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Abstract

The impact of digital technology on learning outcomes, specifically deep learning, has
been a subject of considerable debate and scrutiny in educational settings. This study
aims to provide clarity by conducting a meta-analysis of empirical publications that
examine students’ deep learning outcomes in relation to digital technology. A compre-
hensive search of databases and a thorough literature review yielded 60 high-quality,
peer-reviewed journal articles that met the inclusion criteria. Using Review Manager
5.4.1 software, a meta-analysis was conducted to assess the overall effectiveness of
digital technology. The calculated effect size indicates a positive influence of digital
technology on students’ deep learning outcomes. Furthermore, a moderator variable
analysis revealed several significant findings: 1. Different categories of digital technol-
ogy tools have a favorable impact on deep learning outcomes; 2. The duration of digi-
tal technology treatment does not significantly affect deep learning outcomes; 3. Digi-
tal technology demonstrates a highly positive influence on deep learning within the
humanities and social sciences disciplines; 4. Combining online and offline utilization
of digital technology in education leads to a substantially greater enhancement in deep
learning compared to relying solely on online methods; 5. The effectiveness of digital
technology on deep learning is enhanced when accompanied by appropriate instruc-
tional guidance; 6. Utilizing digital technology in a systematic manner produces dif-
ferent outcomes compared to fragmented approaches, highlighting the importance of
a cohesive implementation; 7. Integrating digital technology with collaborative learn-
ing has a more pronounced effect on deep learning compared to independent learning.
These findings contribute to our understanding of the impact of digital technology on
deep learning outcomes and underscore the importance of thoughtful integration and
instructional support in educational contexts.
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1 Introduction

Deep learning entails an active comprehension and discerning utilization of knowl-
edge (Biggs, 1979; Biggs, 1987), coupled with the ability to transfer and apply
knowledge to solve real-world problems. Ultimately, it advocates for a lifelong com-
mitment to learning (National Research Council, 2012). It is a highly immersive
form of learning with the aim of developing higher-order thinking skills (Lee &
Choi, 2017). Deep learning emerges as a compelling imperative in the realm of edu-
cation and pedagogy within the digital era, signifying a pivotal manifestation of the
evolution and advancement of educational paradigms and learning methodologies.
Moreover, it serves as a significant pathway for acquiring essential 21st-century
skills (Pellegrino, 2017). The research focus on deep learning effectively addresses
the imperative for lifelong education (Barros et al., 2013), the paradigm shift in edu-
cational concepts (Sterling, 2004), and the transformations in learning approaches,
which collectively constitute pivotal factors in educational reform and progress. For
learners, the pivotal role of deep learning resides in its facilitation of higher-order
learning objectives, fostering knowledge retention, and enabling the seamless trans-
fer of knowledge from classroom settings to real-world scenarios, thereby enhancing
problem-solving capabilities.

The integration of digital technology has become a prominent characteristic of
contemporary education (Ng, 2015). While numerous researchers have conducted
experiments to examine the impact and effectiveness of digital technology on
deep learning outcomes, a consensus has yet to be reached. Some studies suggest
that digital technology significantly enhances deep learning (Al-Neklawy, 2017;
Cai & Gu, 2019; Yuen & Naidu, 2007), while others indicate that digital tech-
nology does not necessarily promote deep learning and may even have negative
effects (Lin et al., 2019b; Manzanares et al., 2019; Salmeron et al., 2017; Zhang
et al., 2023). Moreover, additional research endeavors are imperative to delve into
the multifaceted factors that exert influence on the outcomes of students’ deep
learning when exposed to digital technology. Meta-analysis can provide a compre-
hensive perspective by synthesizing the diverse results of similar studies, thereby
investigating the overall effects of digital technology. This study aims to address
the following questions: Does the integration of digital technology truly aug-
ment the efficacy of deep learning? Is there notable heterogeneity in effect sizes
observed across diverse studies? Which factors can explain the variations among
these studies? To answer these questions, the present study employs a meta-
analysis under PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses guidelines (Page et al., 2021) to quantitatively integrate relevant
experimental research, analyzing the influence of different moderating variables in
digital technology on the improvement of deep learning. This meta-analysis seeks
to contribute to the existing studies on the subject and provide valuable insights
for researchers, educators, and policymakers.
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2 Research overview
2.1 Deep learning

Deep learning is commonly found in the fields of machine learning and edu-
cation. In earlier studies on education, researchers described deep learning
as a learning approach adopted by students during the learning process. This
concept originated from Marton and Siljo (1976) who, through qualitative
research, compared Swedish university students’ information processing during
the reading of extensive prose passages and distinguished two different levels
of information processing: “deep-level processing” and ‘“surface-level process-
ing”. Subsequently, Australian scholar Biggs, who has been devoted to research
in the domains of learning processes and the classification of learning quality,
attempted to associate the learning process with learning quality based on Mar-
ton and S&ljo’s concept of surface-level and deep-level processing. Biggs (1979)
discovered that students typically choose learning strategies consistent with
their own motivation, and the combination of learning strategies and learning
motivation is referred to as learning approach. There are three different learning
approaches that students adopt during the learning process: the deep approach,
the surface approach, and the strategic approach. Entwistle and Peterson (2004)
posited that deep learning is a learning approach aimed at seeking meaningful
understanding. Throughout the learning process, learners monitor their under-
standing and engage deeply in it, while surface learning is a learning approach
aimed at fulfilling course objectives.

In the contemporary era, there has been a concerted global effort by interna-
tional organizations and nations to explore the transformative potential of edu-
cational structures and information technology (United Nation, 2023). In light of
the paradigm shift in talent cultivation and the educational reforms spurred by
information technology, the concept of deep learning has resurfaced as a topic
of paramount importance. Researchers have shifted their attention from examin-
ing learning approaches within the learning process to investigating the outcomes
associated with deep learning. For instance, by aligning the National Research
Council’s (NRC) categorization of deep learning abilities into three domains
with the Hewlett N’s identification of six fundamental capacities, the AIR has
proposed a comprehensive framework for deep learning. This framework encom-
passes three domains and six abilities, forming a cohesive structure for evaluating
deep learning capabilities (William and Flora Hewlett Foundation, 2013).

In fact, the two aforementioned definitions of deep learning are not contradic-
tory. Researchers generally consider deep learning as a learning approach or a
learning outcome. Some emphasize that deep learning is both a learning approach
and a learning outcome, wherein learners achieve deep learning outcomes through
the process of deep learning (Marton & Siljo, 1976). Therefore, this study con-
siders deep learning to include both the learning approaches adopted during the
learning process and the learning outcomes.
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2.2 Measurement of deep learning

Numerous cost-effective and widely used measurement tools have been developed
by researchers. Commonly used tools include the Study Process Questionnaire
(SPQ) (Biggs, 1978), the Learning Process Questionnaire (LPQ) (Biggs, 1991),
the Inventory of Learning Process (ILP) (Schmeck et al., 1977), the Approaches to
Studying Inventory (ASI) (Entwistle et al., 1979), the Approaches to Learning and
Studying Inventory (Entwistle & McCune, 2004), the Approaches and Study Skills
Inventory for Students (ASSIST) (Entwistle et al., 1997), as well as the revised two-
factor versions of the Study Process Questionnaire (R-SPQ-2F) (Biggs et al., 2001)
and the Learning Process Questionnaire (R-LPQ-2F) (Kember et al., 2004), which
are adapted from SPQ and LPQ, respectively. In the context of assessing the out-
comes of deep learning, researchers predominantly employ Biggs’ (Biggs & Col-
lis, 2014) Structure of the Observed Learning Outcome (SOLO) taxonomy frame-
work. Extensive interdisciplinary and cross-cultural comparative studies have been
conducted using the aforementioned measurement tools to validate their reliability
and effectiveness in terms of their structure and dimensions (Duff, 1997; Duff &
McKinstry, 2007; Watkins, 2014). In this study, these measurement tools are col-
lectively referred to as standardized measurements. Additionally, other measurement
approaches are collectively referred to as self-developed measurements in this study.

