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Öz

Amaç: Bu çalışma, son on yılda yapay zeka ve sağlık alanında yayımlanan ve en çok atıf alan bilimsel yayınlara gizli anlamsal analiz uygulayarak sağlık 
hizmeti paydaşlarına yönelik içgörüler sağlamayı amaçlamaktadır.

Abstract

Objective: This study aims to provide insights for healthcare stakeholders by applying latent semantic analysis to the most-cited scientific publications in 
artificial intelligence and healthcare published over the past decade.

Methods: Publications were retrieved from the Web of Science database, focusing on the 1.000 most-cited papers published between 2015 and 2025. 
Latent semantic analysis  was employed for text analysis, encompassing corpus creation, text preprocessing, tokenization, lowercasing, stopword removal, 
stemming, lemmatization, term-document matrix construction, weighting, singular value decomposition, dimensionality reduction, semantic construction, 
and interpretation. Model performance was assessed using singular values, explained variance, and cumulative variance, with the optimal number of 
dimensions determined to be 160.

Results: The latent semantic analysis model effectively uncovered the underlying semantic relationships within the dataset. The gradual decline in 
decomposition values supported the appropriateness of the model’s structure and dimensionality. The analysis revealed that artificial intelligence and 
healthcare are converging on two primary clinical themes: deep learning and predictive applications. The deep learning theme reflects the training of 
artificial intelligence systems with patient data, whereas the predictive theme emphasizes the use of artificial intelligence in diagnostic and therapeutic 
decision-making. Additionally, the distinct semantic positioning of the coronavirus disease-2019 theme highlighted the model’s ability to differentiate 
thematic clusters accurately.

Conclusion: Findings indicate a clear convergence between artificial intelligence and healthcare, demonstrating increasing interconnectivity. Advances 
in artificial intelligence are increasingly influencing clinical decision-support systems and patient-centered applications. Policymakers should develop 
strategic frameworks to ensure the safe, ethical, and effective integration of AI into healthcare, particularly in clinical decision-support and patient 
care. Such frameworks must emphasize regulatory standards, professional training, data privacy, and patient safety to maximize the benefits of AI while 
mitigating potential risks.
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Introduction
Modern healthcare is evolving from a volume-based model 
to a value-based one, emphasizing the use of health data to 
optimize resources, enhance quality of care, increase patient 
satisfaction, and improve health outcomes(1). This transition 
highlights the growing importance of data analytics in 
healthcare, as it helps uncover valuable patterns in large, 
complex datasets to address new challenges. In this context, 
artificial intelligence (AI) has become a powerful tool in 
healthcare(2). According to the common definition of AI as 
the simulation of human cognition, AI builds on advances in 
predictive modeling approaches, such as machine learning 
(ML), through which computer algorithms learn from 
training data without human guidance to enable algorithmic 
decision-making(2). As technology advances, AI’s ability to 
process and analyze data is becoming increasingly powerful, 
making it a key instrument in transforming healthcare(3). 
Recent studies have focused on promoting innovative 
algorithms that integrate novel solutions into health 
systems to provide more robust healthcare(4). Therefore, 
the integration of AI and big data has created opportunities 
to incorporate evidence-based decision-making more 
extensively into the healthcare system. Considering this 
horizon, novel developments offer new potential, such as 
augmented decision-making support for physicians across 
the spectrum of care, thereby contributing to enhanced 
patient safety and improved health outcomes(5,6).

In a technology-driven world, healthcare has witnessed 
breakthroughs and exponential advancements(7). Data, 
advanced analytics, and computational tools have created a 
new paradigm for managing health data to predict disease 
occurrence and treatment outcomes(8). In this context, AI has 
emerged through technological progress and is poised to 
revolutionize healthcare by enabling advanced algorithmic 
decision-making in domain-specific applications. These 
applications aim to mimic human thinking and cognitive 
functions, thereby transforming healthcare delivery. 
As is well known, healthcare and health services have 
traditionally been provided by experts and specialized 
institutions. Therefore, the convergence of AI and healthcare 
providers represents a paradigm-changing development, 
enabled by the increasing availability of healthcare data 
and rapid advances in analytic techniques. In particular, 
early detection and diagnosis, treatment optimization, and 
outcome prediction and prognostic evaluation are the three 
major areas of AI applications in healthcare(9). AI applications 
can be understood through aggregated healthcare data, 
which produce more powerful models capable of automating 
diagnosis and enhancing personalized medicine solutions(10). 
Generally, AI-driven technologies can be categorized into 
two main approaches. The first is the ML approach, which 
analyzes structured data such as imaging and genetic data. 
The second involves natural language processing (NLP) 
techniques, which extract information from unstructured 
data, such as clinical notes, to augment structured medical 
data for clinical use(9). 

Öz

Yöntem: Yayınlar, Web of Science veri tabanından taranmış olup 2015-2025 yılları arasında yayınlanan ve en çok atıf alan 1,000 makale belirlenmiştir. 
Metin analitiği için gizli anlamsal analiz kullanılmıştır. Bu süreç, veri kümesi oluşturma, metin ön işleme, tokenizasyon, küçük harfe dönüştürme, durak 
kelimelerinin çıkarılması, kök bulma, terim-belge matrisi oluşturma, ağırlıklandırma, tekil değer ayrışımı, boyut indirgeme, anlamsal yapı oluşturma 
ve yorumlamayı kapsamaktadır. Model performansı, tekil değerler, açıklanan varyans ve kümülatif varyans kullanılarak değerlendirilmiş ve model için 
optimal boyut sayısı 160 olarak elde edilmiştir.

