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Abstract

Background: Artificial Intelligence (Al), as a transformative technology, has found widespread applications in the health and
hospital sectors.

Objectives: The present study aimed to analyze scientific articles related to Al in hospitals using text mining methods to identify
dominant topics and emerging trends.

Methods: In the present study, text mining and topic modeling approaches were used to analyze research trends and identify
dominant topics. The research steps included data collection from Scopus, text preprocessing, extraction of frequent words,
topic modeling using Latent Dirichlet Allocation (LDA), and visualization. All steps were performed using the Python
programming language and open-source libraries, such as NLTK, Gensim, Matplotlib, scikit-learn, and pyLDAvis.

Results: A total of 2238 records related to Al in hospitals were collected from Scopus since 2000. The terms "patient," "model,"
"machine learning," and "artificial intelligence" were identified as the most frequently used terms. The dominant topic clusters
included "patient monitoring," "data-driven systems," "service innovation and emerging technologies," "clinical outcome
prediction," "COVID-19 risk prediction," "mortality and hospitalization prediction," "health tourism," "management and
implementation," and "hospital death prediction." Most articles were in the clusters "clinical outcome prediction modeling" (663
documents) and "mortality and hospitalization prediction" (335 documents). The publication trend has accelerated significantly
since 2018, especially in the clusters "clinical outcome prediction" and "management and implementation."

Conclusion: Conclusion: Artificial intelligence in hospitals has grown rapidly over the last two decades. The shift from limited
applications in modeling and prediction to interdisciplinary areas and innovative services indicates the gradual growth of this

technology and its role in improving the quality of care, optimizing organizational processes, and developing new services.
Keywords: Artificial Intelligence, Hospital, Text Mining, Topic Modeling

1. Background

Artificial intelligence (AI) plays a crucial role in the
development and improvement of healthcare systems,
particularly in hospitals.! The scope of application of Al
in the hospital environment is broad and ranges from
early diagnosis of diseases and prediction of exacerbation
of patients' clinical condition to optimization of hospital
operations and improvement of patient-centered care.>
In clinical settings, Al aids in disease diagnosis, predicts
treatment outcomes, and personalizes treatment plans. In
hospital management, Al can significantly transform the
provision of healthcare services by leveraging new
technologies, including 5G, the Internet of Things (IoT),
wearable devices, robots, and smart applications. These
systems reduce the workload of healthcare staff and
optimize resource management by automating processes,
such as patient registration and discharge, sending timely
reminders, and environmental cleaning. Moreover, by

analyzing patient data and monitoring the status of

epidemics, such as COVID-19, Al plays a pivotal role in
allocating resources, tracing the origin of the virus, and
monitoring the quality of care.™>®

The development of Al technologies and their diverse
applications in the health and hospital sectors has led
researchers to conduct extensive research in this area.'
Research into the applications of Al in healthcare and
within hospitals is considered an important area of
innovation.”

Recent studies indicate a significant growth in the use
of Al in hospitals to improve clinical and management
processes. Despite the increasing growth of research and
case implementations in hospitals, a holistic and
comprehensive analytical view of current trends and
prevailing issues in this field is essential. Most past
studies have either focused on specific applications, such
as image recognition, acute care, or management of high-
risk patients. In this regard, Veldhuis et al. in a systematic
review, examined the performance of Al-based models
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for predicting mortality and clinical deterioration in non-
critical care patients and reported that most of these
models had high predictive accuracy.® Similarly,
Romero-Brufau et al. reported a 25% reduction in
readmission rates by implementing an Al tool to predict
readmission risk in a regional hospital, indicating the
positive impact of this technology in the reduction of
quality gaps.” Moreover, Klumpp et al. examined diverse
applications of Al in European hospitals, including data
management, clinical decision support, and improving
human-computer interaction, emphasizing the need for
specialized solutions to overcome privacy and human
acceptance challenges.?

