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Objective: To analyze the current status, research hotspots, and trends in the application of artificial intelligence (Al) in cardiovas-
cular disease (CVD) using bibliometric methods, providing a reference for future research.

Methods: A systematic search was conducted in the WoSCC for relevant literature published from database inception to March 5,
2025. VOSviewer v.1.6.20 was used for co-occurrence analysis of institutions (>10 publications) and authors (>5 publications), and
Scimago Graphica V1.0.25 was used to visualize collaboration networks among countries/regions. CiteSpace 6.3.R1 was employed for
institutional co-occurrence analysis (=5 publications), keyword co-occurrence, and clustering analysis.

Results: A total of 1738 relevant articles were included, with a gradual increase in annual publications, especially after 2018. The
United States led in both publication volume and total citations. Harvard Medical School was the most prolific institution. Saba, Luca,
and Suri, Jasjit S. were the most productive authors. {/EEE ACCESS) was the journal with the most publications. High-frequency
keywords included machine learning, coronary heart disease, and CVD, forming 10 clusters. Main research areas included Al in
disease diagnosis, classification, biomarker discovery, and Al system design. Co-cited literature clusters into four AI-CVD directions:
classification, risk prediction, algorithm refinement, imaging. In addition, issues such as the interpretability and clinical acceptance of
Al data quality and patient privacy protection models cannot be ignored.

Conclusion: Research on Al in the field of CVD is still in a stage of rapid development. Currently, the hotspots in this field focus on
the application of Al in CVD diagnosis and classification, the application of Al in CVD risk prediction, and the precise utilization of
Al in CVD imaging. How to develop explainable Al models is a hot topic of research in the coming period.
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Introduction

Cardiovascular disease (CVD) is one of the leading causes of death and disease burden globally, with rising incidence
and mortality rates. Aging populations and lifestyle changes pose significant challenges to CVD prevention and
treatment.” Although traditional diagnostic and treatment methods continue to improve, limitations remain, such as
insufficient diagnostic accuracy and limited risk prediction capabilities. In recent years, the rapid development of
Artificial intelligence (AI) technologies has brought new opportunities for CVD diagnosis, treatment, and management.
Al particularly machine learning (ML)* and deep learning (DL),* excels in handling large-scale data, pattern recognition,
and automated analysis. At the 2020 European Society of Cardiology Congress, Al was recognized as a frontier in
cardiovascular medicine, poised to transform diagnosis, prevention, and treatment.’ In 2024, American Heart Association
(AHA) proposed in its scientific statement on the application of Al in CVD published in Circulation that Al The
application of Al in medicine has been promoted by the academic community and global government agencies.
Departments at all levels are investing a large amount of resources to utilize Al to transform healthcare services.®
With a surge in academic research on Al and CVD, in-depth studies are crucial for advancing precision medicine and

improving patient outcomes.
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Bibliometrics can be used to quantify the impact of independent research findings and the development of literature in
a field of study.” Specifically, the evaluation systematically quantifies the scholarly contributions and impact of individual
authors, countries/regions, institutions, disciplines, and journals, while simultaneously delineating the current status, evolving
trends, and emerging frontiers of the field. CiteSpace® and Vosviewer® are relatively cutting-edge bibliometric analysis
software. WoS is one of the commonly used bibliometric analysis databases. Although bibliometric has proliferated across
disciplines in recent years, to our knowledge, so far, there is no bibliometric study in the field of Al and CVD.

This present study utilizes Citespace, VOSviewer, Scimago Graphica and Microsoft Office Excel 2021, tools such as
Al were used to analyze relevant literature in the CVD field, sort out the research hotspots and development trends in this

field, explore its advantages and limitations, and provide valuable insights for future research in this field.

Data and Methods

Literature Sources and Search Strategy

1) Literature Source: Web of Science Core Collection (WOSCC) database (https://www.webofscience.com/wos/woscc/basic-
search). 2) Retrieval Strategies: (TS=(“Artificial Intelligence” OR “Machine Intelligence” OR “AI” OR “Cognitive
Computing” OR “Machine Learning” OR “Automated Reasoning” OR ‘“Neural Networks” OR “Computational
Intelligence” OR “Smart Systems”)) AND TS=(“Cardiovascular disease” OR “Heart disease” OR “Cardiac disease” OR
“Circulatory disease Heart disease” OR “Heart and blood vessel disease”) 3) Retrieval timeframe: From the establishment of
the database to March 5, 2025. 4) Citation index: SCI-EXPANDED. 5) Language: English 6) Literature Type: Article OR
Review. 7) Search date: March 5, 2025. To avoid deviations caused by daily database updates, the search was completed

within one day.

