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Purpose: Over the past 24 years, significant advancements have been made in applying artificial intelligence (AI) to musculoskeletal 
(MSK) diseases. However, there is a lack of analytical and descriptive investigations on the trajectory, essential research directions, 
current research scenario, pivotal focuses, and future perspectives. This research aims to provide a thorough update on the progress in 
AI for MSK diseases over the last 24 years.
Methods: Data from the Web of Science database, covering January 1, 2000, to March 1, 2024, was analyzed. Using advanced 
analytical tools, we conducted comprehensive scientometric and visual analyses.
Results: The findings highlight the predominant influence of the USA, which accounts for 28.53% of the total publications and plays 
a key role in shaping research in this field. Notable productivity was seen at institutions such as the University of California, San 
Francisco, Harvard Medical School, and Seoul National University. Valentina Pedoia is identified as the most prolific contributor. 
Scientific Reports had the highest number of publications in this area. The five most significant diseases are joint diseases, bone 
fractures, bone tumors, cartilage diseases, and spondylitis.
Conclusion: This comprehensive scientometric assessment benefits both experienced researchers and newcomers, providing quick 
access to essential information and fostering the development of innovative concepts in this field.
Keywords: artificial intelligence, musculoskeletal diseases, scientometrics, data visualization, global scientific frontiers

Introduction
Artificial intelligence (AI) originated from John McCarthy’s concept that computers could gradually learn to perform 
tasks by recognizing patterns, requiring minimal human intervention.1 In modern terms, AI encompasses algorithms that 
enable machines to solve problems that previously required human intelligence.2 In 1976, Jerrold S. Maxmen predicted 
the “post-physician epoch” in the 21st century due to AI.3,4 AI has evolved from a theoretical concept to a practical 
application on an unprecedented scale due to rapid increases in computational power and the exponential growth of large 
data sets (“Big Data”).1 By analyzing vast data sets in near real-time, AI has deeply integrated into various aspects of 
society, including autonomous vehicles (Waymo/Apollo), smartphone voice assistants (Siri/Cortana), internet chatbots 
(ChatGPT/Ernie Bot), and video summarization platforms (YouTube/Bilibili).

AI is an overarching term that includes various subfields, such as machine learning and deep learning.5,6 The 
goal of AI is to enable machines (computers) to perform specific tasks at levels that can rival or surpass human 
capabilities. Advances in computing power, data storage, and the availability of high-quality data have driven AI 
integration into the healthcare industry.7 AI is beginning to tackle specific challenges related to musculoskeletal 
(MSK) diseases, such as interpreting images, assessing preoperative risks, making medical decisions, and analyzing 
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extensive datasets like “omics” data and human gut microbiome sequencing,8 while accurately categorizing MSK 
disease risk factors.9

While numerous reviews have explored AI utilization in MSK diseases from various perspectives,8,10–23 these 
assessments often lack objective visual data. Instead, they heavily rely on researchers’ subjective understanding of 
the disciplinary framework. Consequently, these evaluations show variability and subjectivity, hindering 
a comprehensive analysis and the establishment of the current research state. This also poses challenges in 
identifying research focal points and determining cutting-edge directions. Unlike traditional reviews, this study 
provides empirical evidence supported by objective visual data, reducing subjective interpretation and variability. 
This approach enables a more comprehensive analysis and helps establish the current research landscape. 
Additionally, this study enriches existing literature through in-depth data analysis and visualization using tools 
like CiteSpace and VOSviewer.

This study aims to explore the following research questions (RQs): RQ1: What are the current trends in AI 
applications for MSK diseases? RQ2: Which countries, institutions, and researchers are most influential in this field? 
RQ3: What are the key publications, references, and keywords? RQ4: What are the main related diseases? This 
study combines quantitative and qualitative measures. Quantitative data include research themes, publication years, 
languages, journal scope, and details about authors, countries, institutions, journals, and citations. The qualitative 
evaluation focuses on mapping keywords. By establishing such a systematic and comprehensive knowledge base, 
researchers from various fields can more easily navigate the domain. Moreover, it serves as a valuable reference for 
new researchers, guiding them toward compelling research paths. To our knowledge, no prior scientometric 
investigations have been conducted on this subject.

Graphical Abstract
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Materials and Methods
Data Source & Retrieval Strategy
The Web of Science Core Collection (WoSCC) (https://www.webofscience.com/wos/) enables researchers to monitor the 
evolution of scientific frontiers and analyze trends in academic publications.24–27 WoSCC offers scientometric software 
for general statistics26 and has superior accuracy in labeling document types compared to other databases.28 In this study, 
we conducted a comprehensive online search using WoSCC to explore original research and reviews on AI applications 
in MSK diseases. The search included articles published from January 1, 2000, to March 1, 2024, using Medical Subject 
Heading terms and free words for data collection. The retrieval methodology was revised several times by a team of three 
researchers to enhance sensitivity and precision, as detailed in Supplementary File 1.

