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ABSTRACT

Aim: This study aims to reveal the current scientific studies and re-
search trends on the use of Large Language Models (LLM) in the field
of health by bibliometric analysis.

Material and Methods: Data were sourced from open-access clinical
research articles published between 2023 and 2025, extracted from the
Web of Science database. A total of 173 articles meeting the inclusion
criteria were analyzed using the “Bibliometrix” R package and the “Bib-
lioshiny” interface, focusing on publication trends, co-authorship net-
works, keyword co-occurrences, and thematic mapping.

Results: Results revealed a substantial rise in academic interest in
LLMs within healthcare, with significant contributions from researchers
in the United States, China, and various European countries. Prominent
keywords such as "Artificial Intelligence," "ChatGPT," and "Medical Edu-
cation" indicate that LLMs are increasingly explored for educational and
clinical support applications. Thematic analysis identified emerging re-
search areas including "performance," "health disparities," and "ethical
challenges." While LLMs offer considerable opportunities in healthcare,
they also present notable risks like data privacy issues, misinformation,
and ethical oversight gaps.

Conclusion: In conclusion, this study provides a comprehensive
overview of LLM applications in healthcare, highlighting key research
themes and identifying gaps within the current literature.

Keywords: Bibliometric analysis, ChatGPT, generative artificial intelli-
gence, large language models, medicine

0z

Amag: Bu calisma, saglk alaninda Biyuk Dil Modelleri’nin (LLM) kul-
lanimina iliskin mevcut durumu ve arastirma egilimlerini bibliyometrik
analiz yontemiyle ortaya koymay1 amaglamaktadir.

Gerec ve Yéntemler: Veriler, 2023-2025 yillari arasinda yayimlanmis
aclk erisimli klinik arastirma makaleleri arasindan segilerek Web of
Science veri tabanindan elde edilmistir. Dahil etme kriterlerini karsila-
yan 173 makale, R programinda “Bibliometrix” paketi ve “Biblioshiny”
araylz( kullanilarak analiz edilmistir. Yayin egilimleri, ortak yazarlik
aglari, anahtar kelime es-olusumlari ve tematik haritalama gibi temel
bibliyometrik gdstergeler incelenmistir.

Bulgular: Bulgular, saglik alaninda LLM’lere y&nelik bilimsel ilginin be-
lirgin sekilde arttigini ve ABD, Cin ve bazi Avrupa Ulkelerinin bu alandaki
arastirmalara 6ncdlik ettigini gostermektedir. “Yapay Zek&”, “ChatGPT”
ve “Tip Egitimi” gibi anahtar kelimelerin éne ¢ikmasi, LLM’lerin egitim
ve klinik destek sistemlerinde giderek daha fazla arastirildigini ortaya
koymaktadir. Tematik analizde, “performans”, “saglk esitsizlikleri” ve
“etik zorluklar” gibi konularin yikselen arastirma alanlari oldugu gé-
rilmuastar. LLM’ler saglik hizmetlerinde énemli firsatlar sunarken, veri
gizliligi, yanhs bilgi tretimi ve etik denetim eksiklikleri gibi riskler de ba-
rindirmaktadir.

Sonug: Sonug olarak, bu calisma saglik alaninda LLM’lerin kullanimina
y6nelik kapsamli bir haritalama sunarak, 6ne ¢ikan arastirma temalarini
ve literaturdeki bosluklari ortaya koymaktadir.

Anahtar Kelimeler: Bibliyometrik analiz, ChatGPT, Uretken yapay
zeka, blyuk dil modelleri, tip
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Highlights

+ The study identifies influential sources and emerging hotspots in healthcare-related Large Language Models

research.

+  WoS-based mapping of 2023-early 2025 publications characterizes the post-ChatGPT landscape of LLM research

in healthcare.

+  Output and collaborations cluster in major hubs (notably the USA and China) and high-capacity institutions, while

Turkey remains peripheral in co-authorship networks.

+  Core themes focus on Al/ChatGPT and performance; acceptance, risk, and equity/governance remain less

mature, indicating key gaps and priorities for future work.

