difference is reflected in the effectiveness of learning content
and collaborative task design.” Therefore, the moderating
variables of experimental design in each learning stage, such as
group size, intervention period, and technical tools, may be more
important for improving the effectiveness of technology-
supported collaborative learning. On the other hand, in this
meta-analysis, research in higher education accounts for 64.8% of
all empirical studies included and has the highest overall effect
value, indicating that researchers prefer to conduct technology-
supported collaborative learning in universities. Future studies are
necessary to fully understand this phenomenon, which could be
associated with students’ cognitive growth.

In terms of group size, a collaborative group of 2-3 people has
the best impact, which is consistent with earlier CSCL research
findings that a group of three or four members is the most
appropriate (Xu et al., 2023). However, the results of this meta-
analysis did not reflect that “small groups can produce better
interaction and performance than large groups” (Schellens &
Valcke, 2006; Liu et al.,, 2024), which could be attributed to the
fact that technology-supported collaboration is not limited by
physical distance. Whether it is face-to-face collaboration or
remote collaboration, the frequency and effectiveness of interac-
tion among group members can be improved, and even a
collaboration group with more members can increase the
diversity of perspectives with the support of technology tools,
which is helpful for improving overall learning effectiveness.

Regarding the intervention duration, different intervention
durations have varying effects on learning outcomes, and the
longer the intervention duration, the greater the effect size of the
intervention duration. Thus, on the whole, the intervention
duration has a positive correlation with learning outcomes. This
is consistent with the findings of several studies, which state that
“CSCL needs to last for more than 1 week or even several weeks
to achieve beneficial learning outcomes” (Resta & Laferriere,
2007; Hu & Liu, 2015). An interesting finding in this meta-
analysis is that when the intervention duration is less than one
week, the effect size is the highest, indicating that due to the
influence of technological novelty and peer novelty in the early
stages of teaching experiments, there is a “Hawthorne effect” that
overestimates the actual teaching effectiveness (Fox et al., 2008).
In other words, a new technology is only loved and concerned
about because it is new, but when the intervention time exceeds a
certain range (such as one week), the degree of influence on
learning outcomes is positively correlated with the intervention
length. This result can also better explain the contradictions in the
research results of Persky and Pollack (2010) and Liu (2024).
Therefore, in long-term collaborative learning courses with
technology support, appropriate technological updates and
innovative teaching methods are needed to avoid the influence
of the “Hawthorne effect” on learners’ real learning outcomes.

In terms of collaborative fields, different collaborative fields
have a positive impact on learning outcomes without a significant
inter-group difference, indicating that we cannot adequately
explain why it is essential to support the development of learning
outcomes in the context of technology-supported collaboration.
Despite this, research on formal collaborative fields accounts for
85.6%, while research on informal fields such as outdoor and
museums accounts for only 14.4%, but it has the highest effect on
learning outcomes. As stated in the study by Uzunbylu et al.
(2009), “The environment of informal fields that is not limited by
time and location creates a sense of novelty for learners, which
can better promote discussion and group exploration between
students and peers, resulting in positive cognitive understanding
and learning attitudes.” Therefore, although technology-
supported collaboration occurs more in formal collaborative
fields (such as classrooms), teachers should encourage or try to
carry out immersive collaboration based on informal collabora-
tive fields (such as museums and local projects) to stimulate
learning motivation and interest.

Regarding the technical tools, all five types of supportive
technical tools have a positive impact on the effectiveness of
collaborative learning, which is consistent with the research
conclusion that “technical tools can improve the learning
effectiveness of CSCL” (Ma et al,, 2021). It is worth noting that
there are no variations in the inter-group effects; we cannot
adequately explain why it is essential to support the development
of learning outcomes in the context of technology-supported
collaboration. Therefore, any tool that can enhance the
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interdependence among members of collaborative learning
groups and promote high-level negotiation and construction
can support students’ collaborative learning and influence the
final learning outcome, which does not vary depending on the
supporting technology. This result is consistent with Clark’s
(1994) view that media and their attributes only affect the cost or
speed of learning, whereas fundamentally different technology
tools have no significant impact on learning outcomes.