Bulgular: Anlamsal model, veri kümesindeki temel anlamsal ilişkileri etkili bir şekilde ortaya çıkarmıştır. Tekil değerlerdeki sistematik düşüş, modelin 
yapısının ve boyut sayısının uygunluğunu desteklemiştir. Analizler, yapay zeka ve sağlık alanlarının derin öğrenme ve öngörüsel uygulamalar olmak 
üzere iki ana klinik tema etrafında yakınsadığını göstermiştir. Derin öğrenme teması, yapay zeka sistemlerinin hasta verileriyle eğitilmesini ifade ederken, 
öngörüsel uygulamalar teması ise yapay zekanın klinik karar verme süreçlerinde tanısal ve tedavi amaçlı tahminlerde kullanımını vurgulamaktadır. 
Ayrıca, koronavirüs hastalığı-2019 temasının anlamsal uzayda farklı konumlanması, modelin tematik kümeleri doğru şekilde ayırt edebilme yeteneğini 
göstermiştir.

Sonuç: Bulgular, yapay zeka ve sağlık alanları arasında güçlü bir yakınsama eğilimi olduğunu ve bu alanların giderek daha fazla iç içe geçtiğini 
göstermektedir. Yapay zeka alanındaki teknolojik ilerlemeler, klinik karar destek sistemlerini ve hasta odaklı uygulamaları giderek daha fazla etkilemektedir. 
Bu nedenle, politika yapıcıların, yapay zekanın sağlık hizmetlerine güvenli, etik ve etkin entegrasyonunu sağlamak amacıyla stratejik bir çerçeve geliştirmesi 
gerekmektedir. Bu tür stratejik çerçeveler, yapay zekanın sağlık alanındaki faydalarını maksimize ederken, potansiyel riskleri minimize etmek amacıyla 
düzenleyici standartlar, profesyonel eğitim, veri gizliliği ve hasta güvenliğine öncelik vermelidir.

Anahtar Kelimeler: Sağlık hizmetleri, yapay zeka, metin analitiği, doğal dil işleme, gizli anlamsal analiz
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AI applications in healthcare domains generally utilize 
supervised learning techniques, including support vector 
machines, neural networks, decision trees, random forests, 
linear and logistic regression, Naive Bayes, discriminant 
analysis, and nearest neighbor algorithms. Clinically 
significant gains have been achieved, particularly through 
supervised learning methods such as neural networks 
and support vector machines, rather than unsupervised 
approaches such as clustering and principal component 
analysis(9). Therefore, it is paramount to combine data with 
advanced systems, applications, and algorithms to generate 
meaningful knowledge(3). The increasing volume and 
complexity of medical data underscore the rationale for using 
AI-driven technologies, especially deep learning and ML, in 
healthcare. The development of new AI applications based 
on deep learning demonstrates AI’s substantial potential 
to transform healthcare. Kaku(11), author of Physics of the 
Future urges us to recognize the limits of AI in healthcare 
with the following words:

“In the near future, you will simply approach a wall-mounted 
screen and consult a robo-doctor. A friendly face will ask you 
many questions. Then you will answer orally rather than in 
writing. After a few initial questions, the robo-doctor will 
diagnose your disease based on the most robust clinical 
experience of doctors worldwide.”

AI applications, particularly those based on deep learning, 
are already revolutionizing healthcare. For instance, 
International Business Machines’s Watson platform enables 
healthcare providers to analyze complex health data more 
accurately and cost-effectively than human experts(3). 
Numerous studies have demonstrated the effectiveness of AI 
in medical applications such as image-based diagnostics(12). 
One study showed that AI could detect diabetic retinopathy, 
a leading cause of blindness among diabetic patients(13). In 
the United States, AI models trained on over 128.000 images 
achieved excellent diagnostic performance in detecting 
diabetic retinopathy(14). AI has also been utilized to predict 
pediatric diseases such as asthma and pneumonia, achieving 
results comparable to human expertise(12). 

Pain prediction represents another promising domain for AI-
driven algorithms, as pain directly affects patients’ quality of 
life and informs the selection of optimal treatments. Given 
the potential bias in pain assessment tools arising from 
patient and physician subjectivity, Liu et al.(15) emphasize 
the importance of machine-based pain assessment that 
uses facial expression data to provide more accurate, less 

biased evaluations. In radiology, Li et al.(16) introduced a 
deep learning-based model combining multimodal brain 
data to improve diagnostic accuracy. The model, trained on 
magnetic resonance imaging (MRI) and positron emission 
tomography (PET) images, predicts missing PET patterns 
from MRI data to assist diagnosis of neurodegenerative 
diseases such as Alzheimer’s disease. Similarly, in the field of 
surgery, robotic systems such as da Vinci have been used for 
minimally invasive procedures and have been associated with 
safe and effective patient outcomes(17-20). As AI’s predictive 
models continue to improve, even greater advancements in 
healthcare are expected in the near future.

Advancements in data, analytics, and computational tools 
are transforming how health data are utilized to predict 
disease occurrences and treatment outcomes(8). AI plays 
a critical role in this transformation by harnessing data 
to guide medical decisions. However, the ethical and legal 
implications of AI in healthcare remain insufficiently 
explored(21). While AI offers technical advantages, it also 
raises concerns regarding patient safety and privacy(22). 
Issues such as fairness, autonomy, and accountability pose 
significant challenges to the integration of AI into healthcare, 
as legal systems continue to grapple with how to address 
these concerns(21). A notable research gap exists concerning 
liability for AI-driven decisions that result in patient harm, 
underscoring the urgent need for clear ethical and legal 
guidelines governing AI applications in healthcare. Because 
AI requires access to sensitive patient data, the risk of misuse 
or data breaches increases(23). According to the general data 
protection regulation, individuals have the right not to be 
subject to decisions based solely on automated processing 
(such as AI-driven systems) that could significantly affect 
them. Although AI can assist clinicians with clinical decision-
making, it is unlikely to replace human clinicians in the near 
future(9,24). The role of human clinicians, especially in critical 
decision-making, remains indispensable since AI is not yet 
capable of replicating human expertise(25,26). 