Data Processing
Microsoft Office (Excel 2021, PowerPoint) was used to create a graph of the annual number of published articles.
Scimago Graphica V1.0.25 (https://graphica.app/) was employed to generate a geographical distribution map of

Al-related publications in the field of CVD. The bibliometric analysis software VOSviewer v.1.6.20 (https://www.
vosviewer.com/) was utilized to visualize the collaborative relationships among institutions, authors and acquire
the Total LinkStrength (TLS). CiteSpace 6.3.R1 (http://cluster.cis.drexel.edu/~cchen/citespace/) was used to create
keyword co-occurrence, keyword burst graphs, and keyword clusters and literature co-citation cluster mapping to

identify research hotspots in different periods and future research trends.

In the graph, the size of each node reflects the frequency of the corresponding item: the larger the node, the higher the
frequency. Nodes are connected by edges that vary in thickness and color. Edge color encodes the time at which the connection
first emerged, whereas edge thickness and color saturation jointly indicate the strength of the interaction: the thicker and darker
the edge, the stronger the association.

Keywords with the same meaning were merged. For example, “artificial intelligence (ai)” and “AI” were unified as

“artificial intelligence”; “coronary heart disease (chd)” was standardized as “coronary heart disease”; “convolutional neural

networks” and “convolutional neural network (cnn)” were combined into “convolutional neural network”.

Software-Parameter Configuration

To ensure a clear and interpretable visualization, the CiteSpace parameters were configured as follows: the literature was
retrieved for the period January 1987-March 2025, the time slice was set to 1 year, the node type was defined as
“keyword”, no pruning method was selected, the g-index threshold was set to k =25, and all remaining options were kept
at their default values. In VOSviewer, the minimum number of publications required for a journal or an author to be

included was set to 5.
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Results

Search Results and Annual Trends in Literature Publication

After screening, a total of 1,738 articles on the application of Al in the field of CVD were obtained. The specific search
process is shown in Figure 1. The term “artificial intelligence” was first proposed as early as 1956, and the possibility of
simulating intelligence with machines was explored. However, the first relevant literature on Al in the field of CVD did
not appear until 1987. The number of publications was relatively low in the 30 years from 1987 to 2017. Since 2018, the
number of publications has shown exponential growth, indicating that with the development and maturation of Al
technology, a trend of Al medical models has emerged in the cardiovascular field, and this trend is still ongoing
(Figure 2).

Analysis of Country

A total of 99 countries have conducted research on the application of Al in the field of CVD. Table 1 shows the top 10
countries in terms of the number of publications and citation frequency. The three countries with the highest output are
the United States (432 articles), China (372 articles), and India (334 articles). Figure 3 shows that the United States, the
United Kingdom, and India have relatively close collaborative relationships with other countries.
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Figure 2 Trends in the growth of publications.
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Table | Influential Countries/Regions in the
Field of Al in CVD Related Research

Country Documents | Citations
United States 432 10718
China 372 4736
India 334 4347
United Kingdom 163 4551
Saudi Arabia 125 1961
Canada 83 2596
Italy 79 1798
Pakistan 72 1739
Australia 68 2119
South korea 68 1630

Analysis of Institutions

A total of 2,985 institutions have participated in research on Al in the CVD field. Table 2 lists the top 10 institutions with
the highest output in relevant research fields. These institutions are located in the United States (3), the United Kingdom
(3), Canada (2), India (1), and Saudi Arabia (1). Harvard Medical School (43 articles) has published the most papers in
this field; Mayo Clinic (30 articles) and Leland Stanford Junior University (29 articles) follow closely. The top three
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Figure 3 The global number of publications related to Al in CVD research.
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Table 2 Influential Institutions in the Field of Al in CVD Related Research

Rank Organization Country Np Organization Country Nc
| Harvard Medical School United States 43 Mayo Clinic United States 1225
2 Mayo Clinic United States 30 University of Oxford United Kingdom 932
3 Leland Stanford Junior University United States 29 Icahn School of Medicine at Mount Sinai United States 913
4 Imperial College London United Kingdom 26 Johns Hopkins University United States 907
5 University of Oxford United Kingdom 21 Harvard Medical School United States 803
6 Vellore Institute of Technology India 21 Leland Stanford Junior University United States 776
7 King’s College London United Kingdom 20 University of Nottingham United Kingdom 733
8 Princess Nourah bint Abdulrahman University Saudi Arabia 20 Columbia University United States 731
9 Queen’s University Canada 20 Sejong University United States 731
10 University of Toronto Canada 20 University of California, Los Angeles Korea 669

