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Abstract: The integration of artificial intelligence (AI) into medical practice has become a critical focus
in contemporary medical research. This bibliometric analysis examined the scope of AI utilization
across the healthcare spectrum by analyzing a significant body of publications from the Scopus and
PubMed databases. After removing duplicates and reviews, a total of 2061 articles were assessed
using VOSviewer software (version 1.6.20). The results were organized into two main sections:
influential factors and thematic directions of AI integration in healthcare. The first section highlights
the most productive countries, authors, and institutions in terms of publications. The second section
explores the keywords used in the relevant literature, and identifies the main thematic areas where
AI has a significant impact in medical sector. The findings of this study aimed not only to assess AI’s
current contributions to medicine in general but also to highlight specific technological advancements
across medical departments, offering a comprehensive overview.

Keywords: artificial intelligence; healthcare; bibliometric analysis; network visualization; human–AI
interaction; medical departments

1. Introduction

Undoubtedly, the potential of AI has raised great expectations in industries such
as healthcare. This is because the challenges faced by humanity in the field of health are
diverse and of varying nature. The case of COVID-19 alone has underscored how vulnerable
humanity is to such challenges, where failing to address them results in significant costs,
including the loss of lives. Therefore, AI emerges as a crucial resource in humanity’s
endeavor to confront these challenges and improve living conditions.

The integration of AI in the context of medical research has not only taken place in
the last four years, during which we have witnessed a significant surge in interest but has
actually been ongoing for decades. A prime example of this is the research project con-
ducted by Weber et al. [1]. During this early phase, these scholars focused on issues related
to interactive graphics within computer-mediated medical seminars. Similarly, a few years
later, Trappl [2] evaluated the importance of the interaction of AI in another field, specifi-
cally psychotherapy, examining the evolving perspective around the psychotherapeutic
interaction between humans and computers.

The last term is also the prevailing one in the relevant literature, evolving with different
definitions over the years. Joubert et al. [3], Bolc et al. [4], Anbar and Anbar [5], and Torasso
et al. [6] introduced the term “Man-Machine Interaction” in the 1980s. Agah and Tanie [7] in
the late 1990s distinguished between “Human-Machine Interactions” and “Human-Robot
Interactions”. More recently, several scholars have adopted the term “human-artificial
intelligence interaction”, including Gaczek et al. [8], Su et al. [9], Van Berkel et al. [10],
Wiebelitz et al. [11], and Sivaraman et al. [12].
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The diversity of the conceptual definition, however, is not accidental. Given the
multidimensionality of medical issues, AI has all of the elements needed to address long-
standing and entrenched challenges in various medical disciplines. Special emphasis
has clearly been given to the treatment of various forms of cancer and oncology [13–15],
geriatrics [16,17], cardiology [18], and even dentistry [19].

The specific aim of this research is to analytically describe and critically assess the
scope and depth of AI’s utilization in different medical fields, identifying technological
advancements as well as areas needing further exploration. For this purpose, this study
introduces a novel bibliometric approach by comprehensively tracing the evolution and
integration of AI within these sectors, highlighting key trends and shifts not previously
synthesized in the literature.

Many researchers have attempted to review the integration of AI in healthcare [20,21];
however, these reviews have not comprehensively covered the entire period from the initial
stages of AI, nor have they provided detailed information per medical department. Our
research fills this critical gap by offering new insights into AI’s role and its developmental
trajectory in healthcare, and pinpointing specific applications and impacts across various
medical specialties.

Hence, this research seeks to address the following questions:

1. What are the most influential countries, institutions, sources, and authors in the field
of AI interaction with healthcare?

2. What are the main thematic areas of research in AI interaction with healthcare?
3. Which medical departments have integrated AI according to each thematic area

of research?

The structure of the paper is as follows: We begin by detailing our research methodol-
ogy. We then proceed to the analysis phase, starting with an explanation of our bibliometric
and cluster-based content analysis. Following this, we identify the thematic subjects of
the relevant literature. This leads us into the discussion section, where we elaborate on
the advancements made using AI over the years in various medical areas, organized by
thematic area. Finally, the conclusion section summarizes the paper, considers the study’s
limitations, and outlines potential avenues for future research.

2. Research Methodology

To address the aforementioned research questions, we employed the bibliometric
analysis technique as our methodological approach. Within this framework, the careful
selection of databases for sourcing information, along with the criteria used to determine
the eligibility of studies for analysis, was deemed crucial.

With regard to the first parameter, our objective was to encompass a broad spectrum
of academic publications from databases widely recognized within the scientific commu-
nity. Consequently, we opted for the Scopus and PubMed databases, renowned for their
extensive collection of academic publications pertaining to AI and medicine.

However, these two sources are rarely combined for bibliometric analysis due to
significant disparities in the information they provide. Specifically, the CSV file obtained
from PubMed lacks certain data such as the number of citations, associations, abstracts, and
index keywords, which would need to be manually extracted by the researcher from each
article’s PubMed page. Moreover, the different categorizations used by the two databases at
the publication type level do not align. For instance, Scopus classifies documents as “Con-
ference Paper, Book Chapter, Book, Review, Conference Review”, while the corresponding
PubMed categories include “Clinical Conference, Consensus Development Conference,
NIH, Books and Papers, Review, Systematic Review”.

This issue was addressed with seriousness to facilitate the continuation of the research
process and the effort to integrate the two databases. This was particularly due to our
focus during the search on studies published in scientific journals, books, and conference
proceedings, while excluding newspapers, opinion pieces, and news articles.
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Furthermore, from our sample, we deemed it appropriate to exclude all kinds of
reviews, aiming primarily to identify the bibliometric characteristics of original articles.
The practice of omitting reviews from the bibliometric analysis was also adopted in other
studies assessing the role of AI in healthcare, as demonstrated by Saheb et al. [22] in
their study on ethics and the use of AI in the sector. The rationale behind excluding
review articles was based on their tendency to over-represent certain topics through the
aggregation of multiple primary studies, which could skew the results of our thematic
analysis. The detailed screening criteria for the exclusion of reviews are presented in
Table 1.

Table 1. Screening Criteria for Excluding Review Articles.

Stage Description

1. Initial Filtering

- In Scopus, document type filters were used to exclude “Review”
and “Conference Review” documents.

- In PubMed, documents categorized under “Review” and
“Systematic Review” publication types were excluded.

2. Content Screening

- Two scholars independently reviewed the abstracts and, where
necessary, the full texts of the remaining articles to determine if they
were review articles.

- Discrepancies in classification were resolved through discussion
and consensus to ensure accuracy.

Based on the rationale outlined above, we initially retrieved data from the two
databases on 29 March 2024. We used the keywords “medical” or “healthcare”, “in-
teraction”, and “artificial intelligence” in the title, abstract, and keywords (TI-ABS-KEY)
field of the Scopus database, identifying a total of 2241 articles. Similarly, in the PubMed
database, employing the same terms resulted in 319 articles. Table 2 summarizes the
queried databases and the specific search terms used. As an inclusion criterion for both
databases, articles needed to be in English.

Table 2. Queried databases and search terms.