2.3 Digital technology-enhanced learning

In the realm of digital technology-enhanced learning, various researchers have pro-
vided insightful definitions. Siemens and Tittenberger (2009) defined it as the utiliza-
tion of digital tools and technologies to create, deliver, and support learning experi-
ences and educational content. According to Wheeler (2012), technology-mediated
methods encompassed a range of approaches aimed at facilitating student learning.
These methods incorporated various components, such as assessment, tutoring, and
instruction. The European Commission (2013) elucidated that digital technology-
enhanced learning encompassed the use of technology to bolster and enrich the learn-
ing process, incorporating digital tools, resources, and platforms to facilitate inter-
action, collaboration, and access to information. Furthermore, Garrison and Kanuka
(2004) posited that digital technology-enhanced learning entailed a pedagogical
approach that seamlessly integrates technology, including multimedia, online com-
munication, and interactive learning environments, to cultivate captivating and effec-
tive learning experiences. In summary, digital technology-enhanced learning entails
the purposeful integration and application of digital technologies within educational
settings, aiming to amplify the learning experience and enhance learning outcomes.
Numerous scholarly investigations have substantiated the notion that students’
engagement in deep learning is contingent upon a combination of individual factors
and the surrounding learning milieu (DeLotell et al., 2010; Hall et al., 2004). In light
of this understanding, leveraging digital technology presents a promising avenue for
fostering deep learning among students. Building upon this premise, researchers have
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endeavored to amalgamate the objectives of deep learning with the integration of digi-
tal technology within learning contexts, with the aim of exploring efficacious designs
for digital learning environments that accentuate the depth of learning.

According to the nomenclature used by researchers, this study classifies digital
technology into four distinct categories: multimedia and interactive content, virtual
assistance and tutorial tools, digital learning platform and environment, and integrated
design of technology-enhanced learning. The category of multimedia and interactive
content encompasses a range of approaches that leverage various digital resources.
Examples include the integration of multimedia resources (Altun, 2018; Fenesi et al.,
2015; Lee & List, 2019; Lee et al., 2021; Strgmme & Mork, 2021) to enhance instruc-
tional materials, the development of hypertext teaching materials (Klois et al., 2013;
Liu & Hmelo-Silver, 2009; Salmeron et al., 2017) that offer interactive navigation and
exploration, and the utilization of digital textbooks (Sung et al., 2022) that provide
dynamic and interactive learning experiences. Virtual assistant and tutorial tools pro-
vide interactive and personalized support to learners. This includes gamified learning
(Aguiar-Castillo et al., 2021; Barrio et al., 2016; Chen, 2017; Erhel & Jamet, 2016;
Sung et al., 2018) and other autonomous learning tools, such as concept maps (Cui
& Yu, 2019). Digital platforms and environments have expanded the channels for
interaction and feedback among teachers, students, and peers. This encompasses the
use of Learning Management Systems (LMS) (Al-Neklawy, 2017), interactive read-
ing systems (Chen et al., 2019b), and collaborative feedback among peers (Filius et al.,
2019; Zhao & Li, 2021), which contribute to enhancing multidimensional interaction
and feedback assessment. Integrated design of technology-enhanced learning refers to
a comprehensive conceptual model that encompasses various elements and dimensions
of the integration of technology in educational settings. Examples include combining
multiple digital resources and instructional tool platforms in flipped classrooms (Bou-
wmeester et al., 2019; Jeong et al., 2019; Lin et al., 2019a; Sawras et al., 2020), and the
implementation of asynchronous online teaching modes (Koszalka et al., 2021).

In addition, the pervasive use of mobile devices and the advancement of instant
communication technologies have prompted researchers to explore the effects of frag-
mented learning and online collaborative learning within the realm of digital technol-
ogy on deep learning (Xie, 2021). Thus, this study seeks to provide a comprehensive
classification of digital technology usage, differentiating between fragmented and
systematic approaches, and delineating learning approaches as independent and col-
laborative modes. By investigating these dimensions, the study aims to deepen our
understanding of the influence of digital technology on deep learning outcomes.

3 Literature review and research questions

3.1 Empirical studies on the impact of digital technology on deep learning

A considerable number of researchers have undertaken numerous experiments and
quasi-experimental studies to explore the influence of digital technology on deep

learning among students. However, a consensus on this matter has not yet been
attained. Several researchers have observed a notable positive impact of digital
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technology on deep learning among students. For instance, Sugden et al. (2021) con-
ducted a study involving 63 university students to investigate the effects of online
interactive live broadcasting on deep learning. The findings revealed a substantial
enhancement in the deep learning abilities of participants after 14 weeks of engaging
in online interactive live broadcasting learning. Similar results were reported by Ade-
ribigbe (2021), who employed a quasi-experimental approach to explore the influ-
ence of online interactive discussions on student deep learning. The outcomes indi-
cated that online discussions had the potential to enrich deep learning experiences.

In contrast, there exists a body of research that presents views contradicting the
aforementioned research conclusions. These researchers have identified significant
adverse effects of digital technology on deep learning among students. For instance,
Trakhman et al. (2018) conducted an empirical study aiming to examine the impact
of digital media versus traditional paper-based reading on reading comprehension.
The findings indicated that traditional paper reading yielded superior outcomes in
terms of deep learning when compared to reading through digital media. Vogt et al.
(2022) conducted a study that specifically targeted emergency medicine students.
The research aimed to compare the effects of online teaching methods with tradi-
tional offline teaching in terms of the depth of theoretical knowledge acquisition.
Following one semester of instruction, it was observed that students in the tradi-
tional teaching group demonstrated superior performance in terms of deep learning
when compared to the online teaching group.

As a result, it becomes evident that the experimental investigations into the influ-
ence of digital technology integration on student deep learning have not yet arrived
at a consensus. This observation implies that the effects of digital technology on
deep learning might be influenced by various factors and entail intricate underly-
ing mechanisms. Therefore, a comprehensive understanding of this matter cannot be
derived solely from the analysis of individual experimental findings. Furthermore, it
is insufficient to determine whether the integration of digital technology fosters deep
learning or identify the factors that may impact experimental outcomes.

3.2 Previous meta-analyses on digital technology-enhanced learning

The impact of technology on learning outcomes encompasses diverse dimensions
that have undergone meticulous scrutiny through meta-analysis studies, rendering
invaluable insights into the intricate relationship between technology and learn-
ing. A central focus of inquiry pertains to higher-order thinking skills, particularly
critical thinking and reflective thinking. Within this realm, online peer assessment
(OPA) has emerged as a potent catalyst for enhancing higher-order thinking, with a
specific emphasis on convergent higher-order thinking skills (Yang & Tsai, 2010).
Simultaneously, collaborative problem-solving facilitated by technology has demon-
strated efficacy in fostering critical thinking, albeit with a more pronounced impact
on attitudinal tendencies compared to cognitive skills (Xu et al., 2023).

Moreover, the realm of academic achievement has been examined within the con-
text of technology integration. The influence of distinct log variables in online learning
environments on student academic achievement exhibited nuanced relationships that
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are contingent upon specific courses (Wang & Mousavi, 2023). Additionally, compre-
hensive investigations into the phenomenon of dropout rates in Massive Open Online
Courses (MOOCs) have uncovered a multitude of contributing factors, encompassing
psychological, social, personal, course-related, and temporal elements, alongside the
influence of motivation and interaction on dropout rates (Wang et al., 2023).

The impact of technology on creativity within STEM education has also attracted
scholarly attention. Makerspaces, seamlessly integrating technology, have emerged
as facilitators of creative thinking, providing an environment conducive to cultivat-
ing creativity. Furthermore, the impact of technology on learning outcomes extends
to specialized fields such as nursing education, where technology-based educational
tools have been observed to enhance knowledge, skills, and self-confidence among
nurses and nursing students (Soomro et al., 2023).

Furthermore, the advent of personalized learning experiences has spurred investi-
gations into the role of technology. By discerning diverse student profiles in technol-
ogy-enhanced learning environments, tailored support and services can be precisely
administered to address individual needs (Villalonga-Gomez & Mora-Cantallops,
2022). Moreover, the integration of online learning has engendered a positive impact
on student equity, thereby ameliorating access to education for historically underrep-
resented groups (Stone, 2022).