It is unsurprising that little has been reported in the literature 
regarding liability for harm caused by AI-driven algorithmic 
decisions; this may call into question the adequacy of existing 
legal frameworks(27,28). Hence, AI inevitably introduces various 
ethical and legal concerns, along with paradigmatic shifts in 
healthcare, in which harm to human health is unacceptable. 
Therefore, it is of paramount importance to analyze and 
evaluate AI-driven progress within an ethical and legal 
framework. Overall, these considerations highlight the need 
to clarify the legal nature of AI, a challenging responsibility 
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that includes identifying who bears liability for medical 
malpractice and ensuring appropriate compensation for 
patients harmed. Accordingly, it is essential that healthcare 
authorities-such as the Ministry of Health-along with 
governmental and regulatory bodies act responsibly, 
monitor emerging problem areas, and establish governance 
mechanisms to prevent conflicting outcomes. Therefore, 
scientific approaches developed using AI and healthcare 
research should form the foundation for decision-making, 
thereby highlighting the importance of relying on evidence-
based findings. NLP techniques offer valuable opportunities 
for policymakers through text analytics. This study aims to 
generate insights for healthcare stakeholders by applying 
latent semantic analysis (LSA) to the most-cited scientific 
publications from the past decade in AI and healthcare. The 
study is considered original in both its focus and methodology 
and is expected to make a meaningful contribution to the 
literature.

Materials and Methods

Objective

The aim of the study is to generate insights for healthcare 
stakeholders by applying LSA to the most-cited scientific 
publications from the past decade in AI and healthcare.

Research Question

What insights and future horizons emerge from the 
convergence of AI and healthcare in scholarly literature?

Data Source and Research Unit

The data used in this study were obtained from the Web 
of Science (WoS) Core Collection, selected for its wide 
recognition and established reliability as a source of 
scientific literature, particularly for bibliometric and text-
analytics research(29). The research was conducted on 
the assumption that publications retrieved from the WoS 
database adequately represent developments in the scientific 
domain, allowing the study to effectively address its research 
question. Therefore, the research unit of this study comprises 
the 1.000 most-cited articles published in the last ten years 
(2015-2025), identified in the database.

Search Strategy

The publication retrieval process was completed in three 
stages within the WoS database. In the first stage, study 
titles were searched using specific keywords related to AI. 

The keywords related to AI were defined as follows: artificial 
intelligence, AI, machine learning, deep learning, neural 
networks, artificial neural networks, convolutional neural 
networks, recurrent neural networks, reinforcement learning, 
supervised learning, unsupervised learning, semi-supervised 
learning, transfer learning, federated learning, explainable 
AI, generative AI, natural language processing, computer 
vision, speech recognition, pattern recognition, knowledge 
representation, expert systems, cognitive computing, 
symbolic AI, evolutionary algorithms, swarm intelligence, 
fuzzy logic, rule-based systems, agent-based modeling, 
data mining, data preprocessing, feature extraction, feature 
selection, predictive modeling, classification, clustering, 
regression analysis, dimensionality reduction, big data, data 
visualization, knowledge discovery, decision trees, random 
forest, support vector machine, gradient boosting, ensemble 
learning, text mining, sentiment analysis, topic modeling, 
latent Dirichlet allocation, latent semantic analysis, word 
embeddings, Word2Vec, GloVe, transformer models, BERT, 
GPT models, text classification, named entity recognition, 
machine translation, question answering, speech-to-text, 
text summarization, decision-support systems, predictive 
analytics, intelligent automation, robotics, autonomous 
vehicles, recommender systems, chatbots, virtual assistants, 
image recognition, fraud detection, anomaly detection, 
medical diagnosis, smart healthcare, precision medicine, 
remote monitoring, health informatics, personalized 
medicine, clinical decision-support, AI ethics, algorithm, 
training data, test data, validation set, model accuracy, 
overfitting, underfitting, hyperparameter tuning, cross-
validation, loss function, gradient descent, optimization, 
feature engineering, model interpretability, bias and 
variance, computational complexity, algorithmic bias, data 
privacy, data security, fairness, transparency, accountability, 
explainability, trustworthy AI, responsible AI, human-
centered AI, AI governance, artificial general intelligence, 
quantum machine learning, edge AI, internet of things, 
internet of medical things, cyber-physical systems, human-
AI interaction, human-computer interaction, digital twins, 
cognitive robotics, sustainable AI, green AI.

