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 Given the rapid proliferation of mobile technologies and their potential to reshape 

science, technology, engineering, and mathematics (STEM) education, there is a 

pressing need to systematically examine how research in this domain has evolved over 

time. This study maps the intellectual structure and emerging trends of mobile learning 

(m-learning) in STEM education through a comprehensive bibliometric analysis. 

Drawing from a corpus of 1,462 journal articles indexed in Scopus, the study employed 

citation, co-citation, and co-word analyses using VOSviewer to uncover influential 

authors, dominant themes, and evolving conceptual patterns. The findings reveal three 

major research domains: foundational learning theories, pedagogical strategies, and 

user acceptance models. Four thematic clusters were identified: immersive and 

collaborative learning through emerging technologies, AI integration in digital 

pedagogy, infrastructural and accessibility challenges in developing contexts, and 

adoption of m-learning in higher education systems. Despite a marked growth in 

research output, the study highlights persistent challenges, including inequitable 

access to mobile technologies, insufficient teacher training, and weak alignment 

between mobile tools and STEM learning objectives. These limitations underscore the 

need for constructivist-aligned instructional designs, investment in scalable 

infrastructure, and institutional policy support, particularly in underserved educational 

settings. This study represents one of the first large-scale bibliometric investigations 

of m-learning in STEM education. By synthesizing a fragmented body of literature, it 

reveals critical research gaps and provides a roadmap for future inquiry, with particular 

attention to AI-driven learning design, inclusive pedagogies, and sustainable 

technology integration in STEM education. 
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Introduction 

 

The proliferation of mobile technologies has ushered in new possibilities for transforming Science, Technology, 

Engineering, and Mathematics (STEM) education. Mobile learning (m-learning), defined as the use of mobile 

devices to facilitate anytime, anywhere learning, has emerged as a promising modality for promoting personalized, 

collaborative, and contextual learning experiences (Liu et al., 2024; Crompton et al., 2017). In the context of 

STEM education, where inquiry, experimentation, and problem-solving are fundamental, mobile technologies 

hold particular promise in bridging formal and informal learning environments, enhancing learner engagement, 

and supporting authentic, real-world applications of STEM concepts. 

 

Despite the rapid advancements in mobile technology and the increasing ubiquity of smartphones and tablets in 

educational settings, the integration of mobile learning in STEM remains inconsistent and under-theorized 

(Bazhenova & Shuzhebayeva, 2022). A key concern lies in the digital divide, where learners from different 

socioeconomic backgrounds experience unequal access to mobile devices and reliable internet connectivity, 

thereby exacerbating educational inequities (Krishnamurthi & Richter, 2013). Additionally, infrastructural 

limitations, lack of teacher training, and minimal institutional support hinder the widespread adoption of m-

learning in STEM classrooms, particularly in resource-constrained settings (Bakri et al., 2023). Another persistent 

challenge is the pedagogical alignment of mobile learning tools with STEM-specific learning outcomes. Although 

many mobile applications foster student motivation and engagement, they often lack depth in promoting higher-

order thinking skills such as critical thinking, scientific reasoning, and problem-solving, which are competencies 

central to STEM proficiency (Bakri et al., 2023; Sahito & Sahito, 2024). Furthermore, existing mobile learning 

tools tend to prioritize content delivery over experiential and interactive learning models that align with 

constructivist approaches. 

 

Empirical investigations into mobile learning have produced promising findings. For instance, mobile-integrated 

project-based learning has been shown to enhance students' motivation, science process skills, and conceptual 

understanding (Bakri et al., 2023). Bano et al. (2018), in their systematic review, underscore the collaborative 

affordances of mobile learning but also note significant methodological gaps and limited focus on actual learning 

outcomes. Similarly, Liu et al. (2024) report improvements in students' science literacy through mobile learning 

packages but emphasize the importance of intentional pedagogical design. However, existing research tends to be 

fragmented, with limited efforts to synthesize knowledge across disciplines, contexts, and time. Most studies are 

concentrated in developed countries, raising questions about the generalizability of findings to diverse educational 

systems, especially those in low- and middle-income countries (Naveed et al., 2023). Moreover, scholars such as 

Crompton et al. (2017) and Sarrab et al. (2016) critique the dominance of behaviorist approaches and advocate 

for more inquiry-oriented, constructivist uses of mobile technology in STEM. 

 

Given these limitations, a comprehensive bibliometric analysis is timely and necessary to map the intellectual 

landscape of mobile learning in STEM education. Bibliometric methods can reveal publication trends, key 

contributors, thematic clusters, and knowledge gaps, thereby guiding future research and informing practice and 

policy. This study, therefore, aims to provide a macro-level analysis of the mobile learning research corpus within 
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the context of STEM education. Specifically, the study seeks to: 

1. identify the most influential publications related to mobile learning in STEM education through citation 

analysis; 

2. assess current research patterns using co-citation analysis to detect theoretical and methodological trends, 

and; 

3. uncover emerging themes and future directions using co-word analysis. 

By addressing these objectives, the study contributes to a deeper understanding of how mobile learning is shaping 

STEM education. It offers valuable insights for researchers, educators, curriculum developers, and policymakers 

seeking to leverage mobile technologies in more equitable, scalable, and pedagogically sound ways. Ultimately, 

the findings aim to strengthen the theoretical and practical foundations of mobile learning innovations and inform 

the design of future STEM interventions aligned with 21st-century learning goals. 

 

Review of Related Literature 

 

Mobile learning (m-learning) has emerged as a transformative approach in Science, Technology, Engineering, 

and Mathematics (STEM) education, offering flexible, contextualized, and personalized learning experiences. 

Early scholarship focused on the technological affordances of mobile devices, such as portability, connectivity, 

and ubiquity, that support learning across formal, non-formal, and informal settings (Mutambara & Bayaga, 2021). 

These features align well with STEM pedagogies that emphasize active participation, real-time feedback, and 

inquiry-based learning (Al Hamad et al., 2024; Bano et al., 2018). Grounded in experiential and constructivist 

learning theories (Kolb, 1984; Lave & Wenger, 1991), m-learning enables learners to engage in authentic, situated 

tasks that nurture scientific reasoning, critical thinking, and problem-solving, which are core competencies in 

STEM education. 

 

A substantial body of research has explored how m-learning aligns with pedagogical goals in STEM contexts. 

Studies such as those by Bakri et al. (2023) and Liu et al. (2024) highlight how mobile-assisted project-based 

learning improves students’ motivation, engagement, and cognitive gains. Nonetheless, persistent critiques point 

to a dominant focus on content transmission, with many applications falling short in promoting higher-order 

cognitive skills and scientific inquiry (Sahito & Sahito, 2024). Furthermore, there remains a paucity of 

longitudinal and curriculum-aligned studies that evaluate the sustained impact of mobile learning interventions 

on learning outcomes (Bazhenova & Shuzhebayeva, 2022).  