While substantial research has been conducted on the impact of technology on
learning outcomes in various domains, a notable gap remains in our understanding
of how technology influences deep learning. Deep learning, characterized by the
acquisition of profound conceptual understanding and the ability to transfer knowl-
edge to complex real-world situations, warrants further investigation in the context
of technological interventions. Exploring instructional strategies, learning environ-
ments, and interactive tools that facilitate meaningful engagement and knowledge
construction holds promise for leveraging the potential of technology in fostering
deep learning. A comprehensive understanding of how technology affects deep
learning is crucial for educators and policymakers to harness the full potential of
technology and design transformative educational experiences that cultivate deep
understanding, critical thinking, and lifelong learning skills among learners.

3.3 Research questions

This study endeavors to reconcile the existing disparities pertaining to the efficacy
of digital technology in facilitating deep learning among learners through a compre-
hensive meta-analysis, thereby shedding light on the underlying rationales for the
observed variations. Specifically, it aims to address three pivotal research inquiries:

RQ1: To what extent does digital technology yield positive outcomes in facilitat-
ing deep learning among learners?

RQ2: Do substantial variations in effect sizes emerge across the diverse range
of studies examined? RQ3: In the event of significant heterogeneity, what are the
underlying factors that account for the divergent findings observed among the
included studies?
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4 Research design

The guidelines of the PRISMA 2020 statement were implemented, involving four
distinct phases: search and selection, evaluation of literature quality, research meth-
odology and tools, data analysis. This overall process was ongoing, cyclical, and
interactive, with constant crosschecks performed by two researchers throughout
screening, extraction, appraisal, and coding procedures.

4.1 Search and selection process

To address RQI1, which investigates the extent to which digital technology yields
positive outcomes in facilitating deep learning among learners, this study rigor-
ously adhered to the PRISMA guideline for the search and selection process. The
methodology employed in this study encompassed multiple stages, as illustrated in
Fig. 1, involving an initial search and screen, application of selection criteria, and a
final selection and data extraction process related to relevant studies. To determine
the inclusion of studies in the final review, a two-step procedure was implemented.
Firstly, a rigorous screening of titles and abstracts from the initial electronic data-
base searches was conducted, resulting in a subset of full articles deemed potentially
eligible for the final review. Subsequently, a comprehensive assessment of the full
articles was performed to ascertain their relevance to the research topic. This two-
stage approach was adopted to ensure the thoroughness of the study selection pro-
cess and minimized the risk of overlooking valuable and high-quality studies.

4.1.1 Initial search and screen

A systematic and thorough search was conducted to identify pertinent stud-
ies within the scope of this research. The search encompassed a comprehensive
exploration of publicly available literature up until March 2023. Key concepts
and search terms were carefully formulated to ensure the inclusion of literature
that pertains to digital technology from diverse international perspectives. This
rigorous approach to literature search aimed to capture a wide range of relevant
studies, providing a comprehensive foundation for the subsequent analysis and
synthesis of findings. The search strategies were tailored to align with the spe-
cific databases used, while maintaining consistency across all searches. Each
search was performed using combinations of three distinct types of search terms.
The first category encompassed terms related to education or training, such as
digital learning, learning technology, technology-enhanced learning, distance
education, remote learning, MOOC, e-learning, online learning, blended learn-
ing, flipped classroom, and distributed learning. The second category consisted
of terms associated with learning approaches, including deep learning, deeper
learning, deep-rooted learning, deep understanding, deep processing, deep strat-
egy, and deep learner. Lastly, the third category encompassed study design terms,
such as pretest, posttest, control group, comparison group, treatment group, and
experimental.
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Fig. 1 Flow diagram of the study selection process

Searches were conducted in the following databases: EBSCO, ERIC, Elsevier
Science Direct online, Pro-Quest, Springer Link, Taylor & Francis online, Web of
science and CNKI. To enhance the comprehensiveness of the review, the snow-
balling technique was used to broaden the scope of studies included in the analy-
sis. The process involved two researchers independently conducting database
searches and identifying articles that met the predetermined criteria. In instances
where discrepancies arose, a third researcher facilitated discussions to reach a
consensus. This rigorous approach ensured thorough coverage of relevant litera-
ture and minimized potential biases in the study selection process.

The initial electronic searches on the databases yielded 8695 relevant articles.
Titles, abstracts and indexes were screened to exclude remove articles with irrel-
evant research topics, duplicate publications, studies reporting the same research
in different forms or non-experimental studies. This step narrowed the literature
search to 508 potentially relevant full-text articles that required deeper investiga-
tion compared to the selection criteria.
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4.1.2 Selection criteria

Table 1 provides a comprehensive set of inclusion and exclusion criteria to iden-
tify all eligible articles. The selection process for this study involved considering
only articles published in peer-reviewed journals, as this criterion serves as a valu-
able indicator of the quality and rigor of the research. By prioritizing peer-reviewed
publications, the study ensured that the included articles have undergone a thorough
evaluation process by experts in the respective fields. This rigorous selection crite-
rion strengthened the overall quality and reliability of the evidence base, contribut-
ing to the robustness of the findings and conclusions (Shi et al., 2021). The inclusion
criteria involved a thorough examination of studies to assess their compliance with
the following requirements: (a) the study used a rigorous design (e.g. randomized
controlled design, controlled quasi-experimental design); (b) the study reported
quantitative data on student deep learning outcomes; and (c) the study reported at
least one comparison of a digital technology-enhanced condition with a technol-
ogy-free condition; (d) During the experiment, learners were not informed of the
research purpose. Studies not meeting the established criteria were excluded from
consideration. For instance, Aguiar-Castillo’s study (2021) examined the impact of
gamification on deep learning within higher education. However, due to the absence
of a comparison between gamification and gamification-free conditions, such as
those found in experimental or quasi-experimental designs, this particular study was
deemed ineligible for inclusion.

4.1.3 Final selection and data extraction

To address our research questions, namely RQ2: “Do substantial variations in effect
sizes emerge across the diverse range of studies examined?” and RQ3: “In the event
of significant heterogeneity, what are the underlying factors that account for the
divergent findings observed among the included studies?”, we extracted the follow-
ing information from the selected studies for moderator analysis: study authors and
year of publication, functionality of digital technology, treatment duration, educa-
tional level, subject, sample size, measurement of deep learning outcomes, usage
context, usage guidance, usage mode, and learning mode. (See Table 2, The coding
schema) Two researchers independently performed data extraction, and any discrep-
ancies between the extracted data were resolved through consensus between the two
researchers. This resulted in the rejection of 448 journal articles from the initial pool
of 508 potentially relevant publications. Articles were rejected based on the crite-
ria described above. A total of 60 eligible articles were included in the final meta-
analysis (Al-Neklawy, 2017; Altun, 2018; Artino & Stephens, 2009; Bakoush, 2022;
Barrio et al., 2016; Bouwmeester et al., 2019; Bu et al., 2022; Cai & Gu, 2019; Chao
et al., 2016; Chen et al., 2019a; Cui & Yu, 2019; Elbyaly & Elfeky, 2022; Ellis et al.,
2016; Erhel & Jamet, 2016; Filius et al., 2019; Giannini et al., 2017; Hackett et al.,
2023; Hu et al., 2021; Huang et al., 2019; Jeong et al., 2019; Jiang, 2022; Kazanidis
et al., 2019; Klois et al., 2013; Koszalka et al., 2021; Lee & List, 2019; Lee & Choi,
2017; Li et al., 2023; Lin et al., 2019a; Lin & Chen, 2020; Lin et al., 2019b; List &
Ballenger, 2019; Liu & Hmelo-Silver, 2009; Manzanares et al., 2019; Naaz et al.,
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2014; Park & Kim, 2014, 2016; Pei et al., 2020; Qin et al., 2020; Rassaei, 2021;
Salmeron et al., 2017; Sawras et al., 2020; Shen et al., 2022a, b; Stremme & Mork,
2021; Sugden et al., 2021; Sung et al., 2018; Tarchi et al., 2021; Tiedt et al., 2021;
Trakhman et al., 2018; Vogt et al., 2022; Wang et al., 2018a, b, 2021; Yan et al.,
2022; Yang et al., 2018; Yao et al., 2022; Ye et al., 2019; Yeh, 2012; Yuen & Naidu,
2007; Zhou et al., 2021).

