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ABSTRACT

This study conducted a comparative bibliometric analysis of artificial intelligence
(AI) research in higher education using 923 KCI-indexed and 1,037 CSSCI-indexed
articles published from 2016 to 2025. Each corpus was analyzed separately using
CiteSpace to examine keyword co-occurrence, betweenness centrality, LLR clusters,
and timelines. Generative Al research increased sharply in both corpora after 2023,
but thematic development differed. In the KCI corpus, teaching and learning, pre-
service teacher education, and writing education became relatively prominent
around generative Al within a short period. In the CSSCI corpus, talent cultivation,
smart education, and digital transformation remained relatively prominent within
a longer research trajectory. Al literacy was linked to learner development and
teaching practice in the KCI corpus, and to information literacy, institutional
services, and academic integrity in the CSSCI corpus. The findings reveal different
thematic structures across the two corpora and suggest examining Al literacy in
relation to both individual competence and educational and institutional support.

Keywords Generative Artificial Intelligence, Higher Education, Bibliometric Analysis,
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1. Introduction

Generative artificial intelligence (generative Al)
has become increasingly embedded in academic
work in higher education. Since the public release
of ChatGPT, students and teachers have encountered
AI not only through institutional learning systems
or specialized educational technologies, but also
through general academic tools used for writing,
feedback, information search, teaching preparation,
research support, and assessment design. Earlier
applications of AI in higher education were largely
associated with system-level support for teaching,
learning, prediction, assessment, and learning
management. By contrast, generative Al has
brought more immediate attention to academic
practice, including information verification,
authorship, academic integrity, responsible use,
and institutional guidance [1-4]. As a result, the
central issue is no longer limited to whether Al can
be adopted in higher education. A more pressing
question concerns how students, teachers, and
institutions understand, evaluate, govern, and use
Al responsibly in academic contexts. Responsible Al
use also requires Al literacy and related capacities,
including the ability to evaluate outputs, verify
information, recognize limitations and bias, and
make ethical judgments in specific academic tasks
(5, 6].

The development of higher education AI research
has been shaped by successive technological and
educational changes. During the late 2010s, Al
and broader digital competence became more
visible in higher education research, alongside
growing interest in Al-based learning, assessment,
prediction, and institutional innovation. The
COVID-19 pandemic subsequently accelerated
universities” engagement with digital infrastructure,
online teaching, remote learning, and technology-
mediated assessment [7, 8]. Since late 2022, the
diffusion of generative AI has further intensified
debates on authorship, academic integrity,
information verification, and responsible AT use.
The period from 2016 to 2025 therefore provides a
useful window for examining how higher education
Al research responded to changes in technology,
educational practice, and institutional priorities.

National policy priorities, higher education
systems, institutional practices, and scholarly

traditions shape the conditions under which AI is
discussed in education. Korea and China provide
an informative comparative context because both
countries have promoted Al, digital education, and
educational innovation, while doing so through
different policy and academic environments.
In Korea, national initiatives have incorporated
universities and graduate education into strategies
for digital and artificial intelligence talent
development by supporting interdisciplinary digital
convergence programs and shared curricula across
university consortia [9, 10]. Alongside these policy
initiatives, domestic studies have examined Al-based
course recommendation and adaptive learning, Al
education in liberal arts, Al literacy education for
pre-service teachers, and undergraduate Al literacy
[11-15]. In China, policy and scholarly discussions
have positioned AI within broader agendas of
national innovation, higher education development,
education digitalization, and institutional reform
[16-18]. These contexts should not be treated as
direct explanations for the bibliometric results.
Rather, they provide the rationale for examining
whether Korean and Chinese higher education Al
research has developed similar or different thematic
structures.

A comparative account of these two research
traditions requires attention to the scholarly corpora
through which national academic communities
develop and circulate their work. Existing review
and bibliometric studies of AI in higher education
and generative Al in education have relied largely
on Web of Science Core Collection, Scopus, or
similar international citation databases [19, 20].
International citation databases are important for
identifying globally visible trends, but they capture
only part of the scholarship through which national
research communities respond to Al-related
educational change. The present study therefore
examines two nationally indexed scholarly corpora:
journal articles indexed in the Korea Citation
Index (KCI), and journal articles indexed in the
Chinese Social Sciences Citation Index (CSSCI).
The purpose is not to treat the two corpora as fully
equivalent, given their differences in language,
indexing practices, database coverage, and keyword
conventions. Rather, the study places two bodies
of domestic journal literature within a parallel
comparative frame.
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Building on this rationale, the study conducts
a comparative bibliometric analysis of higher
education AI research in Korea and China from 2016
to 2025, covering 923 KCI-indexed Korean journal
articles and 1,037 CSSCI-indexed Chinese journal
articles. Each corpus is analyzed separately using
CiteSpace, and the results are compared in terms
of publication trends, keyword networks, thematic
clusters, timeline evolution, and emerging topics
after 2023. The analysis examines not only whether
Al-related higher education research increased in
each context, but also how its thematic composition
changed and whether the two literatures developed
along similar or different trajectories. The study is
guided by the following research questions:

RQ1. How did higher education AI research in
Korea and China develop from 2016 to 2025?

RQ2. What thematic structures and keyword
clusters characterize Korean and Chinese higher
education Al research?

RQ3. What topics emerged in Korean and Chinese
higher education AI research after 2023?

2. Literature Review

2.1 AT and Generative Al in Higher Education

Before generative Al became widely available as
an academic tool, AI research in higher education
was largely organized around application-oriented
and system-level concerns. Earlier studies identified
major areas such as profiling and prediction,
assessment and evaluation, adaptive systems,
personalization, intelligent tutoring, Al assistance,
and student learning management [1, 2]. Those
studies provide a baseline for the present research
by clarifying the dominant concerns of higher
education AT research before the widespread
diffusion of generative Al

The emergence of generative Al has expanded
the scope of higher education AI research.
Earlier AI applications were often embedded in
institutional systems or specialized educational
technologies. Generative AI, however, can be
used directly by students and teachers for writing,
feedback, information search, research support,
teaching preparation, and assessment-related
tasks. Recent literature emphasizes that generative
AT in education raises questions not only about

technological adoption, but also about curriculum
design, teaching and learning practice, assessment,
academic integrity, institutional guidelines, and
policy responses [3, 4]. Higher education Al
research has consequently moved beyond system-
level support toward academic practice, knowledge
production, responsible use, and educational
governance.

