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Abstract

The emergence of artificial intelligence (Al) is transforming cardiovascular medicine. Initially, Al applications concentrated on analyz-
ing single data types, such as electrocardiograms and imaging studies. However, advancements in multimodal AI have now enabled
the integration of diverse data sources, facilitating a comprehensive understanding of patient health and predictive accuracy of dis-
ease outcomes. In this review, we discuss current achievements in multimodal AI within cardiovascular medicine, including various
combinations of different modalities, computer algorithms of data integration and fusion, and their integration into clinical workflow.
As the field continues to evolve, we further propose current challenges and prospects for their future implementation.
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Preprocessing, building, and applying multimodal artificial intelligence (Al) in cardiology.

Introduction

Cardiovascular disease (CVD), the leading cause of death glob-
ally, is a clinically complex condition whose diagnosis has long
required multimodal data integration. From basic dissection and
observation to understanding the heart’s structures by William
Harvey to simply hearing and interpreting heart sounds by René
Laennec, now various data modalities—including laboratory tests,
electrocardiograms, imaging techniques, and multiomics—can be
assessed comprehensively. The diversity of medical data types
and content enables deeper investigation into personalized diag-
noses and effective treatments. Traditional linear models leverage
several key clinical data including medical history, physical exam
results, and select lab tests or imaging for risk prediction.

However, their inability to discover interconnections between
different prognostic features or provide supplementary informa-
tion impedes future management optimization. Moreover, quan-
titative analysis of high-dimensional features to inform clinical
decision-making is time-consuming and labor-intensive for tradi-
tional tools.

This is where artificial intelligence (AI) comes in. Over the last
decade, Al has demonstrated remarkable performance in numer-
ous clinically relevant tasks [1]. This technology, encompassing
data acquisition, preprocessing, feature extraction, and model
construction, enhances our understanding of cardiac severity and
heterogeneity. However, a main issue with Al applications is that

most of them are unimodal, typically learning only specific pat-
terns from training databases and missing comprehensive anal-
ysis of diseases from multiple perspectives. This potentially re-
stricts their generalizability to interpret disease dynamic progres-
sion. The evolution of models like Transformer expands data vol-
ume and processing speed to fuel multimodal analysis, combin-
ing supplementary data and clinical context in a way more like
real-world clinicians, generating more precise predictions and di-
recting the identification of new biomarkers. Now, the field of car-
diology is on the threshold of a new era in multimodal Al to in-
corporate into clinical practice [2, 3]. Multiple fusion of different
modalities has been extensively witnessed, permitting multidi-
mensional cardiac morphology quantification and pathophysio-
logical analysis to advance clinical diagnostics and therapy. Our
goal is to cover current research, emerging trends, and the future
utilization of multimodal Al in the management of CVD in clinical
practice (Fig. 1).

Why do we combine different modalities in
CVD?
Diagnosing CVD requires multimodal approaches, yet each

modality only excels in limited aspects. Echocardiography can re-
liably describe most structural abnormalities, but the echocardio-
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Figure 1. Preprocessing, building, and applying multimodal Al in cardiology. In conventional clinical practice, information collected from different
modalities is usually separately analyzed by machine or statistics. With the rise of deep learning algorithms, multimodal data are now collected as
input signals, and various methods are utilized in processing and selectively extracting features to build multimodal Al. Formed multimodal Al can be
applied to different aspects of CVDs and stimulate clinical reasoning like a human. EHR, Electronic health record.

graphic assessment function is more challenging. Magnetic res-
onance imaging (MRI) excels in serial examinations of function,
yet its clinical utility is constrained by prohibitive costs and pro-
longed scanning durations. Different combinations could comple-
ment each other to generate a more comprehensive analysis [4]
(Table 1). For instance, the integration of invasive coronary angiog-
raphy (ICA) with myocardial perfusion imaging (e.g. single pho-
ton emission computed tomography (SPECT) or positron emission
tomography (PET)) enables refined hemodynamic assessment in
coronary artery disease (CAD). This multimodal synergy allows
detailed characterization of atherosclerotic plaques and the iden-
tification of those at risk of rupture could be recognized early
[5]. To refine cardiac structural interpretation, echocardiography-
fluoroscopic fusion imaging provides better understanding of the
3D relationship of anatomy and devices, improving the confidence
of positioning and visual guidance during procedures [6]. However,
protracted data processing constrains scalability, driving the need
for computational acceleration.

