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Abstract

Aims/Background: The application of artificial intelligence (AI) in valvular heart disease (VHD) has advanced significantly in recent
years. However, a systematic evaluation of this field’s historical development, knowledge structure, and global research patterns has yet
to be conducted. This paper aims to outline the global evolution of AI research in VHD utilizing bibliometric and knowledge-mapping
methods. Methods: Publications related to AI and VHD from 1991 to 2025 were retrieved from the Web of Science Core Collection
database to investigate research progress. CiteSpace software was employed for bibliometric and knowledge mapping analyses, assessing
indicators such as publication trends, keyword networks, collaboration patterns, co-citation relationships, and emerging topics. Results:
A total of 3291 pieces of literature were identified. Research productivity remained low until the year before 2004, followed by steady
growth and a sharp increase after 2015, culminating in 461 articles by the end of 2025. Network analysis revealed three sequential stages:
image-assisted applications, prediction modeling, and recent advancements in deep-learning-based integrated systems. The United States
accounted for the largest research volume, while England andGermany served as core nodes in the international cooperation network. Co-
citation analysis identified significant clinical guidelines and pioneering interventional studies as key intellectual pillars in this domain.
Conclusion: Over the past 35 years, significant progress has been achieved, transitioning from computer systems used solely for image
analysis to more integrated clinical applications. Currently, deep learning techniques are increasingly prevalent, accompanied by a focus
on multimodal data integration and a stronger linkage between computational methods and clinical decision-making.
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1. Introduction
Valvular heart disease (VHD) represents a significant

and growing contributor to cardiovascular morbidity and
mortality worldwide [1,2]. With an aging population, im-
proved survival from other cardiovascular conditions, and
enhanced detection of degenerative valve disease, the clin-
ical burden of VHD is expected to increase substantially
[1,3]. Contemporary management of VHD heavily relies
on accurate anatomical characterization, quantitative imag-
ing assessment, risk stratification, and timely selection of
surgical or transcatheter interventions [2,4]. These features
establish VHD as a data-rich and decision-intensive field.

Artificial intelligence (AI) has rapidly emerged as
a transformative methodology in cardiovascular medicine
[5,6]. Machine learning, deep learning, radiomics,
computer-aided diagnosis, and multimodal modeling have
increasingly been applied to echocardiography, computed

tomography, electrocardiography, electronic health records
(EHRs), and procedural imaging [5,6]. In VHD, AI has
been utilized for automated image interpretation, valve seg-
mentation, grading of disease severity, outcome predic-
tion, procedural planning, and post-intervention surveil-
lance [5,7,8]. The rapid expansion of transcatheter aortic
valve replacement (TAVR), transcatheter edge-to-edge re-
pair (TEER), and other structural heart interventions has
further amplified the need for integrated analytical tools ca-
pable of processing complex imaging and clinical data [4].

Despite this growth, the global research landscape of
AI applications in VHD remains insufficiently character-
ized. Existing discussions have largely focused on indi-
vidual algorithms, imaging modalities, or clinical appli-
cations, while the broader intellectual structure, thematic
evolution, collaborative networks, and emerging research
fronts of this interdisciplinary field remain unclear [6,9]. It
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remains unknown whether AI research in VHD has evolved
through gradual linear expansion or distinct structural tran-
sitions driven by advances in data availability, computa-
tional methodology, and clinical demand.

Bibliometric and knowledge-mapping approaches of-
fer a systematic framework for evaluating the development
of a research field [10,11,12]. By integrating publication
trends, keyword co-occurrence, co-citation networks, clus-
tering structures, burst detection, and collaboration analy-
sis, these methods reveal not only research productivity but
also the organization and evolution of scientific knowledge.
Such an approach is particularly useful for interdisciplinary
domains like AI-driven VHD research, where methodolog-
ical innovation and clinical translation are closely inter-
twined.

Hence, this study aimed to characterize the global
landscape of AI applications in VHD from 1991 to 2025
using bibliometric and knowledge-mapping methods. Spe-
cific objectives included delineating publication trends,
identifying major thematic clusters and emerging frontiers,
mapping collaborative and intellectual networks, and con-
structing a conceptual framework to describe the evolution-
ary trajectory of AI in VHD.

2. Methods
2.1 Study Design

This study employed a bibliometric and knowledge-
mapping analysis to characterize the global research land-
scape of AI applications in VHD from 1991 to 2025. An an-
alytical framework was established to ensure transparency,
reproducibility, and structural robustness, adhering to es-
tablished scientometric standards commonly applied in dig-
ital health research [10,11,12]. The primary objective was
to delineate the evolutionary trajectory, intellectual archi-
tecture, and collaborative structure of this rapidly expand-
ing interdisciplinary field, rather than evaluating clinical ef-
ficacy.