Policy and educational contexts further shape the
development of higher education AI research. Korea
and China have both engaged with digital education
and technology-related higher education reform, but
their efforts have been organized through different
policy priorities and institutional arrangements.
Earlier comparative work on ICT policies in Chinese
and Korean higher education suggests that the
two systems provide a useful basis for examining
how technology-related educational reforms are
shaped by different policy environments [21]. In
Korea, higher education has been incorporated
into broader national strategies for digital and
artificial intelligence talent development. The 2022
Comprehensive Plan for Digital Talent Development
included university and graduate-level pathways as
well as digital convergence education for students
from diverse disciplinary backgrounds [9]. At
the university level, the Digital New Technology
Talent Development Innovation Sharing University
initiative supported university consortia in eight
advanced fields, including artificial intelligence, to
jointly develop and share curricula [10]. In China,
policy documents such as the New Generation
Artificial Intelligence Development Plan and the
Artificial Intelligence Innovation Action Plan for
Institutions of Higher Education link AT more
directly to national innovation strategy, higher
education reform, talent cultivation, education
digitalization, and institutional transformation [16,
17]. These contexts support the need to examine
Korean and Chinese higher education AI research
as contextually situated bodies of scholarship rather
than as directly comparable publication counts.

Across higher education systems, similar
technological developments may be organized
through different scholarly problem structures.
Current higher education AI research covers
teaching and learning, academic practice, digital
transformation, assessment, responsible use,
institutional response, and emerging forms of
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Al-related literacy. The present study therefore
examines how these concerns are organized within
Korean and Chinese journal literatures, rather
than assuming in advance which themes should be
central in each country.

2.2 Bibliometric Mapping of National Journal
Corpora

Bibliometric mapping is appropriate for
examining fast-developing research fields because it
can identify publication trends, keyword structures,
co-occurrence networks, thematic clusters, and
emerging topics across a large body of literature.
Donthu et al. noted that bibliometric analysis helps
researchers map the intellectual structure and
evolutionary patterns of a field [22]. CiteSpace was
designed to detect and visualize emerging trends
and transient patterns in scientific literature [23].
In fields such as Al and generative Al in education,
bibliometric methods can describe publication
growth and show how research topics are
connected, reorganized, and transformed over time.

Previous bibliometric and review studies have
begun to map AI and generative Al in education.
Liu et al. used CiteSpace and VOSviewer to analyze
Web of Science records. They reported rapid growth
in research on generative Al in education, identified
major journals, collaboration patterns, and research
topics, and noted concerns about academic integrity
and educational inequality [19]. Dai et al. reviewed
2,762 Web of Science articles published between
2022 and 2025. They reported rapid growth in
the field, led by the United States, China, and the
United Kingdom, alongside increasing participation
from scholars and institutions outside the West.
Their analysis also identified the major topics
and research power dynamics shaping the field
[20]. In Korea, Han and Kim identified four major
themes: Al literacy and curriculum development in
schools, language education supported by chatbots,
convergence talent programs using Al and big data,
and human-AI collaboration [24]. Kim and Sohn
found that studies of generative Al focused mainly
on writing, language education, and programming.
Learner experience and teaching methods were the
most common themes, qualitative studies were more
frequent than quantitative studies, and the studies
reported more positive than negative attitudes
toward generative Al [25].

These studies differ in emphasis. Research based
on global databases mainly describes the growth
of the field, its leading contributors, collaboration
patterns, and overall research structure, whereas
Korean studies examine domestic themes and
specific educational applications in greater detail.
Existing studies, however, have generally focused
on Korean domestic literature, Al education as a
broader field, or the post-ChatGPT phase alone.
Parallel and longitudinal comparison of Korean
and Chinese higher education Al research based
on nationally indexed journal corpora remains
limited. Recent bibliometric work on China’s
higher education digital transformation further
demonstrates the value of tracing long-term
thematic change in domestic corpora, especially in
non-English-speaking contexts [26]. Taken together,
prior studies point to the need for a research design
that is sensitive to database coverage, language,
indexing practices, and national scholarly context.

Korean and Chinese higher education Al research
circulates partly through different scholarly
infrastructures. The Korean corpus examined in
this study consists of KCI-indexed journal literature,
while the Chinese corpus consists of CSSCI-indexed
journal literature. Given these differences, the
present study treats the two corpora as distinct
bodies of domestic literature rather than as a single
comparable dataset. This framing avoids treating
publication counts as direct indicators of national
research productivity and keeps the focus on how
Al-related themes are organized within each corpus.

By connecting bibliometric mapping with a
comparative understanding of Korean and Chinese
research contexts, the study offers a context-
sensitive account of how AI, generative AI, and
related educational concerns have developed and
been organized within the two scholarly corpora.

3. Research Method

3.1 Research Design

This study employed a comparative bibliometric
design to examine higher education AI research in
Korea and China from 2016 to 2025, an approach
suited to mapping the structure and development
of fast-growing research fields [22]. CiteSpace
was selected as the main analytical tool because
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it supports science mapping, cluster detection,
timeline visualization, centrality analysis, and burst
detection in scientific literature [23, 28].

The study compared two nationally indexed
journal corpora rather than merging them into a
single multilingual network. The Korean corpus
consisted of journal articles indexed in the Korea
Citation Index (KCI), and the Chinese corpus
consisted of journal articles indexed in the Chinese
Social Sciences Citation Index (CSSCI). Separate
analysis was necessary because the two corpora
differ in language, indexing practices, database
coverage, and keyword convention. The comparison
therefore focused on thematic structure, temporal
pattern, and research orientation, rather than on
direct node equivalence between the English (KCI)
and Chinese (CSSCI) keyword terms used in the
analysis.

3.2 Data Collection and Screening

The search strategy was designed to identify
journal articles in which AI or generative Al
was a substantive object of study within higher
education. The main search combined higher
education terms with general AI terms, while the
supplementary search combined higher education
terms with generative AI terms for the 2023-2025
period. Search terms were adapted to the metadata
structure and language conventions of each corpus.
Korean-language queries were used for KCI and
Chinese-language queries were used for CSSCI, with
commonly used English abbreviations and names
retained where applicable. English translations of
the search terms are presented in Table 1.