 

User acceptance and behavioral intention have also garnered significant attention, particularly through the lens of 

the Technology Acceptance Model (TAM) and its extended versions. These models posit that learners' perceived 

usefulness and ease of use are critical determinants of mobile learning adoption (Davis, 1989; Venkatesh et al., 

2003). Empirical studies by Mata et al. (2021) and Hamidi and Chavoshi (2018) confirm that demographic 

variables, such as age, gender, and academic background, substantially influence learners' attitudes toward mobile 

technologies. This highlights the necessity for adaptive and user-centered systems that cater to diverse levels of 

digital literacy, learning styles, and cultural backgrounds (Oviedo Ramirez et al., 2025). 
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A parallel concern is the persistent digital divide and infrastructural inequities that limit the scalability of mobile 

learning. While much of the literature originates from developed nations, emerging research from developing 

contexts identifies systemic barriers, including limited access to mobile devices, unreliable internet connectivity, 

and insufficient institutional readiness (Naveed et al., 2023; Akpan, 2024). These challenges disproportionately 

affect marginalized and rural learners, emphasizing the need for inclusive mobile learning policies and cost-

effective technological solutions that promote equitable access to STEM education. 

 

Recent advances in educational technologies, such as augmented reality (AR), artificial intelligence (AI), and 

game-based mobile applications, are expanding the scope of m-learning in STEM. Studies by Wu et al. (2013), 

Kamarainen et al. (2013), and Chen and Huang (2023) illustrate how these innovations enhance learner 

engagement, visualization of abstract concepts, and experiential learning opportunities. However, research also 

suggests that the effectiveness of such tools is contingent on sound pedagogical integration, teacher preparedness, 

and institutional capacity (Tong et al., 2023; Nurunnabi et al., 2025). Without these conditions, even the most 

advanced mobile technologies may fall short of their educational potential. 

 

Despite the growing body of work, the literature on mobile learning in STEM remains fragmented, often siloed 

within specific disciplines or educational levels. Methodological inconsistencies and the lack of systematic 

synthesis have limited the ability to draw generalizable conclusions. In response, scholars have advocated for 

bibliometric approaches to map research landscapes, identify influential works, and uncover thematic and 

methodological trends (Donthu et al., 2021; Aria & Cuccurullo, 2017). Such analyses are crucial for guiding 

evidence-informed decisions and fostering interdisciplinary dialogue in the field. 

 

As m-learning continues to evolve, future research must holistically address technological affordances, 

pedagogical alignment, and equity-driven design to fully realize its potential in STEM education. A more 

integrative and globally inclusive research agenda is essential to advancing mobile learning as a catalyst for 

innovation, access, and excellence in STEM learning environments. 

 

Theoretical Framework 

 

This study is anchored on complementary theoretical perspectives that explain how mobile learning (m-learning) 

shapes, mediates, and enhances STEM education. At its core, m-learning is grounded in constructivist and 

experiential learning theories, which view knowledge as actively constructed through interaction with meaningful 

tasks and real-world contexts (Kolb, 1984; Al Hamad et al., 2024). Mobile technologies extend this process by 

enabling learners to explore, collect data, visualize phenomena, and engage in inquiry beyond the classroom, 

thereby fostering deeper conceptual understanding and higher-order thinking. These ideas are reinforced by 

sociocultural theory, which emphasizes that learning is a socially mediated process where knowledge emerges 

through collaboration, dialogue, and participation within communities of practice (Vygotsky & Luria, 1978; 

Wenger, 1999). Through mobile platforms, learners co-construct knowledge, share experiences, and bridge the 

gap between formal and informal learning environments. 
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The adoption and sustained use of mobile technologies are further explained by technology acceptance models, 

including the Technology Acceptance Model (TAM), Theory of Planned Behavior (TPB), and Unified Theory of 

Acceptance and Use of Technology (UTAUT), which highlight perceived usefulness, ease of use, social influence, 

and behavioral intention as critical determinants of user engagement (Davis, 1989; Ajzen, 1991; Venkatesh et al., 

2003). These models reveal how individual attitudes, demographic factors, and institutional support shape the 

adoption of m-learning in STEM contexts. Finally, socio-technical and ecological perspectives underscore the 

importance of aligning technological tools with pedagogical design, infrastructure, and policy to ensure equitable 

access and sustainable implementation, particularly in resource-limited settings (Kukulska-Hulme & Traxler, 

2007; Krishnamurthi & Richter, 2013). Together, these frameworks provide a comprehensive lens for analyzing 

the intellectual structure and evolution of m-learning research, guiding this study’s bibliometric exploration of 

how theory, practice, and technology converge to transform STEM education. 

 

Method 

Research Design 

 

This study employed a bibliometric research design to map the intellectual structure, conceptual evolution, and 

emerging trends of mobile learning (m-learning) in Science, Technology, Engineering, and Mathematics (STEM) 

education. Bibliometric analysis is a quantitative method that systematically analyzes bibliographic data to 

uncover patterns in scholarly communication, influential works, thematic developments, and research frontiers 

within a specific field (van Eck & Waltman, 2014). 

 

Bibliometric Analysis Approach 

 

Bibliometric analysis, as a form of science mapping, visualizes relationships among documents, authors, journals, 

and key terms. Among the five major types of bibliometric analyses, this study utilized three complementary 

techniques: citation analysis, co-citation analysis, and co-word analysis. Together, these approaches provided a 

comprehensive understanding of the field’s intellectual landscape and conceptual development. 

 

Citation Analysis 

 

Citation analysis was conducted to assess the scholarly impact and relevance of publications based on citation 

frequency. This approach identifies the most influential studies and traces the historical development and 

foundational knowledge of the field (Donthu et al., 2021). By analyzing citation counts, the study pinpointed key 

works that have significantly shaped mobile learning research in STEM education. 

 

Co-Citation Analysis 

 

Document co-citation analysis was employed to map the intellectual structure of the field by examining the 

frequency with which two publications are cited together (Hota et al., 2020). Publications that are co-cited often 

are likely to be conceptually related, reflecting shared theoretical foundations or methodological approaches 
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(Donthu et al., 2021). This method allowed the identification of core research clusters and intellectual schools of 

thought that underpin the evolution of m-learning scholarship. 

 

Co-Word Analysis 

 

Co-word analysis was conducted to reveal conceptual patterns and thematic structures by analyzing the frequency 

and co-occurrence of keywords across publications (Aria & Cuccurullo, 2017). This technique is particularly 

valuable for tracking the evolution of research topics, detecting emerging areas, and predicting future research 

directions (Zawacki-Richter et al., 2019). Unlike citation-based methods, co-word analysis directly examines 

publication content, offering insights into the semantic relationships and conceptual linkages within the literature. 

 

Data Analysis and Visualization 

 

The dataset was analyzed using VOSviewer software, a widely used tool for constructing and visualizing 

bibliometric networks. The software generated visual maps of publications, authors, and keywords, allowing for 

the identification of research clusters, intellectual structures, and interdisciplinary intersections. These 

visualizations served as a foundation for interpreting the field’s knowledge architecture and informing future 

empirical and theoretical directions. 