An essential differentiating factor in learning approaches that utilize digital
tools is the strategic utilization of appropriate learning modes. This differentiation
stems from the understanding that various learning modes engender distinct learn-
ing experiences by modifying the source of learning content, the nature of learner
activities, and the instructional structures within the classroom (Fox & Docherty,
2019). Within the literature, two primary learning modes were commonly discussed:
independent learning, characterized by individual learning activities, and collabora-
tive learning, characterized by interdependent group learning activities. Independ-
ent learning involves active student engagement in meaningful learning activities,
promoting student activity and involvement in the learning process. In contrast to
traditional classroom learning, where students passively receive information, inde-
pendent learning emphasizes student agency and participation. Collaborative learn-
ing, on the other hand, entails participants working together in a collective effort to
solve problems. This approach emphasizes student interaction within interdependent
groups, fostering the development of analytic skills, problem-solving abilities, and
prosocial behaviors.

The second key distinction of digital technology in learning is the functionality.
Based on the resources and functionalities offered by digital technology reported by
the authors, the categories can include: (1) material and media, such as multimedia
learning resources, hypertext, animation, and electronic textbooks; (2) tool and soft-
ware, such as Al-based assessment tools, gamified learning, concept mapping tools,
etc.; (3) platform and environment, such as interactive learning tools, VR learning
environments, learning management systems, digital simulation platforms, virtual
tutoring systems, etc.; (4) integrated design, which often involve the integrated use
of the aforementioned three types of tools throughout the teaching process, such as
blended learning, flipped classroom models, asynchronous online learning, etc.

4.2 Evaluation of literature quality

In meta-analyses, the quality of included studies can significantly impact the final
outcomes. In this study, the assessment of literature quality was conducted using
Review Manager 5.4.1 software, applying the Cochrane Bias Risk Assessment Tool
(Collaboration Cochrane, 2020). The following domains were evaluated: random
sequence generation, allocation concealment, blinding of participants and person-
nel, blinding of outcome assessment, incomplete outcome data, selective outcome
reporting, and other biases. Two researchers independently performed the litera-
ture evaluation, and any discrepancies between the evaluation results were resolved
through consensus between the two researchers.
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4.3 Research methodology and tools

Meta-analysis is a statistical method that involves reanalyzing multiple studies on
the same topic, combining data from related experimental or quasi-experimental
studies to obtain a pooled effect size and investigate the overall effect. In com-
parison to traditional descriptive literature reviews, meta-analysis provides a
relatively scientific approach to exploring the reasons for variations in research
findings, effectively resolving research controversies, and deriving comprehen-
sive research conclusions. It has become an important research method in various
disciplines, including medicine, education, psychology, economics, and more. In
this study, the meta-analysis method was employed to investigate the impact of
digital technology on students’ deep learning. The statistical and descriptive soft-
ware package used in the meta-analysis was Review Manager 5.4.1 (Collaboration
Cochrane, 2020).

4.4 Data analysis

In pursuit of a comprehensive exploration of the impact of digital technology usage
on the effectiveness of deep learning and to effectively address RQ2, we employed
Review Manager 5.4.1 software (Collaboration Cochrane, 2020) for heterogeneity
tests and meta-analysis. Based on the sample sizes and 95% confidence intervals
(CI), we calculated the standardized mean difference (SMD) of deep learning out-
come data to assess the effect sizes of each study. Furthermore, variance analysis
was conducted on the pooled studies. All analyses considered two-sided p-values
less than 0.05 as significant.

Depending on the degree of heterogeneity observed in the dataset, we
employed either fixed-effects models or random-effects models. The choice of
model was determined by evaluating the variability and consistency of the effect
estimates across studies. If significant heterogeneity is detected, indicating sub-
stantial differences between the study results beyond what would be expected
by chance, a random-effects model is used. Conversely, if the heterogeneity is
minimal or non-significant, suggesting a similarity in effect sizes across studies,
a fixed-effects model is applied. The selection of the appropriate model aimed to
provide a robust estimation of the overall effect while accounting for the inherent
variability among the included studies. The I? test was used to detect the presence
of heterogeneity (i.e., the degree of inconsistency among study results) (Higgins
et al., 2003). When heterogeneity was observed, sensitivity analysis was con-
ducted to assess whether it significantly affected the results of the meta-analysis.
Publication bias was evaluated by observing the shape of the funnel plot and cal-
culating the fail-safe number when researchers tend to publish favorable results
(Peplow, 2014). These data were used together to determine the presence of pub-
lication bias. Moderator analysis was conducted to assess which contextual fac-
tors could influence the results of the meta-analysis, allowing us to investigate the
hypothesized variables.
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4.5 Characteristics of included studies

As mentioned above, this review included 60 articles, resulting in 60 independent
effect sizes. Table 3 describes the key elements of the 60 studies included in the
meta-analysis. The studies were conducted in 19 different countries and regions,
indicating the wide-ranging research on digital technology and deep learning. The
publication years of the articles ranged from 2007 to 2023. The studies encom-
passed quasi-experimental or experimental designs. The sample sizes varied from
12 to 1060 participants, with the majority of studies having sample sizes below 100.
The combined sample size consisted of 6185 participants in the experimental group
and 7002 participants in the control group. The research participants represented all
educational levels, including preschool, primary school, secondary school, under-
graduate, and graduate levels. The curriculum covered humanities and social sci-
ences, natural sciences, and other interdisciplinary subjects.

5 Research findings
5.1 Overall effect size of digital technology on deep learning (RQ1)

In response to RQ1, we conducted an analysis of the overall effect size of digital tech-
nology on deep learning. The results indicated a statistically significant difference in
learning outcomes, as evidenced by the pooled effect size. Compared to traditional learn-
ing, digital technology yielded superior results (SMD = 0.68, 95% CI 0.45-0.92, p <
0.00001), as shown in Fig. 2. A sensitivity analysis was performed to assess the robust-
ness and reliability of the results obtained in this study. This involved systematically
excluding individual studies from the analysis one at a time to evaluate their influence on
the overall findings. Remarkably, even after sequentially omitting each study, the pooled
effect size in favor of digital technology-enhanced learning consistently maintained its
magnitude and direction. This confirmed the initial observations of the original analysis
and provides compelling evidence for a substantial and statistically significant positive
impact of digital technology on deep learning outcomes across the board.

5.2 Heterogeneity test (RQ2)

To address RQ2, we performed a heterogeneity test on the cohort of 60 selected stud-
ies. Out of the 60 studies incorporated in the meta-analysis, a total of 6185 participants
engaged in learning activities facilitated by digital technology, while 7002 participants
underwent learning experiences without the utilization of digital technology. The
inclusion of these studies allowed for a comprehensive examination of the impact of
digital technology on learning outcomes, encompassing a substantial number of par-
ticipants across various educational contexts. Due to variations in sample size, experi-
mental designs, and digital technology used among the included literature, heterogene-
ity was inevitable. In this study, the heterogeneity test primarily relied on the F value.
According to the criteria proposed by Higgins et al. (2003), I’ < 25% indicates low
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Table 3 Tests of experiment design as moderator variables

95% CI
Variable SMD LL UL Z-value P(%) p-value
Sample size 0 0.49
<250 0.67 0.46 0.88 6.19
>250 0.39 -0.38 1.16 0.99%#:#:*
Treatment duration 0 0.51
<4 weeks 0.42 -0.11 0.94 1.55
4-8 weeks 0.62 0.33 0.91 4.23%%%
>8 weeks 0.80 0.41 1.19 4.00%**
Measurement method 15.9 0.28
standardized measurement 0.99 0.42 1.57 3.37%*
self-developed measurement 0.64 0.37 0.91 4.66%*%*

SMD: standardized mean difference; CI: 95% confidence interval; LL: lower limit; UL: upper limit.
*p < 0.05, **p < 0.01, ***p < 0.001.

heterogeneity, I? values between 25% and 75% indicate moderate heterogeneity, and F
> 75% indicates high heterogeneity in the study. The results of the heterogeneity test in
this study showed an P value of 99% and reached statistical significance (p < 0.00001),
indicating a high level of heterogeneity among the selected studies. Therefore, a ran-
dom-effects model was used to analyze the data. Among the 60 individual comparisons
between learning with digital technology and traditional learning without technology,
47 reported significant positive effects, while 13 reported negative effects.