Database Research String

Scopus

TITLE-ABS-KEY (“medical” OR “healthcare”) AND TITLE-ABS-KEY (“interaction”)
AND TITLE-ABS-KEY (“artificial intelligence”) AND (LIMIT-TO (LANGUAGE,
“english”)) AND (LIMIT-TO (DOCTYPE, “ar”) OR LIMIT-TO (DOCTYPE, “cp”) OR
LIMIT-TO (DOCTYPE, “ch”) OR LIMIT-TO (DOCTYPE, “bk”))

PubMed

(“medical” [Title/Abstract] OR “healthcare” [Title/Abstract]) AND “interaction”
[Title/Abstract] AND “artificial intelligence” [Title/Abstract] AND English
[Language] AND (“Journal Article” [Publication Type] OR “Clinical Conference”
[Publication Type] OR “Consensus Development Conference” [Publication Type] OR
“Consensus Development Conference, NIH “[Publication Type] OR “Books and
Documents” [Publication Type])

The searches in both databases were followed by comparing the results to identify and
eliminate duplicate entries—articles included in both databases. Each potential duplicate
was manually checked to confirm its status as a duplicate. This involved verifying the titles,
authors, publication years, and other relevant details to ensure accuracy. Consequently, a
total of 195 articles found in both Scopus and PubMed were removed from our sample.
Within this group, we identified an article by Krishnamoorthy et al. [23] that was listed
twice in the Scopus database, as well as instances where the same article appeared with
different publication years in the two databases [24–29]. After identifying these duplicates,
each entry was meticulously reviewed to confirm its uniqueness in terms of content and
publication details, ensuring the removal of any erroneous duplicates. Thus, after merging
the samples from both databases, we obtained a combined total of 2383 articles.
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In these articles, a thorough examination of their content was conducted by two
scholars to identify any review articles that were not detected through the initial search
queries. As a result, 304 articles were excluded from our sample, yielding a final count
of 2061 articles. This process highlights our commitment to maintaining a high standard
of research integrity by ensuring that our findings are based on the most pertinent and
original research available. Table 3 summarizes the process we followed to select the final
sample for analysis.

Table 3. Steps in the research process.

Steps
Databases

Total
Scopus Pubmed

1. Papers are retrieved using research strings (Filtering
Articles, Conference Proceedings, and Book chapters; No
Reviews; Only in English)

2241 319 2560

2. Duplicates are removed (Articles in both databases with the
same title, authors, and abstract) −195

3. Reviews are removed after screening (Content screening for
identifying review articles) 202 102 −304

4. Final sample is determined 2039 22 2061

3. Results

Next, we present the results of the bibliometric analysis. Firstly, we start by listing
the outcomes of a bibliographic-coupling analysis of influential elements, encompassing
countries, authors, institutions, sources, and documents. Following that, we proceed to
a co-occurrence analysis of keywords, extracting the main thematic fields in which the
literature concerning the interaction of AI in the medical field has focused.

3.1. Key Influential Factors through Bibliographic-Coupling Analysis
3.1.1. Annual Publication Volume

One of the factors considered in bibliometric analysis pertained to the volume of
publications per year. This is aimed at understanding the emergence and growth of
scientific interest in the relevant literature.

As seen in Figure 1, the earliest articles on the interaction of AI in the medical field
date back to the 1970s, but their frequency remained low until the end of the millennium.
Starting in 2005, the number of publications began to rise significantly, showing an almost
linear upward trend until 2018, when there was a sharp increase in research interest in
this topic.

Notably, from 2018 to 2019, the number of publications surged by approximately 51%,
and this growth rate remained high between 2020 and 2021 (50%). In the subsequent two
years, the annual increase remained above 35% (2022: 325 records, 2023: 485 records).
Despite 2024 data only covering the first three months, the rapid growth appeared to
continue. This trend confirmed that the use of AI in the medical field, especially in terms of
interaction, is attracting increasing research interest. This is likely due to the capabilities
offered by processing large volumes of data multifactorially in a short time, which can
provide insights into complex medical issues.

An additional observation from Figure 1 was the distribution of publications across
the two selected databases, Scopus and PubMed. The green line, representing duplicates,
shows the number of articles that appear in both databases annually, helping to visualize the
overlap and the growing convergence of literature in these two major databases. Notably,
no conference papers or books were found in PubMed, during our specific search.
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3.1.2. Geographic Distribution of Productivity Rates

Giving attention to the distribution of documents by their geographic location, it
is important to note that the VOSviewer analysis considers the location of the authors’
affiliations rather than the publishers. This approach ensures that our data reflect the actual
regions where the research is being conducted, providing a more accurate representation of
global research activities.

Tables 4 and 5 illustrate the distribution of publications by continent and country,
respectively. It is observed that Europe and Asia are the continents with the highest
productivity, accounting for more than 72% of the total published studies.

Table 4. Geographical distribution across continents.

Continent Number of Publications

Europe 1158
Asia 912

Americas 725
Oceania 80
Africa 57

Table 5. Allocation across the top ten most prolific countries.

Country Number of Publications

United States 536
China 238
India 237

United Kingdom 179
Germany 156

Italy 138
Canada 103
Spain 87

Netherlands 72
France 68

At the country level, the most productive are the United States and China, followed
by India, the United Kingdom, Germany, and Italy. These six countries together account
for half of the total publications (approximately 50.5%).
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Figure 2 illustrates the interconnected networks between countries regarding pub-
lications in the literature on AI’s role in the medical industry. In our analysis, to rectify
inaccuracies concerning the countries of publication, we created a thesaurus file. This file
facilitated the merging of terms referring to the same country. For instance, “U.S.A.” was
merged with “USA” and “United States”; “Republic of Ireland” with “Ireland”; “west
ger”, “West Germany”, “Hamburg Germany” and “Deutschland” with “Germany”; “Ind”
with “India”; and “U.A.E.” with “United Arab Emirates”. The network of relations encom-
passed a total of 106 countries. However, five countries were excluded as they lacked any
developed relations with other countries.
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Figure 2. Country collaboration network.

Through analysis using the VOSviewer software (version 1.6.20), we identified 14 dis-
tinct network clusters of cooperating countries at the publication level. Many of these
clusters consisted of neighboring countries. Table 6 displays countries organized by cluster
and color, mirroring the map’s presentation. Countries in bold indicate the highest level of
contribution in terms of publications compared to all other countries in the same cluster.

Table 6. Number of countries per collaboration cluster in terms of publications.

Cluster (Color) Countries

1 (Red)
Albania, Austria, Bosnia and Herzegovina, Bulgaria, Czech Republic,
Estonia, Finland, Greece, Nigeria, North Macedonia, Poland, Portugal,
Serbia, Slovakia, Sweden

2 (Green) Australia, Bahrain, Bangladesh, Brazil, Chile, Iraq, Japan, Jordan, Malaysia,
Qatar, Saudi Arabia, Tunisia, United Arab Emirates, Yemen

3 (Blue) Algeria, Angola, Colombia, Ecuador, Mexico, New Zealand, Oman, Pakistan,
Panama, Puerto Rico, South Korea, Spain

4 (Yellow) Egypt, Indonesia, Kyrgyzstan, Latvia, Moldova, Netherlands, Romania,
Syrian Arab Republic, Ukraine

5 (Purple) Canada, Hungary, Lebanon, Luxembourg, Macao, Russian federation, South
Africa, Thailand, United States

6 (Light Blue) India, Kenya, Nepal, Slovenia, Turkey, Uruguay

7 (Orange) Belgium, Cyprus, Germany, Ghana, Israel, Singapore, Tanzania

8 (Brown) Ireland, Liechtenstein, Lithuania, Malta, Norway
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Table 6. Cont.

Cluster (Color) Countries

9 (Pink) Ethiopia, Iran, Sri Lanka, Taiwan, Vietnam

10 (Pink light) China, Croatia, Guatemala, Hong Kong, Uzbekistan

11 (Green light) Denmark, Iceland, Liberia, Morocco

12 (Grey) Cameroon, Italy, Switzerland, Uganda

13 (Yellow Dark) France, Peru

14 (Purple Light) Kuwait, United Kingdom
Note: The country with the highest number of publications in each of the 14 clusters is indicated in bold.