In the second stage, a search was conducted using keywords 
related to healthcare. The keywords defined for the healthcare 
domain included healthcare, health care, health system, 
healthcare system, health services, public health, global 
health, primary healthcare, secondary healthcare, tertiary 
healthcare, preventive healthcare, curative healthcare, 
rehabilitation services, health policy, health management, 
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health administration, health economics, health financing, 
health insurance, universal health coverage, health equity, 
health disparity, access to healthcare, quality of care, patient 
safety, health outcomes, health indicators, disease prevention, 
health promotion, telehealth, telemedicine, mobile health, 
mHealth, digital health, eHealth, virtual healthcare, remote 
monitoring, home healthcare, hospital care, primary care, 
ambulatory care, emergency care, intensive care, long-
term care, palliative care, nursing care, mental health 
care, behavioral health, dental care, maternal health, child 
health, reproductive health, geriatric care, chronic disease 
management, preventive services, occupational health, 
environmental health, nutrition services, laboratory services, 
radiology services, pharmacy services, surgical services, 
health information systems, hospital information system, 
electronic health records, electronic medical records, health 
informatics, clinical decision-support systems, artificial 
intelligence in healthcare, machine learning in medicine, 
predictive analytics in healthcare, medical devices, digital 
therapeutics, wearable technology, smart healthcare, 
internet of medical things, precision medicine, personalized 
medicine, robotics in healthcare, remote diagnostics, virtual 
reality in healthcare, augmented reality in medicine, health 
expenditure, cost-effectiveness analysis, cost-utility analysis, 
cost-benefit analysis, economic evaluation, health technology 
assessment, resource allocation, efficiency in healthcare, 
healthcare cost, payment systems, reimbursement, 
sustainability in healthcare, financial risk protection, value-
based healthcare, hospital efficiency, budget impact analysis, 
health workforce, healthcare professionals, physicians, 
nurses, pharmacists, allied health professionals, workforce 
planning, health leadership, hospital management, 
healthcare quality management, performance measurement, 
patient-centered care, integrated care, care coordination, 
patient satisfaction, patient experience, healthcare 
marketing, hospital accreditation, strategic management in 
healthcare, medical ethics, bioethics, patient rights, informed 
consent, data privacy in healthcare, confidentiality, medical 
law, healthcare regulation, health governance, ethical 
decision-making, health system strengthening, sustainable 
health systems, global burden of disease, health security, 
epidemics, pandemics, COVID-19, vaccine distribution, health 
resilience, social determinants of health, environmental 
determinants, climate change and health, one health, 
sustainable development goals, planetary health, health 
research, clinical trials, observational studies, epidemiology, 
evidence-based medicine, health data analytics, big data 
in healthcare, health statistics, population health, health 

outcome measurement, patient-reported outcomes, quality 
indicators, data-driven healthcare. In the third and final 
stage, the publications obtained from the previous steps 
were combined using the AND operator, thereby completing 
the retrieval process. The inclusion criteria required that 
publications be written in English, categorized as research 
articles, published in citation-indexed journals (SCI, SSCI, 
SCI-Expanded, ESCI, or SCOPUS), and classified in health- or 
medical-related WoS categories. These parameters guided 
the final selection of studies included in the analysis.

Statistical Analysis

Latent Semantic Analysis

The ever-growing size and complexity of textual data 
make it increasingly challenging to identify meaningful 
documents and patterns, not only in other disciplines(30) 
but also in health and medicine. In this context, text 
analytics has recently emerged as a strategic tool for 
analyzing textual data in healthcare and medical research. 
Text analytics is a multi-stage process that aims to derive 
meaningful insights from unstructured textual data. The 
methods used in text analytics are primarily implemented 
using NLP techniques. When the objective of NLP is to 
understand the contextual meaning of words, semantic 
modeling approaches are employed. Within this framework, 
LSA represents a semantic modeling method that applies 
statistical and mathematical techniques to analyze textual 
data and extract significant insights(31). Therefore, under the 
applied statistical framework, the primary goal of LSA is 
to uncover the contextual meaning of words within a large 
text corpus(32). Originating in the 1980s, the LSA method was 
initially designed as an information retrieval technique(33), 
but it was later introduced into psychological research as 
a theory and method for discovering and representing the 
meanings of words(34,35). Similarly, Landauer and Dumais(36) 
proposed that LSA constitutes a fundamental computational 
theory of knowledge acquisition and representation. 
Through its use, LSA can capture word-passage, passage-
passage, and sentence-sentence relationships in ways that 
align with human cognition(32). In this regard, LSA stands out 
as a fully automated method that employs mathematical 
and statistical techniques to infer information about the 
contextual use of words in textual data(37). Foltz(38) discussed 
the applicability of the LSA method in text-based research 
in three domains, while Shen and Ho(39) demonstrated 
its usefulness in technology-assisted higher education, 
confirming that LSA is a highly effective tool in text analytics. 
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The workflow used for the LSA analysis in this study is shown 
in Figure 1.

The top 1.000 most-cited studies published in the last ten 
years were retrieved from the WoS database and exported to 
Microsoft Excel. A preliminary review of the publication titles 
revealed that the dataset contained no duplicate entries. The 
final dataset was then imported into the R programming 
environment(40) for LSA. The LSA procedure was conducted 
based on study abstracts, following similar approaches 
presented in the literature. Accordingly, the LSA process 
began with obtaining the text data from the WoS database. 
Before constructing the LSA model, the text corpus underwent 
data preprocessing. During this process, several operations 
were performed on the textual data, including tokenization, 
stopword removal, and lemmatization/stemming.

The first step in the LSA analysis involved transforming the 
text into a matrix in which each row represented a unique 

word and each column represented a passage or another 
content segment. The cells at the intersections of rows and 
columns indicated the frequency with which each word 
appeared in the text. In this step, a document-term matrix 
(DTM) was created, allowing textual data to be represented 
as vectors. Subsequently, word frequencies in the text 
data were transformed and weighted to reflect the relative 
importance of words within the corpus. For this purpose, 
a term frequency-inverse document frequency weighting 
scheme was applied to the DTM.

The second step of the LSA involved applying singular value 
decomposition (SVD) to the matrix. As LSA is based on SVD-a 
mathematical matrix decomposition technique similar to 
factor analysis(32)-this operation can be interpreted as a form 
of factor extraction. In the SVD method, a rectangular matrix 
is decomposed into the product of three distinct matrices: 
one defining the rows as vectors of derived orthogonal factor 
values; another defining the columns in a similar manner; 
and a third, diagonal matrix containing the singular values 
that scale the two orthogonal matrices. When these three 
matrices are multiplied, the original matrix is reconstructed. 
Thus, after the weighting process, SVD was applied to 
the final matrix to perform decomposition. This process 
resulted in the decomposition of the original matrix into 
its constituent matrices. Using SVD, singular values and 
explained variances were obtained. The optimal number of 
dimensions to optimize model performance was determined 
graphically, thereby defining the appropriate dimensional 
space for the textual data and achieving dimensionality 
reduction.