 

Search Strategy and Data Collection 

 

The data collection was conducted using the Scopus database on April 15, 2025. Scopus was selected for its 

extensive coverage of high-quality, peer-reviewed journals, encompassing over 89 million records across more 

than 330 disciplines (Singh et al., 2021). A comprehensive search strategy was applied to the “Title,” “Abstract,” 

and “Keywords” fields using the search string presented in Table 1. This ensured the retrieval of literature relevant 

to mobile learning in STEM education contexts. 

 

Table 1. Search String used for the Database Search 

Keyword Justification 

("mobile learning" OR "m-learning" OR "mobile-assisted 

learning" OR "mobile technology in education") AND ("STEM 

education" OR "science education" OR "technology education" 

OR "engineering education" OR "mathematics education") 

To identify the literature on mobile 

learning in STEM education 

 ("teaching" OR "learning" OR "instruction") To identify literature on teaching or 

learning 

 

Results 

Descriptive Analysis 

 

From the Scopus database search, after filtering only journal publications and time to 2025, the total number of 
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documents was finalized to 1462 publications. The total number of citations is 19,061. The average number of 

citations per item is 13.04. Figure 1 presents a bar chart of the number of publications and citations since 2015. 

The chart reflects the immense interest of scholars and practitioners in mobile learning in STEM. The number of 

citations is expected to increase in the coming years, contributing to high interest in and a large untapped research 

area in mobile learning within STEM education. 

 

Figure 1. Number of Publications and Citations (Source: Scopus) 

 

Citation Analysis 

 

The highest-cited publications obtained by applying document citation analysis are presented in Table 2. The top 

three publications were Wu et al. (2013) (1,672 citations), Al-Emran et al. (2016) (413 citations), and Martin and 

Ertzberger (2013) (403 citations). The following is a discussion of the significant issues among the highest-cited 

publications in the citation analysis. 

 

Table 2. Top 10 Highest Co-cited Documents 

No. Authors Title Citations 

1 Wu, H. K., Lee, S. W., Chang, H., 

& Liang, J. (2013) 

Current status, opportunities and challenges of 

augmented reality in education 

1672 

2 Al-Emran, M., Elsherif, H. M., & 

Shaalan, K. (2016) 

Investigating attitudes towards the use of mobile 

learning in higher education 

413 

3 Martin, F., & Ertzberger, J. (2013) Here and now mobile learning: An experimental 

study on the use of mobile technology 

403 

4 Panigrahi, R., Srivastava, P. R., & 

Sharma, D. (2018) 

Online learning: Adoption, continuance, and 

learning outcome—A review of literature 

384 

5 Kamarainen, A. M., Metcalf, S., 

Grotzer, T., Browne, A., et al. 

(2013) 

EcoMOBILE: Integrating augmented reality and 

probeware with environmental education field trips 

382 

6 Arici, F., Yildirim, P., Caliklar, S., 

& Yilmaz, R. M. (2019) 

Research trends in the use of augmented reality in 

science education: Content and bibliometric 

mapping analysis 

302 

7 Briz-Ponce, L., Pereira, A., Learning with mobile technologies – Students’ 289 
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No. Authors Title Citations 

Carvalho, L., Juanes-Méndez, J., et 

al. (2017) 

behavior 

8 Hamidi, H., & Chavoshi, A. (2018) Analysis of the essential factors for the adoption of 

mobile learning in higher education 

283 

9 Zydney, J., & Warner, Z. (2016) Mobile apps for science learning: Review of 

research 

281 

10 Bower, M., & Sturman, D. (2015) What are the educational affordances of wearable 

technologies? 

204 

 

Technological Integration and Innovation in STEM Learning 

 

Several top-cited studies, such as those of Wu et al. (2013), Kamarainen et al. (2013), Arici et al. (2019), Bower 

and Sturman (2015) emphasize the role of emerging technologies, such as augmented reality (AR), wearable 

technologies, and mobile apps, in enhancing science and environmental education. The balance between 

technological and pedagogical usability is a key issue. While these innovations offer immersive, interactive 

learning opportunities, challenges persist in terms of scalability, cost-effectiveness, and teacher readiness for 

technology integration. Wu et al. (2013), for instance, detail the potential and limitations of AR, making it clear 

that technical infrastructure and instructional design must co-evolve for effective STEM education. 

 

Learner Engagement, Behavior, and Attitudinal Dynamics 

 

Learners’ attitudes, behaviors, and adoption patterns of mobile learning in higher education were explored in the 

publications of Al-Emran et al. (2016), Briz-Ponce et al. (2017), and Hamidi and Chavoshi (2018). These 

publications collectively emphasize that the effectiveness of mobile learning does not only involve technological 

availability but also includes user perception, motivation, and digital literacy. A notable concern is found on the 

variability of acceptance across contexts and cultures. This raises the urgency of integrating an adaptive and 

inclusive mobile learning strategies. Gender, academic discipline, and prior technological experience also play a 

role, pointing to the importance of demographic-sensitive design in mobile learning tools. 

 

Learning Effectiveness and Outcome Evaluation 

 

The studies of Martin and Ertzberger (2013), Panigrahi et al. (2018), and Zydney and Warner (2016) highlight the 

effectiveness of mobile learning on educational outcomes. These studies critically assessed the impact of mobile 

learning on cognitive gains, engagement, and knowledge retention. A key issue identified is the inconsistency in 

evaluation methods, which complicates the synthesis of evidence on mobile learning efficacy. Moreover, many 

studies rely on short-term interventions, leaving a gap in the understanding of their long-term impacts. There is 

also a tension between novelty effects and sustained pedagogical value, prompting calls for longitudinal and cross-

disciplinary research. 
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Co-citation Analysis 

 

Of the 34,845 cited references derived from the database, 55 met the minimum threshold of five cited references. 

The threshold was tested several times until robust and evenly distributed clusters were obtained. The threshold 

must be an appropriate level, neither too high nor too low, which can result in oversimplified or overly complicated 

visualization. The highest co-cited publications are Davis et al. (1989) (23 citations), Davis (1989) (19 citations), 

and Venkatesh et al. (2003) and Crompton (2013) (18 citations). Table 3 presents the top 10 most co-cited 

documents and their total link strengths based on co-citation analysis. The total link strength refers to the total 

strength of a document in relation to its connections with other documents (Van Eck & Waltman, 2014). 