3.1.3. Distribution of Publications across Various Types and Publishers

Utilizing the formulated search terms, the bibliometric analysis focused on the three
primary types of publications that gathered the highest number of entries in the relevant lit-
erature. So, regarding the interaction of AI in the medical field, as shown in the subsequent
Table 7, there was a notably higher preference for publications in journals (1019) compared
to books (516) and conference papers (526).

Table 7. Documents by more popular journals/venues (>10).

Type Journal/Venue Name Publisher Contributions

Journal
(n = 1019)

Artificial intelligence in medicine Elsevier 53

International journal of medical informatics Elsevier 27

Journal of biomedical informatics Academic Press Inc. 25

IEEE access IEEE Inc. 19

Journal of medical internet research JMIR Publications Inc. 15

ACS applied materials and interfaces ACS Publications 11

Book series/
Book chapters

(n = 516)

Lecture notes in computer science (including subseries lecture
notes in artificial intelligence and lecture notes

in bioinformatics)
Springer 173

Studies in health technology and informatics IOS Press 75

Advances in intelligent systems and computing Springer 23

Communications in computer and information science Springer 23

Lecture notes in networks and systems Springer 12

Studies in computational intelligence Springer 10

Conference and
Proceedings

(n = 526)

ACM international conference proceeding series ACM 22

Conference on human factors in computing systems ACM 14

Progress in biomedical optics and imaging proceedings
of SPIE SPIE 11

Journal of physics conference series IOP Publishing Ltd. 10

Table 7 also displays the sources of academic publications that have contributed most
significantly to the specific literature, along with their publishers. It shows various types of
sources that have supplied more than 10 publications to the literature on the interaction of
AI in the medical field.

In the realm of academic journal publications, the majority were contributed by “Arti-
ficial Intelligence in Medicine” and “International Journal of Medical Informatics”. These
journals, published by Elsevier, together accounted for approximately 80 studies. “Journal
of Biomedical Informatics”, published by Academic Press Inc., also made a significant
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contribution with 25 papers, while “IEEE Access” from IEEE Inc. added another 19 articles.
The group of academic journals with more than 10 publications included JMIR Publica-
tions Inc. and ACS Publications, with their leading journals “Journal of Medical Internet
Research” and “ACS Applied Materials and Interfaces”, respectively.

Focusing on the sources of publication with the most significant contributions outside
of academic journals, we find that both books and conference papers feature different pub-
lishing houses playing a pivotal role. Springer dominates in book publications, particularly
with its “Lecture Notes in Computer Science” series, which boasts 173 publications and
significantly enriches the reviewed bibliography. In the realm of books, IOS Press stands
out with “Studies in Health Technology and Informatics”, contributing 75 publications. For
conference proceedings, the prominent publisher ACM leads with its “ACM International
Conference Proceeding Series” and the “Conference on Human Factors in Computing
Systems”, both of which are influential in this domain.

Additionally, with the aim of distinguishing the networks formed among different
sources, we utilized VOSviewer again. In total, out of 1108 distinct source titles, 797 com-
prised the largest set of connected items. As depicted in Figure 3, dense yellow clusters
are identified among the most significant sources. The following elements are notable as
their density color closely resembles yellow. “Lecture Notes in computer science” is part
of a cluster with Total Link Length (TLS) 1319. “Artificial Intelligence in Medicine” ranks
second with TLS 1123. “Journal of Biomedical Informatics” holds the third position with
TLS 707. “International Journal of Medical Informatics” secures fourth place with TLS 634.
Lastly, “Studies in Health Technology and Informatics” ranks fifth with TLS 468.
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3.1.4. Dissemination of Publications among Authors and Institutions

To accurately discern the authors who have contributed significantly to the relevant
literature, we initially processed the data extracted from two databases. This step was
crucial because VOSviewer’s dual options can yield inconsistent results when analyzing a
vast corpus of articles. Specifically, this software conducts author-level analysis either by
using full names or by abbreviating them to initials. Choosing between these options can
lead to varying outcomes, with the latter proving problematic for authors from countries
like China and Japan, due to the commonality of initials. To enhance the precision of
our analysis, we utilized the Author ID feature from the Scopus database. For articles
in the PubMed database lacking a corresponding column, we linked authors present in
both databases to their Scopus Author ID. For authors without a Scopus publication, we
manually created and assigned a unique ID code.
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During this process, we identified 8750 unique author codes, which differed from
the 8842 individuals VOSviewer (version 1.6.20) recognized when the file was loaded.
This discrepancy indicated that to accurately extract the network of connections between
authors, we needed to rectify the 92 additional records. These records corresponded to
existing authors but were listed under slightly different names.

Table 8 enumerates the most prolific authors, highlighting those who have made
significant contributions to the literature on AI interaction in the medical field. Notably,
despite the large number of authors, only 21 have published five or more papers in this area.
Included in this group are two authors with discrepancies in their name entries: Francisco
Jose, who was also recorded as Francisco J., and Pedro Ignacio Dorado-Diaz, who was
listed once as Dorado-Diaz, P. Ignacio.

Table 8. Top 20 most productive authors.

Author (Surname, Name) Number of Publications

Terenziani, Paolo 9
Holzinger, Andreas 8

Michalowski, Martin 7
Fujita, Hamido 7
Piovesan, Luca 6

Michalowski, Wojtek 6
Wilk, Szymon 6
Luna, Daniel 6
Lin, Hongfei 5
Yang, Zhihao 5

Garcia—Holgado, Alicia 5
Sanchez—Puente, Antonio 5
Vicente—Palacios, Victor 5

Vazquez—Ingelmo, Andrea 5
Cesta, Amedeo 5
Blandford, Ann 5
Sonntag, Daniel 5

Garcia-Penalvo, Francisco Jose 5
Sanchez, Pedro Luis 5

Bates, David W. 5
Dorado-Diaz, Pedro Ignacio 5

It is notable that Terenziani P. and Piovesan L., along with Michalowski M. and
Michalowski W., collaborated on the majority of their articles. Specifically, Terenziani P.,
a significant contributor to research on AI interaction in healthcare, began with a sem-
inal publication in 1989, focusing on the interaction between humans and machines in
diagnostic systems [6]. He remained active, particularly from 2010 to 2020, collaborating
with Piovesan L. on investigating how different clinical guidelines may interact or conflict
during patient care, especially concerning comorbid patients, to ensure that combined rec-
ommendations avoid negative consequences or conflicting advice. Similarly, Michalowski
also concentrated on related areas, such as developing and refining methods for man-
aging and implementing multiple clinical practice guidelines, particularly for patients
with comorbidities. From 2011 to 2021, their research focused on using constraint logic
programming to identify inconsistencies in clinical guidelines and applying interactive
methods and qualitative measures to resolve these inconsistencies. Their work evolved into
creating an integrated framework for the moderated implementation of multiple guidelines,
resulting in the development of MitPlan and MitPlan 2.0, which provide enhanced support
for managing patients with multiple morbidities through innovative design approaches.
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This collaboration among the most prolific authors is evident in Figure 4, which
emerges when we impose a criterion—specifically, a requirement for inclusion in the
analysis of at least five publications per author.
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of published documents).