In other areas, Varnosfaderani and Forouzanfar
considered the role of Al in medical image analysis,
patient monitoring through wearable devices, and hospital
operations optimization, noting ethical challenges like
data privacy and algorithmic biases.!® Wan emphasized
the importance of interdisciplinary collaboration in
developing theoretical and applied Al frameworks and
introduced patient-centered approaches as a key trend.!!
Moreover, Rashid et al. highlighted the applications of
Al in early disease diagnosis, robotic surgery, and
personalized medicine in their review, emphasizing
the need for investment in research and development
to overcome security challenges and algorithmic
transparency.® Collectively, these studies demonstrate
the diversity of applications of Al in hospitals and its
potential to improve healthcare. Accordingly, given the
broad and multidisciplinary nature of Al-related research
in hospitals, extracting macro insights from published
scientific articles in this field can provide a better
understanding of advances, challenges, and research gaps.
For instance, Wan demonstrates that partnerships among
researchers, healthcare providers, and data scientists are
crucial for the development of value-based Al-driven
approaches to hospital care.!!

2. Objectives

The present study, using text mining and topic modeling
methods, aims to draw a comprehensive picture of
emerging trends, dominant topics, and upcoming
opportunities in this field by analyzing the content of
scientific articles related to Al in hospitals.

3. Methods

The present study aimed to analyze research trends and
identify dominant topics in the field of Al in hospitals
using text mining and topic modeling approaches. The
research methodology consisted of five main steps: data
collection, text preprocessing, extraction of frequent
words, topic modeling using the Latent Dirichlet
Allocation (LDA) method, and analysis of similarity
between topics. All steps were carried out using the
Python programming language and open-source libraries,

including NLTK, Gensim, Matplotlib, scikit-learn, and
pyLDAvis.

3.1. Data Collection

The data for this study was retrieved from the Scopus
database, one of the most comprehensive sources for
indexing scientific articles, on August 1, 2025, based on
the following search strategy:

(TITLE ("artificial intelligence" OR Al OR "computer
reasoning" OR "computational intelligence" OR "computer
vision*" OR "machine learning" OR "Deep learning" OR
NLP OR "natural language processing") AND TITLE
(hospital*)). The selected time frame was 2000 until the
time of data collection. For better analysis of the texts,
the Title and Abstract columns were merged and
combined into a single text field.

3.2. Text Preprocessing

Text preprocessing is an essential step in natural language
analysis."> In the present work, the preprocessing
included the following steps:

* Converting all letters to lowercase;

* Replacing synonyms, such as "AI" with "artificial
intelligence" and "ML" with "machine learning";

* Removing numbers and punctuation marks from the text;
* Tokenization using the NLTK library;

* Removing stopwords by combining the standard NLTK
list with common words, useless for them in scientific
articles, such as "method," "study," and "result";

* Lemmatization (reduction of words to their common
roots) using the WordNet Lemmatizer;

* Detecting and creating bigrams (common two-word
phrases) using the Phrases model in the Gensim library;

* Removing very short words (less than four letters)
unless they are meaningful (e.g., "AI", "ML").

The preprocessed texts were stored in a separate column
and used for subsequent analyses.

3.3. Word Frequency Analysis

The most frequent words were extracted using frequency
counting. The top 50 keywords were then plotted
graphically using the WordCloud library to provide an
overview of the dominant concepts in the data.'3

3.4. Topic Modeling Using LDA

The LDA algorithm was used to discover hidden
semantic structures in a collection of texts.'* The steps of
applying this method are as follows:

* Creating a dictionary and a bag-of-words (BoW)
representation for each document;

* Determining the optimal number of topics by testing
LDA models in a range of 2-20 topics and calculating the
semantic coherence score using the c_v criterion;

* Training the final model with the optimal number of
topics;
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Then, each article was assigned to a topic cluster
based on the maximum probability, and keywords were
extracted and recorded for each topic.

The interpretation and labeling of the topics were
performed manually by the authors through an inductive
review of the top keywords and representative article
titles in each cluster. This qualitative interpretation
process was conducted collaboratively by all authors to
ensure consensus and consistency in assigning meaningful
labels that accurately reflected the semantic content of
each topic.