In terms of subject area, education (especially educational
technology), medicine, and science (including physics, chemistry,
biology, and nature) have a greater impact on learning outcomes,
which is consistent with the findings of Kyndt et al. (2013), who
found that technology-supported collaboration has significant
advantages in areas such as scientific inquiry. It can not only
break through the limitations of traditional classrooms and
achieve greater communication and dialogue but also bring
scientists, parents, community members, and others outside the
classroom into inquiry learning negotiation and communication
activities, thereby improving the efficiency of negotiation and
communication in the process of inquiry learning as well as the
effectiveness of collaborative inquiry learning. Despite this,
technology-supported collaboration has also had a positive
impact in other subject areas, with significant differences between
groups, indicating that technology has been widely applied and
positively influenced in certain subject areas. Even though distinct
subject areas may have different needs and purposes for
technology, technology support can provide new tools and
methods for certain subject areas, promote the dissemination
and exchange of knowledge, and improve collaborative commu-
nication and problem-solving skills.

Limitations. This meta-analysis has some limitations, but they
can be addressed in further studies. First, because only English
and Chinese were allowed as search languages, it’s possible that
relevant studies published in other languages were missed, leaving
an insufficient number of papers for review. Second, some
information supplied by the included studies is lacking, such as
whether or not teachers and students received training on how to
use technical tools and the variations in learning outcomes
between students of different ages and genders. Third, this meta-
analysis had a time limit since, as is common with review papers,
more studies were published throughout the process of doing it.
As pertinent information continues to emerge, more studies
addressing these topics are important and extremely relevant.

Teaching suggestions for implementing technical-supported
collaboration. According to this meta-analysis, technology-
supported collaboration is an effective factor in promoting stu-
dents’ learning outcomes. In order to more effectively enhance
the learning outcomes of dimensions such as academic achieve-
ment, learning attitude, and learning participation, the following
suggestions are offered in addition to what has been mentioned in
the prior discussion:

(1) Teachers should pay attention to the two core elements of
“technology support and collaborative interaction” in
carrying out teaching applications. Technical-supported
collaboration can not only boost the efficiency and quality
of learner interaction, promote teacher presence and
guidance feedback, and facilitate in-depth explanation and
timely correction among groups but are also crucial for
resolving conflicts among subjects in a socially constructed
learning environment and triggering high-quality and deep-
level learning effects. Therefore, teachers must pay special
attention to the two core elements of technology support
and collaborative interactions, design collaborative

problem-solving tasks that are directed towards real-world
task situations with the support of technology, and
encourage students to effectively engage in social collabora-
tion such as discussion, negotiation, questioning, and
debate using technology tools in the context of
technology-supported collaboration. They can reach con-
sensus on issues within the field and form solutions, thereby
promoting learners’ mastery of domain knowledge and the
development of thinking skills.

(2) Teachers should establish collaborative fields with
technology-support in real-world situations and carry out
long-term teaching interventions. The purpose of learning
is not to acquire knowledge but to solve problems in real-
world learning situations. However, the knowledge students
get in formal fields such as schools is often fragmented and
disconnected from real-life situations, and it cannot be
applied to solve problems in real and rich learning
situations. In addition, learning outcomes, as a compre-
hensive key ability, are difficult to meaningfully improve in
a short intervention period. On the contrary, it can be
cultivated through ongoing instruction and the gradual
accumulation of knowledge over time. Therefore, teachers
should design complex and ill-structured problems based
on real-life situations that involve multidisciplinary knowl-
edge over the long term, and provide specific technological
support scaffolds for extended teaching practices, in order
to encourage students to engage in social collaboration
through technology, discuss issues, share perspectives, and
engage in critical debates.