 

Table 3. Top 10 Documents with the Highest Co-citation and Total Link Strength 

No. Authors and Year Title Citation Total Link 

Strength 

1 Davis, F. D., Bagozzi, 

R. P., & Warshaw, P. 

R. (1989) 

User Acceptance of Computer Technology: A 

Comparison of Two Theoretical Models 

23 69 

2 Davis, F. D. (1989) Perceived Usefulness, Perceived Ease of Use, 

and User Acceptance of Information 

Technology 

19 69 

3 Venkatesh, V., 

Morris, M. G., Davis, 

G. B., & Davis, F. D. 

(2003) 

User Acceptance of Information Technology: 

Toward a Unified View 

18 55 

4 Ajzen, I. (1991) The Theory of Planned Behavior 10 45 

5 Fornell, C., & 

Larcker, D. F. (1981) 

Evaluating Structural Equation Models with 

Unobservable Variables and Measurement Error 

15 41 

6 Crompton, H. (2013) A Historical Overview of Mobile Learning: 

Toward Learner-Centered Education 

18 39 

7 Venkatesh, V. (2000) Determinants of Perceived Ease of Use: 

Integrating Control, Intrinsic Motivation, and 

Emotion into the Technology Acceptance Model 

9 37 

8 Crompton, H., & 

Burke, D. (2018) 

The Use of Mobile Learning in Higher 

Education: A Systematic Review 

13 33 

9 Wang, Y. S., Wu, M. 

C., & Wang, H. Y. 

(2009) 

Determinants and Age-Gender Differences in 

Mobile Learning Acceptance 

12 33 

10 Cheon, J., Lee, S., 

Crooks, S. M., & 

Song, J. (2012) 

Mobile Learning Readiness in Higher Education 

Based on the Theory of Planned Behavior 

13 32 

Source: Author interpretation based on VOSviewer analysis 
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Based on network visualization, the co-citation analysis produced five distinct clusters. Figure 2 shows the 

network structure of the co-citation analysis. Each cluster was labelled and characterized based on representative 

publications according to the authors’ inductive interpretation and understanding of the five clusters. 

 

Figure 2. Co-citation Analysis of Mobile Learning in STEM Education 

 

Cluster 1(red): This cluster is labeled “Foundations and Impact of Mobile Learning in STEM Education.” This 

cluster established the pedagogical and empirical foundations of mobile learning in STEM. The key works of 

Bano et al. (2018) and Crompton et al. (2017) showed how mobile technologies enhance student engagement and 

understanding, particularly when grounded in situated learning theory and context-aware strategies. Innovations 

like augmented reality and educational standards support this pedagogical shift, backed by rigorous 

methodological foundations. 

 

Cluster 2 (green): This cluster is labeled “Theoretical Foundations and Early Pedagogies of Mobile Learning”. 

Focusing on foundational theories and early applications, this cluster emphasizes mobile learning’s shift toward 

learner-centered and flexible education. Studies draw on experiential and constructivist learning theories (Kolb, 

1984; Sharples et al., 2010) and document early successes, particularly in language education using mobile tools. 

Frameworks by Naismith et al. (2004) and Liu et al. (2010) provide critical insights into adoption and integration. 

 

Cluster 3 (Blue): This cluster presents the idea of “User Acceptance and Adoption of Mobile Learning in Higher 

Education”. This cluster examines the factors influencing mobile learning adoption. This cluster is guided by 

models such as TAM (Davis, 1989) and UTAUT (Venkatesh et al., 2003). Studies have highlighted that perceived 

ease of use and usefulness significantly shape adoption behaviors (Al-Emran et al., 2016). Students appreciate 

flexibility, but integration challenges persist, underscoring the need for designs aligned with user needs. 
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Cluster 4 (Yellow): This cluster is labeled “Theoretical and Social Dimensions of Mobile Learning”. This cluster 

emphasizes sociocultural perspectives that view mobile learning not just as a method for content delivery but as 

a collaborative and identity-forming process. Referring to the studies of Vygotsky and Luria (1978) and Wenger 

(1999), this cluster highlights the importance of interaction, community, and social context in the learning 

experience. Scholars within this cluster advocate for a shift toward more situated, participatory, and socially 

grounded forms of learning where mobile technologies support the development of learners’ identities and foster 

meaningful engagement within learning communities.  

 

Cluster 5 (Violet): This cluster centers on “Technology Acceptance and Behavioral Intentions in Mobile 

Learning.” Focusing on psychological and contextual drivers of mobile learning, this cluster builds on behavioral 

theories (Ajzen, 1991; Davis, 1989). Research shows that motivation, demographics, and perceived utility shape 

adoption. Effective implementation requires both thoughtful design and deep understanding of learner behavior. 

 

These five clusters collectively reveal that mobile learning in STEM education is a multidimensional field shaped 

by theoretical foundations, pedagogical innovations, user acceptance models, sociocultural perspectives, and 

behavioral intentions, all of which converge to support effective, learner-centered, and context-aware technology 

integration. 

 

Table 4 summarizes the co-citation analysis by presenting its clusters, cluster labels, number of articles, and 

representative publications. 

 

Table 4. Co-citation clusters on Mobile Learning in STEM Education 

Cluster Cluster Label Number of 

Articles 

Representative Publications 

1 (Red) Foundations and Impact of 

Mobile Learning in STEM 

Education 

12 Lave & Wenger (1991); Brown, Collins & 

Duguid (1989); Dunleavy et al. (2009); Zydney 

& Warner (2016); Cohen (1992) 

2 

(Green) 

Theoretical Foundations and 

Early Pedagogies of Mobile 

Learning 

11 Ally (2009); Crompton (2013); Kukulska-Hulme 

& Traxler (2007); Kolb (1984); Naismith et al. 

(2004) 

3 (Blue) User Acceptance and Adoption 

of Mobile Learning in Higher 

Education 

11 Davis (1989); Venkatesh et al. (2003); Cheon et 

al. (2012); Al-Emran et al. (2016); Gikas & 

Grant (2013) 

4 

(Yellow) 

Theoretical and Social 

Dimensions of Mobile 

Learning 

10 Vygotsky & Luria (1978); Wenger (1999); 

Sharples et al. (2010); Roschelle (2003); 

Kukulska-Hulme & Shield (2008) 

5 

(Violet) 

Technology Acceptance and 

Behavioral Intentions in 

Mobile Learning 

9 Ajzen (1991); Davis (1989); Venkatesh & Davis 

(2000); Wang et al. (2009); Liu et al. (2010) 
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Co-word Analysis 

 

A co-word analysis was applied to the same database. Of the 6,750 keywords, 61 met a minimum of nine 

occurrences, resulting in four clusters. Keywords with the highest co-occurrence were engineering education 

(1190), e-learning (828), and mobile learning (947). Table 5 summarizes the top 15 co-occurring keywords with 

their number of occurrences and total link strengths. 