Table 1. Search Strategy and Data Source Criteria

KCI Corpus CSSCI Corpus

Korea Citation Index | Chinese Social Sciences

Category

Index scope

(KCD Citation Index (CSSCI)
. KClI-indexed journal | CSSCI-indexed journal
Retrieval source
records records

Search field Title, abstract, and keywords
(higher education (higher education
. OR university OR OR higher education
Main search - e
college OR university institution OR
concept

student) AND
artificial intelligence

university) AND
artificial intelligence

Category KCI Corpus CSSCI Corpus

(generative OR
ChatGPT OR LLM
OR large language

(higher education
OR higher education
institution OR

Supplementary model) AND university) AND
search concept (university student 1y A
. . (generative artificial
OR higher education ‘ntellizence OR
OR pre-service ChitGPT)
teacher)

Main search: 2016.01-2025.12

Publication period Supplementary search: 2023.01-2025.12

Last search and

update June 2026

Document type Journal article

Academic domain Higher education

Korean, with English

Language of search | abbreviations and
terms names retained

where applicable

Chinese, with English
names retained where
applicable

Final analytic
corpus

923 articles 1,037 articles

Note. Search terms are presented in English translation: the original-
language queries are reported in the text. The main search was
updated for publications from 2024 and 2025 using the same search
logic, and the supplementary search for generative Al literature was
conducted separately for the 2023 —2025 period.

The searches were executed in the original
languages of each corpus. The KCI main query was
‘(1525 OR thsk OR thshal OR thsh4d) AND Q154
5,7 and the supplementary query was “("§44% OR
ChatGPT OR #GPT OR LLM OR ‘Hi#2 lojzgl)
AND (tHeH OR 5% OR 9H|RA}F).” The CSSCI
“(B%#AE OR ik OR K%) AND
ANT88E,” and the supplementary query was “(&
%HHE OR @M OR K%¥) AND (A NTHEEE OR
ChatGPT).”

Retrieval, duplicate removal, and screening

main query was

were reported through a flow diagram informed by
PRISMA 2020 reporting principles [27]. Records were
included when AI or generative Al was examined
within a higher education context, including
university students, faculty, teacher education in
higher education contexts, curriculum, assessment,
university services, and governance. Records were
excluded when they focused only on K-12 or early
childhood education without university relevance,
treated Al only as a peripheral background term,
consisted of non-research material, or were records
incorrectly matched to higher education. After
duplicate removal and eligibility screening, the
final analytic corpora were fixed at 923 KCI-indexed
articles and 1,037 CSSCI-indexed articles (Figure 1).
Each included record was also classified according
to whether it was retrieved by the main search, the
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supplementary search, or both. In the KCI corpus,
332 of the 806 records published during 2023-2025
were retrieved only through the supplementary
search. These comprised 33 records in 2023, 146 in
2024, and 153 in 2025. In the CSSCI corpus, 69 of the
719 records published during the same period were
retrieved only through the supplementary search.
These comprised 20 records in 2023, 19 in 2024, and
30 in 2025.

Panel A. KCI Corpus Panel B. CSSCI Corpus

Main search Supplementary search Main search
Higher education + Al Generative Al + higher ed.

2016-2025 (n = 940) 2023-2025 (n = 730)

\—J—I

Records identified

Supplementary search
Higher education + Al Generative Al + higher ed.
2016-2025 (n = 1,237) 2023-2025 (n = 326)

\—J—I

Records identified

n=1,670 n=1,563

Duplicates removed
n =466

]

Records after deduplication
n=1,204

]

‘ ‘ Duplicates removed
‘ Records excluded after screening ‘

n =260

]

Records after deduplication
n=1,303

]

‘ Records excluded after screening ‘

n= 28 n= 256

Final records included
n =923

Final records included
n=1,037

Figure 1. Flow Diagram of Data Collection and Screening for the KCI
and CSSCI Corpora

3.3 Keyword Field Selection and Preprocessing

Metadata conventions differed between the two
corpora, so keyword coverage was examined before
analysis. The same selection principle was applied
to both corpora: the keyword field with the highest
coverage and the most consistent structure was
selected for analysis. In the KCI corpus, English
author keywords were available for 915 of 923
records (99.1%), whereas Korean keywords covered
788 records (85.4%). In the CSSCI corpus, Chinese
author keywords were available for 1,007 of 1,037
records (97.1%), whereas usable English keywords
were available for 406 records (39.2%). On this basis,
the KCI corpus was analyzed using English author
keywords, and the CSSCI corpus was analyzed using
Chinese author keywords (Table 2).

English author keywords were selected for the
KCI corpus because of their higher coverage (99.1%
vs. 85.4% for Korean keywords), whereas Chinese
author keywords were the only viable field for the
CSSCI corpus, given the limited coverage of usable
English keywords (39.2%). This data-driven choice
means the two networks were built in different
languages; the analysis therefore compared their
thematic structure, temporal patterns, and research

orientation rather than seeking direct equivalence
between individual English and Chinese terms.
English translations of Chinese keywords were
used only for reporting and interpretation, not as
analytical inputs.

Keyword normalization was conducted separately
within each corpus. Spelling and capitalization
variants, abbreviations and full forms, singular and
plural forms, and clearly synonymous expressions
were standardized. For example, generative artificial
intelligence and generative Al, pre-service teacher
and pre-service teachers, and large language model
and large language models were merged within the
KCI keyword field. Broad boundary terms, including
artificial intelligence, AI, higher education,
university, and their Chinese equivalents, were
excluded only when they functioned as general
retrieval terms rather than specific research
themes. This procedure affected only the keyword
field; no bibliographic records were deleted. After
preprocessing, the KCI corpus retained 2,434 unique
analytical keywords, and the CSSCI corpus retained
2,184 unique analytical keywords (Table 2).

Table 2. Keyword Field Coverage and Preprocessing Summary

Corpus KCI CSSCI
Selected keyword English author Chinese author
field keywords keywords
Coverage of selected 915 /923
field (99.1%) 1,007 / 1,037 (97.1%)

Korean keywords: Usable English

it | SRR | e
(85.4%) (39.29%)

Unique analytical
keywords after 2,434 2,184
preprocessing

Note. Keyword preprocessing was applied only to keyword fields.
Variants and clearly synonymous expressions were standardized, and
broad boundary terms were excluded only when they functioned as
general retrieval terms; no bibliographic records were deleted.