INTRODUCTION

Large Language Models (LLMs), in parallel with recent ad-
vances in natural language processing, offer substantial
potential for health sciences and their applications (1). As
healthcare increasingly depends on digital tools and da-
ta-driven decision-making, understanding how LLMs con-
tribute to clinical, educational, and administrative settings
becomes essential. The ability of these models to analyze
and interpret complex data has the potential to transform
the way healthcare is delivered, from diagnosis to treat-
ment, from drug discovery to personalized medicine. Their
superior performance in natural language processing tasks
is particularly advantageous in analyzing text-based health
data (1). LLMs can improve patient compliance by making
medical instructions more understandable and reducing
communication errors (2). By analyzing data from patient
records, LLMs can improve adherence to medical prescrip-
tions and minimize misunderstandings between healthcare
professionals and patients. These models can also improve
health literacy by rephrasing medical information in a lan-
guage that non-experts can understand, helping patients
make more informed decisions about their health (3). LLM
applications in health sciences are not only limited to patient
care and communication, but also play an important role
in developing clinical decision support systems, predicting
disease progression and accelerating medical research (4).

Since large language models, such as ChatGPT and oth-
er generative artificial intelligence (Al) models, are trained
on massive amounts of health and medical data, they can
develop specialized knowledge specific to different medical
disciplines. In this way, they can make significant contribu-
tions to healthcare professionals in areas such as clinical
decision support, early diagnosis of diseases and drug dis-
covery. By analyzing the information in the medical litera-
ture, LLMs can specialize in different medical fields such
as radiology, pathology and oncology and follow the latest
developments in these fields (4,5). However, the potential
benefits of LLMs in the healthcare field also come with

some risks and limitations that need to be carefully con-
sidered. Although LLMs have human-like abilities to ana-
lyze and interpret medical information, they may not always
produce accurate and reliable results (6). It should be kept
in mind that the texts produced by these models may be
incompatible with clinical and societal values and may con-
tain misleading medical information (7). The use of LLMs,
especially in clinical tasks, requires extensive expert train-
ing and rigorous validation processes. The use of models
such as ChatGPT by the general public as a substitute for
professional medical advice carries potential risks. Devel-
opers, healthcare professionals, ethics experts and regula-
tory authorities should act in collaboration (5). Transparen-
¢y, accountability and ethical principles should be observed
in the application of LLMs in health (8,9).

Bibliometric analysis is a method that aims to examine
research trends, collaboration networks and academic im-
pacts based on quantitative data of scientific publications.
It maps knowledge production processes through criteria
such as publication numbers, citation data, inter-author
relationships and keyword analysis. This method helps to
understand the body of knowledge in a patrticular field and
identify prominent themes and gaps. Especially in rapidly
changing disciplines such as health sciences, it provides
researchers with an important tool for both systematically
reviewing existing literature and providing strategic direc-
tions for future research (10,11).

Despite the rapidly increasing number of studies on LLM
research in healthcare, comprehensive evaluations that
systematically map the intellectual structure, thematic evo-
lution, collaboration patterns, and emerging hotspots of the
field remain limited. Existing publications primarily exam-
ine technical capabilities, ethical considerations, or specif-
ic application areas, but they do not offer an overarching,
data-driven picture of how the field is evolving over time.
In particular, research focusing on the post-ChatGPT era
(2023 onwards), when the volume and diversity of publica-
tions noticeably increased, is still limited (12,13). Although
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the field has expanded rapidly, the extent and characteris-
tics of this acceleration have yet to be systematically doc-
umented. Therefore, this study aims to address this gap
by conducting a comprehensive bibliometric analysis of
LLM-related publications in the health sciences, identifying
major research themes, collaboration networks, influential
authors, and emerging trends.

MATERIAL and METHODS

Data Sources, Data Collection and Search Strategies

This research is a descriptive study in which studies pub-
lished in the Web of Science (WoS) database between
2023 and 2025 on the use of LLM models in the field of
health sciences are examined by bibliometric analysis
method. The year 2023 was chosen as the starting point
because it coincides with the period following the public
release of widely accessible generative Al tools such as
ChatGPT, when applications of LLMs in healthcare began
to expand rapidly. The search query was constructed using
key terms reflecting the scope of the study, including “Large
Language Model*”, “LLM*", “ChatGPT”, “Generative Al”,
“Health”, “Healthcare”, “Medical”, “Medical Practice”, “Clini-
cal Practice” and “Medicine”. The search was conducted on
the WoS database in a single session on 22.02.2025.