3.5. Topic Similarity Analysis

To examine the semantic similarity between topics, we
first represented the keywords of each topic using TF-
IDF vectors. Then, we calculated the cosine similarity

between topics, and the results were displayed as a
heatmap using Seaborn. '3

3.6. Final Outcome and Storage

The final outcome included the article title, abstract,
publication year, topic cluster number, and selected
keywords for each topic. This data was prepared and
stored in an Excel file named clustered data with
keywords.xlsx for subsequent analyses.

4. Results

According to a search conducted in the Scopus database,
2238 records related to the subject area of Al in hospitals
have been collected since 2000. Figure 1 demonstrates
the most important words used in scientific publications
in the subject area of Al in hospitals.
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Figure 1 indicates that the words "patient," "model,"
"machine learning," and "artificial intelligence" were the
most important and frequently used words in the
scientific publications related to smart hospitals.

Then, in order to perform topic modeling, the desired
number of clusters was obtained using the coherence
score. Accordingly, Figure 2 demonstrates the coefficients
of the number of topic clusters between 2 and 19 clusters.
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The optimal number of topics was determined based
on the highest semantic coherence score observed in
Figure 2. Specifically, it selected nine topics, as this point
represented the beginning of the plateau in the coherence
curve, indicating an optimal balance between model
complexity and interpretability.

Accordingly, the most important words of the
obtained topic clusters are shown in Figure 3.
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Figure 3. Word Cloud of Topic Clusters of Scientific Publications Related to Al and Hospitals.

According to Figure 3, the extracted topic clusters are
named as patient monitoring, data-driven systems, service
innovation and emerging technologies, clinical outcome
prediction, COVID-19 risk prediction, mortality and
hospitalization prediction, health tourism, management

Table 1. Topic Clusters with Associated Keywords and Document Count

and implementation, and hospital death prediction.

In addition, Table 1 presents the obtained topic
clusters along with the most important keywords selected
for each cluster and the number of documents in each
cluster.

Topic Important Keywords Label Num.

Topic 0 Delirium, tool, machine_learning, model, artificial_intelligencebased, Patient monitoring 25
admission, measure, fatigue, stage, patient_flow, feature, ehealth, specimen,
alignment, shift.

Topic 1 Hospital, system, patient, data, model, machine_learning, algorithm, Data-driven systems 310
artificial_intelligence, medical, information, deep_learning, health, care,
network, healthcare.

Topic 2 GenAl, service_innovation, device, clinician, accuracy, risk, position, journal, Service innovation and emerging 18
evaluation, senior, contour, accidental_fall, author, dependence, unit. technologies

Topic 3 Model, machine_learning, patient, hospital, data, algorithm, outcome, Clinical outcome prediction 663
prediction, clinical, predicting, predict, accuracy, readmission, performance,
technique.

Topic 4 Patient, model, COVID, clinical, machine_learning, risk, algorithm, mortality, COVID-19 risk prediction 118
high, cohort, hospitalization, group, dry_socket, biomarkers, feature.

Topic 5 Model, machine_learning, patient, prediction, data, mortality, clinical, Mortality and hospitalization 335
variable, risk, performance, hospitalization, hospital, predicting, outcome, prediction
score.

Topic 6 Artificial_intelligence, hospitality_tourism, hospitality, employee, customer, Health tourism 177
relationship, service, tourism_hospitality, hotel, review, industry, intelligence,
model, hospitality_industry, chatbots.

Topic 7 Artificial_intelligence, hospital, technology, management, healthcare, Management and implementation 310
adoption, service, patient, implementation, potential, integration, challenge,
industry, data, impact.

Topic 8 Model, patient, machine_learning, prediction, risk, inhospital_mortality, Hospital death prediction 282
mortality, hospital, score, clinical, developed, algorithm, data, sepsis,
predicting.
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Table 1 indicates that the topics clinical outcome
prediction modeling (cluster 3) with 663 documents and
the topic mortality and hospitalization prediction (cluster
5) with 335 documents include the largest number of
articles, reflecting the focus of research on developing
prediction models for clinical outcomes, such as mortality,
readmission, and treatment performance.