5.3 Publication bias

Publication bias, a critical factor impacting the reliability of research findings,
was assessed in this study. The funnel plot, a widely employed method for detect-
ing publication bias, was generated using Review Manager 5.4.1 software (refer
to Fig. 3). Examination of the funnel plot revealed a symmetrical distribution of
effect sizes from the included study samples around the average effect size. This
indicated a lack of significant asymmetry or potential publication bias.
Additionally, the Nfs statistic, which estimates the number of unretrieved stud-
ies with null results needed to nullify the overall combined effect size to a non-
significant level (Rosenthal, 1979), was calculated at a significance level of 0.01

using the following formula:
Yz\*
Nfsoor = <m -k

In the aforementioned equation, Z represents the Z value associated with each
independent effect size, while k denotes the total number of included studies. The
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Experimental Control Std. Mean Difference Std. Mean Difference
Study or Subgroup Mean SD Total _Mean SD_Total Weight IV, Random, 95% CI 1V, Random, 95% CI
Al-Neklawy, A. F. 2017 11.94 203 53  &.25 263 53 16X 2.40 [1.90, 2.91] el
Ahun, D. 2018 7.94 1.24 72 7.05 1.16 72 1.7% 0.74 [0.40, 1 08] —
Artino, A. R.Stephens, J. M. 2009 5.43 1.08 87 4.7 1.39 107 1.7% _—
Bakoush, M. 2022 21.51 2.48 57 14.89 583 57 1.7% —_—
Barrio, C. M. etal 2016 5.53 1 131 536 1.06 131 1.7% T
Bouwmeester, R. A. M. etal 9 7 28 15 17 3& 1.6% —_—
Bu, C. etal 2022 4.1 045 49 3.88 0.51 49 1.7% —
Cal, H. Y. & Gu, X. Q. 2019 43 02 23 35 019 26 1.3% 4
Chao, J. et al 2016 2513 3538 30 19.13 4209 30 1.6% —
Chen, B. etal 2019 3.77 039 42 35 043 42 1.7% —
Cul, J. ). &Yy, 5. Q. 2019 93.92 465 74 8763 1009 74 17X _—
Elbyaly, M. Y. H. & Elfeky, A. I. M. 2022 417 0296 59 361 0283 59 17% —_—
Ellis, R. A. et al 2016 0.32 078 211 -0.13 1.07 211 1.7% .48 [0.29, 0. —_
Erhel, S. & Jamet, E. 2016 4.82 158 47 5.75 202 47 1.7% -0.51[-0.92, -0.10] —_—
Fillus, R. M. etal 2019 4 0.75 108  4.02 088 108 1.7% -0.02[-0.29,0.24] -1
Glanninl, A. M. et al 2017 4.07 0.93 150 1.85 1.08 150 1.7% 2.20 [1.91, 2. —_—
Hackett, S. 2023 3.4 058 24 338 054 24 16X  0.04 [0. e
Hu, Y. etal 2021 3.52 0.7 53 2.92 0.84 53 1.7% 0.77 [0.. —
Huang, Z. etal 2019 90.74 7.73 46 B157 1473 46 1.7% 0.77 [0.35, 1.20] T
Jeong, J. S. etal 2019 33.7 54 64 344 203 &4 1.7% -0.05[-0.39,0.30] e
Jlang, R. H. 2022 3.2032 0.55846 247 3.3347 0.48271 227 1.7% -0.25 [—0 43 -0.07] -
Kazankils, I. 2019 61.462 12.33 128 5577 11.02 128 —_
Klols, S. S. etal 2013 6.18 213 71 638 208 71 b
Koszalka, T. A. etal 2021 22.58 14.51 12 13.15 83 13 ¥ X 1
Lee, H. Y. & List, A. 2019 078 120 77 177 264 77 17% —0.470.79, —0 15] —_
Lee, ). & Chol, H. 2017 3.39 0.47 487 2.81 0.49 487 1.8% 1.21[1.07, 1.34) -—
U, H. etal 2023 4.87 031 35 454 0.7 36 16X 0.60 [0.12, 1.08] —
Un, H. C. etal 2019 3.32 049 94 3.07 047 94 1.7% 0.52[0.23, 0.81] _—
Un, P. H. & Chen, S. Y. 2020 446 0504 48 3.51 0649 49 1.7% 1.62 [1.18, 2.08] -
Un, X. F. etal 2019 1.84 0.44 971 231 0.51 971 1.8% -0.99 [-1.08, -0.89] -
List, A. & Ballenger, E. E. 2019 5.8 262 91 691 215 91 1.7% -0.46 [-0.76, -0.17] _—
Uy, L. & Hmelo-Siver, C. E. 2009 10.32 197 123 9.66 161 123 1.7% 0.37 [0.11, 0.62] —
Manzanares, M. C. $. etal 2019 8.15 115 57 9.05 043 63 1.7% -1.05[-1.43,-0.67] —
Naaz, F. etal 2014 71 168 48 585 1599 48 1.7% .34, 1.17] —
Park, $. & Kim, C. 2014 115.1 15.9 27 1073 185 27 1.6% T
Park, $. W. & Kim, C. 2016 28.12 575 63 29.59 565 63 17% 0. T
Pel, X. N. etal 2020 7.02 0.21 125 &.62 0.23 125 1.7% 1 81 [1 52, 2.11] —
Qn, Y. Q etal 2020 6.02 201 212 595 187 121  17%  0.04 [-0.19,0.26 —
Rassael, E. 2021 7 091 48 5.8 1.3 48 1.7% 1.06 [0.63, 1.49] e
Salmeron, L etal 2017 232 0.81 27 5.51 255 27 1.6% -1.66 [-2.29, -1.04]
Sawras, M. etal 2020 4.46 094 106 3.84 094 106 1.7% 0.66 [0.38, 0.93] —_—
Shen, J. etal 2022 4.17 071 231 3.62 0.76 231 1.7% 0.75 [0.56, 0.94] —
Shen, X. etal 2022 3.91 065 200 335 046 200 1.7% 0.99 [0.78, 1.20 —
Stromme, T. A. & Mork, S. M. 2021 18.22 11.45 53 11.96 7.68 53 1.7% 0.64 [0.25, 1.03] I
Sugden, N. etal 2021 4.32 09 40 367 155 24 16X 0.54 [0.03, 1.06]
Sung, H. Y. etal 2018 76.21 12.11 38 67.16 13.24 38 1.7% 0.71 [0.24, 1. —_—
Tarchl, C. etal 2021 14.43 3.23 247 1414 3.73 247 1.7%  0.08 [-0. T
Tedt, ). A. etal 2021 34.62 631 17 37.25 €92 18 1.5% -0.39 [-1. Em—
Trakhman, L. M. S. etal 2018 4.52 1.94 57 43 207 57 1.7%  0.11 [-0.26, 0 43 -1
Vogt, L. etal 2022 16.5 2.3 152 18 1.75 1060  1.8% -0.82 [-0.99, -0.65] —
Wang, M. H. etal (b} 2018 3.04 098 49 2.88 107 49 1.7%  0.15 [-0. . -T—
Wang, M. H. etal 2018 0.21 0.14 25 018 013 20 16% 0.22 0. e e
Wang, Y. etal 2021 18.27 049 44 1493 066 44 1.4% 5.70 [4. 4
Yan, M. etal 2022 6.51 0.59 79 641 062 79 1.7% 016 F 0.48] T
Yang, X. Z. etal 2018 3.308 0439 30 3.266 0509 30 1.6% 0.09 [0 42 0 59] e —
Yao, J. etal 2022 23.51 3.42 94 21.9 3.42 94 1.7% 4 .. _—
Ye, X. D. etal 2019 3.58 054 56 3.16 0.74 56 1.7% —_—
Yeh, v. C. 2012 433 0.922 31 3.83 0934 31 1.6%  —
Yuen, S. T. $. & Naklu, $. 2007 4046 0.221 30 2946 0346 30 14X ’
Zhou. X.F. etal 2021 403 045 207 352 049 207 17%  1.08(0.88, 1. 19] —_
Total (95% CI) 6185 7002 100.0% 0.64 (0.40, 0.87) >
Heterogenehy: Tau® = 0.79; Ch* = 2190.94, df = 59 (P < 0.00001); F = 97% ..