Inclusion & Exclusion Standards
Emphasis was placed on English-language studies evaluating AI use in MSK diseases. Dissertations, letters, comments, 
editorials, conference abstracts, and duplicate research published under the same title in multiple journals were excluded. 
Team members and peer groups extensively discussed the inclusion and exclusion criteria.

Scientometric Visualization & Data Analysis
All available data were gathered from the WoSCC database and imported into Microsoft Excel (Office 365, Microsoft). 
The data were then analyzed using VOSviewer 1.6.18 (Leiden University, Netherlands), Citespace version 6.3.R1 
(Chaomei Chen, China), Pajek version 5.16 (University of Ljubljana, Slovenia), Scimago Graphica version 1.0.35 
(https://www.graphica.app/, USA), and the chorddiag R package (R Studio, version 4.2.0).

To generate visual representations of national or regional collaboration and analyze published works, we used the 
chorddiag R package with VOSviewer. We conducted co-occurrence analyses involving countries/regions, institutions, 
authors, journals, research fields, and keywords using VOSviewer, Scimago Graphica, and Pajek. Data on countries/ 
regions, institutions, authors, journals, co-citations, and keywords were visualized and mapped using Citespace. 
Additionally, the changing popularity of keywords over time was analyzed using Scimago Graphica.

Disease information was gathered from the Citexs Data Analysis Platform (https://www.citexs.com). This tool 
simplifies the generation of relevant visual charts, enabling a thorough examination of the current situation, key focuses, 
and future patterns in this field of study.

Results and Discussion
Scientific Output
The method of retrieving and collecting data is illustrated in Figure 1A. The research progress of a study can be indicated 
by the quantity of scientific reports it produces within a specified period.29 From 2000 to 2024, a cumulative total of 
2,716 pertinent scientific reports focusing on “AI-MSK diseases” were assembled. This compilation comprised 2,390 
original articles and 326 reviews, yielding an average annual publication rate of 113.2. This highlights the substantial 
attention and interest directed towards this field. Starting in 2022, the annual tally of relevant publications surpassed 500, 
reaching its pinnacle at 824 in 2023. The diagram illustrates a dramatic increase of more than 48 times from 2013, 
indicating a significant surge in research efforts in this domain and underscoring its considerable research significance. 
The exponential equation (y = 0.6545e0.3443x) accurately captures the annual trend, where x represents the year and 
y represents the number of publications, with a high R2 value of 0.9828. This demonstrates the precision and 
meticulousness employed in data analysis, leading to a curve that fits well (Figure 1B). The graph suggests 
a projected rise in annual research activities, reflecting a growing interest in utilizing AI for MSK diseases. As 
a result, significant advancements are expected in this field in the upcoming years.

Scientists are increasingly delving into AI solutions for MSK diseases, as indicated by the surge in scientific output. 
The expansion of research in this area underscores its significance in academia and draws in more investigators. Based 
on the anticipated rise in yearly studies in this domain, there could be notable progress in treatments or diagnostic 
instruments for MSK diseases in the foreseeable future. Anticipated growth is expected to attract additional funding, 
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expertise, and attention from diverse stakeholders. Entities in the business sector, such as biotech firms, will show 
interest in this advancement. Heightened research endeavors might lead to augmented investments and partnerships 
between academia and industry in AI-driven therapies for MSK diseases due to the substantial uptick in research 
operations.

Countries/Regions
Globally, research on “AI-MSK diseases” encompasses 80 countries/regions. In Figure 2A and B, national collaboration 
networks are depicted as a tangible representation of the importance of each country or region within the domain, by 

Figure 1 (A) Schematic representation outlining the methodology employed for literature search and selection. (B) Temporal trend analysis depicting the evolution of 
research focused on “artificial intelligence-musculoskeletal diseases” from 2000 to 2024.
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setting a minimum publication count of ten from each. This offers valuable insights for strategic collaborations and 
knowledge exchange.30 Particularly noteworthy is the USA’s leadership with 775 publications, comprising 28.53% of the 
total research output, highlighting its crucial role in advancing knowledge in “AI-MSK diseases”. Subsequently, China 
and the UK make noteworthy contributions, accounting for 25.37% (689 publications) and 8.73% (237 publications), 
respectively, in the global research on “AI-MSK diseases”.

Notably, China, as the sole developing nation among the top three, plays a significant role in the global landscape of 
“AI-MSK diseases”. With its distinction as the most populous nation and its comparatively centralized healthcare system, 
China holds abundant data for training and validating AI algorithms. The matter of healthcare equity has attracted 
considerable focus due to the uneven allocation of resources between urban and rural areas. As a result, the introduction 
of AI technologies holds promise for revamping China’s healthcare system.6 The swift integration of mobile technology 
and the expansion of Internet connectivity nationwide are anticipated to streamline the implementation of AI technol-
ogies, potentially enhancing the efficiency of patient triage and referral systems.