 

Table 5. Top 15 Keywords in the Co-occurrence of Keywords Analysis 

Ranking Keyword Occurrences Total Link Strength 

1 engineering education 1190 6485 

2 e-learning 828 4863 

3 mobile learning 947 4789 

4 students 549 3443 

5 teaching 338 2298 

6 education 324 2201 

7 learning systems 341 2054 

8 mobile devices 277 1783 

9 computer-aided instruction 256 1666 

10 m-learning 287 1663 

11 mobile technology 241 1560 

12 telecommunication equipment 172 1182 

13 education computing 160 1056 

14 mobile telecommunication systems 117 750 

15 curricula 114 726 

 

Figure 3 presents a network map of the co-word analysis. The map produced four clusters that were classified and 

labeled based on the author’s inductive interpretation of the occurring words. All clusters were closely related and 

partially integrated. 

 

Cluster 1 (red): With 22 keywords, this cluster is labeled as “Technological Ecologies for Immersive and 

Collaborative STEM Learning”. This cluster highlights the technological ecosystem driving mobile learning in 

STEM education. Core concepts like mobile learning, ubiquitous learning, and mobile learning environments 

underscore the shift toward flexible, anytime-anywhere access (Zhang & Yu, 2022). Augmented reality, virtual 

reality, and game-based learning introduce immersive, interactive experiences that enhance engagement in science 

and engineering education (Chen et al., 2023). Supporting these innovations are cloud computing and learning 

systems, which enable scalable, real-time delivery of content. Collaborative learning and computer-aided 

instruction promote social constructivism, while human-computer interaction and user interfaces emphasize the 

need for learner-friendly design (Lee et al., 2024). This cluster reflects an interdisciplinary shift toward 

experiential and adaptive learning environments, integrating pedagogy with emerging technologies (Tong et al., 

2023). 
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Figure 3. Co-word Analysis of Mobile Learning in STEM Education 

 

Cluster 2 (green): This cluster consists of 15 words labeled “Digital Pedagogies and AI Integration in Modern 

Education”. This cluster centers on the integration of digital technologies and AI into teaching and learning. 

Artificial intelligence, educational technology, and information and communication technology (ICT) reflect a 

growing focus on automating instruction, personalizing learning, and supporting data-driven decision-making in 

classrooms (Ali et al., 2023). Blended learning and e-learning represent flexible instructional models combining 

face-to-face and online approaches. Emphasis on teaching, curricula, and personnel training points to the 

restructuring of academic programs and professional development to align with technological advancements 

(Khan et al., 2023). Students, motivation, and social networking suggest increasing attention to learner 

engagement and interaction within digital platforms (Rodríguez-Arce et al., 2023). Through surveys, researchers 

assess the effectiveness of these innovations; while learning and education remain foundational threads. 

Collectively, this cluster reflects the pedagogical and systemic transformation of education through AI and digital 

tools. 

 

Cluster 3 (blue): This cluster comprises 13 keywords labeled “Mobile Infrastructure and Accessibility in Emerging 

Educational Contexts”. This cluster focuses on the technological infrastructure and accessibility that support 

mobile learning, especially in developing countries. Central terms like mobile devices, mobile phones, 

smartphones, and personal computers highlight the hardware backbone enabling mobile education (Akpan, 2024). 

Mobile computing, mobile telecommunications, and cellular telephone systems reflect the connectivity required 

to support learning at a distance, particularly where traditional infrastructure is lacking. The presence of distance 
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education and mobile-learning systems signals the growing use of mobile platforms to reach remote or 

underserved learners (Hwang et al., 2014). Meanwhile, mobile applications and application programs emphasize 

software development tailored for educational content delivery on these platforms. This cluster underscores 

mobile learning’s role in expanding educational equity through scalable, low-cost digital solutions that address 

geographic and economic barriers. 

 

Cluster 4 (yellow): The fourth cluster is labeled “Technology Adoption and Mobile Integration in Higher and 

STEM Education”. This cluster highlights the adoption of mobile and digital technologies within higher education 

and STEM fields, particularly computer science and mathematics education. Central terms like mobile 

technologies, mobile technology, and M-learning emphasize the shift toward portable, on-demand learning tools 

(Nurunnabi et al., 2025). Digital devices, telecommunication equipment, and information systems form the 

technological foundation for delivering educational content, especially in computing disciplines. Technology 

acceptance suggests the use of models like TAM and UTAUT to understand faculty and student readiness for 

these tools (Chen et al., 2023). Meanwhile, education computing refers to the application of digital tools in 

instructional design and curriculum development. The cluster reflects a growing effort to embed mobile learning 

seamlessly into academic environments, improving accessibility, interactivity, and discipline-specific engagement 

in higher education contexts. 

 

Together, the co-word clusters reveal a multidimensional landscape of mobile learning in STEM education, 

encompassing immersive technologies and collaborative environments (Cluster 1), digital pedagogy and AI 

integration (Cluster 2), mobile infrastructure and accessibility in developing contexts (Cluster 3), and the adoption 

of mobile technologies in higher and STEM education through the lens of technology acceptance (Cluster 4). 

 

Table 6 summarizes the co-word analysis represented by the cluster label, number of keywords, and representative 

keywords. 

 

Table 6. Co-word Analysis on Mobile Learning in STEM Education 

Cluster No 

and Color 
Cluster Label 

Number of 

Keywords 
Representative Keywords 

1 (Red) 

Technological Ecologies for 

Immersive and Collaborative 

STEM Learning 

22 

engineering education, computer-aided 

instruction, mobile learning, learning 

systems 

2 (Green) 
Digital Pedagogies and AI 

Integration in Modern Education 
15 e-learning, students, education, teaching 

3 (Blue) 

Mobile Infrastructure and 

Accessibility in Emerging 

Educational Contexts 

13 

mobile devices, smartphones, mobile 

applications, mobile telecommunication 

systems 

4 (Yellow) 

Technology Adoption and 

Mobile Integration in Higher and 

STEM Education 

11 

mobile technology, m-learning, education 

computing, telecommunication equipment, 

higher education 
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Discussion 

 

The bibliometric findings reveal a sustained emphasis on theoretical frameworks and pedagogical foundations 

that shape mobile learning in STEM education. Citation and co-citation analyses demonstrate that the most 

influential publications underscore the transformative potential of mobile technologies, particularly in facilitating 

immersive, situated, and collaborative learning experiences. These studies affirm the role of mobile learning in 

enhancing STEM engagement, especially when underpinned by constructivist, experiential, and context-aware 

pedagogies (Lave & Wenger, 1991; Kolb, 1984). The use of augmented reality (AR), game-based learning, and 

mobile simulations highlights a growing shift toward active, student-centered instruction, particularly in science 

and engineering fields. 

 

Clusters from the co-citation analysis, notably “Foundations and Impact of Mobile Learning” and “Theoretical 

and Social Dimensions of Mobile Learning,” further reveal that successful m-learning strategies rely on the 

integration of social learning theories and communities of practice. Scholars such as Sharples et al. (2010) and 

Wenger (1999) emphasize mobile learning as a socially constructed process, in which learners co-create meaning 

through interaction and collaboration. Moreover, the co-word analysis indicates a strong thematic convergence 

around the keywords “engineering education,” “learning systems,” and “collaborative learning,” reflecting a 

broader technological ecology in which mobile tools are embedded within adaptive, real-time learning 

environments. These ecosystems, driven by mobile interfaces, cloud platforms, and human-computer interaction, 

create opportunities for personalized and scalable instruction. However, studies also warn of implementation gaps, 

such as insufficient pedagogical design and teacher readiness, which hinder the full realization of mobile 

learning’s potential. 