3.4 Bibliometric Analysis and Comparative
Strategy

The study combined descriptive bibliometric
analysis with knowledge mapping in CiteSpace
6.4.R1 [23, 28]. Descriptive statistics were used
to calculate annual publication counts and the
distribution of records across the three analytical
phases. CiteSpace was used to generate keyword
co-occurrence networks, betweenness centrality
values, log-likelihood ratio (LLR) cluster labels,
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timeline views, and keyword burst results. In the
visualized networks, nodes represent keywords
and links represent co-occurrence relationships.
Node size indicates keyword frequency, and link
strength indicates the closeness of co-occurrence.
Betweenness centrality was used to identify
keywords that connect otherwise separate thematic
areas [29, 30]. Modularity Q and silhouette S values
were used to assess the overall structure and
internal consistency of the clusters [31, 32]. The
mean year of each cluster was used to locate its
position in the research timeline. Burst detection
was used to identify keywords that showed a marked
increase during a specific period [33].

The same CiteSpace settings were applied to the
KCI and CSSCI corpora. The analysis used one-
year time slices from 2016 to 2025, keyword nodes,
and the g-index selection criterion with k = 25. The
displayed CiteSpace parameters were LRF = 3.0, L/
N = 10, LBY = 5, and e = 1.0. Cluster labels were
generated using the LLR algorithm, and keyword
bursts were detected using the CiteSpace burst
detection function. No pruning algorithm was
applied to the displayed networks.

The burst results were treated as supplementary
evidence. Because the 2023-2025 period is
relatively short, burst detection may be sensitive to
parameter settings and may not fully capture newly
emerging generative AI terms. For this reason,
the interpretation of the 2023-2025 phase was
based primarily on publication growth, keyword
frequency, betweenness centrality, cluster structure,
and timeline evolution, with burst results used as
supporting evidence. To reduce possible frequency
bias introduced by the supplementary search, the
term “generative AI” was not interpreted on the
basis of frequency alone. Its role was examined
together with its centrality, cluster membership,
timeline position, and co-occurrence with related
terms such as writing education, large language
models, prompt engineering, Al literacy, and
academic integrity.

To examine whether the unequal distribution of
records between 2016-2022 and 2023-2025 affected
the keyword results, each corpus was divided into
two period-specific sub-corpora. Using the same
keyword normalization and exclusion criteria as the
main analysis, keyword frequency and betweenness-
centrality rankings were calculated and compared

within each period.

The comparative analysis proceeded in three
stages. First, annual publication trends were
examined to identify how research activity
developed across the three analytical phases: the
pre-pandemic Al phase, the pandemic-driven digital
transformation phase, and the generative AI phase.
Second, keyword co-occurrence networks, centrality
values, and LLR clusters were used to examine the
thematic structure of each corpus. Third, timeline
views and keyword burst results were used to
identify topics that became more visible after
2023. The final comparison focused on how the
two corpora organized Al-related higher education
research, rather than on direct comparison of
national publication volume.

4. Results

4.1 Publication Trends Across 2016-2025

The first research question examined how Al
research in higher education developed in Korea and
China from 2016 to 2025. Publication trends show a
common expansion after 2023, but the timing and
concentration of growth differed between the two
corpora (Fig. 2). In the KCI corpus, 19 records (2.1%)
appeared in the pre-pandemic AI phase, followed
by 98 records (10.6%) during the pandemic-driven
digital transformation phase. The largest share of
the corpus was concentrated in the generative Al
phase, with 806 of 923 records (87.3%) published
between 2023 and 2025. This concentration reflects
both publication growth and the design of the
supplementary search: 332 of these 806 records
were retrieved only by the supplementary search.
Among the 591 records in the full KCI corpus
retrievable through the main search, the share
published between 2023 and 2025 remained high at
80.2%. The CSSCI corpus followed a more gradual
pattern of accumulation, with 97 records (9.4%) in
the first phase, 221 records (21.3%) in the second
phase, and 719 records (69.3%) in the third phase.
Among these records, 69 were retrieved only by the
supplementary search. Of the 968 records retrievable
through the main search, 67.1% were published
between 2023 and 2025, a proportion close to that of
the full CSSCI corpus (Table 3).
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Table 3. Publication Distribution by Analytical Phase

Corpus Total Phase 1: Phase 2: Phase 3:
pu 20162019 2020 -2022 2023 -2025
KCI 923 19 2.1%) 98 (10.6%) 806 (87.3%)
CSSCI 1,037 97 (9.4%) 221 (21.3%) 719 (69.3%)

Note. Percentages are calculated within each corpus and should not be
interpreted as direct cross—national productivity comparisons.

500

Phase 2 Phase 3
(2023-2025)

Phase 1
(2016-2019)
—e— KCl (Korea, n = 923)
400{ —®— CSSCI (China, n = 1,037)

(2020-2022) 34

&
3

Number of articles
N
3
3

PR U

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
Publication year

3 5 a 7

Figure 2. Annual Publication Trends in the KCI and CSSCI Corpora
(2016 -2025)

The phase distributions indicate both a shared
post-2023 expansion and a difference in temporal
formation. In both corpora, the increase after 2023
suggests that generative AI became a major focus
of scholarly attention. The KCI corpus, however,
was more concentrated in the final phase, with
almost nine in ten records appearing after 2023. By
contrast, the CSSCI corpus had already accumulated
a larger body of Al research in higher education
before the generative AI phase. The comparison
therefore shows not only growth in publication
volume, but also different temporal patterns: an
expansion concentrated within a short period
after the release of ChatGPT in the KCI corpus and
a longer trajectory of accumulation followed by
further growth in the CSSCI corpus. This contrast
provides the basis for examining whether the two
corpora also differ in keyword structures, thematic
clusters, and emerging topics.

4.2 Keyword Structure and Thematic Clusters

The second research question examined the
thematic structures and keyword clusters of the
KCI and CSSCI corpora. Table 4 presents selected
keywords with high frequency or high betweenness
centrality in each corpus. These keywords are
interpreted together with the co-occurrence
networks and LLR clusters to identify the thematic
organization of each literature.