How is the combination of different
modalities achieved with multimodal AI?

Multimodal Al, a pivotal research domain within Al, has under-
gone progressive development. The rise of machine learning (ML)
enables computer systems to learn from data and improves their
performance over time without being explicitly programmed.
Deep learning (DL), going further, features in neural networks with
multiple layers to automatically deal with unstructured and high-
dimensional data, showing great advantages with large datasets.
Al in a broader sense, covers various fields such as robotics, natu-
ral language processing, ML, DL, and expert systems. Multimodal
data analysis is a pivotal research domain within A, focusing on
feature engineering, feature fusion, and decision-making, greatly
enhancing physicians’ ability to cope with vast amounts of infor-
mation [7]. Modalities included can be of different types (such as
images, text, and audio), or of the same type but with different
characteristics or sources [such as computed tomography (CT)
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Table 1. Examples of current multimodal data fusion in CVDs.

Echocardiography + CT/CCTA

Echocardiography + SPECT/PET

Echoardiography + CMR

CT + SPETCT/PET

CCTA 4+ CMR

Assess cardiac structure and function, providing morphological characteristics. Echocardiography
often suffers from poor acoustics and depends on the operating angle and techniques. Computed
tomography (CT) is a rapid way to provide heart anatomy with relatively high resolution, used for
diagnosing cardiomyopathy, heart failure, valvular diseases, etc. [99-101].

Assess cardiac structure and function, as well as contractile function and wall motion, providing
states of inflammation in the heart and guiding clinical treatment. For example, PET radiotracer
techniques can be used to identify, monitor, and target molecular structures involved in heart failure
progression, along with basic function analysis from echocardiography [102, 103].

Assess cardiac structure and function, identifying myocardial tissue characteristics (e.g. myocardial
fibrosis and scars) which cause diastolic dysfunction, together with parameters for filling pressure
[104, 105].

Assess coronary blood flow, impact on the myocardium, and exclude coronary stenosis. CT,
particularly CCTA, clearly shows the degree of coronary artery stenosis and plaque characteristics,
providing detailed anatomical information. PET, on the other hand, offers a detailed assessment of
myocardial perfusion and viability, offering functional insights. For example, CT can assess coronary
artery stenosis through CCTA, while PET can evaluate myocardial blood flow through myocardial
perfusion imaging [106].

MRI excels in soft tissue contrast and myocardial viability assessment, which is crucial for diagnosing
myocardial ischemia and myocardial infarction. CT is superior in displaying the anatomical structure
of the heart, coronary artery calcification, and pulmonary lesions. Together, they help doctors
accurately assess the degree of coronary artery stenosis and changes in heart morphology [107-109].

SPETCT/PET + CMR

MRI offers high-resolution anatomical details and visualizations of soft tissues with excellent

contrast. PET/SPET provides functional and molecular insights, including myocardial perfusion,
metabolic activity, and the presence of specific molecular markers. This integration enhances
diagnostic accuracy by cross-validating findings and detecting subtle changes that might be missed
by one modality alone, such as myocardial viability, inflammation, and atherosclerotic plaques.
Additionally, the combined approach reduces ionizing radiation exposure and increases patient
comfort by potentially allowing for simultaneous or sequential imaging in a single session [110, 111].

and MRI], at least two of which are supposed to be leveraged to
form the final multimodal AI [8].