 

The second major theme centers on behavioral, psychological, and infrastructural factors that mediate the adoption 

and effectiveness of mobile learning in STEM education. Co-citation clusters such as “User Acceptance and 

Adoption of Mobile Learning” and “Technology Acceptance and Behavioral Intentions” highlight the centrality 

of theoretical models, namely the Technology Acceptance Model (TAM), Theory of Planned Behavior (TPB), 

and Unified Theory of Acceptance and Use of Technology (UTAUT), in explaining user adoption. Influential 

works by Davis (1989), Venkatesh et al. (2003), and Ajzen (1991) reveal that perceived usefulness, ease of use, 

and behavioral intention significantly shape learners’ and educators’ willingness to integrate mobile tools into 

instructional practice. 

 

Citation analysis supports this by emphasizing attitudinal and motivational dynamics, particularly in higher 

education contexts. These studies indicate that m-learning adoption is not homogenous across demographics; 

rather, it is affected by factors such as gender, age, digital literacy, and academic discipline. The role of 

institutional support, including faculty development and technical infrastructure, is also a key factor in 

determining sustained use. 

 

The co-word cluster on “Mobile Infrastructure and Accessibility in Emerging Educational Contexts” deepens this 

insight by underscoring the disparities in access and connectivity, particularly in developing countries. Keywords 
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such as “mobile devices,” “telecommunication systems,” and “distance education” reflect systemic challenges 

that limit the equitable diffusion of mobile learning. Scholars highlight how inadequate infrastructure, high device 

costs, and inconsistent internet access exacerbate the digital divide, ultimately impacting STEM learning 

outcomes. 

 

Consequently, effective m-learning integration demands more than technological provision. It necessitates 

behaviorally informed strategies, cross-sector collaboration, and policies that bridge infrastructural inequities. 

Institutions must not only invest in technology but also in localized, inclusive approaches that consider the 

behavioral patterns and access reality of their learners. 

 

Conclusion and Recommendations  

 

This bibliometric analysis provides a comprehensive overview of the intellectual, conceptual, and thematic 

landscape of mobile learning in STEM education. By employing citation, co-citation, and co-word analyses on 

1,462 Scopus-indexed publications, the study identified foundational theories, key adoption models, and emerging 

trends that shape this evolving field. The findings confirm that mobile learning has advanced beyond early 

experimental implementations to become an increasingly pedagogically integrated and technologically 

sophisticated approach in STEM contexts. Influential studies highlight the role of mobile technologies in 

enhancing collaboration, engagement, and personalized learning, while also drawing attention to concerns related 

to infrastructure, user acceptance, and pedagogical alignment. 

 

The thematic clusters revealed through co-citation analysis reflect the multidimensional nature of the discourse, 

from theoretical underpinnings rooted in constructivist and sociocultural learning to practical frameworks 

informed by behavioral theories such as TAM, UTAUT, and TPB. Similarly, the co-word clusters highlight the 

intersection of mobile learning with immersive technologies, digital pedagogy, infrastructure development, and 

the integration of higher education. These insights underscore the field's growing interdisciplinarity and the need 

for responsive, context-aware learning models in STEM education. 

 

Despite these contributions, the study is subject to several limitations. First, it relies exclusively on the Scopus 

database, which, while comprehensive, may omit relevant literature indexed in Web of Science, ERIC, or other 

academic repositories. This database restriction could result in partial coverage, especially in emerging regions 

and non-English contexts. Second, bibliometric indicators emphasize publication frequency and citation counts, 

which may not always correspond with instructional effectiveness or real-world impact. Third, the study’s 

methodological scope does not include qualitative content analysis, which could provide deeper insight into 

pedagogical strategies and learner outcomes. 

 

Thus, future research should address these gaps through multi-database analyses, longitudinal designs, and cross-

cultural comparisons. Attention should be given to evaluating the long-term cognitive and behavioral outcomes 

of mobile learning in STEM disciplines. Additionally, as the field moves toward AI-enhanced, adaptive, and 

immersive learning environments, scholars must explore how emerging technologies interact with mobile 
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platforms to support equity, inclusion, and academic achievement. 

 

From a practical perspective, the findings underscore the need for educators, curriculum designers, and 

policymakers to develop pedagogical frameworks that integrate mobile technologies with next-generation tools, 

such as AI, augmented reality (AR), and learning analytics, to create more personalized, inclusive, and data-

informed STEM learning experiences. Institutions should also invest in professional development and 

infrastructure to support the sustainable adoption of these technologies. Ultimately, strengthening empirical 

evidence, expanding global perspectives, and refining theoretical models will be critical in shaping the next phase 

of mobile learning scholarship and practice in STEM education—one that is adaptive, future-oriented, and 

responsive to the rapidly evolving digital landscape. 

 

References 

 

Ajzen, I. (1991). The theory of planned behavior. Organizational Behavior and Human Decision Processes, 50(2), 

179–211. https://doi.org/10.1016/0749-5978(91)90020-T 

Akpan, A. O. (2024). Knowledge, utilization and perception of emergent digital technologies in pedagogy by pre-

service science teachers in Nigeria. Journal of Institutional Research, Big Data Analytics and Innovation, 

1(1), Article 13. https://universityjournals.com.ng/index.php/jirbdai/article/view/13 

Al Hamad, N. M., Adewusi, O. E., Unachukwu, C. C., Osawaru, B., & Chisom, O. N. (2024). A review on the 

innovative approaches to STEM education. International Journal of Science and Research Archive, 

11(1), 244–252. https://doi.org/10.30574/ijsra.2024.11.1.0026  

Ali, M. M., Alaa, A. M., & Shahnaz, A. (2024). The impact of mobile learning in English language classrooms in 

Pakistan. Asian-Pacific Journal of Second and Foreign Language Education, 9(1), 1–19. 

https://doi.org/10.1186/s40862-024-00274-0 

Aria, M., & Cuccurullo, C. (2017). bibliometrix: An R-tool for comprehensive science mapping analysis. Journal 

of Informetrics, 11(4), 959–975. https://doi.org/10.1016/j.joi.2017.08.007 

Bakri, F. P., Budi, E., & Rahmawati, Y. (2023). The integration of mobile learning in STEM-PjBL for physics 

learning: A systematic literature review. Journal of Physics: Conference Series, 2596(1), 012065. 

https://doi.org/10.1088/1742-6596/2596/1/012065 

Bano, M., Zowghi, D., Kearney, M., Schuck, S., & Aubusson, P. (2018). Mobile learning for science and 

mathematics school education: A systematic review of empirical evidence. Computers & Education, 121, 

