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 In contemporary digital society, artificial intelligence literacy (AI literacy) has become a key 

competence that enables citizens to understand and actively participate in increasingly 

automated environments. However, despite the rapid growth of scientific output, partly driven 

by tools such as ChatGPT, the literature reveals substantial conceptual fragmentation that 

hinders an integrated understanding of its educational and ethical dimensions. In this context, 

this study aimed to analyze the intellectual evolution and conceptual structure of research on AI 

literacy, based on Scopus-indexed literature. A bibliometric methodology was applied to a 

corpus of 2,645 documents using scientific mapping techniques to identify publication patterns, 

collaboration networks, and dominant thematic streams. The results reveal an accelerated 

expansion of the field and a shift from early approaches focused primarily on educational 

contexts such as K-12 education and computational thinking toward more complex frameworks 

that incorporate algorithmic ethics, psychological acceptance of technology, critical thinking, and 

academic integrity challenges associated with generative AI (GenAI). Overall, this study 

contributes to the educational technology literature by providing a longitudinal bibliometric 

interpretation of the evolution of AI literacy and by identifying emerging research agendas 

related to GenAI, ethical reasoning, and critical digital competencies in contemporary education. 

Keywords: AI literacy, artificial intelligence, generative AI, educational technology, bibliometric 

analysis, higher education 

INTRODUCTION 

From the perspective of the social sciences and humanities, artificial intelligence (AI) goes beyond purely 

instrumental technological innovation, as it constitutes a social and cultural process that reshapes civic 

participation, power, and individual autonomy (Cordova-Buiza et al., 2026; Crawford, 2021; Floridi et al., 2020). 

Interaction with intelligent systems involves more than functional use; it encompasses ethical, cognitive, and 

critical dimensions in contexts where algorithms mediate access to information, social visibility, and decision-

making (Beer, 2017; Swart, 2021). 

In contemporary digital environments, the need to understand these mechanisms has given rise to AI 

literacy, a set of competencies for interpreting, critically evaluating, and engaging with algorithmic systems in 

an informed manner (Biagini, 2025; Tadimalla & Maher, 2025). Accordingly, AI literacy is a social practice that 

combines technical skills with attention to privacy, human agency, and equity in increasingly automated 

environments (Kalantzis & Cope, 2025; Traga Philippakos & Rocconi, 2025). The expansion of generative AI 
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(GenAI) and automated decision-making has shifted the focus toward algorithmic understanding, ethical 

evaluation, and critical thinking (Chiu, 2024; Walter, 2024). 

Previous studies have examined complementary aspects of AI literacy, including conceptualization and 

assessment (Almatrafi et al., 2024), learning methods and effects (Pinski & Benlian, 2024), definitions and 

approaches to teaching and learning across 17 reviews (Zhang et al., 2025), and the bibliometric evolution of 

the field through 2021 (Tenório et al., 2023). Despite these contributions, fragmentation persists across 

definitions, disciplines, contexts, and assessment approaches (Biagini, 2025; Pinski & Benlian, 2024; 

Rodriguez-Fernandez et al., 2026). However, the joint evolution of the field’s conceptual structure and 

collaboration patterns during the expansion of GenAI remains insufficiently understood. 

To address this gap, this study analyzes the conceptual evolution, trends, and gaps in AI literacy research 

from 2015 to 2025 through co-authorship, bibliographic coupling, and keyword co-occurrence analyses of 

2,645 Scopus-indexed documents. It asks: How has AI literacy evolved conceptually in social research during 

2015-2025, and what are the main trends and thematic gaps emerging from global scientific output? The study 

thus extends previous reviews and bibliometric mappings by integrating the field’s longitudinal conceptual, 

intellectual, and collaborative development rather than merely updating publication trends. 

LITERATURE REVIEW 

Conceptual Development and Fragmentation of Artificial Intelligence Literacy 

Over the past decade, and especially since 2015, academic literature has experienced sustained growth in 

the analysis of competencies related to AI, progressively situating this debate at the intersection of education, 

digital citizenship, and sociotechnical transformation (Černý, 2024; Mahadewi et al., 2025; Olortegui-Alcalde 

et al., 2025). A substantial portion of this research has been conducted within formal educational contexts, 

not merely as a pedagogical objective, but as one of the primary social spaces in which the implications of AI 

for employability, civic participation, and the formation of critical subjects in digital environments are 

observed and problematized (Almatrafi et al., 2024; Pinski & Benlian, 2024; Zhang et al., 2025). From this 

perspective, a range of empirical studies has examined AI literacy across different educational levels and 

social sectors, identifying key dimensions such as conceptual understanding of AI, ethical awareness, 

technological self-efficacy, and the capacity for critical interaction with intelligent systems (Dai et al., 2020; 

Kong et al., 2023; Laupichler et al., 2022; Wang et al., 2023). 

Nevertheless, this growth in scientific output has been accompanied by notable thematic and conceptual 

dispersion, complicating the consolidation of a coherent theoretical framework capable of systematically 

explaining the field’s evolution. The literature reveals persistent conceptual fragmentation: while some 

studies focus on algorithmic literacy, others prioritize data literacy or AI-related competencies, reflecting 

epistemological and disciplinary tensions within contemporary social research (Ng et al., 2021b; Pangrazio et 

al., 2020). Viewed together, these studies suggest that this fragmentation is associated with disciplinary 

separation, the absence of a dominant theoretical anchor, and differences in target populations and 

assessment approaches. Consequently, the constructs and instruments used in the field are not always 

directly comparable across educational levels and sociocultural contexts (Almatrafi et al., 2024; Ng et al., 

2021b; Pangrazio et al., 2020; Pinski & Benlian, 2024). 