Following these stages, construction of the semantic space, 
visualization, interpretation, and generation of insights were 
carried out as part of the LSA process. In the R environment(40), 
several packages are available for performing semantic 
analysis. In this study, the lsa and tm packages were used for 
modeling, while ggplot2 was employed for visualization(41). 
Descriptive findings regarding the publication dataset were 
summarized as frequencies, whereas analytical results from 
the LSA process were presented as exploratory graphical 
visualizations to facilitate deeper interpretation.

Results
Descriptive findings regarding the publications are presented 
in Table 1.

According to Table 1, the most highly cited studies published 
in the past decade at the intersection of AI and healthcare 

Figure 1. Flow diagram of the LSA analysis

LSA: Latent semantic analysis, TF: Term frequency, IDF: Inverse 
document frequency
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Table 1. Descriptive findings on the publications (top 25 publications)

Article title Source title Publication 
year

Times cited, all 
databases WoS categories

A guide to deep learning in healthcare Nature Medicine 2019 2714
Biochemistry and molecular biology, 
cell biology, medicine, research and 
experimental

Machine learning in medicine Circulation 2015 2568
Cardiac and cardiovascular systems, 
peripheral vascular disease

Scalable and accurate deep learning with 
electronic health records

NPJ Digital 
Medicine

2018 1779
Health care sciences and services, 
medical informatics

AACR project GENIE: powering precision 
medicine through an international 
consortium

Cancer 
Discovery

2017 1544 Oncology

The future of digital health with federated 
learning

NPJ Digital 
Medicine

2020 1518
Health care sciences and services, 
medical informatics

COVID-19: automatic detection from X-ray 
images utilizing transfer learning with 
convolutional neural networks

Physical and 
Engineering 
Sciences in 
Medicine

2020 1472
Engineering, biomedical, radiology, 
nuclear medicine and medical 
imaging

Deep learning for health informatics

IEEE Journal 
of Biomedical 
and Health 
Informatics

2017 1344

Computer science, information 
systems, computer science, 
interdisciplinary applications, 
mathematical and computational 
biology, medical informatics

Modified SEIR and AI prediction of the 
epidemics trend of COVID-19 in China 
under public health interventions

Journal of 
Thoracic 
Disease

2020 1062 Respiratory system

Classification of the cutaneous 
manifestations of COVID-19: a rapid 
prospective nationwide consensus study in 
Spain with 375 cases

British Journal 
of Dermatology

2020 1054 Dermatology

Using artificial intelligence to detect 
COVID-19 and community-acquired 
pneumonia based on pulmonary CT: 
evaluation of the diagnostic accuracy

Radiology 2020 1046
Radiology, nuclear medicine and 
medical imaging

Pivotal trial of an autonomous AI-based 
diagnostic system for detection of diabetic 
retinopathy in primary care offices

NPJ Digital 
Medicine

2018 1036
Health care sciences and services, 
medical informatics

Explainability for artificial intelligence in 
healthcare: a multidisciplinary perspective

BMC Medical 
Informatics and 
Decision Making

2020 992 Medical informatics

Machine learning in medicine: a practical 
introduction

BMC Medical 
Research 
Methodology

2019 883 Health care sciences and services

Treatable traits: toward precision medicine 
of chronic airway diseases

European 
Respiratory 
Journal

2016 856 Respiratory system

Personalized in vitro and in vivo cancer 
models to guide precision medicine

Cancer 
Discovery

2017 830 Oncology

The artificial intelligence clinician learns 
optimal treatment strategies for sepsis in 
intensive care

Nature Medicine 2018 830
Biochemistry and molecular biology, 
cell biology, medicine, research and 
experimental
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primarily focus on the integration of deep learning, ML, and 
data-driven approaches into clinical applications. Studies 
published in high-impact journals such as Nature Medicine 
and Circulation indicate a highly multidisciplinary area of 
impact, encompassing fields including medical informatics, 
biomedical sciences, and oncology. A semantic examination 
reveals that research employing electronic health records 

to develop deep federated learning methods, along with 
AI applications designed for the diagnosis and prediction 
of coronavirus disease-2019 (COVID-19), has become 
particularly prominent. Furthermore, emerging approaches 
related to explainable AI and automation-based diagnostic 
systems demonstrate a clear orientation toward trustworthy, 
transparent, and clinically meaningful solutions. Overall, 

Table 1. Continued

Article title Source title Publication 
year

Times cited, all 
databases WoS categories

Artificial intelligence (AI) applications for 
COVID-19 pandemic

Diabetes & 
Metabolic 
Syndrome-
Clinical 
Research & 
Reviews

2020 799 Endocrinology and metabolism

Artificial intelligence-enabled rapid 
diagnosis of patients with COVID-19

Nature Medicine 2020 776
Biochemistry and molecular biology, 
cell biology, medicine, research and 
experimental

Federated learning for healthcare 
informatics

Journal of 
Healthcare 
Informatics 
Research

2021 724
Computer science, information 
systems, health care sciences and 
services, medical informatics

The state of artificial intelligence-based 
FDA-approved medical devices and 
algorithms: an online database

NPJ Digital 
Medicine

2020 701
Health care sciences and services, 
medical informatics

Deep-COVID: predicting COVID-19 from 
chest X-ray images using deep transfer 
learning

Medical Image 
Analysis

2020 689

Computer science, artificial 
intelligence, computer science, 
interdisciplinary applications, 
engineering, biomedical, radiology, 
nuclear medicine and medical 
imaging

Federated learning of predictive models 
from federated electronic health records