Figure 2 (A) Global distribution of research on “artificial intelligence (AI)-musculoskeletal (MSK) diseases”. Each sphere represents a country, with the thickness of 
connecting lines indicating the level of collaboration between nations. The size of each sphere corresponds to the number of publications from that country. (B) Chord 
diagrams illustrating international collaborations, where each outer curve represents a country, and the thickness of the lines denotes the strength of collaboration. (C) 
Research output on “AI-MSK diseases” from the top 10 countries (highlighted in red, indicating increased document production).
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The peripheral curve segments in the chord diagram visually represent countries and regions. The length of each 
segment corresponds to the publication volume of the respective country or region.31 Nations’ levels of collaboration are 
reflected in their levels of connectivity. In terms of global cooperation, the USA shows the most frequent instances, 
mainly participating in collaborations with the UK (link strength = 73) and China (link strength = 70) (Figure 2B). This 
information holds immense value for researchers seeking potential collaborators and industry practitioners aiming to stay 
informed about international collaborations that may impact clinical practices.32

Identifying publications that have experienced substantial increases in citations over a designated time frame is 
crucial, and this is achieved through the recognition of citation bursts.29 Figure 2C demonstrates the citation spikes for 
the top 10 countries/regions, illustrated by the intensity of each spike shown by the red line. Remarkable is the substantial 
increase in publication citations observed in England (strength = 5.34) from 2012 to 2017, closely trailed by the USA 
(strength = 4.79) and Denmark (strength = 3.58). This information provides researchers with the opportunity to delve into 
emerging topics, while industry practitioners can harness these insights to foresee and adjust to evolving trends in “AI- 
MSK diseases”.

Institutions
Valuable insights can be gained by researchers through the identification of leading institutions and the analysis of their 
citation surges to discover potential partners and sources of funding. The dynamic research environment is highlighted by 
a complex web of interconnected organizations. Over the past 24 years, there has been notable progress in the global 
study of “AI-MSK diseases”, involving more than 3,911 different entities. An interconnected network, shown in 
Figure 3A, was formed among these organizations, with a minimum criteria of nineteen publications for eligibility. In 
this network, individual institutions are represented by circles with text labels; collaboration instances are depicted by 
connecting lines. The thickness of the lines indicates the level of collaboration intensity, while line colors signify the 
overall strength of partnership between an institution and its collaborators. The circles’ sizes correlate with the amount of 
publications generated by each institution. As the leading contributor, the University of California, San Francisco has 
contributed around 2.72% (74 papers). Following closely are Harvard Medical School and Seoul National University, 
with contributions of 1.99% (54 papers) and 1.77% (48 papers) respectively. These institutions have been instrumental in 
the industry, positioning them as potential collaborators for upcoming research projects. Our assessment of collaboration 
between institutions highlights Boston University’s evident interest in working with others. It is worth noting that the 
partnership between Harvard Medical School and Brigham and Women’s Hospital is particularly robust (strength = 12). 
The active network of collaboration between establishments underscores a vibrant research environment in the area of 
“AI-MSK diseases”, enabling innovation and the sharing of expertise. This setting offers a fertile ground for the 
exchange of concepts, resources, and specialized capabilities. Scientists can take advantage of this setting to stay 
informed about recent progress, utilize communal sources, and improve the overall caliber of their research.

Moreover, identifying establishments undergoing a rise in citations aids scholars in pinpointing those with engaging 
and impactful research projects, opening up possibilities for partnerships or financial support. When evaluating potential 
collaborations, it is crucial to consider not just the quantity of research publications, but also the enduring influence and 
flexibility of research projects over time.31 Through the examination of CiteSpace analysis (Figure 3B), this research 
pinpointed institutions demonstrating significant increases in citations. Stanford University witnessed citation bursts from 
2018 to 2021, with a peak burst strength of 5.52. Harvard University experienced notably prolonged bursts in citations 
spanning from 2013 to 2021, indicating its sustained robust research capacity, prominent position, and substantial 
academic influence in this research domain. However, this trend showed a decline in the last three years.

Authors
Identifying leading experts and investigating their joint networks assists in pinpointing key contributors within the 
discipline. Experts who have exceptional citation rates and a consistent record of publications provide important insights 
that influence the trajectory of future research. By conducting a thorough analysis of authorship in the field of “AI-MSK 
diseases”, a total of 14,848 scholars were identified as significant contributors. Among them, eighteen researchers stood 
out for their prolific work, each authoring at least ten papers. These scholars are likely experts with significant expertise 
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Figure 3 (A) Diagram of institutional cooperation intensity. The thickness of the connecting lines between circles denotes the strength of cooperation between institutions. 
Additionally, the size of each circle is proportionate to the number of documents issued by the respective institution. (B) Citation bursts at the top 10 institutions (red bars 
represent burst periods for institutions).
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and abilities, making their input crucial for researchers in the “AI-MSK diseases” field. To further explore collaboration 
patterns, we employed VOSviewer software to produce visual diagrams. These diagrams were generated with 
a prerequisite of six publications per author. The visual displays show the nodes’ sizes, representing the publication 
count for each author, with various colors indicating separate author categories. The strength of the links between nodes 
indicates the degree of collaborative interactions. Remarkably, 71 authors exceeded the publication threshold. Notably, 
Valentina Pedoia and Sharmila Majumdar displayed the strongest collaborative relationships, as shown in Figure 4A. 
Additionally, Valentina Pedoia (1.03%, 28 publications), Sharmila Majumdar (0.92%, 25 publications), and Ali Guermazi 
(0.55%, 15 publications) were identified as prolific scholars in “AI-MSK diseases” research, underscoring their 
significant contributions to this scientific domain.