Moreover, the presence of topics such as COVID-19
(cluster 4), technology implementation and management
in hospitals (cluster 7), and even health tourism (cluster
6) demonstrates that research in this area is diverse and
has also expanded into interdisciplinary areas.

Figure 4 indicates the degree of similarity between the
topic clusters.
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Figure 4. Similarity between Topic Clusters Obtained from Topic Modeling of Scientific Publications on Al and Hospitals.

Figure 4 indicates that the highest semantic similarity
is observed between Cluster 5 (prediction of mortality
and hospitalization) and Cluster 8 (prediction of death in
hospital), with a value of 0.58. Another relatively strong
relationship is observed between Cluster 3 (prediction of
clinical outcome) and Cluster 5 (prediction of mortality
and hospitalization), with a value of 0.54. There is also a
moderate semantic relationship between Cluster 3
(prediction of clinical outcome) and Cluster 8 (prediction
of death in hospital), as well as between Cluster 4
(prediction of COVID-19 risk) and Cluster 5 (prediction
of mortality and hospitalization), with a value of 0.32.
Other clusters, such as Cluster 0 (patient monitoring),
Cluster 1 (data-driven systems), Cluster 2 (service

innovation and emerging technologies), and Cluster 6
(health tourism), showed minimal semantic relationships
with other clusters.

Figure 5 indicates the publication trend of topics from
2000 onwards.

Figure 4 illustrates that the publication trend of topics
from 2000 onwards has generally accelerated since 2018
and peaked from 2021 to 2024. In this regard, Cluster 3
(prediction of clinical outcomes) has experienced the most
growth, with an upward trend since 2018, and reached its
peak in 2024, comprising 156 documents. Cluster 7
(management and implementation) has experienced
significant growth since 2020, reaching its highest levels
in 2024 and 2025, with 119 and 104 documents, respectively.
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Figure 5. Scientific Publication Trend in the Field of Al and Hospitals.

Cluster 5 (prediction of mortality and hospitalization) has
also shown an increasing trend since 2018 and reached its
highest level (63 to 73 documents) between 2022 and
2024. Cluster 8 (prediction of in-hospital death) has
demonstrated moderate growth since 2019 and peaked in
2023 with 61 documents. Cluster 1 (data-driven systems)
has experienced significant growth since 2019, reaching
69 documents in 2024, highlighting the importance of
data infrastructure in the digital transformation of
hospitals. Cluster 6 (health tourism) has grown since
2018 and peaked at 64 documents in 2024. Cluster 4
(COVID-19 risk prediction) had the highest number of
publications in 2021, with 30 documents. Cluster 0
(patient monitoring) and Cluster 2 (service innovation
and emerging technologies) have much lower publication
volumes than other clusters and do not show significant
ups and downs.

5. Discussion

The results of the present study indicate that Al in
hospitals has undergone a rapid evolutionary path over
the past two decades, expanding from its initial limited
areas of modeling and prediction to encompass a range of
interdisciplinary topics. According to the results of the
present study, the significant increase in scientific
production since 2018, particularly in the areas of clinical

outcome prediction and management, as well as
implementation, indicates the impact of technical
advances in deep learning, big data processing, and the
expansion of hospital digital infrastructure. Additionally,
although the findings reveal the presence of nine distinct
thematic clusters, the primary focus of the research has
been on predicting clinical outcomes, mortality, and
readmission. This issue indicates that the development of
machine learning (ML)-based predictive models remains
the core of innovations in hospitals. Veldhuis et al. also
noted that the most common clinical applications of Al
were in the early identification of patient deterioration
and the prediction of treatment outcomes. Their study
also showed the high accuracy of Al models in clinical
prediction and mortality,® which is consistent with the
results of the present study. In addition, Kashani and
Dastahi showed the growth trend of research in the field
of AI in medical sciences since 2000. Moreover, the
terms "machine learning" and "deep learning" have been
proposed as key concepts in this field,! which is also
consistent with the results of the present work.