In examining the institutions contributing the most to the literature on the interaction
of AI in the medical industry, the bibliometric analysis revealed that, in terms of publication
count, Harvard Medical School (U.S.A.) stands out with five documents out of a total of
5721 institutions. Following closely are McGill University (Canada), the Poznan University
of Technology (Poland), and the University of Pennsylvania (U.S.A.), each with four
documents. In total, only 140 different organizations have published more than one
document in this literature.

However, at the citation level, the distinguished organizations varied in their contribu-
tions to the field. In this case, Columbia University (U.S.A.), LinkedIn Corporation (Italy),
Microsoft Research (India), and Microsoft (U.S.A.) account for 982 citations, while Fudan
University—Department of Physics (China), the Institute of Biochemistry and Cell Biology
(China), the State Key Laboratory for Modification of Chemical Fibers and Polymer Materi-
als and College of Chemistry, Donghua University (China), and the State Key Laboratory of
Molecular Engineering of Polymers, Fudan University (China) have 721 citations. Table 9
displays the list of organizations whose documents have garnered more than 500 citations.

The combined citation records among various organizations essentially demonstrate
the collaboration they engage in within the realm of publications. The four organizations
topping the list in citations have jointly contributed to the publication titled “Intelligible
Models for Healthcare: Predicting Pneumonia Risk and Hospital 30-Day Readmission” [30].
This article tackles fundamental challenges in biology related to understanding cellular
heterogeneity and its correlation with cellular physiology. Meanwhile, the second group
of organizations contributed to a significant study in the relevant literature titled “A
Bioinspired Mineral Hydrogel as a Self-Healable, Mechanically Adaptable Ionic Skin for
Highly Sensitive Pressure Sensing” [31]. This publication focused on the development of
a novel type of mechanically adaptable ionic skin sensor, with promising applications in
various fields such as AI, wearable devices, and soft robotics.
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Table 9. Affiliation with publications exceeding 500 citations.

Affiliation Number of Citations

Columbia University (U.S.A.), LinkedIn Corporation (Italy), Microsoft Research (India),
Microsoft (U.S.A.) 982

Fudan University—Department of Physics (China), Institute of Biochemistry and Cell Biology (China),
State Key Laboratory for Modification of Chemical Fibers and Polymer Materials and College of
Chemistry, Donghua University (China), State Key Laboratory of Molecular Engineering of Polymers,
Fudan University (China)

817

Department of Biomedical Engineering, Case Western Reserve University (U.S.A.), Department of
Pathology, Yale University, School of Medicine (U.S.A.), Louis Stokes, Cleveland Veterans Administration
Medical Center (U.S.A.), Thoracic Medical Oncology, Perlmutter Cancer Center,
New York University (U.S.A.)

721

Institute for Information Systems and Computer Media, Graz University of Technology (Austria),
Institute for Medical Informatics, Statistics and Documentation, Medical University (Austria) 595

Alisr Laboratory, College of Computer and Information Sciences, King Saud University (Saudi Arabia),
Department of Information Engineering and Computer Science, University of Trento (Italy), King Saud
University, Riyadh (Saudi Arabia), Machine Intelligence Institute, Iona College (U.S.A.)

507

Biomedical Engineering Department, University of Florida (U.S.A.), Department of Computer and
Telecommunications Engineering, University of Western Macedonia (Greece), Department of Electrical
and Computer Engineering, Washington State University (U.S.A.), School of Science and Technology,
Nottingham Trent University (United Kingdom)

506

3.2. Analysis of Keyword Co-Occurrence and Content Clustering

An important yet challenging aspect of the bibliometric analysis involved identifying
the subject areas where the interaction of AI has occurred within the field of medicine.
VOSviewer proved to be a valuable tool for this task; however, ensuring that the results
accurately represented the relevant literature required careful attention. Since neither the
bibliography nor the user manual of the software [32] provided a specific rule regarding the
minimum number of occurrences required for a keyword to be included in the analysis and
considering the substantial volume of articles to be analyzed—exceeding 12,000 different
keywords—we implemented a multi-stage process to derive meaningful results.

Initially, we conducted the analysis without modifying our data and without utilizing
a thesaurus file for correction. In this scenario, we identified 13,015 distinct keywords,
classified into 73 clusters based on their content. The most frequently occurring key-
words are presented in Table 10. Additionally, Figure 5 depicts the network among all of
these keywords.

Table 10. Top most frequent keywords (≥100) (without using a thesaurus file).

Keyword Number of Occurrences

Artificial Intelligence 1301
Human 563
Article 523
Humans 445
Health Care 250
Decision Support Systems 246
Diagnosis 198
Learning Systems 194
Machine Learning 179
Algorithms 166
Algorithm 166
Medical Computing 161
Female 158
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Table 10. Cont.

Keyword Number of Occurrences

Decision Making 157
Priority Journal 155
Medical Imaging 153
Male 146
Adult 143
Deep Learning 121
Controlled Study 116
Diseases 101
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Figure 5. Co-occurrence analysis of all of the 13,015 keywords resulted in 73 clusters regarding the
intersection of AI in the healthcare sector.

As depicted in Table 9, instances like “Algorithm—Algorithms” and “Human—Humans”
are essentially duplicates and should be consolidated. Conversely, keywords such as
“Artificial intelligence systems” and “Health Care” serve as broad search terms and do not
provide specific insights into the directions AI has taken in the medical industry. Therefore,
following Caldarelli’s suggestion [33], they should be omitted to prevent biasing our results.
Additionally, terms such as “article”, “priority journal”, “male”, “female”, “adult”, and
“controlled study” can be disregarded for our analysis. This exclusion will provide a clearer
understanding of the relationships among essential keywords in the relevant literature and
the networks they form.

To apply these configurations to VOSviewer’s analysis, it was necessary to create a
thesaurus file that reflects these changes. With this file, we can observe a distinction in
the frequency of keywords within the literature on the interaction of AI in healthcare (see
Table 11).

These are the keywords that we anticipated will significantly contribute to the forma-
tion of distinct clusters by VOSviewer during the co-occurrence analysis. This anticipation
is based on the VOSviewer manual [32], which suggests that keyword frequency and total
link strength are among the characteristics considered to some extent for clustering.

However, as illustrated in Figure 6, while the 18 specific keywords with 100 or more
occurrences can create an initial network of relationships among themselves, such a network
will be insufficient to provide a comprehensive picture of the main thematic directions of the
relevant literature. The question that remains is what the minimum occurrence level should
be for including keywords in the analysis and clustering configuration. As mentioned
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above, the VOSviewer manual does not provide any specific guidelines to follow, and
neither does the literature on studies using this software for bibliometric analysis in AI
healthcare. For example, Saheb et al. [22] chose a minimum of three cases in their attempt
to map ethical issues arising from the use of artificial intelligence in the medical field, while
Kumari et al. [34] set a threshold of 10 occurrences for keywords related to the role of
machine learning (ML) and deep learning (DL) in healthcare with big data analysis.

Table 11. Top most frequent keywords (≥100) (using a thesaurus file).