An extensive examination was carried out on various nodes during the same time period. In the diagram, every node 
represents a specific author, and its size reflects the extent of their literary work. The timeframe illustrated corresponds to 
when the author first published their work. The color purple is used to show early works, while yellow represents recent 
ones. When there is an overlap of colors, it suggests that there are multiple publications in the same year. A greater 
concentration of overlapping colors creates a yearly cycle, showcasing an author’s substantial and consistent output 
(Figure 4B). Noteworthy are the top three authors, Valentina Pedoia, Sharmila Majumdar, and Ali Guermazi, who display 
remarkable productivity and a longstanding track record of disseminating their findings. Markus B. Huber had 
a relatively high publication output in this field in the early stage but did not continue with further in-depth research 
thereafter.

Studying citation bursts is an important measure that shows how often authors receive citations within a specific field 
of study during a designated timeframe.33,34 Figure 4C ranks the top ten authors who have garnered the highest number 
of citations in the “AI-MSK diseases” field. From the figure, it can be observed that during this period, Sharmila 
Majumdar experienced a citation burst from 2018 to 2021, with the highest burst strength value of 3.65. The citation 
bursts of the top 10 authors mostly began after 2018, indicating a high level of interest in “AI-MSK diseases” research 
from 2018 to 2024; among them, the citation burst periods for Sharmila Majumdar, and Valentina Pedoia were the 
longest, reaching 4 years, indicating that their research results continue to be valued in the “AI-MSK diseases” field, 
demonstrating long-term academic influence. The foundation laid out by these scholars sets the stage for forthcoming 
investigations in this area, guaranteeing that future research expands upon the impactful and widely referenced studies 
already established. These prominent scholars provide critical guidance for individuals delving into this specific area of 
research. Additionally, their valuable contributions can provide insights for professionals in the field regarding key 
figures and developing trends, potentially impacting their collaborative efforts and strategic decisions.

Journals & Related Fields
Utilizing a visualization of journal publication data, insights into the scholarly communication landscape are provided 
through 851 journals featuring articles on AI applications in MSK diseases. A chart based on thermodynamics was 
developed to establish a minimum requirement of nine papers per journal for illustrating the distribution of documents 
among various journals. The intensity of colors on the chart indicates the volume of papers published in each journal 
(Figure 5A), guiding researchers in the selection of appropriate journals for their publications. Leading the rankings with 
the highest quantity of published documents is Scientific Reports (n = 94), followed by Diagnostics (n = 56) and Sensors 
(n = 54). The identification of top journals and their citation rates offers valuable information for researchers assessing 
the impact of their work and choosing potential outlets for publication.

Journals of varying emergence years are depicted with different colors in Figure 5B. Circle size and label frequency 
indicate occurrence frequency, while circle color signifies the mean publication year. Notably, Osteoarthritis and 
Cartilage and Computers in Biology and Medicine have been publishing for an extended period. Bioengineering-Basel 
and Heliyon are emerging journals, highlighted in yellow. Furthermore, the top 10 journals with the most pronounced 
bursts in citations for research on “AI-MSK diseases” are displayed in Figure 5C.

The overlay of dual-maps in journals offers a valuable method to showcase the changing locations of scientific 
research centers and the distribution of journals across various fields.35 Map labels show the various study areas 
encompassed by all publications. Journals cited by other works are situated to the right, whereas those referencing 
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Figure 4 (A) Author co-occurrence map. Circles and text labels constitute a node, with different colors representing distinct clusters. (B) Temporal overlay of the author’s 
collaborative network. Each sphere symbolizes an author, and the combined size of overlapping spheres, representing the sum of their sizes along the yearly ring line, 
corresponds to the total number of authored articles. Purple-red indicates earlier publications by the author, yellow signifies recent publications, and overlapping colors 
denote multi-year publishing. Overlapping colors on the spheres create a ring-like pattern. Connections between nodes in temporal zones depict collaborative occurrences 
among authors. (C) Top 10 authors with the most significant citation bursts in publications related to “artificial intelligence-musculoskeletal diseases”.
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other sources are located on the left. The visual representation of citation pathways is depicted with distinct colored lines 
originating from the citation map and terminating there. The intensity of these connections is directly linked to the 
frequency of citations, assessed via a z-score scale.26 This visualization facilitates the identification of emerging trends 
and shifts in scientific focus, guiding researchers in directing their efforts effectively. Figure 5D illustrates that research 