In the first screening, 1458 articles were found. The inclu-
sion criteria were that they were published between 2023
and 2025, open access and full-text available in English.
Exclusion criteria were articles without access to the full
text, review articles and irrelevant studies based on manual
evaluation of titles and abstracts. As a result, publications
from 2025 that had been accepted or were in press but had
not yet been indexed in WoS by 22.02.2025 could not be
captured, which may lead to underestimation of the total
number of publications for that year.

The flowchart created by taking into account the Preferred
Reporting Items for Systematic Reviews and Meta-Analy-
ses (PRISMA) guidelines is presented in Figure 1. In this di-
agram, the boxes on the main vertical axis show the number
of records retained at each PRISMA phase (identification,
screening, eligibility and inclusion), while the boxes on the
right-hand side indicate the reasons for exclusion and how
many records were removed at each step. In the first search,
818 articles were accessed by selecting open access ar-
ticles from the 1458 articles. Then, review articles (n=81)
and enriched cited references (n=198) were removed and
the years 2023-2024 and 2025 were selected. Thus, 539
articles were accessed. When the document type “article”
was selected among these, 173 articles were identified.

)
=
% Records identified from:
g Web of Science (n =1458 )
g
3
- !
F=n . o . Records removed not open access (n = 640)
ecords screene ; ; =
- ) Records excluded review articles (n = 81)
o (n=1458) Records excluded enriched cited references
= =
£ (n=198)
e Full text assessed for eligibility Reports removed not classified as articles
(n=539) —_—N (n = 366)
—
§ Reports of included studies
=)
E (n=173)

Figure 1: PRISMA flow diagram of the study selection process for LLM-related publications in healthcare
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When these articles were analyzed according to Web of
Science indexes, it was determined that 103 articles were
published in SCI indexed journals, 6 articles in SSCI in-
dexed journals and 64 articles in ESCI indexed journals.

The bibliometric analysis was conducted using the Bib-
lioshiny web interface of the Bibliometrix R package. Anal-
yses were conducted in R using the Bibliometrix package
and its Biblioshiny graphical interface to perform both de-
scriptive bibliometrics (e.g., annual scientific production,
most productive authors, sources and countries) and sci-
ence mapping (e.g., co-authorship, co-citation and keyword
co-occurrence networks). Bibliometrix provides a compre-
hensive framework for importing bibliographic data from
various academic databases, including WoS, and perform-
ing bibliometric analyses (11).

In this study, various bibliometric indicators were utilized,
including document analysis to identify the most frequent-
ly used terms in the literature, keyword cloud visualization
to highlight prominent topics, and keyword co-occurrence
analysis to detect emerging research trends. Co-authorship
(authors, institutions, countries) and keyword co-occurrence
networks were generated using full counting, and the asso-
ciation strength normalization method was applied to con-
struct the similarity matrices. For network visualization and
community detection, the clustering procedure implement-
ed in Bibliometrix/Biblioshiny (Louvain algorithm) was used
to identify groups of closely related authors, countries and
topics. To enhance interpretability and reduce visual noise,
only items with at least three occurrences (for keywords)
or at least two documents (for authors and countries) were
included in the network maps, and isolated nodes were ex-
cluded. This approach allowed for a detailed examination of
the evolution and significance of the topics covered in the
academic literature.

RESULTS

As a result of the bibliometric analysis of 173 articles that
met the inclusion criteria in the study, it was determined that
these articles were published in 93 different sources, the
number of authors working on this subject was 961, and the
number of single-author articles was 13.

Most Relevant Sources

“Most Relevant Sources”, which shows the journals with the
highest number of publications and citations in the relevant
academic field, is given in Table 1. In this study, the term

“most relevant sources” refers to journals with the highest
number of LLM-related articles within the analyzed WoS
corpus. Table 1 shows the most important academic jour-
nals ranked according to the number of publications and
the number of articles in these journals. Specifically, Table
1 presents the top 10 journals that published LLM-related
articles in health sciences, ranked in descending order ac-

cording to the number of articles identified in our dataset.
The column “Sources” lists the names of the journals, while
the column “Articles” indicates the number of publications
from each journal. Accordingly, Journal of Medical Internet
Research (JMIR) stands out as the journal with the highest
number of articles published with 18 publications. Cureus
Journal of Medical Science (14 publications) and JMIR
Medical Education (13 publications) rank second and third,
respectively. IEEE Access (5 publications), JMIR Mental
Health (5 publications) and PLOS ONE (5 publications) also
make notable contributions.