Table 4. Selected High—Frequency and High—Centrality Keywords by

Corpus
Corpus Keyword Freq. BC i
year
Generative Al 241 0.79 | 2023
Pre—service Teachers 75 0.20 2018
Al Education 55 0.25 | 2018
Al Literacy 35 0.07 2020
Liberal Arts Education 27 0.12 2016
Kl University Students 24 0.02 2023
Digital Literacy 19 0.05 2019
Writing Education 18 0.04 2016
Al Ethics 15 0.06 | 2020
Large Language Models 14 0.03 | 2023
Machine Learning 11 0.08 2018
University Education 10 0.10 2021
Talent Cultivation 69 0.40 2018
Al Literacy 43 0.14 2024
Smart Education 31 0.36 2019
Big Data 24 0.09 | 2018
ot s oo | s
University Faculty 17 0.09 2017
Gssal Information Literacy 12 0.07 2018
Industry—Education Integration | 12 0.03 2018
Digital Literacy 11 0.12 2017
Emerging Engineering 1 0.07 2018
Education

Di%ital—intelligence 10 0.06 2024

mpowerment
Discipline Construction 10 0.02 2018

Note. Freq. = frequency; BC = betweenness centrality. Broad boundary
terms were excluded only when they functioned as general retrieval
terms rather than specific research themes. Chinese keywords are
reported in English translation. Digital-intelligence empowerment (%
NKAE) refers to institutional empowerment through the combined use of
digital and intelligent technologies.

4.2.1 Keyword Structure of the KCI Corpus

In the KCI corpus, generative Al was the most
frequent keyword and also showed the highest
betweenness centrality, with 241 occurrences and a
centrality value of 0.79 (Table 4). This indicates that
generative Al functioned not only as a frequently
occurring term but also as a connecting node
across different parts of the keyword network.
Other keywords with notable centrality included AI
education (0.25), pre-service teachers (0.20), liberal
arts education (0.12), and university education (0.10).
The co-occurrence network (Fig. 3) places generative
AT at the center of a closely connected set of terms,
including AI education, pre-service teachers, Al
literacy, writing education, computational thinking,
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digital literacy, and large language models. Overall,
the KCI network is organized around generative
Al, teaching practice, teacher preparation, learner
capability, and literacy-related concerns.

suggest a temporal movement from earlier themes
related to teacher education, machine learning,
and curriculum development toward post-2023
concerns with generative Al, large language models,
critical thinking, AI image generation, and student

o perception.
o« "
° o o . — .
° Table 5. LLR Keyword Clusters in the KCI Corpus
="
. % LIV e = y : Cluster Size | S M:j: Representative LLR terms
‘ L—'ﬁ'.—.—y) ° convérgenceeducalion y . . . .
L nsiionce " s o A generative AL AT efiucgtlon,
G- [universiffstudents) #0 Generative |, 0872 | 2023 | . design education:
Sl = o T Al : instructional design; prompt
o . Y
.... . ing)| [t:efourth industrial ) engineering
o s ° critical thinking; digital
BN ) > - #1 Critical 31 10871 | 2004 literacy; nursing education;
o : Thinking ’ academic self-efficacy; self-
° , 2 - directed learning
- #2 Al Al convergence education;
< g g ek ot
o Convergence | 30 | 0.940 | 2021 Aj edtllcatlon, .Cur?culum
Education deve F’pmillt $ S0 ngire
education; Al curriculum
Figure 3. Keyword Co—occurrence Network of the KCI Corpus - N
pre—service teac ers;
#3 Pre—service convergence education;
. . Teachers 28 | 0.761 | 2022 generative Al chatbot;
The LLR cluster analysis further clarifies the generative AL; Al speaker
thematic organization of the KCI corpus. Table 5 #4 Fourth fourth industrial revolution;
reports 13 interpretable LLR clusters from the KCI Industrial | 24 | 0.954 | 2020 |  liberal arts education;

] ) Revolution university education; blended
keyword network, with cluster labels following learning; generative Al
the original CiteSpace numbering. The cluster writing education; Korean

. . . 1 ducation;
solution showed a modularity Q of 0.62 and a #5 Writing | oo | 0011 | 2022 e eandlation:
. TR Educati : T
mean silhouette S of 0.89, indicating a clear cluster Heaton academic writing: foreign
. . . undergraduate students
structure and a high level of internal consistency e o ki AT
. . . computational thinking;
(Fig. 4; Table 5). The largest cluster, #0 generative Computational | 22 | 0.869 | 2022 literacy; research trends;
Al, had a mean year of 2023 and included terms Thinking topic modeling; text mining
: : : machine learning;
such a§ gegeratlve .AI, Al equcatlon, design #7 Machine | o, | 0057 | 2010 explainable AT: college
education, instructional design, and prompt Learning : mathematics education; big
. . . . . data; random forest
engineering. This cluster confirms that generative
. - . Al ethics; Al ethics
AT occupied a central position in the recent KCI education; Al citizenship:
#8 Al Ethics | 11 | 0.956 | 2021 ducational needs:
keyword structure. educationa dnee $5
.. . convergent education
The remaining clusters can be grouped into & -
. . #9 Lar large language models;
several educational domains. Teacher-related ! arge 11 | 0043 | 20p3 | automation bias: techno-
. . anguage . PR .
themes appeared in #3 pre-service teachers and Models uopianism: pedagogy:
) ) ) ) college education
#10 teacher education, while curriculum-oriented her education:
. . #10 Teacher teac er‘e ucatlpn, computer
themes appeared in #2 Al convergence education ‘ 10 | 0.967 | 2018 | education; Al in education;
Education re—teacher; visual thinkin
and #4 fourth industrial revolution. Other clusters P ' g
flected - d1 d t (#5 it Al image generator: affective
retlected wriing and language education wriung #12 Al Image 6 10990 | 2004 domain; English writing; Al
education), concerns related to thinking and literacy Generator ' feedbacki college English
.. . . . . . earner
(#1 critical thinking and #6 computational thinking), —
) ] . student perception; self-
technical methods (#7 machine learning), and #14Student | o | ga0 | pop3 | directed learning: Al role:
ethical issues (#8 Al ethics). More recent clusters, Perception human=Al g PLS=

including #9 large language models, #12 Al image
generator, and #14 student perception, had mean
years in 2023 or 2024. Overall, the cluster results

Note. LLR = log-likelihood ratio: S = silhouette value. Cluster numbers
follow the original CiteSpace output and were not renumbered after
selecting interpretable clusters for reporting.
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Figure 4. LLR Keyword Cluster Map of the KCI Corpus

4.2.2 Keyword Structure of the CSSCI Corpus

In the CSSCI corpus, the keyword structure
was organized around a different set of anchors.
Talent cultivation showed the highest frequency
and betweenness centrality, with 69 occurrences
and a centrality value of 0.40 (Table 4). Smart
education also had a high centrality value (0.36),
followed by AI literacy (0.14), digital literacy (0.12),
big data (0.09), and university faculty (0.09). The
co-occurrence network (Fig. 5) therefore shows a
structure centered on talent cultivation and smart
education, with links to digital literacy, big data,
faculty development, information services, and
digital transformation. Compared with the KCI
corpus, the CSSCI keyword network appears less
concentrated around a single dominant node and
more oriented toward higher education reform,
institutional development, and capability formation.