Abbreviations: Np, total number of publications; Nc, total number of citations.

institutions in terms of citation frequency are Mayo Clinic (1,225 citations), University of Oxford (932 citations), and
Icahn School of Medicine at Mount Sinai (913 citations). Figure 4 shows the collaborative situation among 58
institutions with more than 10 publications, indicating relatively close collaborative relationships among these institu-
tions. TLS refers to the sum of the strength of a node’s relationships with other nodes in a network, which can used to
evaluate the collaborative relationships. In terms of TLS, the top three institutions are Queen’s University, Harvard
Medical School, and Icahn School of Medicine at Mount Sinai.

Analysis of Author Co-Occurrence Network

A total of 8,945 authors have participated in research related to Al and CVD fields. On average, approximately five
authors are involved in each article. Among them, 35 authors have published more than five research papers, and their
collaborative relationships are shown in Figure 5. Saba, Luca, and Suri, Jasjit S. have the highest number of publications,
with 21 articles each. Their main research areas focus on the application of Al combined with imaging in CVD. Next is
Laird, John R., whose research direction centers on the application of Al in CVD risk stratification. Besides, among the
top 10 authors, there are Khanna, Narendra N. (15 articles), Johri, Amer M. (12 articles), and Nicolaides, Andrew (10
articles). Detailed information on the top 10 authors by publication count is presented in Table 3.

indrapraypollo hosp

5 quee@univ

b iy, Nl

¢ cleveland clin

univiokyo ﬁ’ ,n

U-E'_‘ stanft
P <

vellore inst technol

) ) ) king khalid univ
king abdulaziz univ
shanghai{i@ao tong.univ
n

king saud univ
inisbeduc

univ sydney
?niv Oy @ .
capitalimed univ
zhejiang univ
univ utrecht

deakip univ southerniined univ

Xi an jiagitong univ

Figure 4 Visualization of organizations related to Al in CVD publications.
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Figure 5 Cooperation network of authors.

Analysis of Publishing Journals and Literature

A total of 695 journals have published research in this field, with 75 journals having published more than five articles.
Table 4 shows the names of the top 10 journals by publication count, most of which are in JCR Q1 or Q2. [EEE ACCESS
is the journal with the highest number of publications in the field of Al in CVD (66 articles), mainly focusing on
computer science research. It is followed by FRONTIERS IN CARDIOVASCULAR MEDICINE, which mainly focuses on
the heart and cardiovascular system, and SCIENTIFIC REPORTS, which mainly focuses on the application of computer
science in the cardiovascular system. Combined with the double figure superimposed journals (Figure 6) can be inferred
from the analysis that the field involves research in clinical medicine, computer, mathematics, health medicine,

molecular.
Table 3 Author Publication Details

Author Documents | Citations
Saba, Luca 21 603
Suri, Jasjit S. 21 603
Laird, John R. 17 489
Khanna, Narendra N. 15 362
Johri, Amer M. 12 290
Nicolaides, Andrew 10 280
Acharya, U. Rajendra 8 626
Friedman, Paul A. 8 491
Sengupta, Partho P. 8 444
Viswanathan, Vijay 8 229
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Table 4 Journal Publication Details

Journal Documents | IF | JCR
IEEE Access 66 34| Q2
Frontiers in Cardiovascular Medicine 53 28 | Q2
Scientific Reports 38 38 | Ql
Diagnostics 28 36 | Q2
International Journal of Advanced Computer Science and Applications 25 35| Q3
Biomedical Signal Processing and Control 25 49 | Ql
Applied Sciences-Basel 24 28 | Q2
Computers in Biology and Medicine 23 70 | QI
Computer Methods and Programs in Biomedicine 23 49 | Ql
PLOS ONE 20 29 | Ql

Analysis of Keyword

Keywords in literature summarize the content and themes of the articles. Hence, research and analysis of hot keywords
can help us identify research hotspots in a particular field. Using CiteSpace to analyze the keywords in 1,738 papers,
a total of 1,221 keywords were identified. The top 10 most frequent keywords include: machine learning (618), coronary
heart disease (240), cardiovascular disease (336), heart disease (270), injury (42), myocardial deep learning (216),
classification (186), diagnosis (175), prediction (166), and risk (154) (Figure 7A). Keywords such as “cardiovascular

EEINT3 2

disease,” “neural networks,” “feature extraction,” “cardiovascular diseases,” and “myocardial infarction” are located at
the center, acting as hubs connecting other nodes, reflecting the hotspots and general direction of Al research in the CVD
field in recent years.