2.2 Data Source and Retrieval Strategy
All bibliographic records were retrieved from theWeb

of Science Core Collection (WoSCC), a curated citation
database renowned for its standardized indexing and com-
prehensive citation metadata, making it widely used in sci-
entometric research [13]. The retrieval period extended
from January 1, 1991, to December 31, 2025, allowing for
a thorough assessment of the developmental trajectory of
AI integration into VHD research. All records were down-
loaded on a single date tominimize potential bias associated
with ongoing database updates.

A structured Boolean search strategy was designed
using a dual-domain intersection framework to ensure
both sensitivity and thematic specificity. The first do-
main (Group A) focused on AI-related methodologies, in-
cluding machine learning, deep learning, neural networks,
transformer-based architectures, multimodal learning, ra-

diomics, and computer-aided diagnostic techniques. The
second domain (Group B) encompassed VHD-related con-
ditions and procedural terminology—such as aortic steno-
sis, mitral regurgitation, bicuspid aortic valve, tricuspid re-
gurgitation, TAVR, TEER, valve repair, and valve replace-
ment. TAVR and TEER were specifically included as they
represent common interventional contexts for VHD man-
agement, ensuring the retrieval of studies where AI-driven
imaging, risk stratification, and procedural planning are in-
tegrated into specific clinical workflows.

Within each domain, keywords were combined using
the Boolean operator OR (union operation), while the two
domains were interconnected using AND (intersection op-
eration), guaranteeing that only publications containing at
least one term from each group were included. This union–
intersection strategy facilitated comprehensive coverage of
both methodological and clinical dimensions, maintaining
high relevance to interdisciplinary research at the intersec-
tion of AI and VHD. Detailed keyword classifications are
presented in Supplementary Table 1.

The search field was restricted to “Topic” (covering ti-
tle, abstract, and keywords), and document types were lim-
ited to original articles and reviews, with no language re-
strictions applied.

2.3 Study Selection and Data Processing
Following record retrieval, duplicate entries were re-

moved using the built-in deduplication function of the Web
of Science, and bibliographic metadata were exported in
plain text format, including author names, institutional af-
filiations, abstracts, keywords, cited references, and citation
data. To minimize fragmentation bias during network con-
struction, standardization of terminology was performed.
Synonymous expressions (e.g., transcatheter aortic valve
implantation [TAVI] and TAVR), inconsistencies in abbre-
viations, and variations in country names were harmonized.
Institutional naming variants were unified where feasible to
enhance the accuracy of collaboration networks. These pre-
processing procedures improved structural coherence and
ensured reliable estimation of centrality and clustering met-
rics.

2.4 Bibliometric Analysis and Network Construction
Bibliometric analyses were conducted using CiteS-

pace (version 6.4.R1, Chaomei Chen, Philadelphia, USA),
a Java-based scientometric platform designed to identify
research fronts and visualize evolving knowledge struc-
tures [14,15]. Developed by Professor Chaomei Chen from
Drexel University, Philadelphia, USA, CiteSpace was se-
lected for its comprehensive integration of co-occurrence
analysis, co-citation mapping, clustering algorithms, burst
detection, and temporal visualization within a unified ana-
lytical environment.

Time slicing was established from 1991 to 2025 using
one-year intervals to facilitate fine-grained longitudinal as-
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sessment. Within each slice, the top 25 most frequent items
were selected to construct the network, focusing on node
types such as keywords, countries, institutions, and authors.
Pathfinder was used as the pruning algorithm, applied to
sliced networks, to eliminate redundant links and preserve
meaningful structural relationships, thereby enhancing in-
terpretability and reducing visual complexity.

To delineate the structural evolution of the field, tem-
poral trends were examined using the timeline view and
time-zone visualization provided by CiteSpace. While the
overall knowledge network was constructed using the full
1991–2025 dataset to ensure stable topological metrics, the
identification of phase-specific turning points was primar-
ily guided by burst detection algorithms and the temporal
distribution of keywords across the time slices. This dual
approach enabled the capture of both the global intellectual
architecture and sequential shifts in research focus.

2.5 Network Metrics and Cluster Validation
Network properties were evaluated using established

scientometric indicators. Modularity (Q) quantified the de-
gree of cluster separation, with values exceeding 0.3 indica-
tive of meaningful community structure [16]; higher values
correspond to stronger modular organization. Cluster ho-
mogeneity was assessed with the silhouette score (S), where
values above 0.5 suggest acceptable internal consistency
and those exceeding 0.7 denote high reliability [17].

Betweenness centrality was calculated to identify
nodes functioning as structural bridges across clusters,
highlighting their integrative role within the knowledge net-
work. Nodes with a betweenness centrality greater than
0.1 are generally considered high-centrality nodes in bib-
liometric networks. Nodes with elevated centrality were
interpreted as conceptual connectors linking methodolog-
ical innovation and clinical application in AI-driven VHD
research.