Internatıonal 
Journal of 
Medical 
Informatics

2018 676
Computer science, information 
systems, health care sciences and 
services, medical informatics

A deep learning algorithm using CT 
images to screen for corona virus disease 
(COVID-19)

European 
Radiology

2021 667
Radiology, nuclear medicine and 
medical imaging

CT image visual quantitative evaluation 
and clinical classification of coronavirus 
disease (COVID-19)

European 
Radiology

2020 616
Radiology, nuclear medicine and 
medical imaging

Deep learning COVID-19 features on CXR 
using limited training data sets

IEEE 
Transactions 
on Medical 
Imaging

2020 612

Computer science, interdisciplinary 
applications, engineering, 
biomedical, engineering, electrical 
and electronic, imaging science and 
photographic technology, radiology, 
nuclear medicine and medical 
imaging

WoS: Web of Science, AACR: American Association for cancer research, GENIE: Genomics evidence neoplasia information exchange, SEIR: Susceptible, exposed, 
infectious, recovered/removed, CT: Computed tomography, CXR: Chest X-ray, NPJ: Nature Partner Journal, IEEE: Institute of Electrical and Electronics Engineers, BMC: 
BioMed Central, COVID-19: Coronavirus disease-2019
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the findings suggest a strong convergence between the 
domains of AI and healthcare, indicating that these fields 
are becoming increasingly intertwined. Technological 
advances in AI are being progressively reflected in clinical 
decision-support systems and patient-centered applications, 
signaling a significant transformation in healthcare delivery. 
Findings related to the factor loadings of the LSA model are 
presented in Table 2.

As shown in Table 2, the singular value corresponding to 
the first dimension was 160.88, which is considerably higher 
than that of the second dimension. This indicates that the 
first dimension represents the most dominant semantic axis 

within the text space. In subsequent dimensions, the singular 
values gradually decrease, suggesting that each successive 
dimension carries less information than the preceding one, 
reflecting the principle of diminishing marginal contribution. 
This trend can be interpreted as evidence of successful SVD 
performance in the LSA model. According to the findings, 
the first dimension explains approximately 9% of the total 
variance in the model. When the first 10 dimensions are 
considered, they collectively account for about 23% of the 
variance, while the first 25 dimensions explain approximately 
33% of the model’s total variance. This clearly demonstrates 
that roughly one-third of the semantic structure of the 
analyzed texts is represented by the first 25 dimensions. 
In terms of cumulative variance, the initial dimensions 
contribute significantly to the model, while the contribution 
of dimensions beyond the 20th progressively decreases. This 
pattern suggests that the model is approaching a point of 
saturation. This trend is consistent with the cumulative 
variance curve presented in Figure 2. Therefore, the findings 
of the LSA model highlight that the initial components 
capture a substantial portion of the semantic structure 
embedded within the text corpus. A systematic decline 
in singular values further indicates the model’s effective 
dimensionality-reduction performance, demonstrating that 
each component contributes meaningfully to the model’s 
explanatory capacity. Collectively, these results confirm 
that the LSA model effectively distinguishes the semantic 
structures within the text and attains optimal performance as 
the number of dimensions increases. Findings regarding the 
explained variance, optimal dimensionality, and document 
similarity distribution of the LSA model are presented in 
Figure 2.

The explained variance graph in the upper-left section shows 
that as the number of dimensions increases, the cumulative 
variance rises significantly, eventually reaching a plateau at 
around 160 dimensions. At this point, the LSA model explains 
approximately 80% of the total variance. This finding 
indicates that the optimal number of dimensions provides a 
balanced trade-off between model complexity and semantic 
representability. Therefore, obtaining additional dimensions 
beyond this threshold does not yield any meaningful 
improvement in the model’s performance or in the proportion 
of variance explained. The document similarity distribution 
in the upper-right graph demonstrates that a significant 
portion of the similarity scores between document pairs is 
concentrated around zero, suggesting substantial semantic 
diversity among the documents in the dataset. This finding 

Table 2. Findings on factor loadings (the first 25 factors and 
their loadings)

Dimension Singular 
value

Explained 
variance

Cumulative 
variance

1 160.8859509 0.090776614 0.090776614

2 92.42407897 0.029957668 0.120734281

3 80.08099461 0.022490373 0.143224654

4 69.12955464 0.016759662 0.159984316

5 66.49003804 0.015504255 0.17548857

6 60.08236854 0.012659945 0.188148516

7 55.41135584 0.010768006 0.198916521

8 53.57346048 0.010065541 0.208982063

9 52.86730212 0.00980194 0.218784003

10 49.70429226 0.008664141 0.227448144

11 48.91963139 0.008392746 0.23584089

12 48.15019038 0.008130809 0.243971699

13 46.6449687 0.007630401 0.251602099

14 45.9798715 0.007414353 0.259016452

15 45.14492498 0.007147524 0.266163976

16 44.01776693 0.006795067 0.272959043

17 43.20480262 0.006546389 0.279505432

18 42.8560118 0.006441118 0.285946549

19 42.28367015 0.006270224 0.292216774

20 41.5990027 0.00606881 0.298285584

21 41.04925133 0.005909466 0.30419505

22 40.44950591 0.005738048 0.309933098

23 39.75590355 0.00554295 0.315476048

24 39.58423607 0.005495184 0.320971233

25 39.1316632 0.005370248 0.326341481
The LSA model includes SVD values corresponding to 160 dimensions. The 
first 25 components presented in this table account for approximately 33% of 
the total variance, while consideration of all components indicates that the 
model explains at least 80% of the variance overall

LSA: Latent semantic analysis, SVD: Singular value decomposition
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indicates that the LSA model effectively distinguishes 
semantically distinct content within the corpus. The 
explained-variance graph in the lower-left section illustrates 
that the first components of the dataset account for a major 
portion of the variance in the LSA model, whereas the 
contributions of the subsequent components are markedly 
lower. This implies that the dominant semantic structure 
within the dataset is represented by a limited number of latent 
semantic components. The cumulative variance curve in the 
lower-right graph provides further clarity by showing that 
the incremental contribution of each additional dimension to 

the explained variance progressively decreases. Overall, the 
results demonstrate that the LSA model effectively captures 
the semantic structure of the dataset and produces outcomes 
that are dimensionally efficient. Accordingly, the number 
of dimensions obtained for the LSA model represents an 
optimal solution, effectively identifying semantic patterns 
while minimizing computational complexity. The correlation 
matrix illustrating the relationships among the documents is 
presented in Figure 3.