. e ® o
cEe o, o &=

° e
o AT ;g.*; Hiuman Raciing Callaboration),
O o masn (TalengCultivation) < °
s &“J“ﬁ ~\ ([Exw) “4- Inl’onmuonLleﬁix)

(Discipline Construction) (% 3 2 &) ai & I(Al therwy)
: w=n #aEn 0 wge &
FAED  (Smg on) gD, N
g’ - -awsm ‘@ (ly')

Big Data
<> m . @, ° e
. . SER T EFER °
(InduslryEducmmn,I;l:tzim&ﬂngz A O(Dngnalln ligence (DigiTAT Literacy)
=)

(Emerging Empowerment) g
Engineering
Education)

Figure 5. Keyword Co—occurrence Network of the CSSCI Corpus

The LLR cluster results further specify this
structure. The CSSCI corpus formed 11 clusters,
with a modularity Q of 0.75 and a mean silhouette S
of 0.94, indicating a clear and internally consistent

cluster structure (Fig. 6; Table 6). The largest
cluster, #0 talent cultivation, had a mean year of
2020 and included terms related to talent cultivation,
industry-education integration, emerging
engineering education, discipline construction
(%R}, the strategic development of academic
disciplines), and academic program development
(L%, the development of undergraduate
majors). This cluster suggests that Al research in
higher education in the CSSCI corpus was closely
connected to talent development and structural
reform in higher education.

Other clusters reflected several related domains.
Faculty and knowledge production appeared in
#1 university faculty, while #2 smart education
included terms related to smart education,
adaptive learning, and digitalization. Cluster #3
AT literacy connected AI literacy, information
literacy, university libraries, and academic integrity.
Technology-enabled services and application-
oriented themes appeared in #4 smart services
and #5 application scenarios. Additional clusters
addressed interdisciplinarity (#6 interdisciplinarity),
big data and educational technology (#7 big data),
the Double First-Class initiative ({—#i, the national
initiative to build world-class universities and
disciplines) (#8 Double First-Class), human-centered
data governance (#9 human-centered governance),
and industry-university-research collaboration (F=%
WH) (#10 industry university research application).
The mean years show that earlier clusters were
associated with big data, the Double First-Class
initiative, and university-industry collaboration,
whereas more recent clusters were related to Al
literacy, application scenarios, and human-centered
governance.

Table 6. LLR Keyword Clusters in the CSSCI Corpus

Cluster Size | S I\;[::r[l Representative LLR terms
talent cultivation; industry—
education integration;
#0 Talelnt 34 10983 | 2020 emerging engineering
Cultivation education; discipline

construction; academic
program development

university faculty; knowledge

#1 University production; digital literacy;

27 10.846 | 2022

Faculty academic profession; human
machine symbiosis
smart education; adaptive
#25Smart | o9 G901 | 2021 | learning; digitalization:
Education

intelligentization; blockchain
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Mean
year

Cluster Size S Representative LLR terms

Al literacy; information
literacy: university libraries;
smart curriculum; academic

integrity

#3 Al Literacy | 23 | 0.944 | 2023

smart services; technology

907y | €mpowerment: knowledge

graph; value logic; moral
cultivation

#4 Smart

. 14 10916
Services

application scenarios;
digital-intelligence

#5 Application empowerment; value

14 10974 | 2024

Scenarios A S
implications; grounded
theory; practice pathways
interdisciplinarity; discipline
#6 Inter— 14 10939 | 2001 layout,' mte.rn'atl'on'al
disciplinarity comparison; discipline

crossing; new liberal arts

big data; information
technology: educational
technology; Internet
of Things; discipline
development

Double First—Class; higher

#7 Big Data 13 10.980 | 2019

#8 Double | o) 978 | 2018 | institutions: discipline
First—Class e o
services; reform; third space
9 e g
centered 5 10969 | 2024 8 > edueat
code; risk governance; right
Governance :
to education
#10 Industry- industry university research
University— 5 10993 | 2019 appllcatlog, sqpply cham.,
Research collaborative innovation;
Application service platform; supply side
Note. LLR = log-likelihood ratio; S = silhouette value. Cluster labels

and representative terms are English translations of the original Chinese
LLR outputs; policy—specific terms are defined at first mention in the
text. Cluster numbers follow the original CiteSpace output.
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Figure 6. LLR Keyword Cluster Map of the CSSCI Corpus

4.2.3 Comparative Patterns

The KCI and CSSCI corpora differed most
clearly in the types of keywords that organized
their thematic networks. In the KCI corpus, the

keyword structure was centered on generative Al
as a highly frequent and highly central node. Its
surrounding terms were closely related to teaching
practice, teacher preparation, writing education,
learner capability, and literacy development. This
pattern suggests that research in the KCI corpus
was organized mainly around the pedagogical use
of generative Al and its implications for students,
teachers, and classroom-based academic practices.
By contrast, the CSSCI corpus was organized
around broader institutional and developmental
anchors, especially talent cultivation and smart
education. These keywords connected Al research
to higher education reform, discipline construction,
faculty development, information services, digital
transformation, and governance.

The different positions of Al literacy further
illustrate this contrast. In the KCI corpus, Al literacy
appeared near teaching, pre-service teachers,
computational thinking, digital literacy, and learner
capability, indicating a stronger connection with
educational practice and learner development.
In the CSSCI corpus, Al literacy was linked more
closely to information literacy, university libraries,
academic integrity, and smart curriculum, placing
it within a broader institutional and information
service context.

In sum, the two keyword structures suggest that
the KCI corpus developed a configuration centered
on generative Al and oriented toward pedagogy,
whereas the CSSCI corpus showed a configuration
oriented toward institutional reform and embedded
in higher education structures. These configurations
describe relative emphases within the two corpora
rather than mutually exclusive orientations: both
corpora contain micro-pedagogical and macro-
institutional strands, and the contrast lies in
their relative weight and structural position.
The following section examines whether these
differences also appear in the temporal evolution of
themes after 2023.