Keyword clustering employed the log-likelihood ratio
(LLR) algorithm for its statistical discrimination capabil-
ity and interpretability in sparse networks. Temporal evo-
lution was assessed through timeline and time-zone visu-
alizations to identify sequential thematic shifts. Emerging
research fronts were detected using Kleinberg’s burst de-
tection algorithm, which identifies abrupt increases in key-
word frequency and quantifies burst strength as an indicator
of growth intensity [15].

2.6 Robustness and Sensitivity Analysis
Structural stability was examined via sensitivity anal-

yses varying node selection thresholds across time slices.
Specifically, we tested three commonly used thresholds:
Top 15, Top 20, and Top 25. The results showed that the
Q value varied by less than 0.05, and the number of major
clusters remained constant at five major clusters. The S val-
ues remained consistently high across all three thresholds
(S >0.9), further confirming the robustness of the cluster

structure. Furthermore, the ranking of the top five high-
centrality keywords remained unchanged across these pa-
rameter settings. These findings confirm that the overall
network topology was robust to reasonable variations in
node selection. Network density was calculated to assess
sparsity and structural coherence; the observed low-density
values alignedwith typical interdisciplinary knowledge net-
works.

Burst interpretation was restricted to terms demon-
strating sustained activity over consecutive years to min-
imize noise-driven fluctuations. Although bibliometric
analysis does not assess study quality or causal inference,
the use of a curated citation database, structured retrieval
strategy, rigorous preprocessing, and validated network
metrics enhances analytical reliability and reproducibility.

The observed low network density values, specifically
0.008 for the keyword co-occurrence network, 0.0337 for
the country collaboration network, 0.0055 for the institu-
tional network, and 0.0045. These low values are consistent
with the intrinsically sparse structure of large-scale interdis-
ciplinary knowledge networks and reflect a standard feature
of bibliometric mapping rather than a flaw in network con-
struction.

3. Results
A total of 3291 publications were identified between

1991 and 2025. Annual publication output remained below
20 articles from 1991 to 2003 (Fig. 1). From 2004 on-
ward, the volume of publications increased steadily, with
a marked acceleration post-2015, particularly after 2020.
Annual output reached a peak of 461 publications in 2025,
representing the highest value during the study period.

Fig. 1. Annual publication trends of artificial intelligence ap-
plications in valvular heart disease (1991–2025). The x-axis
represents publication year (1991–2025), and the y-axis represents
the annual number of publications. The blue line indicates the
yearly publication output. The figure was generated by the authors
usingMicrosoft Excel [Version 16.0.20228.20190, Microsoft Cor-
poration, Redmond, WA, USA]. Abbreviations: AI, artificial in-
telligence; VHD, valvular heart disease.
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Table 1. Centrality metrics of high-impact keywords (1991–2025).
Rank Keyword Occurrences (n) Betweenness centrality Interpretation

1 replacement 195 0.36 Core bridging term linking intervention studies
2 echocardiography 208 0.31 Key diagnostic modality across clusters
3 disease 233 0.26 General conceptual hub
4 diagnosis 174 0.25 Central clinical process node
5 mitral valve 97 0.23 Major disease-specific cluster
6 aortic regurgitation 43 0.23 Valve pathology linkage
7 stenosis 285 0.19 High-frequency disease phenotype
8 bicuspid aortic valve 80 0.19 Congenital valve research node
9 implantation 190 0.17 Procedural/therapeutic link
10 dysfunction 55 0.17 Outcome-related concept
Legend: Betweenness centrality quantifies the extent to which a keyword lies on the shortest paths between other nodes,
highlighting its bridging role across different research clusters. Higher values indicate greater structural importance within
the knowledge network. Occurrences represent the frequency of each keyword in the dataset.

The overall developmental pattern is summarized in
the Graphical Abstract, which integrates publication trends,
keyword networks, and knowledge structures into a three-
phase framework.

The phase boundaries were determined based on the
temporal distribution of burst terms and change-point de-
tection of annual publication volume, specifically identify-
ing 2004 and 2015 as significant structural turning points.

3.1 Phase I (1991–2003): Assistive Digitalisation
Anchored in Imaging Quantification

The overall keyword co-occurrence network (1991–
2025) exhibited a Q value of 0.8165 and an S value of
0.9337. Before characterizing the Phase I network, it is
important to note that the overall keyword network (1991–
2025) exhibited high betweenness centrality for terms such
as “replacement” (0.36), “echocardiography” (0.31), and
“disease” (0.26) (Table 1). However, when focusing specif-
ically on the Phase I (1991–2003) period, our temporal anal-
ysis revealed that the early research landscape was primar-
ily anchored by imaging and disease-related core keywords
such as “mitral regurgitation”, “stenosis”, and “diagnosis”,
which dominated the foundational phase of AI development
in VHD.