Critical Comparison of Existing Reviews 

Although previous studies have contributed through reviews and conceptual discussions on AI literacy (Ng 

et al., 2021a), their scopes and analytical purposes differ. Almatrafi et al. (2024) systematically reviewed 47 

articles published between 2019 and 2023 and synthesized six constructs: recognize, know and understand, 

use and apply, evaluate, create, and navigate ethically. Their framework provides detailed conceptual and 

assessment guidance, but its inclusion criteria were restricted to studies explicitly framed as AI literacy. Pinski 

and Benlian (2024), drawing on 68 papers, developed a user-oriented framework organized around learning 

methods, AI literacy components, and effects. Their findings also indicate that research efforts remain partly 

disconnected across disciplines and user groups. 
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More recent reviews have broadened this perspective. Biagini (2025) analyzed 87 studies and emphasized 

that AI literacy extends beyond technical proficiency to encompass ethical considerations, societal 

implications, and practical applications in educational and workplace contexts. Zhang et al. (2025), through 

an umbrella review of 17 reviews, identified emerging agreement on definitions and approaches to teaching 

and learning AI literacy, while also reporting unresolved needs in interdisciplinary pedagogy, ethics, AI policy, 

and standardized assessment across educational levels and cultures. Taken together, these reviews provide 

substantial conceptual, pedagogical, and assessment-related depth; however, their primary emphasis lies in 

conceptual and educational synthesis rather than in the longitudinal mapping of the field’s intellectual 

structure and patterns of scientific collaboration. 

Bibliometric Precedents and Remaining Research Gap 

A direct bibliometric precedent is provided by Tenório et al. (2023), who analyzed 244 English-language 

publications produced between 1989 and 2021 and examined publication evolution, research contributors, 

collaboration patterns, publication venues, and keyword trends. Their study establishes an important 

historical baseline, but its temporal coverage ends before the widespread adoption of GenAI after 2022. More 

recently, Yang et al. (2025) conducted a bibliometric analysis of 335 articles on AI literacy education published 

between 2014 and 2024, using CiteSpace to analyze publication trends, developmental trajectories, keyword 

relationships, and thematic priorities. Although this study provides an updated account of AI literacy 

education, its scope remains centered on educational research. In contrast, the present study adopts a 

broader social research perspective and jointly examines co-authorship, bibliographic coupling, and keyword 

co-occurrence. 

Taken together, these precedents show that the remaining gap is not the absence of reviews or 

bibliometric mappings, but the limited integration of recent conceptual change with the intellectual and 

collaborative organization of AI literacy research across broader social contexts. This distinction clarifies that 

the present study’s contribution extends beyond updating publication trends to 2025 by integrating the 

conceptual evolution, intellectual structure, and patterns of scientific collaboration in AI literacy research 

during the expansion of GenAI. 

Given the conceptual fragmentation documented above, it is essential to adopt approaches that clarify 

the field’s intellectual and structural evolution (Mhlanga & Dzingirai, 2024; Öztürk et al., 2024). In this study, 

bibliometric analysis is therefore employed not only as a descriptive tool but also as an interpretive 

framework for connecting conceptual, intellectual, and collaborative patterns (Donthu et al., 2021). 

Research Objectives 

Consistent with the general objective and research question stated in the Introduction, the study is 

structured around the following specific research objectives (ROs), in accordance with established 

applications of bibliometric analysis (Thaha et al., 2025; Verma et al., 2025): 

RO1: To identify key scientific outputs by recognizing leading authors, journals, and documents. 

RO2: To analyze the thematic structure to detect dominant clusters and emerging lines of research. 

RO3: To examine collaboration networks and thematic gaps through co-authorship and keyword co-

occurrence analyses. 

METHODS 

This study adopts a descriptive and longitudinal bibliometric design to systematically analyze the 

intellectual architecture, temporal evolution, and thematic trends of the scientific literature on AI literacy. 

Bibliometrics is employed as a methodological strategy due to its capacity to process large volumes of 

bibliographic metadata, allowing the study to overcome the subjectivity inherent in narrative reviews and to 

provide an objective visualization of the knowledge structure in emerging scientific fields (Donthu et al., 2021; 

Leydesdorff, 2007; Moed, 2005). Likewise, through scientific mapping techniques, this approach facilitates the 

identification of academic collaboration patterns, research fronts, and the field’s conceptual configurations 

(Börner et al., 2010; Chen, 2006). 
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The period of analysis spans from 2015 to 2025, selected to capture the transition of AI literacy from a 

specialized technical competence to a critical civic skill, driven by the expansion of intelligent systems and the 

recent consolidation of GenAI in the social sphere. The final corpus includes 2,645 documents, ensuring a 

sufficiently robust empirical basis for examining the conceptual maturation of the field. 

Data retrieval was conducted using the Scopus database (Elsevier). The selection of Scopus was based on 

its rigorous content-selection procedures, curated bibliographic and citation metadata, and broad 

multidisciplinary coverage, including publications from the Social Sciences and Humanities (Baas et al., 2020; 

Mongeon & Paul-Hus, 2016). The exclusive use of Scopus also ensured a consistent metadata structure across 

the corpus and avoided potential inconsistencies that could arise from combining databases with different 

indexing and citation practices. Data extraction was carried out in January 2026 by exporting the records in 

CSV format, including full metadata (affiliations, cited references, keywords, and abstracts), to ensure 

comprehensive processing. 

To ensure methodological rigor and thematic relevance, a structured search strategy was developed and 

applied to the title, abstract, and keyword fields within the Scopus database, following procedures commonly 

adopted in bibliometric research (Donthu et al., 2021). The search equation incorporated Boolean operators 

and conceptual variations associated with AI literacy: TITLE-ABS-KEY (“AI literacy” OR “artificial intelligence 

literacy” OR “algorithmic literacy” OR “competencies in artificial intelligence”). 

The search focused on expressions that explicitly identify AI literacy as the principal construct. Broader 

terms such as “AI competencies,” “AI competence,” “AI skills,” “AI capability,” and “AI awareness” were not 

included as standalone expressions because they may also refer to technical abilities, organizational 

capabilities, or general attitudes toward AI without specifically addressing literacy. This decision favored 

thematic precision but may have excluded relevant studies that used only those alternative terms. 

Consequently, the corpus should be interpreted as a focused rather than exhaustive representation of AI 

literacy research. Only peer-reviewed documents published between 2015 and 2025 were considered. 

Editorial notes, errata, and records with incomplete metadata were excluded during the refinement stage. 

This procedure enabled the identification of a coherent documentary corpus that integrates educational, 

technological, and sociocultural perspectives associated with AI competencies. 