The purpose of keyword clustering analysis is to display the distribution of core content by classifying keywords
based on similarity.'® Figure 7B shows the CiteSpace keyword cluster and hotspot identification map, forming 10
research hotspots: “#0: electrocardiogram-based deep learning”, “#1: polymorphism-based biomarker”, “#2: metabolic
syndrome”, “#3: classification identification”, “#4: artificial intelligence framework”, “#5: screening native american
elder”, “#6: preclinical myxomatous mitral valve disease”, “#7: artificial intelligence”, “#8: deep learning”, “#9: expert
system”. Table 5 presents the specific characteristics of each cluster in Figure 7B, including cluster number, cluster label,
average publication year of cluster literature, research focus of cluster literature, and number of cluster members. Except

for clusters #2, #5, and #6, the other clusters demonstrate research hotspot themes in the application of Al in CVD
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Figure 7 (A) High-frequency keywords. (B) Cluster diagram of keywords. (C) Top 20 keywords with the strongest citation bursts.

diagnosis and treatment, reflecting the positive role of Al in assisting disease diagnosis, classification, and the

identification of emerging biomarkers, as well as the design and research of Al systems.

Keyword bursts refer to keywords with a high rate of frequency change detected at corresponding time nodes, indicating

hot research topics during a specific period. Figure 7C shows the top 20 keywords with the strongest citation bursts. Keywords

with high burst intensity include “coronary heart disease,

99 <

classification,” and “cardiovascular disease.” In the early stages,

the keywords “coronary heart disease” and “artificial neural networks” had long burst durations, indicating their significant

impact on current research in the field. Since 2019, keywords such as “cardiovascular risk,” “deep neural networks,” and

Table 5 Keyword Clustering Features

Cluster | Size | Silhouette | Mean(Year) Top Terms
ID
0 83 0.671 2020 Electrocardiogram-based deep learning; cardiovascular computed tomography; congenital
heart disease; unsupervised machine learning; left ventricular diastolic function
| 79 0.694 2019 Polymorphism-based biomarker; single nucleotide; chinese type; medical thing; australian first
nation
2 75 0.824 2008 Metabolic syndrome; myocardial infarction; ai ratio; cardiometabolic risk; middle-aged men
3 62 0.802 2011 Classification identification; web server; myocardial spet; perfusion defect; predicting carcinoid
heart disease
4 56 0.795 2012 Artificial intelligence framework; prospective study; carotid ultrasound plaque burden; ivus-
based coronary artery disease risk stratification; coronary heart-disease
5 50 0.757 2016 Screening native american elder; Ir classifier new evolutionary system; making mo evolving
artificial neural network
6 48 0.659 2021 Preclinical myxomatous mitral valve disease; grade heart murmur; decision trees strategy;
novel dual-class; enhancing coronary artery disease prognosis
8 40 0.788 2012 Deep learning; heart disease prediction; ischemic heart disease; automatic cardiac cine mri
segmentation; ecg signal
7 40 0.886 2013 Artificial intelligence; myocardial infarction; learning analysis; physics-constrained deep active
learning; spatiotemporal modeling
9 35 0.873 2010 Expert system; valvular heart disease; ecg analysis; intelligent postoperative morbidity
prediction; using artificial intelligence technique
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“accuracy” have increased, suggesting a growing number of articles exploring this field and the deepening of research
methods. The current research hotspot keywords that persist to this day are “explainable artificial intelligence” and “ischemic
heart disease.” Further analysis reveals that improving the algorithm performance of Al and ischemic heart disease may be
among the future research hotspots of interest.

Cluster Analysis of Co-Cited Literature

The number of citations can be used to measure the influence and academic value of a research result. Co-cited literature
refers to two articles that are cited together, and the frequency of co-citation is calculated to determine co-citation
relationships.” The most co-cited literature is Effective Heart Disease Prediction Using Hybrid Machine Learning
Techniques written by Senthilkumar Mohan and published in IEEE Access. This present study adopts hybrid machine
learning techniques, combining the advantages of multiple algorithms, to provide new technical ideas for CVD
prediction. Besides, by constructing a high-performance prediction model, it offers new tools and methods for CVD
risk assessment, prompting researchers to pay more attention to how to optimize risk assessment models using machine
learning techniques to better identify high-risk patients and achieve early intervention and precise treatment. In general,
the common research focuses among the top 10 co-cited articles mainly center on data-driven prediction, multimodal data
fusion, model accuracy and generalization ability, the potential and challenges of clinical applications, as well as
auxiliary decision-making and personalized treatment.