Figure 3 shows that correlations among documents vary 
considerably. This indicates that the documents included in 

Figure 2. Performance findings related to the LSA model

LSA: Latent semantic analysis
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the LSA model are not highly correlated. The predominance of 
light-colored areas in the correlation matrix indicates that a 
substantial portion of the documents are either uncorrelated 
or weakly correlated. This finding is particularly important 
for the LSA model, as its main objective is to generate distinct 
semantic dimensions that differentiate between documents. 
Conversely, the presence of light-blue or light-red areas 

suggests that weak or even negative correlations may exist 
between certain pairs of documents. This implies that some 
documents may partially share common semantic patterns 
within the corpus. Overall, no high-level correlations were 
observed in the LSA model, indicating that no excessive 
semantic overlap or redundant components were produced. 
Consequently, the semantic dimensions derived from the 
LSA model are found to be meaningfully distinct from 
one another. On the other hand, the presence of minor 
correlations-although not statistically significant-suggests 
the emergence of shared themes or semantic clusters within 
the dataset. The subsequent findings related to the LSA 
model are presented in Figure 4.

The upper-left graph shows changes in the number of 
publications over time. A noticeable increase in AI-related 
healthcare studies was observed in 2020, reflecting the 
exponential rise in AI research in healthcare during the 
COVID-19 pandemic. The upward trend in publication 
volume continued into 2021, but the number of publications 
appeared to stabilize thereafter, returning to pre-pandemic 
levels. Because this analysis is based on the top 1,000 most-
cited publications, the observed trend must be compared 
with the overall publication trend to provide full contextual 
interpretation. The upper-right graph presents the two-
dimensional representation of five document clusters Figure 3. Document similarity matrix (the first 25 documents)

Figure 4. Descriptive and analytical findings related to the LSA analysis

LSA: Latent semantic analysis
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generated by LSA. Each color in the graph represents a 
distinct cluster. Upon inspection, clusters 1 and 2 appear 
semantically similar, indicating that studies within these 
clusters share thematic content. In contrast, the scattered 
data points represent documents focusing on divergent 
thematic areas, demonstrating semantic diversity across the 
corpus. The group of points in the lower-left region of the 
graph clearly illustrates this dispersion.

The lower-left graph displays the distribution of documents 
across the first two semantic dimensions. The clustering 
pattern on the right side of the graph indicates that most 
documents share a semantic orientation. Areas with 
higher point density indicate documents that share strong 
conceptual similarity, whereas areas with points distributed 
toward the left or along the vertical axis likely represent 
unique or thematically distinct areas within the field. The 
lower-right graph shows the distribution of significant terms 
across the first two dimensions. The term “COVID” is clearly 
separated from the other terms, occupying a distinct region 
in semantic space. This finding suggests that the pandemic 
constitutes a thematically distinct subdomain within AI 
research in healthcare. Conversely, terms such as develop, 
deep, learn, pandemic, vaccine, healthcare, predict, outcome, 
identify, and risk are centrally clustered, implying a strong 
thematic association among studies focusing on AI-driven 
healthcare, deep learning, health outcomes, risk prediction, 
and vaccine-related research.

The isolated placement of the term “COVID” on the semantic 
map indicates that AI studies related to the pandemic 
constitute a distinct thematic domain within the LSA model. 
This also highlights the model’s capacity to semantically 
distinguish pandemic-related AI research from other 
healthcare applications effectively. Overall, the LSA model 
identifies COVID-19 and pandemic-oriented AI research as 
a distinct thematic area. It also underscores the significance 
of AI-assisted clinical decision systems, particularly 
those focusing on risk assessment, prediction, learning, 
and diagnostic processes. Furthermore, the clustering 
of AI-related studies around the terms “healthcare” and 
“outcomes” clearly reveals that health analytics within the 
field of AI has gained an increasingly applied, data-driven 
orientation. In summary, the structure revealed by the LSA 
model demonstrates that, while COVID-19 constitutes a 
semantically distinct theme, most other related concepts 
cluster around the broader domains of health technologies 
and AI applications in healthcare.

Discussion
The LSA model developed for the top 1.000 most-cited studies 
at the intersection of AI and healthcare over the past decade 
demonstrates the model’s ability to reveal the latent semantic 
structure embedded in the textual data. The findings derived 
from the SVD analysis show that the LSA model explains 
at least 80% of the total variance using 160 dimensions. 
Accordingly, the model achieved a high level of performance 
in distinguishing semantic clusters within the corpus. The 
LSA model results reveal that, in a two-dimensional semantic 
space, three distinct clusters form: two are semantically close 
to each other, whereas the third is positioned considerably 
farther away. Specifically, the words “predict” and “use” 
constituted the first cluster; “risk, outcome, deep, vaccine, 
medicine, precision, and image” formed the second cluster; 
and COVID represented the third and final cluster.