To improve the consistency and reliability of the dataset, duplicate records and incomplete metadata 

entries were manually reviewed and excluded when necessary. A normalization process was then applied to 

disambiguate author names and institutional affiliations and to unify conceptually equivalent keywords 

through a controlled thesaurus (Ioannidis et al., 2020). The thesaurus was also used to standardize 

institutional labels by removing redundant geographical information and harmonizing naming variants, while 

preserving distinct affiliation units such as faculties, departments, schools, and research centers as separate 

entities. This procedure reduced artificial fragmentation and enhanced the interpretability and reliability of 

the thematic and institutional networks generated through VOSviewer. 

Data processing was structured through three complementary bibliometric techniques. First, a co-

authorship analysis was conducted to examine the dynamics of scientific collaboration and the social 

structure of the research community, identifying networks of academic interaction and cores of scientific 

output (Cobo et al., 2011; Moral-Muñoz et al., 2020; Zupic & Čater, 2015). Second, bibliographic coupling was 

used to identify the intellectual streams and journals that theoretically structure the field, based on the 

similarity of shared references among the analyzed documents (Boyack & Klavans, 2010; Chen, 2017). Finally, 

a keyword co-occurrence analysis was conducted to map the domain’s conceptual structure, enabling the 

identification of central themes, emerging areas, and evolving research fronts (Aria & Cuccurullo, 2017; 

Donthu et al., 2021). 

Network visualization and bibliometric mapping were performed using VOSviewer version 1.6.20, a widely 

used software for science mapping studies because of its ability to identify conceptual structures and 

collaboration patterns through distance-based visualizations (van Eck & Waltman, 2010). The analysis was 

conducted using co-occurrence, co-authorship, and bibliographic coupling techniques based on full-counting 

procedures. Minimum occurrence thresholds were established for keywords, authors, and organizations to 

improve network interpretability and reduce peripheral noise. 
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For the keyword co-occurrence analysis, a minimum threshold of 10 occurrences produced a final network 

of 121 interconnected keywords. VOSviewer directly generated eight clusters from this network and 

determined the keyword membership in each cluster. The authors subsequently interpreted and labeled the 

eight research streams by examining the dominant keywords, occurrence frequencies, total link strength, and 

representative highly cited documents associated with each cluster. Therefore, the eight-stream structure was 

retained because it corresponded to the final clustering solution generated by VOSviewer rather than to a 

predetermined typology. The overall workflow for data retrieval, refinement, normalization, and visualization 

is summarized in Figure 1. 

Although Scopus provides extensive international coverage and high indexing standards, the exclusive use 

of a single database may limit the inclusion of regional publications and emerging literature indexed 

alternative repositories. Because bibliographic databases differ in their coverage of fields, publishing 

countries, and languages, excluding Web of Science and regional indexes may reduce the visibility of non-

English publications and research produced in the Global South (Mongeon & Paul-Hus, 2016). Consequently, 

the geographical concentration observed in Hong Kong and the United States should be interpreted as a 

pattern within the Scopus-indexed scientific landscape rather than as a complete measure of the worldwide 

distribution of AI literacy research. 

Ethics Statement 

Ethics approval was not required for this bibliometric analysis because it used publicly available, 

anonymized publication data from Scopus. No human participants, personal data, or sensitive information 

were involved in this research. 

RESULTS 

Temporal evolution of scientific production. Figure 2 presents the evolution of the scientific literature on 

AI literacy in social research, based on a bibliometric analysis of 2,645 Scopus-indexed documents covering 

the 2015-2025 period. 

Although this study adopts the integrative term “artificial intelligence literacy”, the literature reveals a 

progressive evolution in terminology. In the early years, notions such as algorithmic literacy or advanced 

digital competencies predominated, gradually converging toward a more specific conceptualization centered 

on competencies directly related to AI. This shift reflects a transition from general digital skills toward a more 

contextualized understanding of AI within social and educational domains. 

The analysis reveals a non-linear growth structured in three phases. Between 2016 and 2020, scientific 

output was limited and stable, with fewer than 20 documents published annually, indicating that AI literacy 

 

Figure 1. Bibliometric workflow and data processing stages (the authors’ own elaboration) 
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was an emerging topic largely confined to technical and specialized educational contexts. Between 2021 and 

2022, a transitional phase is evident, marked by a sustained increase to 63 documents in 2022, coinciding 

with the intensification of public debates on algorithmic ethics and the responsible use of AI. 

The period from 2023 to 2025 marks a phase of accelerated expansion, culminating in 2025 with 1,716 

published documents. This accelerated growth coincided with the expansion of GenAI and the widespread 

adoption of tools such as ChatGPT, which intensified academic interest in the field. Consequently, AI literacy 

has consolidated as an educational and civic priority, shifting the focus from predominantly technical 

approaches to the analysis of the ethical, social, and educational implications of interaction with algorithmic 

systems. 

Overall, this evolution highlights a rapid intensification of academic interest in AI literacy, particularly in 

the last years of the analyzed period. The marked growth in scientific output suggests that the topic has 

moved beyond a peripheral position to become a central axis within social research, reflecting its increasing 

relevance in contemporary educational, technological, and societal debates. 

The keyword co-occurrence analysis enabled the identification of dominant concepts and key thematic 

relationships associated with the conceptualization of AI literacy in social research (Figure 3). The network 

was constructed using VOSviewer software, integrating author-provided keywords, thereby revealing the 

intellectual structure and conceptual configuration of the field (Alharthi et al., 2023; Donthu et al., 2021). 

The keywords were filtered by applying a minimum threshold of 10 occurrences to exclude isolated or 

low-frequency terms, resulting in a map of 121 interconnected nodes. The resulting network is organized into 

multiple clusters based on occurrence frequency and total link strength, reflecting the degree of conceptual 

proximity among the analyzed themes. 

The results show a high concentration of terms associated with educational and technological domains, 

with AI literacy, AI, GenAI, and higher education standing out as structural nodes of the field. In particular, AI 

literacy emerges as the node with the highest number of occurrences (928) and the greatest total link strength, 

acting as an articulating axis between technical innovations (such as machine learning) and pedagogical 

application contexts. 

Likewise, a strong association is observed between AI literacy and concepts such as ethical AI, trust, and 

critical thinking, highlighting the central role of ethical and reflective mechanisms in the study of digital 

competencies. Complementarily, terms such as teacher education and professional development display high 

connectivity, confirming their role as key variables in the effective adoption of these technologies in classroom 

settings. 