Subject clustering of co-cited literature can reflect the main research content and development history of a field.'" The
co-cited literature network identified eight clusters with significant modularity (Q = 0.8398) and a high silhouette score
(S = 0.9083), indicating the credibility and uniqueness of the clusters'' (Figure 8).Based on co-citation relationships for
clustering and in-depth analysis of cluster literature and their research focuses, we can summarize the current research
themes of AI in the CVD field: the application of AI in the classification and diagnosis of coronary artery disease
(clusters 3 and 8); the application of Al in CVD risk prediction (cluster 2); the improvement of Al algorithms (clusters 0
and 6); and the precise use of Al in imaging (clusters 1, 4, and 15).
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Figure 8 Literature co-citation cluster mapping.
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Discussion
Current Research Status of Al in the CVD Field

The first application of Al technology in CVD research in 1987 marked an important starting point in this field. At that time,
computer technology was in a stage of rapid development, and the concept of Al was gradually transitioning from theory to
practical application. As one of the major global health threats, the complexity and diversity of CVD pose numerous challenges to
traditional diagnostic and treatment methods. The introduction of Al has provided new ideas and methods for the diagnosis,
treatment, and management of CVD, opening a new chapter in precision medicine for CVD. Analysis of the annual publication
volume and highly cited literature reveals that, in the early stages of research, the number of articles on the application of Al in the
CVD field was relatively small. Research directions were mostly based on simple machine learning algorithms, such as support
vector machines and data mining, which were used to extract features from electrocardiogram (ECG) and cardiovascular imaging
data for simple disease diagnosis and classification. Nonetheless, large-scale, systematic application practices had not yet been
carried out. These studies preliminarily demonstrated the feasibility of Al technology in CVD diagnosis, laying a foundation for
subsequent in-depth research. Since 2018, with the popularization and promotion of the concept of intelligent health management
worldwide, research on the application of Al in the CVD field has rapidly heated up. The number of articles on Al and CVD
published after 2018 has shown exponential growth, with the main research directions focusing on the extraction of coronary
artery CT and electrocardiac activity-related data based on deep neural networks, with a greater emphasis on the diagnosis of
arrthythmias and ischemic heart disease.

The top three countries with the highest number of publications in this field are the United States, China, and India.
The United States surpasses other countries in terms of citation frequency and the number of international collaborations,
and most of the institutions ranking high in terms of publication volume and citation frequency are from the United
States, indicating that the United States is a global leader in this field. Among the top 10 journals in terms of publication
volume, the journal with the highest impact factor is COMPUTERS IN BIOLOGY AND MEDICINE (IF = 7.0), whose
main research area is the application of computers in biomedicine. Nevertheless, overall, the proportion of Al-related
research in CVD published in high-impact journals is relatively low, possibly because the interdisciplinary field of Al and
CVD science is still in its early stages of development. In the future, it is necessary to strengthen cooperation and
communication among different authors, institutions, and even countries to promote the production of high-quality
scientific research results and drive the further development of Al in the CVD field.

Research Hotspots

Based on keyword frequency and cluster analyses, current research is mainly focused on four hotspots:® Al-assisted
disease diagnosis: employing machine learning, data mining, deep learning, and other advanced techniques to enhance
diagnostic accuracy.@ Al-assisted disease classification: facilitating the stratification of various CVD, with acute
myocardial infarction and arrhythmias as the primary targets.® Emerging biomarkers: developing sophisticated pipelines
that integrate traditional bioinformatics, classical statistics, and multimodal machine learning to identify novel CVD
biomarkers with high predictive value.® Al system design: constructing predictive and diagnostic models for CVD
through Al technologies to improve clinical efficiency.