The concepts identified through the LSA model highlight 
the critical role of clinical integration between AI and 
healthcare domains, emphasizing their importance for this 
study. The positioning of the word “predict” as a partially 
separate cluster once again underscores the privileged role 
of prediction and foresight in clinical decision-making within 
healthcare. The distinct placement of the word “COVID”, 
on the other hand, provides clear evidence of the model’s 
accuracy and success, as the COVID-19 pandemic has 
been one of the most significant global health phenomena 
since December 2019(42). Although studies focusing on the 
relationship between AI and COVID-19 were predominant 
during the pandemic, their frequency has gradually declined 
in subsequent years. Nevertheless, the COVID-19 theme 
remains a central yet semantically distinct topic, differing 
substantially from mainstream AI-healthcare research 
areas. This is clearly illustrated in the word cloud presented 
in Figure 5.

While COVID-19 remains a prominent topic in AI-related 
studies, the LSA model revealed that COVID-19 does not 
constitute a mainstream research domain in healthcare-
related AI literature. Instead, it occupies a semantically 
distant and unique position in the two-dimensional 
semantic space. This finding demonstrates that the LSA 
model effectively differentiated COVID-19 from the broader 
semantic themes at the intersection of AI and healthcare. In 
this respect, the LSA model yielded unexpected yet insightful 
results by uncovering a hidden dimension of AI research in 
healthcare. The positioning of COVID-19 as a semantically 
distinct cluster highlights not only the value of text analytics 
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as a strategic tool for capturing developments in the health 
sector but also the potential for enhancing digital health 
capacity during global crises characterized by rapid growth 
in scientific publications. As highlighted in the literature, 
the pandemic witnessed a remarkable acceleration in 
telehealth initiatives and the implementation of remote 
healthcare services worldwide(43). Thus, the findings of this 
study emphasize the importance of effectively leveraging 
scientific advancements emerging during crisis periods to 
strengthen the potential of AI in healthcare. For this reason, 
policymakers are encouraged to transform this momentum 
into sustainable progress by strategically investing in digital 
health initiatives, particularly chronic disease management, 
early diagnosis, and risk prediction.

The finding that the COVID-19 theme occupies a semantically 
distinct position in the study demonstrates that research 
orientations in healthcare can shift rapidly during crises. 
Accordingly, it can be inferred that the pandemic has acted 
as a significant catalyst in shaping the clinical reflections and 
practical adoption of AI within healthcare. This observation 
aligns with findings reported in the existing literature(44). From 
a policymaking perspective, this underscores the necessity 
of flexible and adaptive research funding mechanisms that 
can respond swiftly to such thematic shifts during health 
crises such as COVID-19. Furthermore, the results of this 
study indicate that AI research in healthcare has become 
a sustained domain of inquiry. This, in turn, highlights 
the urgent need for a national health data strategy that 
establishes standards for data sharing, ethical frameworks, 
and interoperability across the healthcare system. The 

findings in the literature further support this conclusion(45). 
In this context, strengthening national data infrastructures 
is expected to yield significant advancements in the field 
of AI. The study demonstrates that themes such as deep 
learning and prediction are of critical importance to the 
field of health analytics, as these concepts play a key role 
in the integration of AI applications into clinical practice. 
Within analytic frameworks that utilize patient data, AI 
exhibits a growing convergence with healthcare, spanning 
a wide spectrum-from disease diagnosis to measurement 
of health outcomes. These observations are strongly 
supported by findings reported in previous research(46). 
Moreover, these developments highlight not only the need 
to enhance technological capacity but also the importance 
of strengthening human resource competencies in this 
field. Therefore, to maximize the benefits of AI applications 
in healthcare, it is recommended that AI-based health 
analytics training programs be developed collaboratively 
between universities and healthcare institutions, fostering 
multidisciplinary expertise.

Study Limitations

This study used the WoS database, which may have 
contributed to the variability in findings regarding AI-
healthcare convergence. The literature was analyzed from 
a healthcare management perspective using a holistic 
approach based on LSA, an NLP technique for text data. 
Future research could use alternative modeling approaches 
to compare results and improve generalizability. Given the 
study’s limited dataset, collecting additional data in future 
research could strengthen the LSA models’ representational 
capacity and provide more comprehensive insights into this 
domain. This study was limited to the top 1.000 most-cited 
publications from the past decade. Future research could 
diversify or expand the research unit, thereby enabling a 
broader scope of analysis and more generalizable findings. 
Additionally, incorporating full-text data instead of abstracts 
could yield results with greater representational depth 
and semantic richness. To achieve this, future studies may 
consider employing word-embedding-based models, which 
could enhance the precision and contextual understanding 
in the analysis of textual data.

Conclusion
Finally, the findings of the LSA model demonstrate that data 
derived from AI-related studies in healthcare can serve as 
a valuable resource for policy analysis. Policymakers can 
leverage such data-driven analytical approaches to adopt 

Figure 5. Word cloud of the LSA analysis

LSA: Latent semantic analysis
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evidence-based strategies in shaping future health policies. 
The LSA model used in this study revealed a significant 
convergence between the fields of AI and healthcare, 
indicating that these domains are becoming increasingly 
intertwined. It also showed that technological advancements 
in AI are increasingly reflected in clinical decision-support 
systems and patient-centered healthcare applications.

Drawing on Friedman’s(47) fundamental theorem, it can 
be asserted that a healthcare system enhanced by AI will 
outperform one without AI. Therefore, policymakers should 
develop a strategic framework to safely and ethically 
integrate AI into healthcare-particularly within the domains 
of clinical decision-support and patient care. This framework 
must prioritize regulatory standards, professional training, 
data privacy, and patient safety to ensure responsible 
implementation. Moreover, the study demonstrates that 
text analytics can serve as a strategic tool for capturing 
and monitoring developments in healthcare. Consequently, 
policymakers can use such text-analytic approaches to adopt 
data-driven decision-making frameworks when shaping 
healthcare policies and strategies.
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