Most Relevant Affiliations

The institutions (affiliations) that produce the highest num-
ber of scientific publications in the relevant academic field
are presented in Table 2. Table 2 presents universities and
research institutions, along with the number of LLM-relat-

Table 1: Most Relevant Sources: Distribution of LLM-related
Scientific Publications by Journal

Sources Articles
Journal of Medical Internet Research 18
Cureus Journal of Medical Science 14
JMIR Medical Education 13
IEEE Access 5
JMIR Mental Health 5
Plos One 5
JMIR Medical Informatics 4

Proceedings of the ACM on Interactive Mobile

Wearable and Ubiquitous Technologies-IMWUT 4
Al 3
JAMA Network Open 3

JMIR: Journal of Medical Internet Research, IEEE: Institute
of Electrical and Electronics Engineers, JAMA: Journal of the
American Medical Association

Table 2: Most Relevant Institutions

Affiliation Articles
Harvard University 16
University of California System 15
Feinberg School of Medicine 12
Northwestern University 12
University of Ulsan 12
Vanderbilt University 12
Sichuan University 10
Chongging Medical University 9
Harvard University Medical Affiliates 9
Harvard Medical School 8
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ed publications produced by each within the analyzed WoS
dataset. More specifically, it shows the top 10 affiliations,
ordered in descending number of articles. The column “Af-
filiation” displays the institution name as indexed in WoS,
while the column “Articles” reports the number of publica-
tions from our final corpus associated with that institution.
Table 2 reveals which academic institutions conduct more
research in this field. Harvard University stands out as the
academic institution that produces the most publications
with 16 publications. The University of California System
ranks second with 15 publications. The leadership of these
two institutions reflects the leading role of the US in scientif-
ic productivity. Other leading universities, Feinberg School
of Medicine, Northwestern University, University of Ulsan
and Vanderbilt University, have a remarkable scientific pro-
duction with 12 publications. These institutions are particu-
larly active in the fields of medicine, health informatics and
artificial intelligence applications. China-based universities
such as Sichuan University (10 publications) and Chongg-
ing Medical University (9 publications) demonstrate the
strength of academic research in Asia. This finding reflects
China’s growing scientific activity in the fields of medical in-
formatics and artificial intelligence. Harvard University Med-
ical Affiliates (9 publications) and Harvard Medical School
(8 publications) show the scope of Harvard University’s re-
search in medicine and health informatics. These results
are important to understand which institutions are driving
scientific research and to identify academic centers for fu-
ture collaboration.

Most Relevant Words

Findings on the most relevant words that are prominent in
academic publications are given in Table 3. In Table 3, the
“Words” column lists the author keywords, while the “Oc-
currences” column shows how many times each keyword
appears in the dataset. Table 3 provides an understanding

Table 3: Most Relevant Keywords

Words Occurrences
artificial-intelligence 16
chatgpt 10
education 8
performance 7
challenges 5
accuracy 4
Al 4
depression 4
health 4
impact 4

Al: Artificial intelligence

of the trends in a particular field by revealing which topics
are emphasized more in academic studies. “Atrtificial Intelli-
gence” stands out as the most frequently used keyword with
16 repetitions. “ChatGPT” ranks second with 10 occurrenc-
es. This finding shows that Al and ChatGPT are increas-
ingly being examined in academic research and the use of
these technologies in various fields is being investigated.
The word “Education” was used 8 times and the word “Per-
formance” was used 7 times. This shows the growing ac-
ademic interest in how Al is being used, especially in the
context of education.

Tree Map

The tree map visualizing the most frequently used keywords
in scientific studies and their importance in the academic lit-
erature is given in Figure 2. The size of each box reflects the
number of repetitions of the relevant word and shows which
themes are at the forefront of scientific research. Each rect-
angle represents one author keyword, and the different col-
ors are used only to visually distinguish the keywords, while
the numbers and percentages inside each box indicate the
absolute frequency and relative share of that keyword in the
dataset. According to Figure 2, “Artificial Intelligence” is the
keyword that ranks first with 82 repetitions (19%). “ChatGPT”
ranked second with 63 occurrences (14%). These findings
show that artificial intelligence and large language models
are becoming an increasingly central topic in scientific re-
search. “Large Language Models” has an important place
with 48 occurrences (11%). The terms “LLM” and “Large
Language Model” were used 33 times in total. The term
“Generative Al” was used 11 times. The term “medical ed-
ucation” was used 32 times (7%). “Chatbots” is included in
the literature as one of the applications of large language
models with 8 repetitions.