Research Directions

Co-citation Clustering can be used to reveal the knowledge structure and research hotspots within a certain disciplinary
field. This method identifies which documents share similarities in terms of topic or research content by analyzing the co-
citation relationships among them (ie, when two documents are simultaneously cited by the same subsequent document),
and then classifies these documents into different clusters. Based on co-citation clustering, the principal research
directions can be summarized as follows:

Application of Al in CVD Diagnosis and Classification

ECG, echocardiography, coronary artery CT, and cardiac MRI are the most commonly used auxiliary examinations for the
clinical diagnosis of CVD. However, these methods still have limitations, such as difficulty in diagnosing complex cases and
subjective deviations in the interpretation of results by different clinicians, which may affect diagnostic accuracy. Plus, the vast
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amount of complex data also poses significant challenges for data organization and analysis.'? Exploratory work in Al-assisted
risk prediction, diagnosis, treatment and clinical research of CVD has achieved many results, promoting the deep integration of
Al and digital health tools in the field of CVD. Deep learning algorithms can automatically learn features from large amounts of
complex data, greatly improving diagnostic efficiency and accuracy. For instance, convolutional neural networks (CNNs) are
widely used in CVD imaging analysis and can automatically identify features of diseases such as coronary artery disease and
heart failure. Wu et al' applied a model combining CNN and long short-term memory (LSTM) to ECG data, achieving an area
under the curve (AUC) value of 0.99 for the diagnosis of acute ST-segment elevation myocardial infarction. Ahmed et al'* used
a one-dimensional CNN-based deep learning method for the classification of arrhythmias, with the model achieving an accuracy
of 0.99 on the test dataset, serving as an alternative for rapid and automatic arrhythmia diagnosis. Cho et al'> developed a CNN
model that demonstrated good efficacy in identifying infarcted vessels such as the left anterior descending artery (LAD), left
circumflex artery (LCX), and right coronary artery (RCA). In the future, with the development of Al and imaging technology,
more accurate and efficient diagnostic and classification tools can be expected to help improve the accuracy of diagnosis and
classification for various types of CVD.

Application of Al in CVD Risk Prediction

Globally, approximately half of CVD deaths occur in adults without obvious symptoms,'® and CVD is the leading cause
of morbidity and mortality among the elderly.'” Early identification of individuals at high risk of CVD and the
implementation of active intervention measures can significantly reduce the incidence of CVD events. In this regard,
there is an urgent need for early and accurate prediction of high-risk populations. Currently, Al prediction models have
been widely applied in various fields of CVD, such as coronary heart disease,'® atrial fibrillation,'” and heart failure,*
enabling early screening and risk prediction of patients at different risk levels. Golas et al*' made use of a machine
learning model to predict the risk of 30-day readmission in patients with heart failure and provided remote monitoring
interventions for patients at high risk of readmission, achieving potential cost savings in healthcare utilization.”'

Muhammad Tayyeb et al*>

proposed a simple multilayer perceptron (MLP) model for heart disease prediction to reduce
computational complexity. B Mohan Rao et al*® proposed the use of the ResNet-50 model for ECG prioritization in CVD
detection in clinical and out-of-hospital settings. Tadashi Araki et al** developed a machine learning-based CADx system
for the automatic classification of coronary artery images in high-risk and low-risk patients. Tseng et al*> used retinal data
from the UK Biobank to develop a new CVD risk stratification model, which demonstrated greater accuracy in
identifying individuals at high risk of CVD within 10 years compared to the traditional model QRISK3, and could
identify high-risk individuals who would benefit earlier.*® In addition, wearable devices can guide the management of
patients with heart failure. A multicenter study showed that the application of Al to a wearable multi-sensor chest patch
on a smartphone had high predictive value for the exacerbation of heart failure (sensitivity of 88%, specificity of 85%).%’
The application of Al technology to CVD prediction models can significantly improve the accuracy of identifying
individuals at high risk of CVD, facilitate the development of personalized treatment plans for patients, and further
reduce mortality and the occurrence of adverse events. But the widespread application of Al in CVD risk assessment still
faces challenges, as many healthcare professionals currently have insufficient understanding and acceptance of Al
Hence, it is crucial to promote education on the benefits and applications of Al in CVD risk prediction and accelerate its
integration into clinical practice.