-1
Test for overall effect: Z = 5.38 (P < 0.00001) Favours [experimental] Favours [control]

Fig.2 Forest plot of effect sizes using the random effect model. SD = standard deviation; CI = confi-
dence interval; IV = inverse variance

Nfs, an essential statistic in our analysis, reflects the magnitude of potential publi-
cation bias. Specifically, when the Nfs substantially surpasses the critical value of
S5k + 10 (Rosenthal, 1991), it signifies a robust mean effect size, thus indicating
no indication of publlcatlon bias (Hoeve et al., 2012). In this study, k = 60, >Z =

Z) — k = (279.52/2.33)>-60 = 14331.76 > 310 (5*60 +

=(Z2
279.52, and Nfsy o, = (233
10). By conducting these analyses, we have accounted for and addressed potential
publication bias, ensuring the validity and integrity of the research findings.

5.4 Moderator analysis (RQ3)

In response to RQ3, we have conducted a moderator analysis to explore the
impact of digital technology on deep learning. The earlier heterogeneity analy-
sis revealed a substantial diversity in effect sizes among the studies included in
our research, necessitating a closer examination of the factors contributing to this
variability through moderator analysis. To elucidate the underlying mechanisms
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influencing the influence of digital technology on deep learning, this study con-
ducted a moderation analysis, considering the following variables as potential
moderators: digital technology functionality, treatment duration, educational
level, subject, sample size, measurement methods, usage context, usage guidance,
usage mode, and learning mode. The findings indicated that the variability in
effect sizes among the studies could be attributed to variations in usage context,
usage guidance, and learning mode.

5.4.1 Experiment design: treatment duration, sample size and measurement
methods

Table 3 presents the outcomes of the moderator analysis conducted on this spe-
cific category. Variables treatment duration, sample size and measurement meth-
ods were assessed as potential moderators in this category. The impact of treat-
ment duration was explored by dividing the studies into two subsets: subset small
sample (consisting of studies with 250 participants or fewer) and subset big
sample (including studies with more than 250 participants). The analysis did not
reveal a significant moderating effect of sample size on the magnitude of the deep
learning effect (> = 0%, p > 0.05). Treatment duration was categorized into three
subsets based on treatment duration: less than four weeks, four to eight weeks,
and more than eight weeks. The analysis showed that treatment duration did not
exert a significant moderating influence (> = 0%, p > 0.05) on the deep learn-
ing effect. Similarly, measurement method, which was categorized into subsets of
standardized measurement and self-developed measurement, did not demonstrate
a significant moderating effect (I? = 0%, p > 0.05).

5.4.2 Functionality

The impact of digital technology functionality was investigated by categoriz-
ing studies into four subsets: material and media, tool and software, platform and
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environment, integrated design. (See Table 4) The subsequent analysis did not indi-
cate a statistically significant moderating effect of functionality on the magnitude
of the deep learning effect (> = 0%, p > 0.05). Therefore, there was insufficient
evidence to suggest that variations in the functionality of the digital technology
employed in the learning process resulted in differences in deep learning outcomes.

5.4.3 Educational level

To explore the impact of digital technology on students at various educational lev-
els, the educational level variable was examined as a moderator. It was divided into
six subsets: preschool, primary school, secondary school, undergraduate, graduate,
and cross-age group. The results of the analysis revealed that educational level (/*
= 7.7%, p > 0.05) did not exhibit a statistically significant moderating effect on the
effectiveness of digital technology-enhanced learning.

5.4.4 Subject

The impact of subject matter was categorized into three subsets: studies in
humanities and social sciences, natural sciences, and other subjects (including
cross-disciplinary subjects). The results indicated that subject matter did not sig-
nificantly moderate the magnitude of the digital technology effect (I* = 0%, p >
0.05). For studies in humanities and social sciences, the effect size was Z = 4.34
(» < 0.0001), indicating a highly significant positive impact of digital technology
on deep learning in this domain. In natural sciences, the effect size was Z = 3.07
(p < 0.05), suggesting a statistically significant positive effect of digital technol-
ogy on deep learning within this field, although to a lesser extent compared to
humanities and social sciences. For other subjects, the effect size was Z = 1.60
(p > 0.05), indicating that the difference in deep learning outcomes between the
digital technology and non-digital technology conditions was not statistically sig-
nificant. This suggests that the impact of digital technology on deep learning in
other subjects may be limited or inconclusive.

5.4.5 Usage context

The influence of usage context on the effectiveness of digital technology was
investigated by categorizing studies into two subsets: online/offline usage and
online usage only. The analysis revealed that the usage context significantly mod-
erated the effectiveness of digital technology (> = 86.1%, p < 0.01). The find-
ings indicated that the combination of online and offline usage resulted in bet-
ter outcomes, as reflected by a higher effect size (Z = 7.39, p < 0.00001). This
suggests that when digital technology is used in both online and offline settings,
it has a substantial positive impact on deep learning. The effect size indicated a
strong and statistically significant improvement in deep learning outcomes when
digital technology was used in both online and offline contexts. On the other hand,
when digital technology was used exclusively in online settings, the effect size
was smaller (Z = 1.22, p > 0.05), and the difference in deep learning outcomes
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Table 4 Tests of digital technology-enhanced learning as moderator variables

95% CI
Variable SMD LL UL Z-value P(%)  p-value
Functionality 0 0.93
material & media 0.59 0.08 1.10 2.28%*
tool & software 1.12 -0.38 2.61 1.46
platform & environment 0.62 0.28 0.97 3.51%*
integrated design 0.68 0.31 1.04 3.65%*
Educational level 7.7 0.37
pre-school children 0.74 0.40 1.08 4.28%#%*
primary school 1.35 0.60 2.11 3.52%*
secondary school 0.11 -0.93 1.14 0.21
undergraduate 0.57 0.29 0.84 4.,05%%*
graduate 1.45 0.96 3.87 1.18
cross-age 0.63 0.28 0.98 3.50%*
Subject 0 0.43
humanities and social sciences 0.68 0.37 0.99 4.34%%%
natural sciences 0.63 0.231 1.03 3.07%%*
other disciplines 0.34 -0.08 0.76 1.60
Usage context 86.1 0.007%%*
online 0.24 -0.14 0.63 1.22
blended online/offline 0.85 0.63 1.08 7.39%%*
Usage guidance 93.2 0.0001***
with usage guidance 0.90 0.67 1.12 7.84% %%
without usage guidance 0.02 -0.36 0.41 0.12
Usage mode 79.2 0.03**
fragmented use 0.03 -0.50 0.57 0.13
systematic use 0.70 0.44 0.96 5.26%%%*
Learning mode 74.7 0.05
collaborative learning 1.07 0.62 1.53 4.62%%*
independent learning 0.53 0.26 0.81 3.82%*

SMD: standardized mean difference; CI: 95% confidence interval; LL: lower limit; UL: upper limit.
*Moderator analysis excluded one study because it did not report information about this feature.
*p < 0.05, #*p < 0.01, ***p < 0.001.

compared to non-digital technology conditions was not statistically significant.
This implies that using digital technology solely in online environments may have
limited effectiveness in enhancing deep learning.

5.4.6 Usage guidance

The influence of usage guidance on deep learning outcomes was investigated by
categorizing studies into two subsets based on whether learners receive guidance
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in using digital technology. The analysis revealed that usage guidance signifi-
cantly moderated the effectiveness of digital technology (I* = 93.2%, p < 0.001).
The results indicated that the presence of usage guidance had a substantial effect
on deep learning outcomes (Z = 7.84, p < 0.00001). This suggests that when
learners receive guidance on how to use digital technology effectively, it posi-
tively impacts their deep learning experience. The effect size indicated a strong
and statistically significant improvement in deep learning outcomes when usage
guidance was provided. On the other hand, when usage guidance was absent, the
effect size was minimal (Z = 0.12, p > 0.05), and the difference in deep learning
outcomes compared to non-guidance conditions was not statistically significant.
This implies that without proper guidance, the use of digital technology may have
limited effectiveness in enhancing deep learning.