Thematic Map

The thematic map presented in Figure 3 visualizes the most
common themes and their importance levels in the scientific
literature through bibliometric analysis. Figure 3 is divided
into four sections where keywords are classified in terms of
their density and centrality. On the horizontal axis, the “Rel-
evance degree (Centrality)” indicates how strongly a theme
is connected to other themes in the overall network, while
on the vertical axis the “Development degree (Density)” re-
flects the internal cohesion and maturity of each theme. The
size of the circles represents the frequency of the keywords
in the dataset, and the different colors indicate distinct
thematic clusters. These are Motor Themes (Upper Right
Quadrant), Core Themes (Lower Right Quadrant), Niche
Themes (Upper Left Quadrant) and Emerging or Weaken-
ing Themes (Lower Left Quadrant).

In the motor themes region, the most powerful and guid-
ing themes in the scientific field with high centrality and
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Figure 2: Treemap of the most frequently used author keywords in LLM-related healthcare publications
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Figure 4: Academic Collaboration Network

sophistication in the literature are located. “mortality” and
“outcomes” are located in this region, but do not form a large
cluster. This shows that mortality and clinical outcomes re-
main an important area in health and medical research, but
topics such as Al and ChatGPT are becoming more central.

Core Themes include topics that have been widely studied
and are central to the literature but are not yet fully devel-
oped. “artificial intelligence”, “chatgpt”, “education”, “perfor-
mance”, “health disparities”, “challenges” and “impact” are
included in this section. This finding shows that artificial in-
telligence and chatgpt have become a core academic topic,
especially in the context of education and health. Issues
such as health inequalities and performance are indicative
of the growing interest in how Al-enabled systems are being
used in health.

Niche Themes include topics that are more specific and in-
tensively studied but not central to the literature. “model”,
“quality”, “risk”, “acceptance” and “conversational agents”
fall into this category. This shows that academic work on
conversational agents (e.g. chatGPT) and the reliability,
risks and acceptance of language models is intensifying.
However, these topics have not yet become a large-scale
central theme in the literature.

Emerging or weakening themes include the concept of
“care”. This suggests that work on care services of Al and
ChatGPT is still developing or has not made a strong im-
pact in the literature.

Academic Collaboration Network

In order to analyze scientific collaborations between coun-
tries, a bibliometric map derived from co-authorship data
is presented in Figure 4. This map was created using
VOSviewer software, collaborative relationships between
countries are represented by nodes and edges. Node
sizes vary depending on the number of co-authorships of
the respective country, with larger nodes indicating more
collaboration. In this visualization, the thickness of the con-
necting lines (“edges”) reflects the strength of collaboration
between two countries (number of co-authored documents),
and different colors indicate distinct clusters of closely col-
laborating countries. Figure 4 shows that the node with the
largest and most densely connected network is USA. Ac-
cordingly, it can be said that the USA has a central position
in international scientific collaborations and collaborates
with a large number of countries. Countries such as the UK,
China and Germany also stand out as important nodes in
the network. These countries have a wide network of coop-
eration and are connected to a large number of countries.
In Europe, there are strong links between the UK, Germany
and Spain. Countries such as India and the United Arab
Emirates have developed closer ties with specific regions.
Turkey is positioned far from the network and has relatively
few connections in global collaborations. As noted above,
the different colors correspond to clusters of countries that
are more closely connected to each other than to countries
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Figure 5: Cooperation Network between Academic Institutions

in other clusters. The blue-green network, which includes
the US and the UK, shows strong academic collaborations
between developed countries, while the red-pink network,
which includes China and India, presents a more regional
model of collaboration. This analysis reveals that the US
has a central position in scientific research, while the UK,
Germany and China stand out as important cooperation
actors.