Precise Application of Al in CVD Imaging

Cardiac imaging methods (such as echocardiography, cardiac CT, and cardiac MRI) are susceptible to the operator’s skill
level and individual variations, resulting in certain limitations in the reproducibility and consistency of results. The
introduction of Al technology has significantly enhanced image acquisition, measurement, and diagnostic capabilities.
Currently, in multiple fields including heart failure and heart valve diseases, Al has been developed for automated
measurement and assessment, demonstrating notable advantages in terms of reproducibility and speed.”® Relevant
research published in Nature has shown that Al models based on deep learning can automatically extract multiple key
parameters from ultrasound images and identify low-quality images, thereby improving the accuracy and consistency of

13()

measurements.”’ Holste et al*° developed a deep learning (DL) model based on two-dimensional parasternal long-axis
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ultrasound videos. Through self-supervised contrastive pre-training and integration with a three-dimensional convolu-
tional neural network, the model achieved automated detection of aortic stenosis (AS), with significantly better accuracy
in diagnosing severe AS compared to traditional methods. Coronary CT is an important means of evaluating coronary

13! used machine

artery stenosis, with current reports relying on the subjective visual assessment of clinicians. Kelm et a
learning (ML) algorithms to automatically identify, grade, and classify coronary artery stenosis caused by calcified and
non-calcified plaques. Cardiac MRI is often used to assess cardiac function parameters and diagnose CVD, and is
regarded as the “gold standard” for evaluating cardiac structure and function. But its drawback is the long imaging time,
typically requiring extended scan durations. Based on CNN technology, image reconstruction and denoising can be
performed, enabling the acquisition of higher-quality images in a shorter period.”® Recent years have also witnessed
research demonstrating the superior performance of DL technology in image reconstruction.”® Non-invasive techniques
such as carotid artery ultrasound, arterial hardness assessment, echocardiography and coronary artery calcification score
can identify subclinical atherosclerosis and ventricular dysfunction, providing insights that complement conventional risk
factors.”> With the gradual application of Al in CVD imaging assessment, it will help simplify the traditional image
acquisition and analysis process, and is expected to achieve more accurate and repeatable measurements. At present,
however, most studies are retrospective studies and lack the support of large-scale clinical research.® Their application in
clinical practice still faces challenges such as insufficient generalization and lagging ethical supervision.

Improvements in Al Algorithms Drive the Intelligent Upgrade of CVD Diagnosis and Treatment

Continuous optimization of Al algorithms has become pivotal for enhancing diagnostic accuracy, predictive power, and
clinical applicability. The diagnosis of CVD not only relies on static images but also requires capturing the dynamic
functional changes of the heart. Wang et al introduced spatio-temporal feature-modeling mechanisms namely 3D
W-MSA and 3D SW-MSA modules, to encode temporal dependencies within cardiac image sequences. This design
enables Al models to detect early myocardial motion abnormalities and regional wall-motion disorders, facilitating
timely intervention for heart failure and cardiomyopathies.*® Yi et al’® used machine-learning techniques to develop
comparative models predicting individual blood-pressure responses to different antihypertensive agents, with extreme
gradient boosting (XGBoost) exhibiting the best performance. Collectively, advances in model architecture, multimodal
fusion, spatio-temporal modeling, and interpretability are driving the intelligent transformation of risk prediction,
cardiovascular image analysis, and personalized therapeutics.

Challenges and Prospects of Al in CVD Applications

Data Quality and Privacy Protection

Despite the significant progress made in the application of Al in CVD, several challenges remain, such as data quality and
privacy protection, which are urgent issues to be addressed. Al models have high requirements for data quality. Currently, the
varying quality of medical data and the lack of unified data standards across different medical institutions pose difficulties for
the generalization of CVD prediction models.>® This necessitates that training data must include images of varying quality to
improve the model’s generalization ability. For the same type of data, a unified data format and standard should be followed to
facilitate data sharing, analysis, and cross-platform compatibility, ensuring the accuracy, comprehensiveness, and representa-
tiveness of the data. Additionally, we recommend establishing national-or regional-level multicenter cardiovascular Al data
alliances to harmonize data formats, acquisition workflows, and quality-control standards. “Data lineage tracking” and
version-control mechanisms should be embedded to guarantee full traceability across collection, cleaning, annotation, and
modeling stages. An independent data-audit and quality-assessment body should be instituted to issue periodic data-quality
reports, which must be met as a prerequisite for Al model certification and peer-reviewed publication. Medical data related to
CVD often involves a large amount of personal privacy information. How to fully utilize this data while ensuring data security
is a critical issue. Federated learning is a distributed machine learning technique that allows users to train models on local
devices. Through decentralized privacy protection technologies, it enables group model training without transmitting raw data,
thereby protecting data security and privacy.’” Furthermore, developers must deploy appropriate firewalls and other essential
cybersecurity measures, with regular updates, to ensure data integrity. Stakeholders may define an acceptable risk threshold
below which data sharing is permitted, thereby fostering global interoperability of medical knowledge. In summary, the
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deployment of Al in cardiovascular medicine must evolve from “ata availability” to “data trustworthiness”. Future initiatives
should advance standardized governance and privacy-preserving computation in concert, guaranteeing that Al models are not
only technically viable but also ethically and legally sustainable, thereby achieving a true bench-to-clinical closed-loop
translation.