Figure 5 (A) Density visualization map of journal citations. The color intensity correlates directly with the volume of publications. (B) Journal distribution based on the 
average publication year (blue: earlier, yellow: later). Each circle and its label together create a node, where the circle size directly relates to the frequency of the keyword’s 
occurrence. The color gradient of each circle in the lower right corner denotes the average year of occurrence. (C) Top 10 journals with the most significant citation bursts. 
(D) A dual-map overlay of journals related to artificial intelligence in musculoskeletal diseases. Each point in the graph signifies a journal, while the curves bridging the left and 
right parts of the graph represent citation connections. These trajectories offer insights into interdisciplinary relationships within the field and vividly showcase the inception 
and progression of citations. (E) Analyses of research subject areas. Various colored spheres symbolize distinct converging fields.

https://doi.org/10.2147/JMDH.S477219                                                                                                                                                                                                                                

DovePress                                                                                                                                         

Journal of Multidisciplinary Healthcare 2024:17 3202

Cao et al                                                                                                                                                              Dovepress

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


on “AI-MSK diseases” predominantly falls within eight primary categories: molecular biology, immunology, clinical 
medicine, neurology, ophthalmology, genetics, nursing health, and sports rehabilitation.

Utilizing the VOSviewer software, the domain categories of 2,716 articles were visually analyzed, resulting in the 
categorization of these papers into five primary fields. This classification allows for a deeper understanding of research 
domains and their interrelations, providing valuable insights for both researchers and industry professionals seeking to 
navigate the evolving landscape of AI in MSK diseases. The clustering is visualized in Figure 5E, with spheres of various 
colors representing different domains. The findings indicate that a considerable amount of associated research focuses on 
the realm of “Biology and Medicine”, with high quantity of articles categorized under “Radiology, nuclear medicine & 
medical imaging”, “Orthopedics”, and “Rheumatology”.

These findings contribute to advancing knowledge in the field, informing research directions, and guiding decision- 
making for both academia and industry, ultimately driving innovation and progress in the diagnosis, treatment, and 
management of MSK diseases through the application of AI.

Co-Cited References
It is crucial for researchers to recognize the significance of identifying the most frequently referenced and impactful 
publications in order to enhance their understanding and contribute to the progression of their respective fields. The co- 
citation network diagram, displayed in Figure 6A, illustrates the connections between publications relevant to “AI-MSK 
diseases” from January 1, 2000, to March 1, 2024, utilizing CiteSpace analysis. The combined sizes of the circles over 
yearly intervals show their co-citation frequencies. The color spectrum varies from violet, representing earlier citations, 
to golden, showing recent citations. When colors merge on circles, it signifies consistent citations throughout the 
designated years. The links between circles symbolize the co-citation connections among various publications. 
Noteworthy, nodes flooded in pink represent essential nodes in the network, identified by a centrality surpassing 0.1. 
One of the highly cited works is the original research titled “Automatic Knee Osteoarthritis Diagnosis from Plain 
Radiographs: A Deep Learning-Based Approach”, authored by Aleksei Tiulpin et al and published in Scientific Reports 
in 2018, with the highest co-citation count (n = 129).36 Following closely is the 2020 paper “Sarcopenia: revised 
European consensus on definition and diagnosis” by Alfonso J Cruz-Jentoft et al in Age and Ageing, with 79 co- 
citations.37 The co-citation network diagram provided in Figure 6A offers insights into the interconnectedness of research 
literature, highlighting pivotal works and their impact over time. Researchers can leverage this information to explore 
emerging trends and prioritize areas for further investigation.

CiteSpace analyzes metrics such as Modularity (Q) and Mean Silhouette (S) to assess network structures and the 
clustering quality. Substantial clustering is indicated by a Q value above 0.3, while distinct and efficient clustering is 
denoted by an S value exceeding 0.5. Our analysis yielded Q = 0.9278 and S = 0.9709, confirming the presence of robust 
and cohesive clustering patterns within the network. This result underscores the reliability of the citation clustering 
technique employed. The examination revealed 11 unique clusters, labeled as #0 automated cartilage, #1 knee osteoar-
thritis, #2 osteoporotic vertebral fracture, #3 total hip arthroplasty, #4 deep learning method, #5 knee injury detection, #6 
body composition, #7 rheumatoid arthritis, #8 bone segmentation technique, #10 panoramic radiograph, #12 aggregated 
bilateral network, as illustrated in Figure 6B. This clustering approach facilitates knowledge organization and enhances 
the understanding of research trends and priorities.