Finally, the analysis identifies emerging thematic lines represented by keywords such as ChatGPT, prompt 

engineering, GenAI, and responsible AI, which, although exhibiting lower historical frequency, have high 

average publication-year values. These results suggest the progressive consolidation of new research 

agendas oriented toward integrating GenAI and prompt engineering into recent educational and social 

processes. 

 

Figure 2. Evolution of scientific output on AI literacy (2015-2025) (the authors’ own elaboration using data 

from Scopus) 
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 Under the threshold and full-counting settings described in the Methods section, VOSviewer generated 

an eight-cluster solution. The number of clusters was not predetermined by the authors; the eight-cluster 

structure was retained because it corresponded to the final solution generated by the software. The clusters 

were subsequently interpreted and labeled by the authors according to their dominant keywords, occurrence 

frequencies, total link strength, and representative documents:  

(1) algorithmic and digital literacy 

(2) ethics and adoption in higher education,  

(3) K-12 education and computational thinking,  

(4) critical thinking and the humanities,  

(5) psychological factors and acceptance,  

(6) language models and educational technology,  

(7) competency assessment and metrics, and 

(8) GenAI and academic writing.  

The complete eight-stream synthesis is presented and further examined in the discussion. 

To identify the intellectual structure of the field, co-authorship and citation patterns were analyzed using 

VOSviewer, thereby distinguishing between highly productive authors and those with greater academic 

impact. Figure 4 illustrates the collaboration networks, while Table 1 presents the main contributors 

according to scientific productivity and citation influence. 

The analysis reveals two differentiated dynamics in the consolidation of the field. In terms of productivity, 

Kong, Siu Cheung and Ng, Tsz Kit Davy lead scientific output with 23 documents each, reflecting sustained 

contributions to the development of AI literacy. However, when citation impact is considered, a dissociation 

between publication volume and citation counts becomes evident. Although Ng maintains leadership across 

both metrics (3,100 citations), Leung, Jac Ka Lok, stands out for high citation influence (2,117 citations) despite 

a more limited publication output. 

 

Figure 3. Keyword network analysis (the authors’ own elaboration using data from Scopus and VOSviewer) 
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This pattern suggests that the theoretical architecture of AI literacy is supported by a relatively small set 

of highly influential works rather than by the quantitative accumulation of publications. Taken together, the 

authors represented across both rankings constitute a prominent intellectual core in the field’s development. 

Figure 5 presents the geographical distribution of scientific output on AI literacy based on a country-level 

co-authorship analysis. The network was constructed by considering 52 countries that surpassed the 

threshold for sustained productivity (≥ 15 documents), thereby allowing examination of scientific 

collaboration patterns and the transnational configuration of the field (Waltman, 2016). 

The ranking of the main actors (Table 2) reveals a clearly dominant position for the United States, which 

leads in both production volume (682 documents) and scientific impact (10,040 citations), evidencing its 

influence in shaping research agendas on AI-related competencies. In second place, China emerges as a major 

contributor with 335 documents, demonstrating its substantial participation in AI literacy research. 

The most significant finding concerns Hong Kong, which, despite ranking fifth in production volume (164 

documents), is the second most influential country in terms of citations (9,226). This pattern indicates 

exceptional impact efficiency, with an average citation rate notably higher than that of European countries 

with larger publication volumes, such as Germany and the United Kingdom. The network also reflects the 

participation of countries such as Australia, Turkey, and Spain, indicating that AI literacy research spans 

diverse educational and scientific contexts. Nevertheless, within the analyzed Scopus corpus, highly visible 

 

Figure 4. Co-authorship network of the most relevant researchers in AI literacy (the authors’ own elaboration 

using data from Scopus and VOSviewer) 

Table 1. Main contributors according to scientific productivity and citation impact 

Rank Author by number of documents Documents Author by citations Citations 

1 Kong, Siu Cheung 23 Ng, Tsz Kit Davy 3,100 

2 Ng, Tsz Kit Davy 23 Chu, Samuel Kai Wah 2,882 

3 Breazeal, Cynthia L. 20 Leung, Jac Ka Lok 2,117 

4 Chiu, Thomas K. F. 20 Long, Duri 1,857 

5 Long, Duri 16 Chan, Cecilia Ka Yuk 1,848 

6 Su, Jiahong 16 Magerko, Brian S. 1,836 

7 Chu, Samuel Kai Wah 14 Su, Jiahong 1,468 

8 Chai, Ching Sing 12 Chiu, Thomas K.F. 1,278 

9 Magerko, Brian S. 11 Breazeal, Cynthia L. 810 

10 Schleiss, Johannes 11 Laupichler, Matthias Carl 791 
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and citation-intensive scientific production remains concentrated in North America and East Asia. This pattern 

is broadly consistent with previous bibliometric evidence identifying the United States and China among the 

leading contributors to AI literacy research (Tenório et al., 2023).  

Although India appears among the ten most productive countries, differences in accumulated citations 

persist, highlighting the importance of incorporating broader sociocultural perspectives from the Global 

South into discussions of AI literacy, digital inequality, and algorithmic ethics. Because Scopus coverage varies 

across countries and languages, the comparatively lower visibility of Global South research may partly reflect 

both database coverage and differences in indexed scientific output (Mongeon & Paul-Hus, 2016). Accordingly, 

the observed geopolitical asymmetry should be understood as a pattern of publication and citation visibility 

within the Scopus-indexed literature. 

Figure 6 presents the source citation network constructed from the references of the analyzed corpus, 

using VOSviewer and data extracted from Scopus, to visualize the intellectual relationships among the main 

publications and to delineate the editorial cores that structure the field of AI literacy (Aria & Cuccurullo, 2017; 

Zupic & Čater, 2015). The top 10 sources were ranked according to productivity (number of documents) and 

academic impact (accumulated citations). 