Neural networks and large language models for
unified feature space mapping and deep
reasoning

In recent years, deep neural networks have become foundational
to multimodal data analysis due to their powerful capabilities
in feature extraction and reasoning [9]. Tremendous cross-modal
representations provide complementary and corroborative infor-
mation across modalities [10] for feature selections and compre-
hensive analysis. Primary architectures proposed in this area of-
ten include fully connected neural networks (FCNN), convolu-
tional neural networks (CNN), recurrent neural networks (RNN),
and so on. The end-to-end learning framework of neural networks
transcends traditional approaches to enable a higher-level, more
abstract analysis of multimodal information.

Additionally, advancements in large language models and vi-
sion models have catalyzed significant progress in multimodal
large language models (MLLMs). These models enable natural
interactions between vision and language modalities, achieving
semantic alignment and fusion across modalities by employing
instruction-based fine-tuning and other training techniques that
enhance multimodal response capabilities [11]. In clinical diag-
nostics, for example, datasets containing CT, ultrasound, MRI, and
pathological images, alongside radiology reports, ultrasound sum-
maries, and electronic health records (EHRs), offer a robust foun-
dation and ideal application scenarios for MLLMs. Models like
pathology copilot [12], EchoClip [13], SkinGPT-4 [14], and Biomed-
Parse [15] have demonstrated impressive capabilities in zero-shot
learning, adaptability, prompt-based learning, and multi-turn rea-
soning (Table 2). Together, they reveal intricate and nonlinear re-
lationships both within and across various modalities, delivering

innovative solutions for multimodal data analysis within the
medical domain.

Methods of data fusion with multimodal Al

Figuring out how to obtain individual and combined represen-
tations of diverse modalities in a manner that allows for their
successful integration is a core issue in multimodal analysis.
Common methods applied include early fusion, intermediate fu-
sion, and late fusion [16]. Early fusion involves combining raw
data from multiple sources, like merging genetic information with
imaging data at the outset, to create a comprehensive dataset be-
fore feature extraction. Intermediate fusion, on the other hand,
integrates features extracted from individual modalities, allow-
ing for a more nuanced integration after initial processing. Late
fusion delays integration until the decision-making stage, where
predictions from separate models trained on different data types,
such as a model trained on patient history and another on blood
biomarkers, are combined to make a final diagnosis. More data
fusion methods are being exploited nowadays [17], such as atten-
tion mechanism methods [15] and encoder-decoder methods [10].
There is no conclusive evidence that one fusion type is ultimately
better than the others, as each type is heavily data and task spe-
cific. As technology advances, the number of multimodal medi-
cal data fusion methods is expected to grow [17] (Table 3, Figs. 2
and 3).

Powering multimodal Al to depict the heart
from morphology and physiology

The intricate nature of CVD lies in its complex anatomy. Alter-
ations in these structures can result in severe heart defects. The
application of multimodal Al to cardiac imaging helps to effi-
ciently optimize anatomical, morphological, and functional data
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Table 2. Examples of multimodal large language models applied in clinical medicine.

Model name Modalities involved

Applications

PathChat [12] Vision: pathology images

Text: pathology text

EchoCLIP [13] Vision: cardiac ultrasound videos

Text: expert interpretations

SkinGPT-4 [14] Vision: skin disease images

Text: clinical concepts and doctors’ notes

BiomedParse [15]

SPECT, optical coherence tomogrophy, X-rays,

histopathological sections, and cell microscopy images
Text: semantic information from these 45 datasets and

descriptive labels synthesized by GPT-4

Vision: images from 45 biomedical image segmentation
datasets, including MRI, CT, PET, ultrasound imaging,

PathChat is trained with pathology image and caption pairs
to align its image, and fine-tuned by curated instructions,
which allow it to answer complex pathology-related
questions like “What is the diagnosis?” or “Can you briefly
describe the image?”, more accurately than pathologists.
EchoCLIP performs well on a diverse range of benchmarks
for cardiac image interpretation, like assessing cardiac
function and identifying implanted intracardiac devices.
With SkinGPT-4, users could upload their own skin photos
for diagnosis, and the system could autonomously evaluate
the images, identify the characteristics and categories of
the skin conditions, perform in-depth analysis, and provide
interactive treatment recommendations.