CiteSpace was used to analyze and identify citation bursts in “AI-MSK diseases” research. Figure 6C illustrates the 
impact of the top 20 references, showing significant scholarly attention.38–55,57,58 The field experienced a significant 
increase in citations starting in 2016, with numerous co-citation references receiving substantial levels of citations in the 
subsequent years. This pattern underscores the sustained relevance of research on “AI-MSK diseases”. Notably, in 2018, 
55% (11 out of 20) of references encountered citation surges, surpassing the frequencies seen in 2020 and 2019, where 
20% (4 out of 20) and 10% (2 out of 20) of references experienced such bursts, respectively. The study that exhibited the 
most remarkable citation surge (intensity = 17.21) was ‘U-Net: Convolutional Networks for Biomedical Image 
Segmentation’,38 followed closely by works from Yann LeCun et al39 and Kaiming He et al.40 By recognizing these 
citation bursts, researchers can gain insights into the evolving landscape of “AI-MSK diseases” research and adapt their 
research agendas accordingly. Additionally, industry practitioners can utilize these insights to inform decision-making 
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Figure 6 (A) Co-citation analysis chart for “artificial intelligence-musculoskeletal diseases”. The sizes of the overlaid circles, corresponding to the sizes of the circles on the 
annual rings, are proportional to the number of citations. Purple indicates earlier citation times, yellow indicates later citation times, and overlapping colors indicate citations 
in corresponding years. The lines connecting the circles represent the co-citation situation of the literature, and the nodes marked in magenta are critical nodes with 
a centrality greater than 0.1. (B) Co-cited literature network map. The sizes of the overlaid circles, corresponding to the sizes of the circles on the annual rings, are 
proportional to the number of citations. Purple indicates earlier citation times, yellow indicates later citation times, and overlapping colors indicate citations in corresponding 
years. The lines connecting the circles represent the co-citation situation of the literature, and the nodes marked in magenta are critical nodes with a centrality greater than 
0.1. (C) Top 20 references with the highest citation bursts.
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processes, such as investment strategies and product development initiatives, aligning their efforts with emerging 
research trends and priorities.

Keywords & Related Diseases
Keyword co-occurrence clustering analysis was performed using VOSviewer software, with a minimum keyword 
occurrence threshold of ten instances. Only keywords that met this criterion were included in the visualization. From 
a total of 5,590 unique keywords (after eliminating duplicates), 108 keywords were chosen for the visual network. 
Figure 7A displays a graph illustrating word frequency trends over time, with each circle and label serving as a node. The 
size of a circle indicates the frequency of the keyword, while the thickness of connections between circles reflects the 
strength of their associations. The color of each circle, as shown in the lower right corner, changes to indicate the 
average year of appearance. Blue signifies earlier appearances, whereas yellow denotes later appearances. Analysis of the 
data presented in Figure 7A shows that “data mining” and “physical activity” were subjects of earlier research, while 
“ChatGPT” and “immune infiltration” have become recent focal points of study and exploration. By identifying prevalent 
keywords and their temporal patterns, researchers can better understand the shifting landscape of research interests and 
prioritize areas for further investigation.

Figure 7B exhibits the detection of keyword bursts, especially those experiencing significant citation surges. This 
highlights subjects that have attracted considerable scholarly focus. Analyzing the temporal patterns of keyword bursts 
can inform decisions regarding investment and collaboration, facilitating alignment with prevailing research trends and 
fostering strategic partnerships. Figure 7B illustrates that the keyword with the strongest citation burst intensity is “big 
data”, with a burst strength value of 5, occurring between 2016 and 2019; the keyword with the longest duration of 
citation burst is “bones”, with a sustained surge in citations for 8 years; among the top 10 keywords with citation bursts, 
the majority emerged after 2014, indicating a high level of interest in “AI-MSK diseases” research between 2014 and 
2024.

Analysis of co-occurrence uncovers key connections between keywords, showcasing essential themes in the field. 
Illustrated in the chart in Figure 7C are the frequencies of keywords co-occurring, examined through CiteSpace to 
investigate the co-occurrence of “AI-MSK diseases” between January 1, 2000, and March 1, 2024. The cumulative sizes 
of each year are represented by circles in the chart, highlighting the frequency of keyword usage. Earlier keyword 
appearances are indicated by purple circles, while yellow circles represent later ones. Mixed colors signify citations that 
span multiple years. The lines connecting the circles reveal co-citation relationships among sources. Nodes in magenta 
are used to emphasize significant nodes with centrality scores higher than 0.1. In Figure 7C, “machine learning” stands 
out as the most frequently co-occurring term, with “deep learning” and “artificial intelligence” ranking second and third, 
respectively. This analysis enables researchers to discern prevalent topics and concepts, facilitating knowledge synthesis 
and interdisciplinary collaboration.