As shown in Table 3, Computers and Education: Artificial Intelligence occupies a hegemonic position, 

leading both in publication volume (68 documents) and citation impact (5,350 citations), consolidating its role 

as the primary outlet for empirical research on AI literacy in educational contexts. It is followed by journals 

focused on educational technology, such as Education and Information Technologies and Computers and 

Education Open. Notably, the International Journal of Educational Technology in Higher Education stands out 

for its impact efficiency, ranking as the second most cited source (2,024 citations) despite a relatively modest 

number of publications. In parallel, high productivity is observed in technical conference proceedings such as 

Lecture Notes in Computer Science and Communications in Computer and Information Science, although 

with lower citation impact. This suggests that part of the scholarly debate unfolds within fast-dissemination 

circuits characteristic of the computer sciences. Overall, the network reveals a specialized and relatively 

 

Figure 5. Scientific collaboration network analysis among countries (the authors’ own elaboration using data 

from Scopus and VOSviewer) 

Table 2. Prominent countries ranked by documents and citations 

Rank Country by number of documents Documents Country by citations Citations 

1 United States 682 United States 10,040 

2 China 335 Hong Kong 9,226 

3 Germany 190 China 3,501 

4 United Kingdom 175 Germany 3,156 

5 Hong Kong 164 United Kingdom 1,860 

6 India 92 Australia 1,595 

7 Australia 91 Canada 1,257 

8 Turkey 89 Singapore 979 

9 Spain 75 Sweden 938 

10 Italy 70 Switzerland 938 
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consolidated editorial structure, articulated at the intersection of pedagogy and computing, with a stable core 

of high-impact journals that organize the field’s conceptual development. 

Based on the final corpus of 2,645 documents indexed in Scopus, the most highly cited works were 

identified through a direct analysis of accumulated citations. This metric enables the identification of 

contributions that have exerted a structural influence on the evolution of the field, serving as central 

references in its theoretical configuration (Bornmann & Daniel, 2008; Sugimoto & Larivière, 2018). 

The analysis reveals an asymmetric distribution of impact, in which scholarly authority gravitates around 

a selective core of seminal studies. Particularly prominent is the work by Long and Magerko (2020), “What is 

AI Literacy?”, which, with 1,535 citations, has become the foundational reference for defining competencies 

and design considerations in AI literacy. It is followed in relevance by the study by Chan and Hu (2023), 

 

Figure 6. Journal citation network (the authors’ own elaboration using data from Scopus and VOSviewer) 

Table 3. Top ten prominent sources ranked by documents and citations 

Rank Source by number of documents D Source by citations C 

1 Computers and Education: Artificial Intelligence 68 Computers and Education: Artificial Intelligence 5,350 

2 Lecture Notes in Computer Science 62 
International Journal of Educational Technology in 

Higher Education 
2,024 

3 Education and Information Technologies 50 Conference on Human Factors in Computing Systems 1,989 

4 
Communications in Computer and Information 

Science 
39 Computers and Education Open 1,390 

5 CEUR Workshop Proceedings 33 Education and Information Technologies 1,061 

6 Education Sciences 29 Education Sciences 668 

7 Frontiers in Education 28 
International Journal of Artificial Intelligence in 

Education 
601 

8 
Proceedings of the Association for Information 

Science and Technology 
23 Journal of Applied Learning and Teaching 528 

9 AI and Society 20 Sustainability (Switzerland) 519 

10 Lecture Notes in Networks and Systems 20 ACM International Conference Proceeding Series 481 

Note. D: Documents & C: Citations 
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“Students’ voices on generative AI”, which, with 1,192 citations, marks the emergence of a research agenda 

focused on students’ perceptions of generative technologies such as ChatGPT. 

Likewise, the structural influence of conceptual reviews such as Ng et al. (2021b), “Conceptualizing AI 

literacy”, is evident. With 1,090 citations, this work has provided the theoretical frameworks necessary to 

integrate AI literacy competencies into educational curricula. The presence of recent high-impact empirical 

studies, such as Wang et al. (2023), “Measuring user competence in using AI: validity and reliability of an AI 

literacy scale” (430 citations), indicates that the field has rapidly moved from abstract theoretical definitions 

toward the empirical validation of assessment instruments. 

This pattern of citation concentration confirms that AI literacy is a field undergoing accelerated 

consolidation, in which a limited number of contributions define the dominant interpretative frameworks 

guiding global empirical research (Table 4). 

Based on data extracted from Scopus and through an analysis of scientific productivity by institutional 

affiliation, the leading academic organizations in the production of knowledge on AI literacy were identified. 

The results presented in Table 5 enable examination of the field’s institutional structure and reveal a marked 

concentration of research within highly specialized academic nodes. 

The analysis shows an undisputed leadership of institutions based in Hong Kong, which occupy the top 

three positions in the global ranking. The Education University of Hong Kong leads in productivity with 61 

documents, followed by The University of Hong Kong (51) and The Chinese University of Hong Kong (43). This 

finding suggests that Hong Kong has consolidated itself as a central hub for AI literacy research, reflecting a 

high level of institutional concentration in universities specializing in education and technology. 

At a second level of influence are elite technological institutions from the United States, such as Carnegie 

Mellon University (34 documents) and Massachusetts Institute of Technology (26 documents). The presence 

of these organizations confirms that the field’s development is not merely pedagogical but is also directly 

informed by centers of innovation in engineering and computer science. In addition, European representation 

is evident through the University of Oulu (Finland), indicating a cross-cutting interest in AI and digital literacy 

within Nordic educational systems. The observed institutional concentration reinforces the idea that AI 

literacy is developing along two main axes: a pedagogical-curricular axis, led by Asian universities with a strong 

focus on education, and a technological-experimental axis, driven by North American technical institutes. 

To examine the relational dimension of the field, an organizational-level bibliographic coupling analysis 

was conducted using VOSviewer. The purpose of this technique was to identify academic communities sharing 

theoretical frameworks, common references, and convergent lines of research in the study of AI literacy. This 

approach enables visualization of the intellectual architecture of the field through bibliographic links among 

Table 4. Documents with the greatest structural influence in AI literacy 

Study (document) Type Citations 

Long and Magerko (2020) Conceptual 1,535 

Chan and Hu (2023) Empirical 1,192 

Ng et al. (2021b) Conceptual review 1,090 

Wang et al. (2023) Instrument (scale development) 430 

Note. The documents were selected to represent complementary analytical contributions and do not constitute an exhaustive ranking of 

the most cited publications. Citation counts were reported by Scopus in January 2026 

Table 5. Institutional leadership and distribution of scientific output 

Rank Organization/university Country Documents 

1 The Education University of Hong Kong Hong Kong 61 

2 The University of Hong Kong Hong Kong 51 

3 Chinese University of Hong Kong Hong Kong 43 

4 Carnegie Mellon University United States 34 

5 Massachusetts Institute of Technology United States 26 

6 University of Florida United States 23 

7 Beijing Normal University China 22 

8 University of Oulu Finland 21 

9 Nanyang Technological University Singapore 18 

10 Northwestern University United States 18 

Note. Data obtained through the Scopus affiliation analysis tool 
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documents affiliated with different institutions, moving beyond a strictly volumetric analysis of scientific 

output (van Eck & Waltman, 2014). 