BiomedParse outperformed existing methods on image
segmentation across nine imaging modalities, with larger
improvement on objects with irregular shapes, and could
simultaneously segment and label all objects in an image,
such as brain tumors, pulmonary nodules, immune cells,
and cancer cells, providing diagnostic evidence for
clinicians.

Table 3. Advantages and disadvantages of commonly used multimodal fusion methods [7, 9, 17, 112, 113].

Fusion method

Introduction

Advantages

Disadvantages

Early fusion

Intermediate
fusion

Late fusion

The original input data (such as
patient records, imaging data, etc.)
are concatenated, and together,
treated as a unimodal input
feature. This means that the DL
architecture does not differentiate
from which modality the features
originate.

Feature vectors are learned and
fused instead of the original
multimodal data, which means
that each modality can be learned
through neural networks of the
same type or different types of
networks, and then learned
features are treated as inputs to
the fusion layers are features.
Separate models are trained for
each modality to extract features,
and decisions are made by the
fusion of decisions by sub-models.

It is simple to design and can learn
cross-modal data relationships
from low-level features.

It is flexible in finding the right
depth and sequence of fusing each
modality, which may reflect more
closely the true relationships
between the modalities, since
highly correlated modalities are
fused earlier and other modalities
later in the architecture.

It is quite independent since the
errors made by each model are not
perfectly correlated or affected by
the missed models. Decisions are
made taking advantage of the
complementary information from
each modality, which is especially
promising for the fusion of
heterogeneous modalities.

This approach may fail to identify
relationships between modalities
that only emerge at higher levels of
abstraction and is also sensitive to
different sampling rates of
modalities.

It requires careful design of the
fusion mechanism to effectively
combine features from different
modalities. A poorly designed
fusion module may fail to capture
the relationships between
modalities.

It is not able to learn interactions
between features of different
modalities.

to be combined. By fusing MRI and CT images, accurate whole-
heart geometries with good anatomical consistency and high res-
olution can be yielded [18]. Even with relatively low input quali-
ties, they could still provide detailed information [19]. This kind of
precise and robust structural identification lays a foundation for
accurately tracking cardiac motion and turning the static model
into live-moving hearts. By combining traditional radiology meth-
ods with the “time” factor, 2D to 3D images are successfully turned
into 4D heart models, which can produce geometries that better
satisfy modeling requirements for cardiac flow simulations and

image-based strain measurements, paving the way for compre-
hensive assessment of cardiac function and morphology [20-22].
Electrophysiology of the heart can also be interpreted by DL sig-
nals from 12-lead ECG. Together with imaging methods, such as X-
ray, cardiac accessory pathway, which may cause paroxysmal pal-
pitations and occasionally fatal arrhythmias, can be exposed [23].
They may enable doctors to view, measure, and manipulate the
patient’s anatomical structures in real time, with imaging explic-
itly highlighting the specific structural changes leading to func-
tional impairments (Fig. 4).
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Figure 2. Three commonly used multimodality fusion frameworks. Early fusion combines information from all modalities at the input level for
processing by a single model. Intermediate fusion combines modalities across representation layers simultaneously or progressively, allowing fusion of
highly correlated modalities first before incorporating less correlated data in deeper layers. Late fusion trains separate models per modality and

aggregates their predictions, making it ideal for heterogeneous data.