Studying the evolving trends and key areas in “AI-MSK diseases” investigation is vital for guiding investment and 
partnership decisions, ensuring alignment with current research priorities. Displayed in Figure 7D is a timeline depicting 
keyword frequency clustering within key areas. The graph exhibits circles of varying sizes, with the collective size on 
each annual band corresponding to the keyword frequency. Links between keywords signify their mutual occurrence. The 
color palette offers valuable insights: violet denotes earlier keyword occurrences, while yellow indicates recent appear-
ances, and blended hues suggest consistent keyword presence throughout time. Rose-colored nodes highlight keywords 
with significant centrality, underscoring their pivotal role as network focal points. Keywords within the same cluster are 
arranged horizontally. The sequential layout positions the initial keyword occurrence at the beginning, advancing to the 
right in chronological order. This visual depiction aids in grasping keyword distribution within each cluster, where 
a larger size signifies greater group importance. Additionally, it delineates the temporal extent of keywords within each 
group. The keywords are categorized into 13 distinct clusters: #0 rheumatoid arthritis, #1 metacarpophalangeal rheuma-
toid arthritis, #2 traumatic spinal cord injury, #3 artificial intelligence, #4 learning-aided evaluation, #5 support vector 
machine, #6 machine learning, #7 structure-based virtual screening, #8 prediction model, #9 electronic health record, #10 
knee osteoarthritis, #11 construction worker, #12 potential diagnostic biomarker.
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Figure 7 (A) Visualization of keyword intensity overlay over time. Each circle and its label constitute a node, where the circle size corresponds positively to the frequency of 
keyword occurrence. The color gradient in the lower right corner denotes the average year of occurrence, with blue representing relatively early keywords and yellow 
indicating recently emerged keywords that may lead to new research directions. (B) Top 10 keywords with the strongest citation bursts identified by CiteSpace. (C) Co- 
occurrence analysis chart of keyword frequencies. The sizes of the overlaid circles, corresponding to the sizes of the circles on the annual rings, are proportional to the 
number of citations. Purple indicates earlier citation times, yellow indicates later citation times, and overlapping colors indicate citations in corresponding years. The lines 
connecting the circles represent the co-citation situation of the literature, and the nodes marked in magenta are critical nodes with a centrality greater than 0.1. (D) 
Temporal trends in keyword co-occurrence. The sizes of the overlaid circles, corresponding to the sizes of the circles on the annual rings, are proportional to the frequency 
of keywords. The lines between keywords represent co-occurrence. Purple represents the relatively early appearance time of keywords, yellow represents the later 
appearance time of keywords, and overlapping colors indicate that keywords appeared in the corresponding years. Magenta nodes are nodes with relatively strong centrality, 
located at the central position and acting as hubs. Keywords in the same cluster are placed on the same horizontal line. The first appearance time of keywords is placed at 
the top of the view, with time progressing towards the right.
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By closely examining diseases related to “AI-MSK diseases”, researchers can concentrate on specific medical 
conditions. Across 323 articles, the Citexs Data Platform identified 511 diseases, with each disease mentioned in at 
least six articles to be included in the analysis. The resulting diseases were visualized in a heatmap using VOSviewer, 
which depicted the frequency and relationships among diseases related to “AI-MSK diseases” research (Figure 8). 
Among the most frequently referenced diseases are joint diseases, bone fractures, bone tumors, cartilage diseases, and 
spondylitis. This focused strategy could accelerate the development of tailored drugs and treatments for these diseases, 
ultimately improving treatment effectiveness and enhancing patient outcomes.

Challenges & Future Recommendations
Challenges
As technology advances, many perceive AI applications’ role in MSK diseases as an inevitable evolution. Significant 
investment and preliminary research have explored optimizing these methods in various clinical and para-clinical fields. 
However, some argue that the hype surrounding AI exceeds its current practical applications.57 Like other novel 
technologies in healthcare, where human lives are at stake, efforts must be made to ensure that AI applications 
recommended for clinical use are supported by evidence-based justifications for adoption, ideally demonstrating out-
comes that are at least equivalent (and preferably improved) compared to traditional benchmarks.59,60

Currently, the costs associated with computing hardware are considerably high. In global healthcare systems facing 
financial constraints, cost-effectiveness often becomes a limiting factor. Many emerging research applications still need 
verification and validation in wider clinical contexts or replication of results beyond the original institutions.61,62 Clinical 
care remains centered around human involvement and should not be reduced to merely applying diagnostic or treatment 
algorithms. Patient well-being goes beyond mere statistical representation.63 Relying solely on computerized processes 
for clinical decision-making is unreasonable and unethical.16

The effectiveness of an algorithm depends entirely on the quality of its training data. AI relies solely on patient data, 
linking surgical accuracy to data quality. AI operates within predefined parameters and cannot understand emotions, 

Figure 8 Density visualization map of associated diseases. The intensity of color is directly proportional to the frequency of occurrence of the represented disease.
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human cognition, and reasoning needed for precise decision-making. Unlike humans, AI cannot replicate the creative 
thinking essential for theranostics in MSK diseases, as humans can perceive, contemplate, and make informed decisions. 
Supervision and data collection during treatment are crucial, and satisfactory results require reliable data.64