The resulting network (Figure 7) shows that the faculty of education at The University of Hong Kong 

presents the highest total link strength (2,165), together with 32 documents and 3,511 accumulated citations. 

This indicates that this affiliation unit has the strongest aggregate bibliographic-coupling relationships within 

the analyzed network. The Education University of Hong Kong and The Chinese University of Hong Kong also 

occupy prominent positions in the Hong Kong-centered portion of the map; however, the colors indicate that 

these affiliations and their constituent units are distributed across different VOSviewer clusters. 

A second prominent grouping comprises North American technology-oriented institutions. The 

Massachusetts Institute of Technology and Carnegie Mellon University, with total link strengths of 1,271 and 

955, respectively, are assigned to the same VOSviewer cluster. Their proximity and shared cluster 

membership suggest similarity in the reference bases used by their publications, rather than necessarily 

demonstrating direct institutional collaboration. 

Table 5 and Figure 7 therefore provide complementary but distinct institutional perspectives. Table 5 

reports scientific productivity aggregated by university, whereas Figure 7 represents the affiliation labels 

recorded in Scopus, including parent universities and some faculties, departments, schools, and research 

units. Consequently, the document counts and positions shown in Figure 7 should not be equated directly 

with the parent-institution totals reported in Table 5. Taken together, the results reveal two prominent poles 

of scientific production and bibliographic relatedness within the Scopus-indexed corpus (Hong Kong and the 

United States) while European institutions such as the University of Oulu and University College London 

occupy less central positions but retain bibliographic links with other institutional groups. 

DISCUSSION 

Based on a comprehensive bibliometric analysis, eight differentiated research streams were identified 

from the keyword co-occurrence structure generated by VOSviewer. These clusters represent patterns of 

 

Figure 7. Bibliographic coupling network among organizations (Node size represents the number of 

documents, link thickness indicates bibliographic-coupling strength, colors identify the clusters generated by 

VOSviewer, and shorter distances represent greater bibliographic relatedness) (the authors’ own elaboration 

using data from Scopus and VOSviewer) 
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thematic proximity and should not be interpreted as evidence of complete theoretical agreement within each 

stream. 

For each cluster, representative authors were selected from among the most highly cited studies, together 

with their analytical purposes, main findings, and research orientations. This procedure follows established 

approaches in scientific mapping and co-occurrence analysis to identify research streams and formulate 

prospective research agendas (Boyack et al., 2005; Cobo et al., 2011). On this basis, guiding questions and 

thematic proposals were formulated to synthesize the consolidated foundations of the field and to make 

visible its theoretical tensions, empirical gaps, and emerging lines of inquiry. Table 6 summarizes the 

individual clusters, whereas the following discussion examines their relationships and theoretical 

implications. 

The eight clusters are discussed through five connected analytical groupings: clusters 1, 2, and 4; cluster 

6 and cluster 8; cluster 5 and cluster 7; and cluster 3. This organization includes all eight clusters and avoids 

repeating the descriptive information already presented in Table 6. 

The first grouping centers on cluster 1 (algorithmic and digital literacy) and considers its conceptual links 

with critical-thinking concepts. Studies within this stream seek to redefine literacy not merely as the ability to 

code, but as the competence to navigate and understand algorithmic curation in everyday life (Long et al., 

2021). Research such as Swart (2021) demonstrates that young users develop “intuitive tactics” for interacting 

with algorithms, although they often lack the technical vocabulary to articulate these processes. The proximity 

of algorithmic literacy to critical-thinking concepts in the co-occurrence network links these everyday tactics 

to the transition from operational skills to critical engagement with algorithmic systems. From this 

perspective, AI literacy is understood as a situated, social practice essential for critical digital citizenship. 

The second grouping connects cluster 2 (ethics and adoption in higher education) with cluster 4 (critical 

thinking and the humanities). The literature highlights that integrating AI into classrooms is not primarily a 

technical challenge, but a pedagogical and ethical one. Walter (2024) argues that prompt engineering must 

be taught alongside critical thinking to avoid cognitive dependency. Ng et al. (2023) identify competency gaps 

among educators and emphasize the need for renewed frameworks that incorporate ethical and critical use 

of AI. Similarly, Schleiss et al. (2023) highlight the importance of adapting AI literacy instruction to different 

disciplines. Together, these studies show that teacher competence, ethical reasoning, and critical thinking are 

interdependent components of responsible educational adoption. 

The third grouping integrates cluster 6 (language models and educational technology) and cluster 8 (GenAI 

and academic writing). Studies by Chan and Hu (2023) and Rasul et al. (2023) examine students’ perceptions 

of tools such as ChatGPT. Their findings reveal a tension between the personalization and efficiency provided 

by GenAI and concerns regarding privacy, accuracy, academic integrity, and human agency. The relationship 

between these clusters indicates that the educational use of GenAI cannot be separated from the redesign of 

assessment and the protection of autonomous learning and writing. 

The fourth grouping connects cluster 5 (psychological factors and acceptance) with cluster 7 (competency 

assessment and metrics). Wang et al. (2023) developed a validated scale covering awareness, use, evaluation, 

and ethics. This empirical contribution complements the conceptual dimensions proposed by Ng et al. (2021b) 

and links the definition of AI literacy with its measurement. This line of research also shows how self-efficacy, 

anxiety, and trust may influence attitudes toward intelligent systems. AI literacy should therefore be 

understood as a spectrum of competencies rather than as a binary condition. 

The fifth grouping corresponds to cluster 3 (K-12 education and computational thinking). Kandlhofer et al. 

(2016) demonstrate that abstract AI concepts can be introduced through playful and modular approaches. 