One of the highlights of the current study is the
inclusion of emerging topics, such as COVID-19 risk
prediction and health tourism, on the topic map. Although
the topic of COVID-19 peaked in 2021, it has had a
smaller share of scholarly output since the pandemic

Hospital Practices and Research 2026;11(1):804-811 | 809
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subsided, a pattern also observed in bibliometric studies.!®
In contrast, health tourism, as an interdisciplinary field
that links AI technologies with cross-border healthcare
services,'” has seen steady growth, reflecting a gradual
shift in research towards commercialization models and
innovative services.

In addition, based on the results of the present study,
there is a substantial similarity between the clusters of
clinical outcome prediction, mortality and hospitalization
prediction, and in-hospital death prediction. This topic
convergence reflects methodological commonalities and
the use of similar data (e.g., electronic health records and
real-time clinical data). Previous studies have also
demonstrated that Al and ML models have performed
significantly in predicting clinical outcomes, such as
in-hospital mortality, length of stay, and disease
recurrence. 820

From a time perspective, the growth in publications
since 2018, particularly in the clinical outcomes
prediction cluster, reflects the impact of technological
developments and the increasing availability of big data
in hospitals. This trend is consistent with the findings of
Bates et al. (2020), who suggest that one of the reasons
for the rapid growth of Al applications in healthcare is
related to algorithmic advances and data infrastructures.?!
However, the significant growth of the management and
implementation cluster since 2020 is likely due to a
greater focus on the operational and organizational
challenges associated with integrating Al technologies
in hospitals. The topic of "health tourism," as an
interdisciplinary area, reflects the expansion of Al
applications beyond clinical care. However, the relatively
low volume of publications in this cluster compared to
the clinical clusters indicates the need for more research
in this area. In this regard, evidence suggests that despite
the relatively small share of this sector in the tourism
industry, it has a high capacity to generate income and
improve health services. The use of Al can contribute to
the sustainable development of this industry by
improving access, analyzing patient data, and optimizing
the management of medical and residential centers.?

6. Conclusion
The results of the present study indicate that Al in
hospitals has evolved from limited, model-based
applications toward diverse interdisciplinary domains.
The findings derived from topic modeling and word
frequency analyses clearly demonstrate that the dominant
research focus has been on clinical outcome prediction,
mortality and hospitalization prediction, and management
and implementation. This confirms that predictive
modeling remains the core area of innovation in hospital-
based Al research.

Furthermore, the emergence of topics such as
COVID-19 risk prediction, health tourism, and data-

driven systems reflects the growing integration of Al into
both clinical and managerial contexts, extending beyond
traditional medical applications. The temporal trend
analysis also revealed a substantial growth in publications
since 2018, particularly in clusters related to outcome
prediction and hospital management, which aligns with
global advances in deep learning, big data analytics, and
hospital digital transformation.

These findings collectively suggest that AI has
become not only a technological innovation but also a
strategic enabler in transforming healthcare delivery,
improving operational efficiency, and fostering innovation
in hospital environments. The evidence obtained from
this study supports the notion that the future of Al in
hospitals will increasingly focus on implementation
challenges, ethical considerations, and interdisciplinary
collaboration to achieve sustainable and human-centered
innovation in healthcare.

Research Highlights

What Is Already Known?

e Alis widely used in hospitals for tasks such as diagnosis,
patient monitoring, and operational optimization.

e Bibliometric analyses of Al in healthcare exist, but few
focus specifically on thematic evolution within hospital
contexts.

What Does This Study Add?

e Text mining of 2,238 scientific articles reveals a sharp
increase in hospital-based Al research since 2018.

¢ Nine core topic clusters were identified, with "Clinical
Outcome Prediction" and "Mortality & Hospitalization
Prediction" as the most prevalent themes.
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