Frequently occurring early keywords included “mitral
regurgitation”, “stenosis”, “diagnosis”, and “disease”, all
of which appeared in the earliest time slices of the network
(Fig. 2). While AI-related terms began to emerge during
this period, they remained in peripheral positions of the net-
work.

Cluster analysis identified several prominent commu-
nities, including #0 mitral regurgitation, #7 mitral valve,
and #9 transesophageal echocardiography (Fig. 3). Time-
line visualization confirmed that these clusters first ap-
peared during the 1990s and persisted in subsequent years
(Supplementary Fig. 1).

Burst analysis indicated sustained activity for sev-
eral imaging-related terms, including “transesophageal

echocardiography” (1998–2017), “Doppler echocardiog-
raphy” (1991–2014), and “doppler heart sounds” (2003–
2009) (Supplementary Table 2). The network remained
relatively dispersed, with limited connectivity among ma-
jor clusters.

3.2 Phase II (2004–2014): Predictive Modelling and
Algorithmic Structuring

Publication output increased from 25 to 88 publica-
tions per year during this period (Fig. 1). During Phase
II (2004–2014), the temporal analysis revealed the emer-
gence of predictive modeling and algorithm-related termi-
nology, with key terms including “feature extraction” and
“mitral valve prolapse”, while the early disease-oriented
cluster “mitral regurgitation” has persisted from the initial
phase to the present (Table 2).

The largest cluster was “mitral regurgitation” (mean
year = 2001; 36 keywords), followed by clusters such as
“takayasu arteritis” (mean year = 2003; 32 keywords), “fea-
ture extraction”, and “mitral valve prolapse” (Table 2). The
early emergence of Takayasu arteritis may reflect the in-
clusion of studies on systemic inflammatory and vascular
diseases that share imaging modalities with valvular heart
disease (VHD) research, rather than studies directly focused
onVHD itself. Given the broad scope of the search strategy,
this finding should be interpreted with caution. Keywords
within the “feature extraction” cluster included “convolu-
tional neural networks”, “heart valves”, and “Doppler heart
sounds”.

Timeline visualization demonstrated the sustained
presence of earlier disease-oriented clusters, such as “mi-
tral regurgitation”, alongside the emergence of additional
computationally related clusters, such as “machine learn-
ing” and “feature extraction” (Supplementary Fig. 1). In
the time-zone map (Fig. 4), disease-specific and diagnos-
tic keywords predominantly appeared in earlier years, while
terms such as “machine learning” emerged later within this
phase.

4

https://www.imrpress.com


Fig. 2. Keyword co-occurrence network of artificial intelligence applications in valvular heart disease (1991–2025). Nodes rep-
resent keywords, with node size proportional to occurrence frequency. Links indicate co-occurrence relationships between keywords,
with thicker links representing stronger co-occurrence strength. Node colours correspond to the year of first appearance according to the
colour scale on the right. The figure was generated by the authors using CiteSpace. The abbreviation “Outcm” in the nodes represents
“Outcome”, which was automatically truncated by the network visualization software.

Compared to the preceding period, the network dis-
played increased connectivity, although major clusters re-
mained clearly separated within the clustering structure
(Fig. 3).

3.3 Phase III (2015–2025): Deep Learning and Integrated
AI Ecosystems

Publication activity significantly increased during this
phase, culminating in 461 publications in 2025 (Fig. 1).

In the keyword network, “machine learning” emerged
as one of the largest nodes, demonstrating multiple connec-
tions with terms such as “artificial intelligence” (Fig. 2).
Interconnections among major clusters were more exten-
sive than in earlier periods.

Keyword burst analysis identified “artificial intelli-
gence” (Strength = 28.0; 2023–2025) and “deep learning”
(Strength = 15.28; 2023–2025) as the strongest recent bursts
(Supplementary Table 2). In the time-zone visualization,

both terms were observed within the most recent time slices
(Fig. 4).

From a macro-perspective, the overall country-,
institution-, and author-level collaboration networks for
the entire study period exhibited increasing numbers of
links and larger connected components (Supplementary
Figs. 2–6), reflecting the global expansion of collabo-
rative research over the past 35 years. Consistent with
burst detection and timeline analyses, research interests
have markedly expanded towards advanced computational
frameworks such as deep learning and multimodal data in-
tegration during this recent period.

In summary, the transition toward deep learning has
fostered a shift from single-task models to integrated, mul-
timodal AI ecosystems, where diverse clinical data sources
are combined to support comprehensive decision-making.
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Fig. 3. Keyword clustering map of artificial intelligence research in valvular heart disease based on the log-likelihood ratio
algorithm (1991–2025). Clusters were generated using the LLR algorithm. Each cluster is represented by a distinct colour and la-
belled numerically (e.g., #0–#9). Nodes represent keywords, with node size proportional to occurrence frequency, and links indicate
co-occurrence relationships between keywords. The figure was generated by the authors using CiteSpace. The abbreviation “Outcm” in
the nodes represents “Outcome”, which was automatically truncated by the network visualization software. Abbreviations: AI, artificial
intelligence; LLR, log-likelihood ratio; TAVR, transcatheter aortic valve replacement; VHD, valvular heart disease.