This stream emphasizes incorporating AI literacy into school curricula to democratize access to technological 

knowledge and encourage early STEM aspirations. It also seeks to prevent AI understanding from becoming 

the privilege of experts alone (Lee et al., 2021). Its relationship with the higher-education clusters suggests a 

need for curricular continuity from early computational understanding to critical and ethical AI use. 

These relationships help explain the conceptual fragmentation of the field. AI literacy has developed 

across education, computer science, psychology, communication, and the humanities, each using different 

populations, instruments, and theoretical assumptions. Some approaches emphasize operational 

competence, whereas others prioritize ethics, citizenship, or sociotechnical critique. Therefore, the 
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fragmentation reflects disciplinary silos, the absence of a dominant theoretical anchor, and unresolved 

epistemological tensions rather than simple terminological variation. 

Overall, the identified streams reveal the field’s progressive evolution, moving from an initial phase 

focused on technical definitions and computational thinking to a current stage increasingly shaped by ethical, 

Table 6. Cluster analysis, content analysis, and future research questions 

Cluster 
Representative 

author (top 20) 
Purpose Key findings 

Future research 

questions 

1. Algorithmic 

and digital 

literacy 

Swart (2021) 

To explore how young 

people understand, feel 

about, and engage with 

algorithmic news curation 

on social media from a 

user-centered perspective. 

Algorithmic literacy is situational 

and context-dependent; users 

develop intuitive “tactics” to 

navigate algorithms but lack the 

technical vocabulary to articulate 

how they function. 

How do users’ intuitive 

tactics evolve in 

response to increasingly 

opaque and rapidly 

changing algorithms? 

2. Ethics and 

adoption in 

higher 

education 

Ng et al. (2023) 

To explore the 

opportunities and 

challenges of AI systems in 

teaching and to propose a 

digital competence 

framework for teachers 

adapted to the AI era. 

Teachers lack both technical and 

pedagogical competencies to 

integrate AI; existing digital 

frameworks (e.g., DigCompEdu) 

require updating to include 

ethical and critical AI use. 

Which teacher 

professional 

development strategies 

are most effective in 

reducing AI competency 

gaps in the short term? 

3. K-12 

education and 

computational 

thinking 

Kandlhofer et 

al. (2016) 

To develop and evaluate 

an educational concept to 

foster AI and computer 

science literacy from 

kindergarten (K-12) to 

university level. 

Core AI concepts (search, graphs, 

classification) can be effectively 

taught from an early age when 

pedagogically adapted through 

playful and modular approaches. 

How does early 

exposure to AI concepts 

influence long-term 

STEM career choices 

among school students? 

4. Critical 

thinking and the 

humanities 

Walter (2024) 

To examine the 

transformative impact of 

AI in the classroom, 

emphasizing the need for 

AI literacy, prompt 

engineering, and critical 

thinking. 

AI integration requires a 

paradigm shift toward 

personalized learning; critical 

thinking is essential to evaluate 

AI hallucinations and avoid 

cognitive dependency. 

How can prompt 

engineering be 

integrated into 

humanities curricula to 

foster logical and critical 

argumentation? 

5. Psychological 

factors and 

acceptance 

Wang et al. 

(2023) 

To develop and validate a 

quantitative scale to 

measure user competence 

in the use of AI literacy. 

A four-construct AI literacy model 

(awareness, use, evaluation, 

ethics) was validated; perceived 

competence correlates positively 

with attitudes toward robots and 

daily AI use. 

How do AI literacy levels 

measured by this scale 

vary across different 

demographic and 

cultural groups? 

6. Language 

models and 

educational 

technology 

Rasul et al. 

(2023) 

To examine the benefits 

and challenges of using 

ChatGPT in higher 

education under 

constructivist learning 

theory. 

ChatGPT supports adaptive 

learning and personalized 

feedback but poses significant 

risks to academic integrity and 

traditional assessment practices. 

How should university 

assessments be 

redesigned to measure 

higher-order 

competencies in AI-

saturated learning 

environments? 

7. Competency 

assessment and 

metrics 

Ng et al. 

(2021b) 

To conceptualize “AI 

literacy” and propose a 

consolidated theoretical 

framework for its 

definition, teaching, and 

evaluation. 

Four key dimensions are defined: 

know/understand, use/apply, 

evaluate/create, and ethics; a 

theoretical foundation is 

established for standardized 

assessment tools. 

What evaluation criteria 

are needed to 

objectively measure the 

ethical and creative 

dimensions of AI 

literacy? 

8. GenAI and 

academic 

writing 

Chan and Hu 

(2023) 

To investigate university 

students’ perceptions, 

familiarity, and willingness 

to interact with generative 

AI technologies such as 

ChatGPT. 

Students show a positive and 

pragmatic attitude toward GenAI 

as a learning assistant, while 

expressing concerns about 

accuracy, privacy, and 

technological dependency. 

How does prolonged use 

of generative AI 

assistants affect the 

development of 

students’ cognitive and 

autonomous writing 

skills? 

Note. Representative authors were selected from the most influential documents in each cluster, based on citation impact and thematic 

centrality and when an author has multiple publications in the same year, they are listed alphabetically in accordance with APA guidelines 
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critical, and social concerns associated with GenAI. This evolution represents an increasing integration of 

technical, pedagogical, psychological, and ethical perspectives rather than the replacement of one approach 

by another. The findings indicate that AI literacy has expanded beyond a purely technological domain and is 

now understood as a transversal competence necessary for interpreting interactions between individuals and 

intelligent systems. 

Unlike previous reviews focused primarily on definitions, competencies, teaching, and assessment 

(Almatrafi et al., 2024; Zhang et al., 2025), this study integrates temporal evolution with thematic, 

collaborative, geographical, and institutional structures. Its contribution therefore extends beyond updating 

publication trends by explaining how different research streams interact in the consolidation of AI literacy. 

From an educational perspective, these findings suggest that AI literacy should shift from isolated 

technological training initiatives to a transversal curricular component integrated across higher education 

programs. Universities may need to strengthen competencies related to critical evaluation of algorithmic 

systems, ethical reasoning, prompt design, and responsible interaction with GenAI tools. Likewise, teacher 

training programs should incorporate pedagogical strategies that enable educators to critically mediate the 

use of AI rather than simply adopting technological tools at an operational level. 