Co-authorship Analysis

As a result of the co-authorship analysis conducted in the
study, Figure 5 presents a map of the collaborations be-
tween universities and research centers. Each circle (node)
represents a university or research institution, the size of
the node is proportional to the number of co-authored docu-
ments, the connecting lines (edges) indicate co-authorship
links, and different colors denote clusters of institutions that
collaborate more frequently with each other. Accordingly,
one of the most important nodes is Harvard Medical School,
shown in green, which is connected to various academic
institutions from different geographies. This shows that
Harvard has a wide network of academic collaborations at
the international level. In particular, it is directly linked to
three major universities in Germany (TU Dresden, Tech-
nical University of Munich and Friedrich Schiller University
Jena), indicating that it also attaches importance to collab-
orations in Europe. Leading US universities such as the
Massachusetts Institute of Technology (MIT), the University

of Washington and Stanford University are notable for their
strong collaboration. When regional clusters and academic
collaboration are examined, China-based institutions (Si-
chuan University, Chongqging Medical University, Beijing
University of Chinese Medicine and Chinese Academy of
Sciences), which can also be called the Asian cluster and
shown in yellow in the figure, form a strong collaboration
network within themselves. This may reflect the influence
of regional science policies and local research funding. The
Middle East and Canada Collaboration is also shown in red
in the figure, with a notable academic partnership between
the United Arab Emirates University, McMaster University
and Emory University. This cluster represents the academic
ties between Canada, the US and the Middle East. Another
noteworthy element in the figure is the relatively low number
of direct links between China-based academic institutions
and major research universities in the US. This suggests
that regional trends in scientific collaborations are strong
and that some academic barriers may exist globally.

DISCUSSION

This study reveals that academic productivity towards Large
Language Models in healthcare has increased significantly
inrecent years and research trends are concentrated around
specific themes. By focusing on WoS-indexed publications
between 2023 and early 2025, our analysis quantitatively
characterizes the “post-ChatGPT” period and shows how
scientific output and collaboration are distributed across
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countries, institutions and research topics. The results of
the bibliometric analysis show that the United States, China
and some European countries are leading the way in this
field and that scientific collaboration networks are shaped
around these countries. The leadership of institutions such
as Harvard University, University of California System and
Northwestern University at both the publication and collab-
oration level reveals that the central actors of Al research in
healthcare are largely institutions with high research capac-
ity (14,15). Compared with previous narrative and scoping
reviews of LLMs in healthcare, the present study adds a da-
ta-driven mapping of where this research is produced and
which institutions occupy structurally central positions in the
global collaboration network.

The fact that the most frequently encountered keywords
include “Artificial Intelligence”, ‘ChatGPT’, “Medical Educa-
tion” and “Performance” shows that LLM technologies are
widely used in health systems not only in decision support
processes but also in areas such as health education, com-
munication and service quality (1,16). Our treemap results
further quantify this pattern by showing that “artificial intel-
ligence” and “ChatGPT” together account for a substan-
tial proportion of all keywords, confirming that LLMs have
rapidly become a focal topic in health-related Al research.
Tree map and thematic map analyses show that Al-based
approaches also touch social dimensions such as “health
disparities” and “challenges”. These findings indicate that
LLM applications should be evaluated not only in technolog-
ical but also in socio-ethical contexts (8,17). In this respect,
our thematic structure, in which terms related to equity and
challenges appear alongside performance-oriented key-
words, empirically supports the growing emphasis on eth-
ical and societal implications reported in recent literature.
Similarly, a recent national bibliometric study from Turkey
has highlighted ethical and governance-related themes in
Al applications in healthcare, underscoring the importance
of these issues in the local context as well (18).

According to the Thematic Map analysis, concepts such as
“artificial intelligence” and “ChatGPT” appear as core themes,
while terms such as ‘acceptance’, “conversational agents”
and “risk” are more niche or emerging areas. This suggests
that dimensions such as user perception, trust, and ethical
awareness are stillimmature research areas in the adoption
process of LLM technologies (19,20). Our finding that these
topics cluster as niche or emerging themes indicates that,
despite intense conceptual and opinion-based discussion
in the literature, empirical and large-scale studies on accep-
tance, risk perception and real-world deployment of conver-
sational agents in healthcare remain relatively limited. Many
studies emphasize that the use of LLM, especially in clinical
settings, should be evaluated within the framework of se-
curity, accuracy and privacy (21,22), and our keyword and

thematic analyses complement these concerns by demon-
strating that such issues are beginning to gain visibility but
have not yet matured into firmly established core themes.