Much of modern AI relies on machine learning, especially deep neural networks, which require extensive datasets. 
This highlights the need for AI developers to access sensitive medical data, raising concerns about patient privacy.8 With 
widespread issues of hacking and data breaches, ensuring data privacy and security is a major concern in AI for 
medicine. To address this, new models of health data ownership must be established, empowering individuals with rights 
over their data, utilizing highly secure data platforms, and enacting government legislation. Without these measures, 
security Challenges could impede or jeopardize AI progress in medicine.65

Besides privacy concerns, bias in AI is a significant issue. If training data for AI is biased, there is a risk of 
widespread systematic inaccuracies. For example, much historical medical data in the USA consists of records of white 
men.66,67 An algorithm trained on this data might produce less precise predictions for females, racial minorities, or other 
underrepresented groups. This AI bias reflects human judgment, influenced by personal experiences, leading to incorrect 
clinical judgments. However, widespread implementation of biased AI by healthcare providers could pose greater risks to 
patient well-being and healthcare quality. While some argue that algorithmic bias is less than human bias, substantial 
efforts are needed to eliminate embedded prejudice and strive for truly representative medical research.5

Instead of harm from an individual doctor’s mistake, there is significant concern about iatrogenic harm from a machine 
algorithm.5 This highlights the importance of systematic debugging, auditing, extensive simulation, and validation, along with 
prospective scrutiny, during AI integration into clinical settings. Additionally, gathering more evidence and rigorous validation 
is crucial to exceed the recent relaxation of regulatory requirements by the Food and Drug Administration for medical 
algorithm approval.68 Due to its novelty, AI in medicine lacks universally accepted governance and regulatory frameworks, 
which need to develop to ensure safe and effective use while protecting patient data and circumstances.60

Training medical professionals is another hurdle in implementing AI for MSK diseases. Physicians must thoroughly 
understand AI algorithms to effectively integrate them into clinical practice. However, understanding AI algorithms in 
depth requires access to advanced mathematical tools, which may not be readily accessible to physicians. Therefore, 
medical training and continuing education should be adjusted.69

Future Recommendations
To meet the escalating demands of MSK diseases, AI must address diagnosis, treatment, and outcome assessment. While AI 
applications for MSK diseases have mainly focused on diagnostics, there is an urgent need for algorithms to help practitioners 
identify and intervene in adverse intraoperative outcomes. Although many MSK surgeries currently involve human assistance 
alongside AI, there is potential to enhance their autonomy. Implementing AI protocols during surgery can help less 
experienced surgeons perform complex procedures more efficiently and with fewer errors. For example, in bone neoplasms, 
a device should be able to discern tumor margins, facilitating margin-negative (R0) resections. Looking ahead, envisioning an 
AI system capable of conducting patient interviews, diagnosing diseases, performing tests, and delivering results is realistic.

Strengths and Limitations
Compared to previous research relying heavily on meta-analyses or narrative reviews, this study’s use of scientometric 
tools provided broader insights into research focal areas and trends.70 In the past 24 years, this study is the first to 
perform a scientometric analysis, delineating and describing “AI-MSK diseases” knowledge landscapes. It provides 
a thorough and unbiased reference for future progress, despite certain inevitable restrictions.

This study faced several constraints: Firstly, due to CiteSpace’s limitations, publications were solely extracted from 
WoSCC, leading to inevitable selection bias. Secondly, the citation count, used as a measure of a paper’s impact, is 
vulnerable to various confounding factors, affecting its accuracy. Thirdly, the large volume of papers may have compro-
mised the study’s credibility by preventing comprehensive analysis of each paper and subfield. Fourthly, as shown by prior 
scientometric studies, scientometric techniques heavily rely on natural language processing, which may introduce 
bias.56,70–72 Fifthly, restricting to English texts could lead to publication bias. Lastly, due to incomplete literature collection, 
newly published literature and certain keywords may not have been included in the statistical analysis.
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Conclusion
This comprehensive scientometric analysis details the “AI-MSK diseases” landscape over the past 24 years. The surge in 
academic publications reflects growing interest in this field, indicating a promising future. Global collaboration, 
particularly led by the USA and the UK, underscores the multinational nature and broad implications of this research. 
Institutions like the University of California, San Francisco, Harvard Medical School, and Seoul National University 
have made significant contributions. Influential figures such as Valentina Pedoia, Sharmila Majumdar, and Ali Guermazi 
have shaped this evolving field. Journals like Scientific Reports, Diagnostics, and Sensors are crucial platforms for this 
research. This analysis acknowledges limitations that present opportunities for more refined investigations and meth-
odologies. Overall, this study provides a comprehensive overview of “AI-MSK diseases” research, outlining its trajectory 
and paving the way for future advancements.
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