5.4.7 Usage mode

The influence of usage mode on the effectiveness of digital technology in deep learning
was investigated by categorizing studies into two subsets: fragmented and systematic,
representing different patterns of technology usage by learners. The analysis revealed
that usage mode significantly moderated the effectiveness of digital technology (P =
79.2%, p < 0.00001). The results indicated that systematic usage had a strong impact
on deep learning outcomes (Z = 5.26, p < 0.00001). This suggests that when learners
engage in a systematic and structured approach to using digital technology, it positively
influences their deep learning experience. The effect size indicated a substantial and
statistically significant improvement in deep learning outcomes when systematic usage
was employed. On the other hand, fragmented usage demonstrated a non-significant
effect on deep learning outcomes (Z = 0.13, p > 0.05). The difference in deep learn-
ing outcomes between fragmented usage and non-usage conditions was not statistically
significant. This implies that when learners use digital technology in a fragmented and
unstructured manner, it will not significantly enhance their deep learning experience.

5.4.8 Learning mode

The impact of the learning mode on the effectiveness of digital technology in deep
learning was investigated by categorizing studies into two subsets: independent and
collaborative learning. The analysis revealed that the learning mode significantly mod-
erates the effectiveness of digital technology (2 = 74.4%, p < 0.00001). The results
indicated that collaborative learning exhibited a more pronounced effect on deep learn-
ing outcomes (Z = 4.62, p < 0.00001) compared to independent learning (Z = 8.82, p
< 0.001). This suggests that when learners engaged in collaborative learning activities
facilitated by digital technology, it had a positive and statistically significant impact on
deep learning outcomes. The effect size indicated a substantial improvement in deep
learning outcomes when learners adopted a collaborative approach. On the other hand,
independent learning also demonstrated a significant effect on deep learning outcomes
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(Z =8.82, p < 0.001). When learners engaged in independent learning activities sup-
ported by digital technology, it resulted in a statistically significant improvement in
deep learning outcomes. The effect size indicated a substantial and highly significant
enhancement in deep learning outcomes with independent learning. These findings
indicated that both collaborative and independent learning approaches can effectively
leverage digital technology to enhance deep learning outcomes.

6 Discussion
6.1 Research implications

This meta-analysis has addressed three research questions, with the first investigat-
ing the extent to which digital technology yielded positive outcomes in facilitating
deep learning among learners. The analysis of effect sizes derived from the compre-
hensive pool of 60 selected studies provides robust evidence supporting the asser-
tion that digital technology, compared to conventional approaches without digital
assistance, significantly enhances deep learning outcomes. The statistical effect size
we observed signifies a noteworthy transformation within the educational landscape,
underscoring the substantial educational value that digital technology confers upon
learners. It speaks to the emergence of pedagogical practices marked by depth,
engagement, and comprehension that surpass the capacities of traditional instruc-
tional approaches.

For the second research question investigating whether substantial variations
in effect sizes emerged across the diverse range of studies examined, the analysis
results revealed that there was substantial heterogeneity in the effectiveness of digi-
tal technology across diverse studies concerning technology-enhanced learning. The
significant level of heterogeneity revealed in the analysis carries several profound
research implications. The diversity within the selected studies, with variations in
sample size, experimental designs, and the types of digital technology employed,
underscores the complex nature of the relationship between technology and learning
outcomes. First and foremost, the exceptionally high /? value of 99% suggests that
the impact of digital technology on learning outcomes is far from uniform across the
educational landscape. This outcome prompts us to delve deeper into the sources of
this heterogeneity, inviting critical questions about the conditions and contexts under
which digital technology proves most beneficial and the situations in which it may
not yield the expected gains. It beckons the need for further research to explore the
specific factors driving this diversity. Second, our finding that 47 out of the 60 indi-
vidual comparisons between learning with digital technology and traditional learn-
ing reported significant positive effects indicates the potential benefits of incorporat-
ing digital technology into pedagogical practices across a wide array of scenarios.
This implies that, when employed effectively, digital technology can be a powerful
tool for enhancing learning outcomes. However, the 13 instances of negative effects
within the dataset underscore the importance of a nuanced approach. These negative
outcomes may arise due to misaligned instructional strategies, inadequate technol-
ogy integration, or specific student characteristics. The onus now lies on educators
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and researchers to examine these cases in depth and discern the circumstances under
which digital technology may have unintended consequences.

In addressing the third research question, “In the event of significant hetero-
geneity, what are the underlying factors that account for the divergent findings
observed among the included studies?” ten potential moderator variables were
subjected to analysis. Notably, the moderator variable analysis revealed the statis-
tical significance (p < 0.05) of three moderators: usage context, usage guidance,
and usage mode. In general, the moderators encompassed in this analysis can be
classified into two distinct categories, each offering valuable insights. The first
category pertains to the study design, encompassing crucial factors such as sam-
ple size, treatment duration, and measurement method. These variables allow for
a comprehensive assessment of the methodological aspects governing the impact
of digital technology on deep learning outcomes. The second category encom-
passes variables directly associated with the learning process within the context
of digital technology-enhanced environments, including the functionality, edu-
cational level, subject, usage context, usage guidance, usage mode, and learning
mode. Analyzing these variables provides a deeper understanding of the specific
conditions under which digital technology exerts a more discernible effect on
deep learning.

Consistency in the results of the moderator analysis pertaining to digital tech-
nology-enhanced learning aligns with findings from comparable studies. Previous
research conducted by Tayebinik and Puteh (2013) and Nortvig et al. (2018) sup-
ports our investigation’s demonstration that the combined utilization of digital tech-
nology in blended settings exerts a more pronounced influence on enhancing learn-
ing outcomes compared to exclusive online usage. The robustness of these findings
can be attributed to the blended design, which integrates face-to-face instruction
with digital technologies. This integration facilitates diverse channels for learning
assessment, processes, and feedback, effectively catering to differentiated learning
needs, as supported by reference (Tempelaar, 2020). These outcomes emphasize the
significance of considering the usage context when implementing digital technology
in educational environments. The promising outcomes observed through the amal-
gamation of online and offline usage suggest that incorporating digital technology
within a blended learning framework, integrating both online and offline activities,
leads to substantial improvements in deep learning outcomes. For example, a recent
empirical investigation by Broadbent et al. (2021) identifies self-regulated learn-
ing (SRL) as a moderator variable of learning outcomes. The study reveals varying
effect sizes between online and blended learning contexts due to disparities in learn-
ers’ SRL. Online learners who demonstrate confidence, effective time management,
and regulated effort experience the greatest benefits. Blended learners, to a lesser
extent, also derive advantages from confidence and effort regulation. The differences
in SRL levels among online learners potentially explain the disparities observed in
deep learning outcomes. Furthermore, Ellis et al. (2021) found a positive and logi-
cal relationship between deep approaches to inquiry and deep approaches to online
learning technologies, while surface approaches to inquiry aligned with surface
approaches to online learning technologies. These findings have tangible implica-
tions for teaching and design, particularly for educators aiming to assist students in
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developing effective learning strategies within blended environments. In such envi-
ronments, students need to integrate their experiences and ideas across face-to-face
and online contexts, making the interplay between inquiry approaches and online
learning technologies crucial. Taken together, these research findings underscore the
importance of designing educational interventions that account for the usage context
and leverage the benefits of blended learning approaches, thereby fostering signifi-
cant advancements in deep learning outcomes.