990

e | o ,

2

©0 e @%‘" —

Encoder-Decoder-based Attention-based

P - @@
== %

Other Constraint-
based multimodal
Fine tuning J = fusion methods
Graph Neural
Network-based

Generative Neural Network-based

Raw-Data-Level Intra-Modality
Fusion Self-Attention
Hierarchical Inter-Modality
Feature Fusion Cross-Attention
Decision-Level Transformer-
Fusion based
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Applying multimodal Al analysis to reveal
complex mechanisms

Other factors limiting our understanding CVD are the molecu-
lar mechanisms that direct cardiovascular homeostasis, cellular
composition, and (micro-)environment, exacerbated by the com-
plex structure. Indeed, the integration of DL imaging and systems
biology is essential to complement comprehensive data-driven in-
sights, linking radiomics phenotypes to gene phenotypes. Com-
bining the U-net algorithm with available cardiac MRI and geno-
typing data from the UK Biobank, a genetic landscape that in-

Synthesize
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Learning for mummd Representation-
Individual based
Modality

Representation

- Representation
egularization- aml  Learning for _
S thers

fluences aortic forward velocity, left ventricular stroke volume,
and aortic regurgitation fraction is unveiled [24]. When apply-
ing a similar method to defining quantitative traits of enlarge-
ment or aneurysm of the aorta, significant genetic variants were
found associated with descending aortic diameter, aortic root size,
and aortic valve regurgitation fraction [25]. Extending beyond the
genomic level, multimodal Al is also extensively related to pro-
teomics editing and activities of epigenetic regulation. Combined
with genome-wide association analyses and phenome-wide asso-
clation analyses, studies have started to embark on a profound
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Figure 4. Schematic diagram of the application of multimodal Al in CVDs. It illustrates the multifaceted application of Al in the management of CVDs,
including structural modeling, mechanism analysis, diagnosis, prognosis assessment, treatment strategies, and continuous monitoring.
Representative examples and commonly used combinations of modalities are exhibited, with medical imaging fusion remaining the most extensively
deployed. They could complement each other to form more comprehensive illustrations than human or single-modal data. GWAS, genome-wide
association studies; XR, extended reality; CS, computational simulations. (Figure created and adapted from references listed above).

exploration of the complex interplay between genetic and phe-
notypic factors, providing a more detailed understanding of CVD
mechanisms and family screening [26]. Key mechanisms involv-
ing pathways implicating metabolic dysregulation, inflammation,
and fibrosis have also been revealed [27]. Together, they highlight
a significant multiomics component in heart function, underpin-
ning key unanswered aspects of microscopic pathogenesis and
macroscopic structural changes, deepening our understanding of
the mechanisms behind structure and function (Fig. 4).

Integrating advanced multimodal Al into
clinical workflows

Improving diagnostic accuracy and subtype
classification by breaking the monomodal
barriers

With the emergence of multimodal Al, diagnostic precision based
on new fusion of different data resources has been seen to outper-
form human readers [28]. These models prove that, after assessing
time, frequency, energy, or entropy spent, optimal subsets of fea-
tures can be identified to depict the disease [29], diagnosing mul-
tiple diseases at the same time. A transformer-based neural net-
work to integrate multimodal patient data from chest radiographs
and clinical parameters enhances diagnostic performance for up
to 25 pathologies [30], achieving an average area under the curve
(AUC) of 0.77 in diagnosing diseases within an intensive care unit
(ICU) setting. Together, they highlight the advancements in mul-
timodal cardiovascular Al as a powerful tool for disease diagnosis
across various facets.