30–58. https://doi.org/10.1016/j.compedu.2018.02.006 

Bazhenova, E. D., Shuzhebayeva, A. I., & Ismailovna, A. (2022). The impact of mobile learning on undergraduate 

students' cognitive learning outcomes: A meta-analytic review. International Journal of Engineering 

Pedagogy, 12(5), 42–59. https://doi.org/10.3991/ijep.v12i5.32821  

Chen, C. C., & Huang, P. H. (2023). The effects of STEAM-based mobile learning on learning achievement and 

cognitive load. Interactive Learning Environments, 31(1), 100–116. 

https://doi.org/10.1080/10494820.2020.1761838 

Chen, J. C., Tang, L., Tian, H., Ou, R., Wang, J., & Chen, Q. (2023). The effect of mobile business simulation 

games in entrepreneurship education: A quasi-experiment. Library Hi Tech, 41(5), 1333–1356. 

https://doi.org/10.1016/0749-5978(91)90020-T
https://universityjournals.com.ng/index.php/jirbdai/article/view/13
https://doi.org/10.30574/ijsra.2024.11.1.0026
https://doi.org/10.1186/s40862-024-00274-0
https://doi.org/10.1016/j.joi.2017.08.007
https://doi.org/10.1088/1742-6596/2596/1/012065
https://doi.org/10.1016/j.compedu.2018.02.006
https://doi.org/10.3991/ijep.v12i5.32821
https://doi.org/10.1080/10494820.2020.1761838


International Journal of Education in Mathematics, Science and Technology 14 (2026) 46-65 R. P. Antonio & C. L. Espino 

 

63 

https://doi.org/10.1108/LHT-12-2021-0509 

Cheon, J., Lee, S., Crooks, S. M., & Song, J. (2012). An investigation of mobile learning readiness in higher 

education based on the theory of planned behavior. Computers & Education, 59(3), 1054–1064. 

https://doi.org/10.1016/j.compedu.2012.04.015 

Crompton, H. (2013). The benefits and challenges of mobile learning. Learning and Leading with Technology, 

41, 38–39. 

Crompton, H., & Burke, D. (2018). The use of mobile learning in higher education: A systematic review. 

Computers & Education, 123, 53–64. https://doi.org/10.1016/j.compedu.2018.04.007 

Crompton, H., Burke, D., & Gregory, K. H. (2017). The use of mobile learning in PK-12 education: A systematic 

review. Computers & Education, 110, 51–63. https://doi.org/10.1016/j.compedu.2017.03.013 

Davis, F. D. (1989). Perceived usefulness, perceived ease of use, and user acceptance of information technology. 

MIS Quarterly, 13(3), 319–340. https://doi.org/10.2307/249008 

Donthu, N., Kumar, S., Mukherjee, D., Pandey, N., & Lim, W. M. (2021). How to conduct a bibliometric analysis: 

An overview and guidelines. Journal of Business Research, 133, 285–296. 

https://doi.org/10.1016/j.jbusres.2021.04.070 

Gikas, J., & Grant, M. M. (2013). Mobile computing devices in higher education: Student perspectives on learning 

with cellphones, smartphones, and social media. The Internet and Higher Education, 19, 18–26. 

https://doi.org/10.1016/j.iheduc.2013.06.002 

Hamidi, H., & Chavoshi, A. (2018). Analysis of the essential factors for the adoption of mobile learning in higher 

education: A case study of students of the University of Technology. Telematics and Informatics, 35(4), 

1053–1070. https://doi.org/10.1016/j.tele.2017.09.016 

Hota, P. K., Subramanian, B., & Narayanamurthy, G. (2020). Mapping the intellectual structure of social 

entrepreneurship research: A citation/co-citation analysis. Journal of Business Ethics, 166(1), 89–114. 

https://doi.org/10.1007/s10551-019-04129-4 

Hwang, G. J., & Wu, P. H. (2014). Applications, impacts and trends of mobile technology-enhanced learning: A 

review of 2008–2012 publications in selected SSCI journals. International Journal of Mobile Learning 

and Organisation, 8(2), 83–95. https://doi.org/10.1504/IJMLO.2014.062346 

Khan, H., Waqas, S., Golani, S., Kadir, M. M., & Ashraf, M. (2023). Perceived usefulness of smartphone medical 

apps as theoretical and clinical learning aids among medical students in Pakistan: A cross-sectional study. 

Cureus, 15(7), e41682. https://doi.org/10.7759/cureus.41682 

Kolb, D. A. (1984). Experiential learning: Experience as the source of learning and development. Prentice-Hall. 

Koszalka, T. A., & Ntloedibe‐Kuswani, G. S. (2010). Literature on the safe and disruptive learning potential of 

mobile technologies. Distance Education, 31(2), 139–157. 

https://doi.org/10.1080/01587919.2010.498082 

Krishnamurthi, M., & Richter, S. (2013). Promoting STEM education through mobile teaching and learning. 

http://www.ebscohost.com/academic/mobile-access 

Lave, J., & Wenger, E. (1991). Situated learning: Legitimate peripheral participation. Cambridge University 

Press. 

Lee, M., Shin, S., Lee, M., & Hong, E. (2024). Educational outcomes of digital serious games in nursing 

education: A systematic review and meta-analysis of randomized controlled trials. BMC Medical 

https://doi.org/10.1108/LHT-12-2021-0509
https://doi.org/10.1016/j.compedu.2012.04.015
https://doi.org/10.1016/j.compedu.2018.04.007
https://doi.org/10.1016/j.compedu.2017.03.013
https://doi.org/10.2307/249008
https://doi.org/10.1016/j.jbusres.2021.04.070
https://doi.org/10.1016/j.iheduc.2013.06.002
https://doi.org/10.1016/j.tele.2017.09.016
https://doi.org/10.1007/s10551-019-04129-4
https://doi.org/10.1504/IJMLO.2014.062346
https://doi.org/10.7759/cureus.41682
https://doi.org/10.1080/01587919.2010.498082
http://www.ebscohost.com/academic/mobile-access


International Journal of Education in Mathematics, Science and Technology 14 (2026) 46-65 R. P. Antonio & C. L. Espino 

 

64 

Education, 24(1), 1–10. https://doi.org/10.1186/s12909-024-06464-1 

Liu, Y., Li, H., & Carlsson, C. (2010). Factors driving the adoption of m-learning: An empirical study. Computers 

& Education, 55(3), 1211–1219. https://doi.org/10.1016/j.compedu.2010.05.018 

Liu, Y., Lin, P., Zhang, M., Zhang, Z., & Yu, F. R. (2024). Mobile-aware service offloading for UAV-assisted 

IoV: A multiagent tiny distributed learning approach. IEEE Internet of Things Journal, 11(12), 21191–

21201. https://doi.org/10.1109/JIOT.2024.3373225 

Mâță, L., Clipa, O., Cojocariu, V. M., Robu, V., Dobrescu, T., Hervás-Gómez, C., & Stoica, I. V. (2021). Students’ 

attitude towards the sustainable use of mobile technologies in higher education. Sustainability, 13(11), 

5923. https://doi.org/10.3390/su13115923  

Martin, F., & Ertzberger, J. (2013). Here and now mobile learning: An experimental study on the use of mobile 

technology. Computers & Education, 68, 76–85. https://doi.org/10.1016/j.compedu.2013.04.021 

Mutambara, D., & Bayaga, A. (2021). Determinants of mobile learning acceptance for STEM education in rural 

areas. Computers & Education, 160, 104010. https://doi.org/10.1016/j.compedu.2020.104010  

Naismith, L., Lonsdale, P., Vavoula, G. N., & Sharples, M. (2004). Mobile technologies and learning. 