Table 2. Major keyword clusters identified in the co-occurrence network (1991–2025).
Rank Cluster label Representative keywords (Score, p-value) Mean

Year
No. of

Keywords

1 mitral regurgitation mitral regurgitation (60.47, 1.0 × 10–4); magnetic resonance imaging (40.11, 1.0 ×
10–4); aortic regurgitation (40.11, 1.0 × 10–4); valvular heart disease (38.48, 1.0 ×

10–4); quantification (30.02, 1.0 × 10–4)

2001 36

2 takayasu arteritis takayasu arteritis (50.00, 1.0 × 10–4); disease (41.22, 1.0 × 10–4); diagnosis (31.81,
1.0 × 10–4); arteries (26.84, 1.0 × 10–4); MRI (25.31, 1.0 × 10–4)

2003 32

3 feature extraction feature extraction (72.76, 1.0 × 10–4); heart valves (39.98, 1.0 × 10–4); Doppler
heart sounds (34.36, 1.0 × 10–4); fault diagnosis (28.74, 1.0 × 10–4); convolutional

neural networks (27.89, 1.0 × 10–4)

2010 31

4 mitral valve
prolapse

mitral valve prolapse (31.87, 1.0 × 10–4); computed tomography (27.99, 1.0 ×
10–4); cardiac magnetic resonance imaging (21.20, 1.0 × 10–4); atrial fibrillation

(20.69, 1.0 × 10–4); mitral annular disjunction (15.80, 1.0 × 10–4)

2011 26

5 surgery surgery (28.82, 1.0 × 10–4); aortic valve (28.57, 1.0 × 10–4); repair (23.99, 1.0 ×
10–4); 3D echocardiography (14.19, 0.001); transcatheter aortic valve implantation

(13.04, 0.001)

2012 23

Legend: Mean year represents the average publication year of keywords within each cluster. The number of keywords indicates the size
of each cluster. The Score and p-value in the “Representative Keywords” column indicate the log-likelihood ratio (LLR) test statistics and
significance levels for each cluster label, respectively. A higher score indicates a more representative keyword for the cluster.
Abbreviation: MRI, magnetic resonance imaging.
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Fig. 4. Time-zone visualization of keyword evolution in artificial intelligence research in valvular heart disease (1991–2025).
The horizontal axis represents publication years from 1991 to 2025, and nodes are positioned according to the first year of keyword
appearance. Each node represents a keyword, with size proportional to frequency. Links indicate co-occurrence relationships between
keywords across time slices. Node colors correspond to temporal information, ranging from purple (earlier years) to red (more recent
years), as shown in the color bar. The figure was generated by the authors using CiteSpace. The abbreviation “Outcm” in the nodes
represents “Outcome”, which was automatically truncated by the network visualization software. Abbreviation: TAVR, transcatheter
aortic valve replacement.

3.4 Global Collaboration and Institutional Consolidation

Country-level analysis identified 101 countries con-
nected by 170 collaborative links (Density = 0.0337)
(Supplementary Fig. 2). The United States produced
the largest number of publications (n = 1241), followed by
China (n = 472) andGermany (n = 355). England (0.42) and
Germany (0.36) exhibited the highest betweenness central-
ity values (Table 3). While the United States leads in total
publication volume, its lower betweenness centrality may
indicate a more self-contained domestic research network.
In contrast, the UK and Germany function as pivotal struc-
tural brokers in global collaborative efforts, connecting di-
verse research communities.

Institutional collaboration analysis included 707 in-
stitutions connected by 1374 links (Density = 0.0055)
(Supplementary Fig. 3). Mayo Clinic (n = 119), Columbia
University (n = 91), and Harvard Medical School (n = 79)
ranked as the most productive institutions. Duke University
demonstrated the highest collaboration strength (degree =
34) (Table 4). Time-zone visualization indicated increasing
institutional participation over time, particularly after 2010
(Supplementary Fig. 4).

Author collaboration analysis identified 1110 au-
thors connected by 1894 links (Density = 0.0031)

Table 3. Top 10 most productive countries in the scientific
collaboration network.

Rank Country First
publication

year

Publications
(n)

Betweenness
centrality

1 United States 1991 1241 0.25
2 China 2005 472 0.00
3 Germany 1995 355 0.36
4 Italy 1999 260 0.00
5 England 2002 243 0.42
6 Canada 1999 243 0.07
7 France 1997 189 0.15
8 Netherlands 1997 175 0.09
9 Switzerland 1998 111 0.00
10 Spain 2003 110 0.12
Legend: Betweenness centrality indicates the relative importance of
each country within the collaboration network. The first publication
year denotes the earliest recorded contribution of each country to the
field.