Keyword Number of Occurrences

Humans 595
Human—computer interaction 472
Computer—assisted clinical decision support systems 302
Computer—assisted diagnosis systems 281
Machine learning systems 251
Computer—assisted clinical decision-making systems 206
Algorithms 202
Learning systems 198
Medical Computing 161
Medical imaging processing systems 159
Medical information systems 149
Deep learning systems 121
Controlled Study 116
Automated pattern recognition systems 107
Drug interaction analysis 104
Natural language processing systems 104
Classification performance evaluation 102
Diseases 101
Medical Informatics 100
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To systematically determine a minimum number of keyword occurrences that effec-
tively reflects the number of clusters, enabling an informed assessment of the main subject
areas concerning the interaction of AI in the medical field, we utilized a well-established
methodology known as the elbow rule. This method can be traced back, to some extent,
to Thorndike’s research study in 1953 [35]. It offers a solution for determining the optimal
number of clusters by operating on the principle that as the number of clusters increases,
the internal variance of the data decreases while the external variance increases. The inflec-
tion point, referred to as the ‘elbow point’, indicates where the drop in internal variance
demonstrates a sharp slope, highlighting the appropriate number of clusters in the data [36].
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In our study, the variables of interest included the following three: the number of
keywords, number of co-occurrences, and number of generated clusters. Therefore, by
adjusting the number of co-occurrences (threshold) in our analysis, we obtained varying
numbers of keywords and a specific count of clusters each time. In total, 89 distinct
occurrences were identified, serving as data points for constructing the elbow graph. At
these points, we observed nine alternative cluster numbers. Table 12 lists the points at which
the number of clusters varied, while Figure 7 displays the various network connections
among keywords for different cluster counts.
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Table 12. Cases with varying numbers of clusters.

Number of Clusters Amount of Keywords Occurrence

1 3 302
2 7 202
3 13 107
4 21 90
5 42 66
6 734 7
9 1445 4
15 3569 2
75 12,115 1

Figure 8 illustrates what is commonly referred to as an elbow chart. In this chart, each
dot represents a data point defined by three attributes: the number of occurrences (horizon-
tal axis), the number of keywords (color-coded), and the number of clusters (vertical axis
read from the right side). As observed, the majority of data points are concentrated within
the three and four cluster categories, indicating a significant concentration of keywords
and occurrences in these groups before the data begin to diverge significantly.

This pattern is even more pronounced in Figure 9, which focuses specifically on the
0–100 range for both the number of keywords and occurrences. The intersection points of
these two variables suggest that the optimal number of clusters, according to the elbow
rule, falls within the range of three to four clusters. To decide which of the two cluster
scenarios to focus on for our analysis, it was beneficial to examine the keywords that define
each cluster. Table 13 provides this relevant information, where keywords not included in
the case of three clusters are highlighted in red, and those that change clusters are marked
in purple.
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Table 13. Distribution of keywords across three or four clusters.

Clusters Keywords (Four Clusters) Keywords (Three Clusters)

1st
classification performance, deep learning systems, diseases,
learning systems, machine learning systems, medical data
mining system, natural language processing systems

human–computer interaction, deep learning systems,
learning systems, machine learning systems

2nd

computer-assisted clinical decision support systems,
computer-assisted clinical decision-making systems,
medical information systems, drug interaction analysis,
medical informatics, humans

computer-assisted clinical decision support systems,
computer-assisted clinical decision-making systems,
medical computing, medical information
systems, humans

3rd
algorithms, automated pattern recognition systems,
computer-assisted diagnosis systems, medical imaging
processing systems, user-computer interface analysis

algorithms, automated pattern recognition systems,
computer-assisted diagnosis systems, medical
imaging processing systems

4th human–computer interaction, medical computing, virtual
reality systems
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Comparatively, between the two scenarios, the arrangement with three clusters pro-
vided a clearer understanding of the areas within which AI is applied in the medical
field. Specifically, with three clusters, the keywords indicated that the first cluster focuses
on support for clinical decisions and life-cycle approaches; the second one primarily ad-
dresses the analysis of visual information; and the third cluster concentrates on newer
‘learning’ technologies, which are closely associated with what the literature identifies as
human–computer interaction (HCI).

The three key areas within the medical field, as illustrated in Figure 10, were slated for
comprehensive analysis in the subsequent discussion section.
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4. Discussion

Owing to VOSviewer’s inability to sort articles by cluster, we manually categorized
them according to their keywords, titles, and abstracts. Moreover, the impact of the articles,
as reflected by their citation count, was given particular consideration in the detailed
discussion of each topic.

4.1. Medical Informatics and Clinical Decision Support Systems

In this cluster, the largest number of items with the highest frequency was found
compared to the other two clusters, making it the primary target for the integration of
AI in the medical industry. Medical informatics interventions, such as clinical decision
support (Gude et al. [37]), offer significant support to health professionals operating within
a highly complex environment. Consequently, many researchers have already endeavored
from very early on to evaluate models aimed at improving clinical decision-making, such
as those proposed by Roach et al. [38], Brenner et al. [39], and Schecke et al. [40]. Roach
et al. [38], for example, developed a critical expert system that identifies drug interactions
in their eventual combinations, aiming to prevent adverse effects in patients and helping
physicians avoid choices that could lead to such outcomes. The study by Schecke et al. [40],
this time in the context of a surgical procedure, also aimed to assist doctors’ decisions. With
the proposed AES-2 (Anesthesia Decision Support System) model, they attempted to offer
intelligent alerts and appropriate treatment recommendations concerning anesthesia for
cardiac surgery operations. In the research conducted by Brenner et al. [39], we encounter
an approach that still appears quite risky today: the proposition of a microcomputer-based
personal medical advisor and reference system designed to assist medically inexperienced
computer users in accessing general medical information, answers to specific medical



Future Internet 2024, 16, 221 19 of 33

queries, and details related to either existing or hypothetical medical issues. It even
suggests the possibility of consulting a doctor.

In the next decade, many more scholars followed these early ideas. Rau et al. [41]
proposed an enhanced clinical decision support system (DSS) for patient anesthesia during
surgery, which demonstrated superiority in terms of user interface and interaction with
the computer system. Additionally, Clark et al. [42] made a more sophisticated attempt
in the area of drug interaction and clinical decision-making than Roach et al. [38]. For
the first time, they described an electronic drug prescribing system that, through central
administration and a set of rules, enables improved decision-making for each patient by
considering allergies and interactions in real time.

However, at this juncture, the potential of AI in the medical industry was being
recognized to the extent that it can extend beyond assisting individual departments and
functions. The development of separate information systems on a case-by-case basis has
created complexity in the cooperation between the different agencies involved. Thus, we
encounter a pioneering effort by Cimino et al. [43] to implement the “Interactive Query
Workstation” for multi-resource querying from various types of databases—a clinical and
bibliographic database, a cancer database, a drug interaction database, and a medical
knowledge base. Additionally, Mori [44] endeavored, through a new class of software, to
support the interaction between health professionals and the specialized tasks they per-
form. This software aimed to properly manage terminological diversity without imposing
uniformity, instead facilitating spontaneous convergence among controlled vocabularies.
In the same vein, Glasspool et al. [45] discussed DSS aimed at facilitating the planning of
care actions to ensure they do not conflict with each other. Xiao et al. [46,47] introduced the
term “Distributed DSS” to describe systems with such characteristics. They emphasized
that for such systems to function effectively, it is deemed necessary to ensure protected
interaction through the delineation of clinical user roles and universally applied policies.

Regardless of what happens in terms of connecting the different stakeholders, care
providers, what is also of interest in the integration of AI in clinical decision-making is
the interaction between doctor and patient. Frize et al. [48] were the ones focusing on
improving this relationship through the integration of smart monitoring components in
various medical environments, from intensive care units to rheumatoid arthritis wards.
Douali et al. [49] later described a DSS aimed at helping physicians provide personalized
care with greater accuracy, quality, and efficiency through the development of a semantic
web. Meanwhile, Khattak et al. [50] emphasized personalized care for elderly patients
through the use of an innovative, dynamic DSS service that aligns nutritional intake with
information from the patients’ daily activities.