The practical implications also extend to public institutions, professional organizations, libraries, and 

workplaces. These organizations may develop guidelines and training programs on algorithmic transparency, 

privacy, misinformation, bias, and responsible decision-making. Educational policy should similarly establish 

progressive competency standards while allowing their adaptation to different professional and sociocultural 

contexts. 

The concentration of publications and citations in Hong Kong, the United States, and China suggests that 

a limited number of institutional environments influence the field’s research agendas. Consequently, 

educational frameworks developed in highly digitized settings should be validated before being transferred 

to contexts with different infrastructures, languages, or social inequalities. Expanding regional research 

networks would help incorporate perspectives currently underrepresented in the indexed literature. 

These findings must be interpreted in light of the limitations of bibliometric analysis. Citation counts may 

favor older, highly visible publications, whereas keyword co-occurrence identifies thematic relationships but 

does not demonstrate theoretical agreement. In addition, Scopus coverage may reduce the visibility of non-

English and regionally indexed research, particularly from the Global South (Mongeon & Paul-Hus, 2016). The 

identified clusters and geographical patterns therefore represent the structure of the analyzed corpus rather 

than a complete measurement of worldwide AI literacy research. 

Based on the cluster analysis and the information synthesized in Table 6, several priority research lines 

are identified to expand the understanding of AI literacy beyond its technical dimension. Following Donthu et 

al. (2021), these directions are linked directly to the gaps identified in the corresponding clusters. 

First, the evidence highlights the need to advance toward greater theoretical unification of the field. 

Although operational definitions of AI literacy exist (Ng et al., 2021a, 2021b), research remains fragmented. In 

relation to cluster 1 and cluster 7, future studies should test whether common conceptual dimensions and 

assessment criteria operate consistently across educational and cultural contexts. Such models should 

articulate technical knowledge, cognitive skills, and civic autonomy in the face of algorithmic systems (Swart, 

2021). 

Second, the rapid expansion of GenAI introduces new challenges for academic integrity. Based on cluster 

6 and cluster 8, comparative studies should examine how unaided, disclosed AI-supported, and intensive AI-

assisted writing affect creativity, argumentation, source verification, and autonomous learning. These findings 

could support pedagogical uses of AI without compromising students’ intellectual agency (Chan & Hu, 2023; 

Rasul et al., 2023). 

Cluster 5 and cluster 7 reveal a specific need for longitudinal and cross-cultural research on the 

psychological effects of AI use. Future studies should determine whether measured AI literacy predicts 

technological anxiety, calibrated trust, emotional well-being, and demonstrated performance across different 

demographic groups (Wang et al., 2023). 
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Cluster 2 and cluster 3 highlight the relationship between teacher preparation and curricular equity. 

Future studies should compare professional-development strategies and determine whether early AI 

education improves students’ recognition of algorithmic bias, privacy risks, and automated decision-making. 

These questions are particularly relevant in vulnerable communities with unequal access to technological 

education (Kandlhofer et al., 2016; Ng et al., 2023; Su et al., 2023). 

Finally, the literature underscores the importance of promoting critical AI literacy. Instrumental mastery 

of technology does not guarantee an understanding of its ethical and social implications (Walter, 2024). 

Research related to cluster 1 and cluster 4 should evaluate specific strategies such as comparing human and 

AI-generated outputs, identifying algorithmic bias, and verifying automated information. These outcomes 

would provide observable evidence of critical AI literacy beyond self-reported confidence. 

Taken together, these research directions point toward moving beyond a narrow conception of AI literacy 

centered on technical training and toward understanding AI literacy as a socially situated phenomenon with 

profound normative, epistemic, and cultural implications. From this perspective, AI literacy emerges as a 

fundamental civic competence for interpreting, questioning, and negotiating the role of algorithmic systems 

in everyday life, reinforcing the need for interdisciplinary approaches rooted in the social sciences and 

humanities. 

CONCLUSIONS 

The objective of this study was to analyze, from a bibliometric perspective, the intellectual evolution and 

conceptual architecture of research on AI literacy using Scopus-indexed literature. The results indicate that AI 

literacy has gained increasing prominence in global academic debates over the past decade. Initially 

associated mainly with technical and computational perspectives, AI literacy has evolved into a broader 

interdisciplinary field encompassing ethical, pedagogical, and social dimensions. In this regard, themes such 

as critical thinking, algorithmic ethics, and interaction with GenAI systems emerge as recurring elements in 

discussions concerning the relationship between individuals and automated environments. 

From an academic standpoint, this study contributes to the organization and synthesis of a body of 

literature developed within the context of rapid technological transformation. Scientific mapping enabled the 

identification of collaboration patterns and thematic concentrations that reflect the field’s evolution from an 

initially fragmented stage toward a progressively more articulated configuration, characterized by 

international research networks and increasing interaction among fields such as education, psychology, and 

the social sciences, with a particularly strong presence in Asia and North America. 

The cluster analysis identified eight major thematic streams, ranging from computational thinking in 

school education to debates surrounding GenAI and large language models. Taken together, these results 

suggest a gradual shift from approaches focused on the instrumental use of technology toward more critical 

and integrative perspectives that consider factors such as psychological acceptance of AI, academic integrity, 

and the analysis of algorithmic bias. This shift highlights an expanded understanding of AI literacy, which is 

no longer confined to developing operational skills but increasingly encompasses the ability to comprehend, 

interpret, and critically question the functioning and implications of intelligent systems. 

Nevertheless, the study presents certain limitations inherent in its methodological design. The exclusive 

use of the Scopus database, while ensuring high standards of source quality, may exclude relevant literature 

published in other languages or in regional repositories. In addition, the dynamic nature of the field implies 

that citation patterns reflect accumulated scientific impact but may not fully capture the most recent debates 

disseminated through conferences or other rapidly evolving publication formats. 

Overall, the findings indicate that AI literacy has evolved into a rapidly expanding interdisciplinary field 

that increasingly connects education, ethics, digital culture, and social transformation. The study 

demonstrates that contemporary debates on AI literacy extend beyond technical competencies and are 

progressively oriented toward the development of critical and reflective capacities required to navigate 

algorithmically mediated societies. In this regard, the present research contributes by offering an integrated 

longitudinal perspective that organizes the field’s conceptual evolution and identifies emerging educational 

challenges associated with GenAI. 
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