(Supplementary Fig. 5). Leon MB and Hahn RT each
contributed 29 publications and occupied central posi-
tions within the collaboration network (Supplementary
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Table 4. Top 10 most productive institutions in the collaboration network.
Rank Institution First publication year Publications (n) Collaboration strength

1 Mayo Clinic 2003 119 25
2 Columbia University 2005 91 24
3 Harvard Medical School 2016 79 14
4 Cleveland Clinic 2008 74 15
5 Duke University 2003 55 34
6 Emory University 2002 53 25
7 Stanford University 2003 52 28
8 University of Pennsylvania 1999 52 19
9 Icahn School of Medicine at Mount Sinai 2014 49 26
10 Cedars-Sinai Medical Center 2000 47 30
Legend: Collaboration strength indicates the number of co-authored links associated with each institution in the
network. The first publication year denotes the earliest recorded contribution of each institution to the field.

Table 3). The core author group, represented by the most
highly productive scholars, began to take shape after 2010
(Supplementary Fig. 6).

3.5 Intellectual Foundations and Evidence Anchoring
The co-citation network comprised 788 nodes and

1394 links (Density = 0.0045) (Fig. 5). Themost frequently
co-cited references included Otto CM et al. [2] (2021, Cir-
culation; 92 citations), Mack MJ et al. [4] (2019, New Eng-
land Journal of Medicine; 83 citations), and Vahanian A et
al. [18] (2022, European Heart Journal; 65 citations).

4. Discussion
In this bibliometric and knowledge-mapping study,

3291 relevant publications were included, representing over
three decades of AI-related research on VHD. These pub-
lications provide comprehensive insights into the progres-
sion of this research over time. However, growth was
not characterized by steady increases; rather, it occurred
through multiple distinct periods, each with its unique fea-
tures. Analysis of publication trends, keyword evolution,
and network structures revealed three significant stages:
the initial focus on image-assisted applications, followed
by predictive modeling, and culminating in today’s increas-
ingly sophisticated AI-driven clinical systems.

Previous studies have collectively illustrated a phased
development of AI in cardiovascular medicine, beginning
with imaging-assisted analysis and progressing to predic-
tive modeling utilizing structured clinical data, ultimately
leading to the current stage characterized by deep learning-
driven multimodal integration and end-to-end learning.
Initially, AI primarily assisted clinicians in performing
echocardiographic analyses and assessing structural heart
disease through imaging techniques, including image seg-
mentation and quantitative evaluation [7,19,20]. This
demonstrated AI’s supportive role in clinical practice. Sub-
sequently, as EHRs and standardized datasets became more
accessible, researchers began to implement machine learn-
ing techniques for risk prediction and outcome assessment,

although applications remained limited to specific tasks
[21]. Recent advancements in deep learning technology
and theory have facilitated significant progress, enabling AI
to achieve improved capabilities in multimodal integration
and various clinical scenarios [6,22,23].

Limited research has been conducted on AI evolution,
primarily focusing on publication counts [24] or keyword
frequency [22], which view AI development as a straight-
forward, step-by-step progression. In reality, AI’s evolu-
tion consists of several leaps rather than a continuous pro-
cess. A significant turning point emerged around 2015, fol-
lowed by another major change after 2020, correlating with
deep learning’s success in medical image processing [22]
and multimodal analysis [25]. The transition from Phase
II to Phase III has witnessed dramatic changes, not only
in model accuracy but also in the profound reorganization
of knowledge and enhanced connections between compu-
tational models and clinical entities. Thus, AI evolution
encompasses model improvement and shifts in knowledge
organization. This suggests that traditional bibliometric ap-
proaches relying on frequency measures may overlook sig-
nificant developments. The methodology employed, which
includes network topology, community structure detection,
and burst detection, captures underlying discontinuities, of-
fering insights into the shift from modular patterns to sys-
temic integration within the field.

The broader cardiovascular field serves as the founda-
tional background, while our study further focuses specifi-
cally on the application of AI in VHD. The three-phase evo-
lution observed in VHD closely mirrors this general cardio-
vascular trajectory, indicating that AI development in VHD
is synchronized with the broader discipline.