4.3 Thematic Evolution After 2023

The third research question examined which
topics became prominent after 2023 and how they
were connected to earlier thematic trajectories.
The timeline views indicate that the KCI and CSSCI
corpora entered the generative AI period from
different prior structures (Figs. 7 and 8). In the KCI
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corpus, earlier themes were associated with teacher
education, machine learning, the fourth industrial
revolution, liberal arts education, software
education, and computational thinking. During the
2020-2022 period, AI convergence education, Al
ethics, pre-service teachers, and Al literacy became
more visible. The cluster and timeline results show
increasing visibility after 2023 for generative Al,
large language models, Al image generators, student
perception, writing education, machine translation,
and critical thinking. The KCI trajectory therefore
suggests a movement from broader Al education
and teacher education concerns toward generative
Al-related teaching, writing, learner experience, and
academic practice.

./ . o

#1 critical thinking
#2 ai convergence e ducation
#3 pre-service teachers

#4 4th industrial revolution

#5 writing education

# thinking

#7 machine learning

Figure 7. Timeline View of the KCI Corpus

The CSSCI corpus showed a longer developmental
path before the generative Al period. Earlier and
middle-period themes included big data, Double
First-Class, emerging engineering education,
industry-education integration, smart education,
talent cultivation, and university faculty. The cluster
and timeline results show increasing visibility after
2023 for AI literacy, application scenarios, digital-
intelligence empowerment, interdisciplinarity,
data governance, and human-centered governance.
Rather than forming a timeline centered on
one generative Al keyword, the CSSCI corpus
incorporated recent Al-related concerns into an
existing discussion of higher education reform,
smart education, talent development, discipline
construction, and institutional governance.

#0 A 35 3% (Talent Cultivation)

= >

#3 ai %I (Al Literacy)

#4 9 MBS (Smart Servi

#7 KU (Big Data)

(FEEY

Figure 8. Timeline View of the CSSCI Corpus

The keyword burst results were used as
supplementary evidence because the 2023-2025
period is short and burst detection can be
sensitive to parameter settings. In the KCI corpus,
earlier burst terms included future education,
computational thinking, the fourth industrial
revolution, software education, AI education,
subject education, Al ethics, machine learning, and
convergence education (Fig. 9). These terms indicate
that the pre-2023 burst structure was mainly
related to future-oriented education, Al education,
software education, computational thinking, and
broader technology education. After 2023, the burst
terms shifted to writing education and machine
translation, suggesting that the most recent burst
signals were linked more closely to language,
writing, and academic practice.

Keywords
future education 2016
computational thinking 2016

Year Strength Begin End 2016 - 2025
3.442016 2022 ps—
3.322016 2022 m—

fourth industrial revolution 2017 11.682017 2019

2.552021 2022
7.752023 2025
2.852023 2025

software education 2018 8.462018 2021 —

ai education 2018 13.442020 2022 —

subject education 2020 452020 2022 =

ai ethics 2018 4.142020 2022 =

machine learning 2018 3.882021 2023 —
=

convergence education 2020
writing education 2023

=
machine translation 2023 —

Figure 9. Keyword Burst Results in the KCI Corpus

The CSSCI keyword burst results also support
the temporal pattern observed in the timeline
view (Fig. 10). Earlier burst terms included
transformation, emerging engineering education,
Double First-Class, big data, smart education, and
academic program development. Later burst signals
shifted toward metaverse-related discussion and
digitalization. These results suggest that the CSSCI
corpus did not simply shift from general Al to
generative Al. Instead, recent Al-related topics were
added to an already established reform and digital
transformation trajectory.

Keywords Year Strength Begin End 2017 -2025

(Transformation) 25 & 2018 3.212018 2020  pm—

(Emerging Engineering Education) 37 T} 2018 292018 202] m—

(Double First-Class) ;X —3# 2018 2772018 2019  mm

(Big Data) K EIE 2018 5.282019 2022 —

(smart Education) 8 ZHE 2019 3.812019 2021 —

(Disciplinary Construction) Z\VE2{% 2020 2.672020 2021 —
(Metaverse) TTFE 2022 2.652022 2025
(Digitalization 1 ¥, 2023 2.682023 2025

Figure 10. Keyword Burst Results in the CSSCI Corpu
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Across the timeline and burst evidence, the two
corpora show two different temporal patterns. In
the KCI corpus, the most recent period shows a
rapid shift toward generative AI, writing, language
use, learner perception, and academic practice.
In the CSSCI corpus, the post-2023 period appears
as an extension of a longer trajectory that had
already connected AI with smart education,
talent cultivation, disciplinary development,
and institutional reform. For this reason, the
interpretation of emerging topics after 2023 relies
mainly on publication growth, keyword centrality,
cluster structure, and timeline evolution, while
burst results are used only as supporting evidence.

The supplementary period-split analysis provided
a further check on these temporal patterns. In the
KCI corpus, Al education occupied the leading
frequency and centrality positions during 2016-
2022, alongside pre-service teachers and liberal
arts education. During 2023-2025, generative Al
held the leading position in both frequency and
betweenness centrality, well ahead of the remaining
keywords, while AI literacy, university students,
and writing education became more visible. In the
CSSCI corpus, talent cultivation, smart education,
and big data anchored the earlier period. During
2023-2025, terms related to generative Al, including
large language models, rose in prominence, while
talent cultivation remained among the leading terms
in both frequency and centrality. Several keywords
occupied leading centrality ranks in the CSSCI
sub-corpus, whereas generative Al ranked first in
the later KCI sub-corpus. Although differences in
corpus size may affect the absolute frequency and
centrality values of individual keywords, the period-
specific rankings show that the broader thematic
transition remained visible in both corpora.

5. Discussion and Conclusion

The purpose of this study was to compare how
higher education AI research developed in Korea
and China from 2016 to 2025 by analyzing nationally
indexed journal corpora. The findings show that
both the KCI and CSSCI corpora expanded after
2023, but the expansion did not produce the same
thematic organization in the two corpora. Instead,
generative Al-related research was organized

through different thematic connections in the two
corpora. The KCI corpus showed an expansion
concentrated within a short period after 2023,
organized around generative Al, teaching practice,
teacher preparation, writing education, learner
capability, and academic practice. The CSSCI
corpus showed a longer trajectory of accumulation,
in which AI research in higher education was
organized around talent cultivation, smart
education, discipline construction, institutional
services, digital transformation, and governance.
The study therefore contributes not only by
documenting publication growth, but also by
identifying how generative Al-related research was
organized through different thematic connections in
the two journal corpora. These differences concern
relative thematic emphases within the two corpora
rather than fixed characteristics of Korean and
Chinese higher education.