The elderly are a population group that is quite sensitive and prone to experiencing
adverse drug reactions, so it is particularly interesting to integrate AI into drug monitoring
systems and, by extension, into decision-making systems [51]. For this reason, various
scholars have focused on the development of a suitably designed decision-making system,
such as Thum et al. [52], Johansson et al. [53], and Gómez-Sebastià et al. [54].

AI in DSSs also plays a significant role in another sensitive area of care: emergency
department (ED) patients. The prolonged waiting times there can lead to very negative
outcomes. Therefore, it is particularly important to understand the flow of patients in the
nursing departments and their behaviors. Wu et al. [55] utilized a rule-based data-mining
approach to investigate the relationship between various types of patient behaviors and
their length of stay (LOS), and to construct a model for predicting patient LOS. Their
primary objective was to develop an interactive DSS. Liu et al. [56], on the other hand,
utilized an agent-based model in an effort to enhance the understanding of the complexity,
evaluate policies, and improve the effectiveness of EDs.
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Similarly, the recent emergence of the COVID-19 pandemic presented a significant
healthcare emergency. The scenario quickly led to a depletion of hospital resources and
necessitated critical clinical decisions. In this context, AI and medical informatics played
crucial roles in identifying significant parameters for making informed decisions. Snowdon
et al. [57] began their work by constructing a conceptual model that captured the diverse
ways in which information and technology can support the public health response to a
pandemic. Meanwhile, Suraj et al. [58] introduced the SMART COVID Navigator, a clinical
decision support tool designed for treating COVID-19. This web-based application enabled
clinicians to access patients’ electronic health records and analyze disease interactions from
a wide range of observational studies, which influenced the understanding of severity and
mortality rates associated with COVID-19.

It is also noteworthy to highlight the contribution of AI in the field of learning medical
informatics and making appropriate decisions within academic education. The character-
istics of an intelligent DSS play an important role in the effectiveness of medical educa-
tion [59]. Eliot et al. [60] discussed an intelligent teaching system that customizes the level
of knowledge to meet individual student needs, providing feedback on any misconceptions
they may have. A particular area of interest for them was the teaching of cardiopulmonary
resuscitation techniques, where decisions about how to teach were distinguished from deci-
sions about what to teach. With the emergence of ChatGPT, medical informatics education
through AI is advancing. Considering students’ perspectives, Sabrina Magalhães Araujo
and Ricardo Cruz-Correia [61] focused on identifying suitable prompts to enhance medical
teaching and learning.

From the above, the contribution of AI to clinical decision support and medical
informatics can be distinguished, which is clearly evolving both in a more general context
and within specific departments in the medical field. In Table 14, for a better understanding
of AI’s contribution in these terms, the sampled publications implemented by medical
departments are distinguished.

Table 14. Publications with AI in DSS and medical informatics by medical departments.

Medical Department Publications

Rheumatology Frize et al. [48]

Emergency Thum et al. [52], Wu et al. [55], Liu et al. [56], Majeed et al. [62], Andersson et al. [63]

Cardiology Eliot et al. [60], Porenta et al. [64], Poomari and Abirami [65]

Cardiovascular Surgery de Moraes et al. [66]

General Surgery Padoy et al. [67]

Psychology—Psychiatry Benrimoh et al. [26], Wang [68], Grout et al. [69], Morelli et al. [70]

Radiology Sonntag et al. [71]

Oncology Thevapalan et al. [13], Suraj et al. [58], O’Sullivan et al. [72]

Endocrinology Darabi et al. [73], Duce et al. [74], Xiuxiu et al. [75], Shalom et al. [76], Burgess et al. [77],
Zhu et al. [78], Chen et al. [79]

Nephrological Sharma and Virmani [80]

Neurology Loiotile et al. [81], Sorici et al. [82]

Pulmonary Bogdanova et al. [83]

Gynecology—Obstetrical Torres Silva et al. [84], Sukums et al. [85]

4.2. Advanced Medical Imaging and Diagnosis Systems: Algorithms and Automation

A second avenue through which AI has been integrated into the medical field is image
analysis for diagnostic purposes. The first examples of this technology date back to the
1980s, when the initial studies and systems emerged. One of the earliest implementations
was EMERGE, developed by Hudson and Cohen [86], which was specifically designed
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for emergency rooms. This expert system utilized medical criteria maps and a scoring
system to efficiently evaluate chest pain, demonstrating how rule-based AI could improve
the speed and accuracy of diagnostics in acute medical settings. Concurrently, research
by Zinder [87] highlighted the integration of AI with clinical laboratory processes, em-
phasizing the growing reliance on technologies such as computerized tomography. This
work underscored the crucial role of AI in managing and interpreting the voluminous
and complex diagnostic data, proving particularly beneficial in fields like oncology and
internal medicine where precision and rapid results are paramount. Following this, the
development of a comprehensive AI system for perinatal monitoring by Hernández and
Gómez [88] significantly advanced obstetrics by automating the diagnosis and prognosis of
fetal conditions during labor. Utilizing syntactic pattern recognition methods, this system
provided real-time, accurate assessments, vastly improving upon traditional manual moni-
toring methods. The latter part of the decade saw further innovations with the creation of
PUPA, a Pulse Programming Assistant for Nuclear Magnetic Resonance Imaging by Foxvog
et al. [89], which automated the complex process of creating pulse programs for magnetic
resonance imaging (MRI) experiments. This advancement was particularly transformative
for departments like radiology and neurology, enhancing the functionality and application
of MRI technology. Additionally, the research on the role of metadata in medical expert sys-
tems by Al-Zobaidie and Grimson [90] demonstrated how effectively managing metadata
could streamline the integration between databases and AI systems, thereby enhancing
diagnostic processes. By facilitating more sophisticated data handling and interpretation
capabilities, this approach significantly improved the accuracy and speed of diagnoses
across various medical departments.

During the 1990s, the field of medical imaging and computer-assisted diagnosis expe-
rienced continued innovation, building upon the foundational AI technologies of the 1980s.
Significant improvements were seen in systems designed for specific medical tasks. The
development of the VIA-RAD system, as documented by Rogers [91] in 1995, exemplifies
the evolution of diagnostic radiology tools. VIA-RAD, a blackboard-based system, inte-
grated computer-displayed radiological images with cooperative computerized assistance
for decision-making, representing an advanced version of the image interpretation systems
first introduced in the previous decade. This system utilized extensive data collection and
cognitive modeling to improve the interaction between perception and problem-solving in
radiological assessments, indicating a sophisticated leap forward in how AI could enhance
the accuracy and efficiency of radiology departments. In the same vein, significant progress
was made in the field of neuroimaging. The research by Brown et al. [92], on a model-based
assessment of lung structures, showcased the use of a sophisticated inferencing and control
system that identified major lung structures from medical images. This technology ad-
vanced the applications seen in earlier MRI innovations like PUPA [89], by adding a level
of automated feature recognition and diagnostic support that was not previously available.
During this decade, new advancements further refined diagnostic capabilities in medicine.
One notable development was the QUAWDS system, introduced by Weintraub et al. [93],
which utilized advanced pattern recognition and an abductive hypothesis assembler to
analyze human gait dynamically, marking a shift from traditional static image analysis to
more complex, motion-oriented diagnostics. Also, Olabarriaga et al. [94] further advanced
the field by developing an intelligent interactive segmentation method that employed a
piece-wise deformable model for analyzing complex medical images, such as those used
in diagnosing osteoarthritic ankles. This method required minimal user intervention and
significantly improved the efficiency and accuracy of segmenting intricate anatomical
structures, demonstrating the decade’s push towards more sophisticated and user-friendly
diagnostic tools.