(3) Teachers should explore emerging technologies and
enhance the design of technology-support collaborative
learning environments. While emerging technologies such
as generative artificial intelligence and virtual reality can
create rich collaborative learning environments and provide
new ways to enhance student interaction, engagement, and
personalized learning experiences, they are not inherently
designed for collaborative learning contexts. As prominent
outcomes of artificial intelligence development, these
technologies are often not specifically tailored to foster
collaboration learning. Therefore, teachers should carefully
consider the characteristics of the subject area and the type
of knowledge being taught in their instructional practices,
and design and present diverse collaborative interaction
environments. These environments should offer multi-
modal interactive support that aligns with students’
emotional communication and knowledge learning needs.
This approach will help students, with the support of
emerging technologies, to clearly articulate social phenom-
ena, knowledge concepts, and abstract logic, while also
preventing learners from becoming overly immersed in the
novelty effects of new technologies, which could lead them
to neglect a focused engagement with the content
knowledge.

Conclusions

This study focuses on two core research questions, aiming to
address the issue of how well technology-supported collaboration
promotes students’ learning outcomes, which has not received
adequate attention in previous studies. The contribution of this
study lies in its comprehensive quantitative analysis, system-
atically synthesizing 48 empirical articles published in interna-
tional journals over the past decade, using meta-analysis methods,
encompassing a total of 9449 samples and 125 effect sizes. The
following conclusions can be drawn:
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(1) Regarding question 1, the meta-analysis results confirm
that: Technology-supported collaboration can promote
students’ learning outcomes to a certain extent, and the
overall effect is at the upper-middle significant level, with a
significant overall effect size (ES =0.71, z=14.36, P < 0.01,
95% CI [0.61, 0.80]). With respect to the dimensions of
learning outcomes, technology-supported collaboration has
a positive impact on learning outcomes across different
dimensions (ES >0), but there is no significant difference
between inter-groups (chi2=6.08, P>0.05). It can sig-
nificantly and effectively raise students’ academic achieve-
ment (ES=0.80, z=11.34, P<0.01, 95% CI [0.66, 0.94])
with a moderate to high level of significant impact, while
the improvement of learning participation (ES=0.67,
Z=6.82, P<0.01, 95% CI [0.48, 0.87]) and learning
attitude (ES=0.52, z=5.86, P<0.01, 95% CI [0.35,
0.69]) is only at a middle level of impact.

(2) Regarding question 2, through subgroup analysis, it was
found that: There are different degrees of positive effects on
students’ learning outcomes from all six moderating
variables, which were identified across 48 studies. The
group size (Chi2 = 14.07, P <0.05), the intervention dura-
tion (Chi2=13.83, P<0.01), and the subject area
(Chi2 =25.43, P<0.05) all positively affect learning out-
comes and could be seen as significant moderating factors
that influence the development of how well technology-
supported collaboration promotes students’ learning out-
comes in this context. However, the learning stage
(Chi2 =6.68, P=0.08>0.05), the technological tools
(Chi2 =3.14, P=10.07 >0.05), and the collaborative field
(Chi2=3.17, P=0.06>0.05) did not show significant
inter-group differences, making it unclear why these factors
are important for achieving learning outcomes in the
context of technology-supported collaboration.

In summary, this study systematically answered two research
questions through meta-analysis, providing empirical evidence
for optimizing technology-supported collaborative learning.
The study not only confirms the positive impact of technology-
supported collaborative learning on enhancing student learning
outcomes but also specifically analyzes the variability of this
influence across different dimensions, including academic
achievement, learning attitude, and learning participation.
Furthermore, it explores six moderating variables affecting
learning outcomes (learning stage, group size, intervention
duration, collaborative field, technical tools, and subject areas),
identifying group size, intervention duration, and subject area
as key moderators of student learning effectiveness. This
research provides more targeted recommendations for educa-
tional practices in these areas, offering a new perspective for
understanding and optimizing technology-supported colla-
borative learning environments.

Future research could continue to explore new methods pro-
vided by emerging technologies, such as generative artificial
intelligence, to enhance collaborative interaction, engagement,
and personalized learning experiences. Additionally, training
programs for teachers and students on using technology to sup-
port and enhance learning outcomes should be developed, as this
would help in understanding how technology-supported colla-
boration impacts students’ learning outcomes. Furthermore,
longitudinal studies could be conducted to examine the long-term
effects of technology-supported collaboration on student learning
outcomes. Long-term data would provide deeper insights into
how the sustained use of technology in collaborative learning
environments influences students’ learning outcomes and skill
development.
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