The pattern observed in the KCI corpus suggests
that the rapid diffusion of generative AI was
closely associated with pedagogical and learner-
facing concerns. In the KCI corpus, generative
Al became the major organizing node, and its
surrounding keyword structure connected it to pre-
service teachers, Al education, AI literacy, writing
education, critical thinking, large language models,
and student perception. This pattern can be situated
within a broader Korean policy context in which
universities have been incorporated into national
strategies for digital and artificial intelligence
talent development through interdisciplinary
programs, shared curricula, and inter-university
collaboration [9, 10]. Tt also resonates with domestic
research on Al-based course recommendation
and adaptive learning, liberal arts Al education,
AT literacy education for pre-service teachers, and
undergraduate Al literacy [11-15]. These policy
and research contexts provide background for
the prominence of teaching, learning, teacher
preparation, writing, and academic practice among
the connections around generative Al in the KCI
corpus.

The CSSCI corpus showed a different thematic
pattern. In the CSSCI corpus, Al research in
higher education had already accumulated before
the generative Al phase, and post-2023 themes
appeared as extensions of a broader reform
and system transformation trajectory. Talent
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cultivation and smart education functioned as major
organizing anchors, while clusters and timeline
patterns connected Al to discipline construction,
emerging engineering education, university
faculty, application scenarios, digital-intelligence
empowerment, data governance, and industry-
university-research application. This pattern is
consistent with the Chinese policy context in which
Al has been linked to national innovation strategy,
higher education reform, talent cultivation, and
institutional transformation [16-18]. This policy
context provides background for the prominence
of higher education reform, institutional capacity,
and system transformation in the CSSCI corpus,
where recent generative Al-related themes were
incorporated into an already established thematic
structure.

Viewed together, the two corpora suggest several
complementary directions for future research. The
institutional themes prominent in the CSSCI corpus
raise questions about how course-level uses of
generative Al relate to university curricula, academic
support services, and institutional policy. The
pedagogical themes prominent in the KCI corpus
raise corresponding questions about how broader
reform agendas are enacted in classroom practice
and experienced by students. Future comparative
research could therefore examine the connections
among institutional governance, curriculum and
support structures, teacher implementation, and
learner practice. For example, such work would
need evidence that neither corpus makes visible
on its own — whether reform-level agendas reach
the assessment and writing tasks students actually
encounter, and whether course-level generative
Al use is matched by institutional curricular and
academic-support provision.

A further point of comparison concerns Al
literacy. Al literacy has been defined as a set of
capacities that enable individuals to understand,
use, evaluate, and critically engage with Al systems
[5, 6]. In the KCI corpus, Al literacy appeared in
connection with teaching, pre-service teachers,
computational thinking, digital literacy, and
learner capability. In the CSSCI corpus, it was
associated with information literacy, university
libraries, academic integrity, smart curriculum,
and institutional services. These associations show
that AT literacy was discussed in relation to different

educational settings in the two corpora. Future
studies could examine how individual Al-related
competencies interact with curricula, information
services, libraries, faculty development, and other
forms of institutional support [4].

The study also has methodological implications.
Many existing reviews and bibliometric studies of
AT and generative Al in education rely on Web of
Science, Scopus, or similar international databases,
which are important for identifying globally visible
research patterns but may not fully represent
domestic scholarly discussions in non-English
contexts [1-3, 19, 20]. By analyzing KCI and CSSCI
corpora separately rather than merging them into
a single multilingual network, the study illustrates
how nationally indexed journal corpora can be used
to examine different forms of thematic organization.
The value of this approach lies not in ranking
national research productivity, but in examining
how global technological shifts are localized within
domestic scholarly literatures. This approach is
particularly useful for fast-moving topics such as
generative Al, where publication volume alone
cannot show how educational problems are defined
and organized within a given body of literature.

Several limitations should be acknowledged.
First, the KCI and CSSCI corpora are not equivalent
in language, indexing practices, database
coverage, or keyword conventions, and the two
co-occurrence networks were necessarily built
in different languages, English author keywords
for the KCI corpus and Chinese author keywords
for the CSSCI corpus. This asymmetry, driven
by the differing coverage of each keyword field,
means that the observed contrasts, including the
differing positions of Al literacy, may partly reflect
differences in keyword language and indexing
convention rather than scholarly orientation
alone. The two corpora were therefore analyzed
separately, and the comparison focused on broader
thematic and temporal structures rather than direct
lexical equivalence; the findings should be read
as structural comparisons across two differently
indexed and linguistically distinct corpora. Future
research using parallel translated keyword sets
validated by bilingual experts could further assess
the robustness of these patterns. Second, the
analysis was based on bibliographic metadata
and author keywords, and therefore could not
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capture the full argumentative content of individual
articles; in particular, it could not identify whether
individual studies took positive, critical, or
ambivalent stances toward Al in higher education, or
the specific controversies and normative judgments
they advanced. Third, the post-2023 period remains
short. For this reason, keyword burst results
were treated as supplementary evidence rather
than as the main basis for interpreting emerging
topics. In addition, the number of records differed
considerably between the two analytical periods,
and the supplementary generative Al search covered
only the 2023-2025 period. Although the period-split
analysis was consistent with the overall direction of
the thematic transition, these differences may still
have affected the absolute frequency and centrality
values of individual keywords, and centrality results
were therefore interpreted through within-period
rankings rather than through direct comparison
of absolute values across networks of different
sizes. Fourth, the study focused on keyword co-
occurrence, centrality, clusters, timelines, and burst
patterns. Future research could extend the analysis
through full-text analysis, citation and co-citation
networks, institutional collaboration patterns, or
qualitative reading of representative articles.

In conclusion, higher education Al research
expanded substantially in both corpora after 2023,
but the most prominent thematic connections
differed. In the KCI corpus, generative Al was
closely connected with teaching practice, writing,
teacher preparation, learner capability, and
academic work. In the CSSCI corpus, prominent
themes included talent cultivation, higher education
reform, discipline construction, smart education,
institutional services, and governance. These
findings indicate different relative emphases within
the two journal corpora rather than separate or
mutually exclusive national models. Future research
could examine how individual, pedagogical, and
institutional dimensions of Al use interact, including
how curricula, libraries, information services, and
faculty development support the development of Al
literacy.
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