Continuing into the 2000s, the integration of AI in medical imaging and diagnostics
further evolved with groundbreaking advancements that built upon the technological
momentum of the previous decades. In the realm of medical imaging, we observed a
leap forward with the work of Chuang and Lie [95] in 2004, who developed an object
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segmentation algorithm that utilized an extended gradient vector flow field model. This
technology advanced the image segmentation processes that were fundamental in the
1980s and 1990s by introducing a system that required no human interaction, signifying a
substantial progression toward full automation in medical image analysis. Another key
development was the system presented by Olabarriaga et al. [96] for the segmentation
of thrombus in abdominal aortic aneurysms from computed tomography angiography
scans. This system showcased a novel application of nonparametric statistical grey level
modeling in the medical imaging domain, a marked advancement from the texture analysis
and pattern recognition methodologies that began emerging in the 1990s. It represented
a refined approach to dealing with the complexity of medical image data by providing a
robust automated segmentation with minimal user input.

Progress in diagnostic capabilities was also evident in the improved understanding
of image data. The Medical Imaging Interaction Toolkit, introduced by Wolf et al. [97],
extended beyond the algorithmic capacities of medical imaging to include interaction and
visualization. This toolkit was a notable enhancement over the foundational imaging
technologies from previous decades as it integrated algorithms with visualization, allowing
for more interactive applications in medical image analysis. Furthermore, the period saw
significant advancements in ultrasound imaging technology, both in methodology and
application. In 2008, Rossi et al. [98] introduced an algorithm that greatly improved the
automatic recognition of the common carotid artery in longitudinal ultrasound B-mode
scans, showcasing a move away from the labor-intensive manual processes of the past.
This was indicative of the burgeoning trend towards automation within medical imaging
analysis. Complementing this trend, Wein et al. [99] made a parallel leap in the same
year with their development of a method for automatic computed tomography (CT)–
ultrasound registration for diagnostic imaging and image-guided interventions. Their
system, which utilized a novel real-time simulation of medical ultrasound from CT data
coupled with a robust similarity measure, enabled the alignment of 3D ultrasound sweeps
with corresponding tomographic modalities without the need for manual input.

The period between 2011 and the COVID-19 outbreak was characterized by significant
improvements and the emergence of new technologies that further propelled the capabil-
ities of AI in medicine, refining the accuracy and efficiency of diagnostic processes. For
instance, in 2011, Ababneh et al. [100] introduced an innovative, fully automated system
for the segmentation of bones from knee MRI images, which was particularly impactful
for osteoarthritis research. Their system utilized graph-cut-based segmentation algorithms
to identify imaging biomarkers for this debilitating joint disease, which demonstrated the
potential of AI in automating and improving the diagnostic workflow. Song et al. [101] in
the same year made strides in the field with their development of a surface-region context
in optimal multi-object graph-based segmentation for the robust delineation of pulmonary
tumors, enhancing the precision of lung cancer treatment planning. Furthermore, by 2014,
Roy et al. [102] had contributed significantly to the field of content-based image retrieval
systems for 3D medical datasets. Their work demonstrated the potential for such systems to
provide a rapid and accurate retrieval of medical images, aiding radiologists in their diag-
nostic tasks and enhancing the efficiency of medical workflows. In 2017, Prasad et al. [103]
showcased the versatility of image-based diagnostic tools with their deployment on An-
droid devices for plant species identification based on leaf images, suggesting potential
applications of medical image-based diagnostic tools beyond traditional healthcare settings.

During the COVID-19 pandemic, the application of AI in medical imaging and di-
agnosis saw significant innovation and deployment, as detailed in the works of Aouad
et al. [104] and Kuang et al. [105]. The rapid spread of the virus and the urgent need for
efficient diagnostic protocols meant that traditional methods needed to be augmented
with smarter, faster technology. Aouad et al. [104] discuss the integration of smart city
technologies to monitor and control the epidemic spread, harnessing the power of the
Internet of Things (IoT) to quickly diagnose COVID-19, thereby reducing human-to-human
interaction, and enhancing response times to contain outbreaks. Kuang et al. [105] highlight
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the potential of AI-driven segmentation methods, particularly for acute ischemic stroke
lesions on non-contrast CT scans, which may have parallels in imaging techniques for viral
infections, showing how AI helped to address the challenges of low contrast and artifacts
common in rapid, high-volume testing environments.

In the contemporary post-pandemic landscape, research by Vázquez-Ingelmo et al. [106]
and Batista et al. [107], among others, has shown a trend towards more integrated, intel-
ligent, and user-centric medical diagnostic systems. Vázquez-Ingelmo et al. presented
the CARTIER-IA platform, which enhances the usability of medical data management by
integrating various types of data and enabling the application of AI algorithms through
a web application, catering to diverse roles in medical research and practice. Batista
et al. discussed how the evolution to 6G technology will amplify the capabilities of smart
health services, making them more efficient and accessible, while also highlighting the
need to address the security and privacy challenges that accompany these advancements.
These developments signal a transition to a future where healthcare is more connected,
data-driven, and patient-centric, supported by sophisticated AI tools for better diagnosis
and management.

In Table 15 below, we present a summary of the publications within the sample that
explore the intersection of AI with medical imaging and computer-assisted diagnosis,
categorized by medical specialty.

Table 15. Publications with AI in medical imaging and computer-assisted diagnosis by medi-
cal departments.

Medical Department Publications

Pathology De Luis-Garcia [108], Plass et al. [109]

Ophthalmology Garvin et al. [110]

Urology Park et al. [111]

Radiology Olabarriaga et al. [94], Roy et al. [102], Vidholm et al. [112], Chen et al. [113], Zhu et al. [114]

Oncology Song et al. [101], Tong et al. [115], Conze et al. [116], Wong et al. [117], Wang et al. [118]

Nephrological Aalamifar et al. [119]

Neurology Kuang et al. [105], Li et al. [120], Shieh et al. [121]

4.3. Human–Computer Interaction and the Importance of Learning Systems

Another vibrant domain where AI has significantly penetrated is the interface between
humans and computers, particularly through the lens of learning systems. This convergence
has been pivotal in advancing HCI, making systems more intuitive, responsive, and capable
of learning from user interactions. The genesis of this synergy can be traced back to the
development of early neural networks that aimed to mimic human thinking patterns.

Beginning in the early 2000s, Lau et al. [122] developed a framework for mining
patterns of dyspepsia symptoms across time points, highlighting the potential of constraint-
based association rule mining to aid domain experts in medical data analysis. Moving
forward, Bayro-Corrochano et al. [123] and Watanabe [124] explored geometric algebra
in neural networks and the symmetrical properties of training and generalization errors
in learning machines, respectively, pushing the boundaries of what ML could achieve in
complex applications. By 2007, efforts by Haddawy et al. [125] demonstrated the feasibility
of understanding anatomical sketches, pointing towards the potential of integrating more
intuitive forms of HCI in medical training. In the same year, Flores et al. [126] discussed
the AMPLIA system which used pedagogic negotiation in medical education, blending
learning environments with AI.
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The 2010s saw further advancements in this area, with Swangnetr et al. [127] and
Gholami et al. [128] further exploring the adaptation of robotic and learning technologies
for healthcare applications, demonstrating the integration of emotional state classification
in patient–robot interactions and neonate pain assessment, respectively. By 2015, the focus
had slightly shifted towards more direct patient care applications. This shift is illustrated
by Rasmusson and Irvine [129], who explored the neurobiology of executive function
under stress and its optimization in intense military training, and by Biglari et al. [130],
who developed a haptics-enabled surgical training system integrated with DL. This period
also saw advancements in human–computer interfaces for rehabilitation, as shown by
Novak and Riener [131], who presented a machine-learning algorithm for predicting
targets of human reaching motions with an arm rehabilitation exoskeleton. Additionally,
Senadeera et al. [132] discussed turning gaming electroencephalography peripherals into
trainable brain–computer interfaces, highlighting the potential for broader applications in
interactive environments.