The patterns observed across these three phases likely
result from interactions among data supply, technological
advances, and clinical needs, aligning with major mile-
stones in the history of cardiovascular AI evolution. Dur-
ing Phase I (1991–2003), many imaging-relevant terms
emerged, yet few AI-specific concepts were present, sug-
gesting that computation was perceived mainly as a tool
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Fig. 5. Co-citation network of references in artificial intelligence research in valvular heart disease (1991–2025). Each node
represents a cited reference, with node size proportional to citation frequency. Links indicate co-citation relationships between references.
Nodes with multiple concentric rings indicate the temporal distribution of citations of the reference. The thickness of each ring represents
the citation frequency in the corresponding year, with node colour reflecting the temporal progression from earlier (purple/blue) to more
recent (red/orange) years. The figure was generated by the authors using CiteSpace.

to assist in manual interpretation tasks, such as measuring
image features or performing quantitative analyses (e.g.,
2D/3D echocardiographic quantification, ventricular func-
tion evaluation). This limitation stemmed from a lack
of large structured datasets and relatively low computing
power, coupled with algorithms primarily belonging to
rule-based or statistical types in the early stages [26,27].
Consequently, computer-aided diagnosis (CAD) applica-
tions could only perform tasks like boundary detection,
threshold division, and basic model recognition, lacking
genuine learning capabilities; thus, AI could not operate in-
dependently but rather served an additive role [26,27].

In Phase II (2004–2014), the continuous increase
in available clinical data resources—such as the digital-
ization of clinical data, including EHRs and structured
databases—significantly promoted predictive modeling,
coinciding with rapid advancements in machine learning al-
gorithms. Various techniques, including support vector ma-
chine (SVM), random forest (RF), and earlier forms of neu-
ral networks, were applied to cardiovascular risk prediction,
disease stratification, and outcome assessment [28]. More-
over, image analysis began to incorporate feature engineer-
ing methods alongside early radiomics concepts, laying the
groundwork for future deep learning applications. Despite

the emergence of various innovative strategies during this
phase, the knowledge network remained semi-modular, in-
dicating that most models were still task-specific and strug-
gled to generalize across tasks and modalities. Similar to
prior developments, AI-based systems during this phase
were classified as narrow AI, making it challenging to in-
tegrate them into complex clinical workflows [24]. Thus,
Phase II represents a transitional stage, marked by the in-
creasing sophistication of AI-based methods, while com-
plete system integration remained unachieved.

Phase III (2015 to present) marked the rise of deep
learning, particularly in the realm of medical image recog-
nition following the launch of ImageNet [29]. Notable re-
search in this phase includes automated echocardiographic
view classification and functional interpretation [30], esti-
mation of left ventricular ejection fraction from cine mag-
netic resonance imaging (MRI) videos [8], and predic-
tion of structural heart disease occurrences using electro-
cardiograms [31]. These studies demonstrate significant
methodological advancements, transitioning from feature
engineering-based approaches to end-to-end learning. Ad-
ditionally, multimodal learning—integrating various types
of inputs, such as imaging results, clinical records, and bi-
ological signals—and transformer-based frameworks have
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further enhanced the analysis of complex clinical cases
[32]. Consequently, our study revealed increased intercon-
nections among nodes, indicating greater system integra-
tion compared to the previous modular structures. The im-
pact of technological innovations extends beyond method-
ologies to influence clinical practice. The bibliometric
trend illustrates a broadening scope of AI research across
the clinical landscape, addressing areas from risk stratifi-
cation to interventional planning. While direct evidence
of routine clinical deployment is beyond this bibliometric
analysis, the observed trends strongly suggest an increasing
potential for AI to permeate multiple stages of patient care,
from screening to therapeutic decision-making. In sum-
mary, deep learning has improved performance in general
cardiovascular applications, and the bibliometric trends in
our study suggest that it is progressively strengthening the
linkage between computational methods and VHD-specific
clinical process flows, positioning AI in the management
of VHD as an emerging and integral component of a future
comprehensive clinical intelligence system.

VHD offers a more suitable environment than other
cardiovascular diseases (CVDs) for AI application due to
four key reasons [2,4]: (1) VHD intrinsically involves med-
ical imaging for diagnosis, severity classification, and treat-
ment decisions, primarily relying on echocardiography,
computed tomography (CT), and fluoroscopy. This data is
high-dimensional, structurally rich, and rich in graphical in-
formation, aligning well with the strengths of deep learning,
especially convolutional neural networks and transformer
models [5]. (2) The targets in VHD, such as valve area,
regurgitant volume, and transvalvular gradient, are rela-
tively straightforward. In contrast, coronary artery disease
presents complex diffuse lesions and pathological interac-
tions that are not easily detectable. Hence, VHD provides
clearer objectives for supervised learning. (3) Transcatheter
interventional procedures (e.g., TAVR, TEER) involve spe-
cific operational processes where decisions depend heavily
on measurement results from imaging modalities and risk
stratification. In these scenarios, AI can augment decision-
making, assist in patient selection, and aid in surgical plan-
ning [2,4]. (4) Evidence of standardization is particularly
strong in the VHD field, especially within guideline-driven
management contexts, suggesting a favorable environment
for integrating AI into routine practice. Combining these
factors, VHDmay transition more rapidly than other CVDs
from merely serving as an analytical tool to becoming an
integral component of the clinical system.