Moderator variable analysis conducted on usage guidance in digital technology-
enhanced learning yields consistent results in line with comparable studies. Further-
more, our investigation reveals that the effectiveness of digital technology in enhanc-
ing deep learning outcomes is more pronounced when accompanied by instructional
guidance. Previous research has indicated that clear and well-structured teaching
guidance can facilitate deep learning and reflective learning (Wang et al., 2015). A
meta-analysis conducted by Lazonder and Harmsen (2016), which synthesized the
results of 72 studies, demonstrated significant overall effects of guidance on learn-
ing activities. A recent empirical study by Thai et al. (2023), conducted in a flipped
classroom setting, has revealed significantly higher learning performance among
students studying in the guidance-supported condition, as well as significant changes
in their self-efficacy beliefs and appreciation of feedback. The reason maybe the lim-
itation of learning analytics and the need for instructors’ guidance in digital technol-
ogy-enhanced learning context. A study by Topali et al. (2023) highlighted a lack
of empirical studies exploring learning analytics for delivering feedback and lim-
ited attention to pedagogy in informing feedback practices. The findings underscore
the need for systematization and evaluation of feedback, as well as the development
of conceptual tools to guide instructors in designing learning analytics-based feed-
back. These studies provide valuable insights into the importance of guidance and
feedback in digital technology-enhanced learning contexts, emphasizing the need
for strategic implementation of usage guidance strategies to optimize the benefits of
digital technology on deep learning outcomes.

The moderator variable analysis conducted on the usage mode in digital technol-
ogy-enhanced learning yields consistent results in line with similar studies. Frag-
mented learning, while offering advantages such as freedom from time and space
constraints, abundant learning resources, rapid content updates, and clear learn-
ing topics, also exhibits drawbacks such as weak knowledge connections, a lack
of teaching feedback links, and interference with systematic learning (Xie, 2021).
These findings underscore the importance of promoting systematic usage of digi-
tal technology in educational settings. When learners adopt a systematic approach,
adhering to structured guidelines and employing technology in a cohesive manner,
they are more likely to reap the benefits of digital technology in deep learning out-
comes. Thus, integrating systematic usage strategies and providing learners with
guidance on effective utilization of digital technology can optimize its impact on
deep learning. In a study by Yang and Tsai (2010), it was found that within each
level of learning conceptions, emphasis on fragmented and cohesive learning tend
to be associated with surface and deep learning approaches, respectively. Tsai and
Tsai (2013) have conducted a study to explore the relationship between conditions,
students’ conceptions, and approaches to online argumentation. The results revealed
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that students with fragmented conceptions tended to adopt surface approaches in
both conditions. Notably, students in the experimental condition showed potential
for deeper approaches.

None of the three variables in the study design category, namely sample size,
treatment duration, and measurement method, are identified as significant mod-
erators of effects in this meta-analysis. This aligns with the observations made by
Means et al. (2013), who have reported that sample size did not serve as a statisti-
cally significant moderator of online learning effects. Furthermore, the findings of
Hew and Lo (2018) also demonstrated that study design did not function as a mod-
erator variable in their meta-analysis. These consistent outcomes indicate that the
aforementioned study design variables do not exert a substantial influence on the
effects observed in digital technology-enhanced learning. The lack of significance
suggests that factors such as sample size, treatment duration, and measurement
method do not significantly alter the impact of digital technology on learning out-
comes. It is worth noting that these findings echo those of previous studies, lend-
ing further support to the notion that these study design variables may have limited
influence on the effectiveness of digital technology in enhancing learning outcomes.

Another variable within the learning process category, namely digital technology
functionality, is not identified as a significant moderator of effects. The functionality
of digital technology did not exert a statistically significant influence on the effect size
of digital technology-enhanced learning. These findings suggest that, regardless of the
specific functionality of the digital tools employed, as long as an appropriate approach
is adopted in the context of digital technology-enhanced learning, it exhibits sufficient
efficacy in consistently yielding advantages. The non-significant role of functionality
implies that the impact of digital technology on learning outcomes is not solely con-
tingent upon the specific features or capabilities of the tools themselves. Instead, it
emphasizes the importance of employing effective instructional strategies and peda-
gogical approaches in conjunction with digital technology. For instance, in a recent
study, Lee et al. (2023) found that employing sequential multi-level prompting strate-
gies through e-books can significantly enhance learners’ problem-solving skills, which
is considered an important aspect of deep learning. When educators and learners uti-
lize digital tools in a purposeful and skillful manner, focusing on the integration of
technology with sound pedagogy, the benefits of digital technology-enhanced learning
can be realized irrespective of variations in functionality.

The analysis conducted in this meta-analysis does not identify educational level
as a significant moderator of effects. These findings align with the outcomes of a
comparable study conducted by (Shi et al., 2021), which also reported that learner
type did not exhibit statistically significant moderation effects on the effectiveness of
online learning.

No significant differences are found regarding the nature of the subject matter
investigated in this study. This finding is in line with similar studies conducted by
Shi et al. (2021), which has also observed non-significant variations when comparing
flipped classroom/active learning studies involving different student subjects. Previ-
ous research has indicated that learners in the humanities and social sciences tend to
demonstrate deeper learning approaches (Baeten et al., 2010). Notably, the effect sizes
are found to be largest among students in these disciplines. However, the question of
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whether certain subject disciplines are more advantageous for deep learning remains
inconclusive. Some researchers argue that humanities and social sciences are more
conducive to the development of deep learning (Kember et al., 2008), while others
propose contrasting viewpoints (Valk & Marandi, 2005). As a result, a consensus has
yet to be reached, underscoring the need for further exploration in this area.

Learning mode is not found to be a significant moderator of effects in this meta-
analysis. These findings align with a similar study conducted by Lu et al. (2021),
which indicated that the combination of digital technology with collaborative learn-
ing mode had a more pronounced effect on deep learning. Collaboration is the only
learning factor that exhibited both indirect effects (via the deep approach) and direct
effects on higher-order thinking skills. These findings underscore the importance of
considering learning modes when integrating digital technology in educational set-
tings. Both collaborative and independent learning modes can effectively harness
digital technology to enhance deep learning outcomes. However, it is noteworthy
that the effect sizes for collaborative learning are larger compared to independent
learning. This finding suggests that collaborative learning, when facilitated by digi-
tal technology, may have a more significant impact on deep learning outcomes. Pre-
vious research has also shown supportive results in this regard (Demir & Zengin,
2023). Therefore, educators and instructional designers should incorporate both
collaborative and independent learning activities in their strategies, leveraging the
advantages offered by digital technology. By providing opportunities for collabora-
tive interactions and facilitating independent exploration, learners can maximize the
potential of digital technology for deep learning.

The integration of digital technology in learning has garnered widespread accept-
ance and adoption among learners at various educational stages. In this study, we con-
duct a comprehensive synthesis of findings from 60 high-quality, peer-reviewed empir-
ical research articles to examine the impact of digital technology-enhanced learning on
deep learning outcomes. Our aim is to consolidate the available knowledge regarding
the measurable influence of digital technology on students’ deep learning. The col-
lective evidence suggests that digital technology has a statistically significant positive
effect on student deep learning outcomes compared to traditional learning approaches.
Moreover, when combined with blended learning strategies, strategic guidance and
systematic using mode, digital technology demonstrates even greater efficacy in pro-
moting deep learning. This highlights the significant potential of integrating digital
tools and resources in educational settings to foster deep learning.

6.2 Research limitations

However, like any study, this meta-analysis has its limitations. Prior research has
identified individual student characteristics such as gender (Arteche et al., 2009),
intelligence level (Chamorro-Premuzic & Furnham, 2008), personality (Chamorro-
Premuzic & Furnham, 2009), and initial learning styles (Fox et al., 2001), as well as
school characteristics such as school type (Richardson et al., 1999) and school level,
as important factors influencing student deep learning. Unfortunately, due to insuf-
ficient information from individual study, these factors could not be incorporated
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into the analysis in this meta-analysis. Future empirical research should strive to
include more detailed reporting processes to facilitate variable analysis and expand
our understanding of this subject. This study provides an initial multidisciplinary
snapshot of the evidence. However, future research should conduct more evidence-
based intervention studies to analyze the mechanisms of interaction between student
individual characteristics, school characteristics, the utilization of digital technol-
ogy tools, and deep learning outcomes under diverse application conditions. This
will help validate the value of digital technology in promoting student deep learn-
ing. Additionally, emphasis should be placed on the bidirectional transformation
and integration of theory and empirical research. Building upon empirical research,
stronger theoretical investigations are required to offer guidance for the effective
implementation of digital technology by educators.
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