In the wake of the COVID-19 pandemic, research pivoted to address immediate needs.
For instance, Luo et al. [133] introduced a textile-based tactile learning platform that could
record, monitor, and learn human–environment interactions using ML techniques to adjust
sensor performance. This work underscores the progressive integration of AI in direct
patient interaction and training. Additionally, Saxena et al. [134] presented an integrated
network for real-time facial expression recognition, enhancing the capabilities of human–
robot interaction in healthcare, demonstrating the evolving role of AI in understanding
complex human expressions for better patient care.

Recently, the convergence of learning systems and HCI has been marked by significant
research efforts that demonstrate innovative applications of technology in educational
and interactive settings. A notable advancement was reported by Ahuja et al. [135], who
developed a robot for eldercare that combines AI, ML, and the IoT. This robot not only
assists the elderly with daily tasks but also incorporates learning algorithms that adapt to
the user’s behavior, enhancing both independence and safety.

Similarly, Kovalev et al. [136] introduced the Augmented Mirror Hand (MIRANDA), a
virtual reality-based system for training users with prosthetic limbs. This system leverages
ML to adjust to the specific movements of an individual, offering personalized training
that improves the efficacy of prosthetic usage, thus facilitating faster and more effective
rehabilitation. Mehr et al. [137] explored the potential of AI-powered lower limb assistive
devices designed for home care. Their work focuses on developing adaptable central
pattern generators and a divergent component of motion for personalized motion planning.
This technology is particularly promising for enhancing the mobility of individuals with
disabilities in their home environments, thereby extending learning-based human–machine
collaboration into daily living activities.

On the educational front, Liu [138] focused on motivating medical students’ active
learning through an autonomous learning environment that integrates AI to support
interactive and adaptive learning experiences. This approach aimed to transform traditional
medical education by leveraging AI to create dynamic educational content that responds to
the cognitive and emotional needs of students. Additionally, Ryan et al. [139] tackled the
integration of fairness in the software design process. Their study emphasized the need
for HCI and ML experts to collaborate closely to ensure that AI-driven systems are not
only effective but also equitable. This research underlines the importance of incorporating
ethical considerations into the learning processes of AI systems to ensure they are aligned
with societal values.

Similarly to the analysis of the other two clusters, Table 16 provides a summary of the
publications in the sample that investigate the integration of AI within HCI concept and
learning technologies, organized by medical department.
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Table 16. Publications with HCI and learning technologies.

Medical Department Publications

Dermatology Sadeghi et al. [140]

Emergency Lanza et al. [141]

Cardiology Bond et al. [142], Upadhyay et al. [143]

Gastroenterology Berkel et al. [144]

Surgery Biglari et al. [130], Chheang et al. [145], Al-Hiyari and Jusoh [146]

Oncology Lee et al. [147], Calisto et al. [148], Mohammed [149]

Neurology Karydis et al. [150], Taki et al. [151]

Psychology—Psychiatry Kenny et al. [152], Cosentino et al. [153], Yang et al. [154]

Neuropsychology Lara-Garduno [155]

5. Conclusions

This bibliometric analysis represents a comprehensive effort to systematically map
the integration of AI in healthcare. We utilized data from two databases instead of the
usual single source, acknowledging the challenges of their combined evaluation. The
review of 2061 articles initially focused on the rising number of publications and the
productive factors contributing significantly to the relevant literature. We observed a
substantial increase in publications, particularly in recent years, with numerous authors
and organizations from various parts of the world actively participating. This underscores
the global recognition of AI’s importance across multiple healthcare areas.

We then identified the main subject areas where AI has significantly evolved and
improved medicine. Using keyword co-occurrence analysis and a novel bibliographic
technique, we determined the optimal number of thematic clusters: 1. medical information
and clinical DSSs, 2. medical diagnosis and advanced medical imaging, and 3. HCI and
learning systems. These areas have seen significant advancements due to AI adoption.
Clinical DSSs can now process vast amounts of patient data, providing healthcare profes-
sionals with real-time, evidence-based recommendations. These systems enhance patient
safety and outcomes by predicting drug interactions and recommending alternative treat-
ments. Additionally, the integration of AI in medical information systems has streamlined
administrative processes, significantly reducing the burden on healthcare staff. Moreover,
AI’s capability to process and analyze imaging data has enhanced diagnostic accuracy and
efficiency in specialties like radiology and oncology. Innovations like automated image
segmentation and enhanced pattern recognition have reduced medical staff workload and
improved patient outcomes by enabling faster, more accurate diagnoses. Furthermore,
the intersection of AI with HCI and learning systems has led to significant advancements
in medical technology and educational methodologies. From early neural networks to
sophisticated applications like the AMPLIA system and haptics-enabled surgical training,
AI has transformed human–computer interfaces, facilitating more effective medical training
and care, and extending to applications such as rehabilitation and eldercare.

From the above, the study can be a source for state-of-the-art AI diffusion as reflected
in publications data. Furthermore, it assists scholars and legislators, as well as practitioners,
in better understanding the evolution of healthcare-related AI research and the prerequisites
for the responsible use of AI in healthcare settings.

Despite the advances of this research, the authors acknowledge several limitations.
The analysis exclusively focused on articles from two databases and was limited to those
written in English, potentially overlooking significant literature outside of this research
data. Additionally, since it takes time for articles to accumulate citations, high-quality
recent publications may not have achieved an ideal citation count, leading to potential
research bias.
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To address these limitations and continue advancing our understanding of AI in
healthcare, future research should consider incorporating articles from multiple languages
and additional databases, such as the Web of Science. Further refinements could include
the adoption of advanced data analysis techniques such as latent semantic analysis (LSA)
and latent Dirichlet allocation (LDA). These methods are well-suited for identifying deeper
semantic patterns that might not be evident through traditional keyword co-occurrence
analysis, thereby providing a more comprehensive view of the literature across diverse
linguistic contexts. The implementation of these techniques would enhance the global
perspective and inclusivity of the analysis. Furthermore, ongoing studies could focus
on the real-time tracking of AI advancements and their immediate impact on healthcare
practices, ensuring that the latest innovations are quickly and accurately reflected in the
literature. This proactive stance will help keep healthcare professionals well-informed and
prepared to integrate state-of-the-art AI tools into their practices, ultimately improving
patient care worldwide.

Moreover, this study did not explore other significant factors that may affect the inte-
gration of AI in healthcare, such as policies, regulations, and the overall healthcare system
infrastructure. Future research could be designed as follow-up projects to investigate these
areas. Such studies could examine how different regulatory frameworks and policy environ-
ments influence the adoption and implementation of AI technologies in healthcare settings.
Additionally, assessing the readiness and capacity of healthcare systems to integrate AI
solutions, including evaluating technological infrastructure and the preparedness of health-
care professionals, would provide a more comprehensive understanding. Exploring the
ethical, legal, and social implications of AI, as well as its economic impact on healthcare
costs and benefits, would further enrich the field. These areas of research are crucial for
developing strategies and policies to support the effective and responsible implementation
of AI in healthcare systems globally.
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