4.1 Limitations

This study conducted a bibliometric analysis follow-
ing the previously established methodological framework
of bibliometrics and knowledgemaps [10,11,12]. However,
several limitations warrant careful consideration. Firstly,
bibliometric studies inevitably encounter citation-based bi-
ases, including preferential citation of positive findings, fre-

quent self-citations, and citation inflation associated with
journal impact factors and author prominence [33,34,35].
Consequently, certain research directions may attract dis-
proportionate scientific attention compared to others, skew-
ing their visibility within the overall knowledge structure,
while negative evidence and null findings often remain
overlooked. Secondly, a temporal discrepancy exists be-
tween recent publication events and their subsequent cita-
tion records, resulting in the underrepresentation of novel
studies in co-citation networks and burst detection anal-
yses [36]. As a result, emergent research areas, particu-
larly those involving the latest advancements in AI tech-
niques such as foundation models and multimodal large-
scale architectures, may not be adequately reflected in the
knowledge map. Thirdly, this study relied solely on a sin-
gle database (WoSCC), which, while recognized as reliable
and authoritative, may introduce database selection bias.
WoSCC tends to prioritize indexing journals with higher
impact and articles published in English, potentially ne-
glecting locally produced research and conference papers or
technical reports disseminated via preprint servers and com-
puter science archives, especially in fields like AI, where
theoretical innovations often precede their acceptance by
academic journals [37]. It should also be noted that the
search strategy included generalized medical image anal-
ysis terms, which may have introduced some literature that
is not strictly AI-specific. This may slightly broaden the
scope of the retrieved literature beyond the strict VHD-AI
intersection. Fourthly, the formation of knowledge net-
works heavily depends on specific techniques employed for
keyword normalization, clustering methods, and filtering
thresholds [15,16]. Despite numerous measures taken to
minimize semantic variations among concepts and verify
results through sensitivity tests, there remains a possibil-
ity of generating different network topologies and obtain-
ing varying cluster categorizations under different condi-
tions. While the clustering results presented herein are sta-
tistically supported by indices such as modularity value and
average silhouette coefficient, caution is warranted when
interpreting these classifications, given that they inevitably
entail some degree of subjective judgment [16]. Fifthly,
this paper utilizes bibliometric indicators such as total out-
put volume and cumulative citation counts to assess re-
searchers’ productivity and influence. However, this ap-
proach may overlook other significant elements contribut-
ing to scientific contributions, such asmethodological inno-
vations, practical applications, and interdisciplinary collab-
oration. Lastly, the bibliometric approaches employed in
this study serve primarily descriptive functions and do not
evaluate research quality. They do not facilitate rigorous
evaluations of causal relationships between interventions
and outcomes or allow researchers to draw conclusions re-
garding clinical efficacy. Given these considerations, the
tripartite evolution model described here should be seen as
a structural construct and an abstract representation of the
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overarching process rather than a direct reflection of tech-
nical performance levels or medical application values.

4.2 Future Perspectives
Future studies could explore ways to integrate these

diverse aspects to construct composite indicators that reflect
the multifaceted dimensions of scholarly influence [38].
Further research could integrate bibliometric analyses with
systematic reviews or real-world verification experiments
to enhance the explainability of the conclusions drawn here
and improve the practicality of the resulting recommenda-
tions. Given the rapid advancements in AI technologies, the
inherent publication lag associated with bibliometric map-
ping may lead to an underrepresentation of the most recent
cutting-edge developments. Future studies might address
this temporal gap by incorporating systematic reviews of
recent preprints. Despite the potential shortcomings men-
tioned above, multiple lines of supporting evidence de-
rived from analyses of diverse data types—such as annual
publication trends, network connectivity features, similar-
ities among clusters, and bursts in citation occurrences—
confirm a strong agreement regarding the existence of ob-
served patterns of change over time and validate the pro-
posed conceptual explanations.

5. Conclusion
AI in VHD has experienced a structured, stage-wise

transformation, evolving from imaging-based assistance to
predictive modeling and ultimately to integrated clinical in-
telligence systems. This progression signifies a fundamen-
tal shift in the role of AI, transitioning from an auxiliary an-
alytical tool to a potentially integrated component of future
clinical systems. The framework proposed in this study lays
the groundwork for understanding this transition and may
inform future research, collaboration, and implementation
strategies within AI-driven cardiovascular medicine.

Key Points
• This study provides the first systematic bibliometric

and knowledge-mapping analysis of AI research in VHD
over a 35-year period (1991–2025).

• The evolution of AI in VHD follows a distinct three-
phase trajectory: from imaging-assisted quantification to
predictive modeling using machine learning, and finally to
integrated multimodal systems based on deep learning.

• Key research hotspots have shifted from early
disease-oriented terms to algorithmic and procedural clus-
ters, converging recently on AI, deep learning, and inte-
grated clinical systems.

• VHD presents a promising and ideal scenario for
AI implementation due to its strong reliance on imag-
ing, well-defined anatomical targets, standardized interven-
tional workflows, and guideline-driven management.
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