Precise Screening with Al Models

Given the complex pathogenesis, rapid disease progression, and high heterogeneity of CVD, Al models need to incorporate
a wider range of data. They often require the joint consideration of various types of multimodal data, such as laboratory
biochemical tests, electrocardiograms, and imaging data, to achieve precise screening and diagnosis of CVD. At present,
general Al models for CVD are mainly limited to unimodal data.** To this end, future research should place greater emphasis
on the fusion of multimodal data, such as combining electrocardiogram and imaging data, electronic health records, and data
from wearable devices, to explore the integration capabilities of Al in “multi-omics” data to enhance the understanding of
disease mechanisms, and to improve the accuracy and reliability of diagnosis. This fusion can provide a more comprehensive
perspective for the early screening and precise treatment of CVD.?® The performance of Al models is highly dependent on the
quality and diversity of training data. If the training dataset does not adequately represent different populations and clinical
scenarios, the model may perform poorly in practical applications. Most current Al models are trained on region- or ethnicity-
specific datasets. To enhance generalizability, future efforts must extend to diverse racial groups, geographic regions, and
health-care systems. Prospective, multicenter clinical trials should be initiated to rigorously evaluate the real-world robustness
and accuracy of these models. In parallel, a consensus framework for Al-assisted CVD screening encompassing standardized
workflows, performance metrics, and ethical guidelines should be established through multidisciplinary collaboration among

cardiologists, radiologists, and Al experts.

Model Interpretability and Clinical Acceptance

The lack of interpretability of Al models is also an important factor limiting their wide application, which has become the
core bottleneck from “laboratory accuracy” to “bedside decision-making”. Interpretability may refer to the degree to
which a human can understand the internal mechanisms and decision-making processes of an Al model.*® As a “black
box” algorithm, the prediction process of Al is opaque. In real-world diagnostic and treatment scenarios, clinicians need
to understand the internal mechanisms underlying the model’s decisions.*’ Developing interpretable AI models and
enhancing the interpretability of model decisions are particularly important for the clinical translation of AI models, and
this will remain a hot topic of research in the foreseeable future. The challenge of interpretability in machine learning
models hinders healthcare practitioners’ trust in the diagnostic results generated by these models. Interpretable Machine
Learning (IML) models pave the way for automated diagnostic tools by building trust with doctors and providing
evidence-based diagnoses.*! Murdoch et al** defined the focus of IML as “extracting knowledge about relationships
contained in the data or learned by the model from ML models.” In recent years, large language models (LLMs),
represented by generative pre-trained models and bidirectional encoder representations from transformers, have garnered
widespread attention.*> Multimodal LLMs can process data from different modalities (such as images and text) and
provide more comprehensive and accurate diagnostic results by fusing information from these diverse modalities. Based
on the chain-of-thought technology of LLMs, the thought processes and decision-making mechanisms of medical experts
can also be understood, endowing the model with greater credibility, transparency, and interpretability.**

Limitations

The main limitation of this present study is that the data were downloaded from the WoSCC database and could not be
extended to other databases such as Elsevier or Springer. Nonetheless, WoSCC is the most commonly used database in
scientometrics analysis, containing most of the information from related articles. Visuality-based literature analysis lays
the foundation for researchers to understand the hotspots and potential trends of Al in CVD.
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Conclusion

In conclusion, this present study employed bibliometric methods to explore the application of Al in CVD. The results
showed that Al technology is gradually being introduced into the CVD field and has been developing rapidly in recent
years. The main research directions are the auxiliary diagnosis and classification of Al in CVD, risk prediction and
imaging assessment, as well as the improvement of Al algorithms. In addition, issues such as the interpretability and
clinical acceptance of Al data quality and patient privacy protection models cannot be ignored. Future researches should
establish standards for medical privacy protection. On the premise of ensuring data security, it is essential to fully
integrate clinical diagnostic and treatment processes and their characteristics, and to build high-quality, standardized
multimodal databases. This tend to promote the development of Al in CVD diagnosis and treatment toward standardiza-
tion and intelligence. Despite the current challenges, with ongoing technological advancements and increasingly
sophisticated research, Al is anticipated to become an indispensable tool in the diagnosis and management of CVD,
contributing to improved clinical outcomes for affected patients.
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