In the analysis of cooperation between countries, it is seen
that countries such as the USA, the UK, China and Germa-
ny are pioneers in scientific productivity and have extensive
cooperation networks. This shows that LLM-based health
research is largely concentrated in specific scientific cen-
ters (10). It is important for developing countries such as
Turkey to develop more international collaboration in order
to utilize these technologies effectively and reliably in the
local context. In our co-authorship map, Turkey appears as
a small, weakly connected node located at the periphery of
the global network, indicating limited participation in large,
multicenter LLM projects. This peripheral position may re-
duce the visibility and impact of national research outputs
and slow down the transfer of methodological innovations
and best practices into the local health system. Strength-
ening collaboration with leading centers in North America,
Europe and Asia would therefore be strategically important
for capacity building, access to high-quality datasets and
the development of context-appropriate LLM applications
for the Turkish healthcare system.

The results of this study are in line with the findings in the
literature on the role of LLMs in healthcare. For example,
Liu et al. (1) state that LLMs are effective in diagnostic sup-
port, medical summarization, clinical question answering
and patient interaction; however, more research is need-
ed on issues such as ethics, transparency and model in-
terpretability. Similarly, Bi et al. (14) state that LLMs can
contribute to multimodal data integration in healthcare, but
data standardization and reliability issues are still import-
ant challenges to be solved. Our mapping refines these
observations by showing that performance-related terms
(e.g. “performance”, “accuracy”, “outcomes”) are already
central in the keyword structure, whereas issues such as
data quality, standardization and explainability are present
but less prominent, suggesting a gap between the technical
potential of LLMs and the maturity of research on their safe
and robust implementation.

It is also emphasized that generative models such as
ChatGPT offer potential in curriculum development, simu-
lation and assessment processes in medical education, but
cannot replace direct human interaction with faculty mem-
bers (19,20). It is suggested that such technologies should
be considered as supportive and complementary tools in
educational practices. Consistent with this, our results show
that “medical education” and related terms form an import-
ant thematic area, indicating that educational applications
are one of the most actively explored domains for LLMs in
health sciences; however, other application areas such as
long-term outcome evaluation and health service delivery
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appear less developed in the thematic map, highlighting op-
portunities for future empirical research.

However, it is also stated that LLM-based systems have
serious limitations such as “hallucination” (generating
false information), misjudging the context, creating user
bias and unethical guidance (8,22). It is clear that such
systems should only be used in a supervised and trans-
parent environment, especially in clinical applications. As
a matter of fact, institutions such as the World Health Or-
ganization (WHO) also emphasize that artificial intelligence
applications in health should be supervised within an eth-
ical framework (23). The presence of keywords such as
“challenges”, “health disparities” and “risk” in our analysis
is consistent with these concerns and suggests that the
research community has started to incorporate ethical and
governance issues into the LLM agenda; nevertheless, their
positioning as non-motor themes indicates that systematic,
outcome-oriented evaluations of ethical frameworks and
governance models are still relatively scarce.

Conclusion

This study provides a comprehensive mapping of the use
of LLMs in healthcare, revealing the direction of academ-
ic interest, strong themes and existing gaps. Our findings
highlight three main contributions: (i) a detailed descrip-
tion of the global and institutional landscape of LLM-relat-
ed health research in the immediate post-ChatGPT peri-
od, (ii) an identification of core and emerging themes that
structure the current literature, and (iii) an evidence-based
demonstration of collaboration asymmetries, particularly
the peripheral position of some developing countries such
as Turkey in international co-authorship networks. Multifac-
eted, interdisciplinary and ethics-based research approach-
es are needed to integrate LLM technologies into health
systems. Future studies should therefore prioritize rigorous,
data-driven evaluations of clinical effectiveness, safety and
equity impacts of LLM applications, as well as strategies to
broaden international collaboration and reduce geographic
and thematic imbalances identified in this bibliometric anal-
ysis.

Limitations

This study has several limitations that should be considered
when interpreting the findings. First, the analysis includes
only Web of Science-indexed, open-access, English-lan-
guage articles, which may underrepresent studies from oth-
er databases, subscription journals or non-English sources.
Second, the time window is restricted to 2023-22 February
2025, so publication counts for 2025 are provisional and
later-indexed articles are not captured. Third, the search
strategy relied on a predefined set of LLM-related keywords
(e.g. “Large Language Model”, “LLM”, “ChatGPT”, “Gener-
ative ”), meaning that studies using different terminology
may have been missed.
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