Naveed, Q. N., Choudhary, H., Ahmad, N., Alqahtani, J., & Qahmash, A. I. (2023). Mobile learning in higher 

education: A systematic literature review. Sustainability, 15(18), 13566. 

https://doi.org/10.3390/su151813566 

Nunnally, J. C. (1978). An overview of psychological measurement. In Clinical diagnosis of mental disorders 

(pp. 97–146). Springer. https://doi.org/10.1007/978-1-4684-2490-4_4 

Nurunnabi, A. S. M., Rahman, A., Akter, N., Talukder, M. A. S., Tapu, T. T., Rehana, J., & Nahar, N. S. (2025). 

Scalability and sustainability issues of mobile learning in health professions education. Community Based 

Medical Journal, 14(1), 186–191. https://doi.org/10.3329/cbmj.v14i1.79362 

Oviedo Ramirez, D. C., Ramirez Salazar, D. A., Valderrama Muñoz, A. M., Quiroz Betancur, L. M., & Fletscher, 

L. (2025). Exploring the Relationship Between Learning Styles and Digital Educational Resources in 

Adaptive Learning Systems. Education Sciences, 15(8), 1075. https://doi.org/10.3390/educsci15081075  

Rodríguez-Arce, J., Vázquez-Cano, E., Cobá Juárez-Pegueros, J. P., & González-García, S. (2023). Comparison 

of learning content representations to improve L2 vocabulary acquisition using m-learning. Sage Open, 

13(4). https://doi.org/10.1177/21582440231216819 

Sahito, F. Z., & Sahito, Z. H. (2024). Gamification as a pedagogical tool for enhancing critical thinking and 

problem-solving skills in STEM education: A case study of high school classrooms. Journal of 

Development and Social Sciences, 5(4). https://doi.org/10.47205/jdss.2024(5-IV)29  

Sarrab, M., Elbasir, M., & Alnaeli, S. (2016). Towards a quality model of technical aspects for mobile learning 

services: An empirical investigation. Computers in Human Behavior, 55, 100–112. 

https://doi.org/10.1016/j.chb.2015.09.003 

Sharples, M., Taylor, J., & Vavoula, G. (2010). A theory of learning for the mobile age. In U. Hugger (Ed.), 

Medienbildung in neuen Kulturräumen (pp. 87–99). VS Verlag für Sozialwissenschaften. 

https://doi.org/10.1007/978-3-531-92133-4_6 

Singh, V. K., Singh, P., Karmakar, M., Leta, J., & Mayr, P. (2021). The journal coverage of Web of Science, 

Scopus and Dimensions: A comparative analysis. Scientometrics, 126(6), 5113–5142. 

https://doi.org/10.1007/s11192-021-03948-5 

https://doi.org/10.1186/s12909-024-06464-1
https://doi.org/10.1016/j.compedu.2010.05.018
https://doi.org/10.1109/JIOT.2024.3373225
https://doi.org/10.3390/su13115923
https://doi.org/10.1016/j.compedu.2013.04.021
https://doi.org/10.1016/j.compedu.2020.104010
https://doi.org/10.3390/su151813566
https://doi.org/10.1007/978-1-4684-2490-4_4
https://doi.org/10.3329/cbmj.v14i1.79362
https://doi.org/10.3390/educsci15081075
https://doi.org/10.1177/21582440231216819
https://doi.org/10.47205/jdss.2024(5-IV)29
https://doi.org/10.1016/j.chb.2015.09.003
https://doi.org/10.1007/978-3-531-92133-4_6
https://doi.org/10.1007/s11192-021-03948-5


International Journal of Education in Mathematics, Science and Technology 14 (2026) 46-65 R. P. Antonio & C. L. Espino 

 

65 

Tong, D. H., Nguyen, T.-T., Uyen, B. P., & Ngan, L. K. (2023). Using m-learning in teacher education: A 

systematic review of demographic details, research methodologies, pre-service teacher outcomes, and 

advantages and challenges. Contemporary Educational Technology, 15(4). 

https://doi.org/10.30935/cedtech/13527 

van Eck, N. J., & Waltman, L. (2014). Visualizing bibliometric networks. In Y. Ding, R. Rousseau, & D. Wolfram 

(Eds.), Measuring scholarly impact (pp. 285–320). Springer. https://doi.org/10.1007/978-3-319-10377-

8_13 

Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D. (2003). User acceptance of information technology: 

Toward a unified view. MIS Quarterly, 27(3), 425–478. https://doi.org/10.2307/30036540 

Vygotsky, L. S., & Luria, A. R. (1978). Tool and symbol in child development. In M. Cole, V. John-Steiner, S. 

Scribner, & E. Souberman (Eds.), Mind in society (pp. 99–174). Harvard University Press. 

Wenger, E. (1999). Communities of practice: Learning, meaning, and identity. Cambridge University Press. 

Zawacki-Richter, O., Marín, V. I., Bond, M., & Gouverneur, F. (2019). Systematic review of research on artificial 

intelligence applications in higher education – Where are the educators? International Journal of 

Educational Technology in Higher Education, 16(1), 39. https://doi.org/10.1186/s41239-019-0171-0 

Zhang, J., & Yu, S. (2022). Assessing the innovation of mobile pedagogy from the teacher’s perspective. 

Sustainability, 14(23), 15676. https://doi.org/10.3390/su142315676 

Zupic, I., & Čater, T. (2015). Bibliometric methods in management and organization. Organizational Research 

Methods, 18(3), 429–472. https://doi.org/10.1177/1094428114562629 

Zydney, J. M., & Warner, Z. (2016). Mobile apps for science learning: Review of research. Computers & 

Education, 94, 1–17. https://doi.org/10.1016/j.compedu.2015.11.001 

 

 

 

https://doi.org/10.1007/978-3-319-10377-8_13
https://doi.org/10.1007/978-3-319-10377-8_13
https://doi.org/10.2307/30036540
https://doi.org/10.1186/s41239-019-0171-0
https://doi.org/10.3390/su142315676
https://doi.org/10.1177/1094428114562629
https://doi.org/10.1016/j.compedu.2015.11.001