Besides, as different types are associated with different disease
progression, subtyping is also crucial to diagnosis. Computational
disease subtyping techniques can harness the power of data sci-
ence and ML, unveiling patient groups within a high-dimensional
space [31]. By meticulously integrating 645 distinct clinical fac-
tors with genetic information [32], 5 incident heart failure (HF)
phenotypes, including early onset, late onset, atrial fibrillation-
related, metabolic, and cardiometabolic, were identified, provid-
ing implications for future research and clinical practice. Deeper
investigations are able to pinpoint the causal pathways specific
to phenotypically distinct subpopulations [33]. Leveraging resid-
ual CNNs (ResNet200), another group delineated abdominal aor-
tic aneurysm (AAA)-associated lesion regions on computed to-

mography angiography (CTA), revealing two subgroups [34]. Dif-
ferences in the prognosis are in significant correlation with im-
mune cell activation and AAA pathology, offering a novel ther-
apeutic strategy for future management. Similar methods have
also emerged in the study of hypertension [35]. To delve deeper
into genetic relationships, a study utilized whole exome sequenc-
ing and MRI from participants within the UK Biobank [36], reveal-
ing three distinct stratifications based on their genetic profiles.
This detailed classification allows for a nuanced understanding
of the variable expressivity and penetrance of hypertrophic car-
diomyopathy (HCM)-associated genes and their significant asso-
ciation with adverse cardiovascular outcomes, enhancing the pro-
vision of personalized medicine approaches in cardiomyopathy
healthcare. As molecular data linked with rich clinical data are
becoming easily accessible, multimodal Al for subtyping has the
potential to advance our knowledge of how diseases are defined
and treated (Fig. 4).

Identifying novel markers for early risk
stratification and better prognosis

Multimodal biomedical Al, built from transformers, has shown
considerable potential in enhancing early risk stratification and
propels advancements in diagnostic technologies that offer cheap,
rapid, and sensitive methods to improve the management of CVD.
Current risk assessments have shortcomings. Although clinical
risk factors are incorporated into tools like QRISK [37], SCORE [38],
and China-PAR [39], these calculators often misestimate risk—
especially in asymptomatic patients whose low risk factor scores
do not meet diagnostic criteria [40].

To refine risk assessment, there is a need for a multi-biomarker
approach for precision medicine. Multimodal Al can reveal multi-
factorial risk contributors, providing new grading systems for pa-
tients. Early on admission, description notes combined with tab-
ular data can provide a relatively precise prognostic evaluation
of hospital outcomes [41]. Physiological data from EHRs gener-
ates new markers as well, even extending into the pre-clinical
stage. Another in silico quantitative marker for CAD, utilizing clin-
ical features and recorded medications [42], is able to depict sub-
clinical atherosclerosis to advanced disease states. Ranging from
0 (lowest probability) to 1 (highest probability), it can capture the
continuum of CAD risk, non-invasively quantifying atheroscle-
rotic plaque burden and risk of all-cause mortality. Similarly, us-
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ing echocardiography or CMR imaging, a novel Al-based video
biomarker was found to be independently associated with the de-
velopment and progression of aortic stenosis (AS), facilitating op-
portunistic risk stratification [43].

As for prognosis and outcomes, admission notes and clinical
tabular data are structured as a potentially novel method in eval-
uating the risk of mortality in patients with HF [44], reaching an
AUC score of 0.767, providing more accurate and timely decision
support than single modality data. Together, they show the abil-
ity of multimodal Al to identify novel biomarkers, successfully
mapping the progression of the disease from pre-clinical stages
to overt manifestation, driving data-driven predictions of the risk
of a disease-related endpoint (Fig. 4).

Advancing multimodality-Al models to aid
therapy responses and sensitive populations

More than static clinical endpoint, the multimodal AI method
could also be utilized to identify potential populations that may
benefit from the treatment, and thereby provide guidance for the
selection of clinical treatments [45]. A model utilizing a compre-
hensive dataset identifies patients with secondary mitral regurgi-
tation (SMR) suitable for transcatheter edge-to-edge repair (TEER)
[46]. The identification of an extreme-risk population highlights
the potential of models to guide clinical decision-making regard-
ing the utility of TEER, identifying cases where the procedure may
not be beneficial. This is especially important in cardiac resyn-
chronization therapy (CRT) therapy as well. Despite clear guide-
lines for which patients should be treated and the precise process
of treatment, a significant number of patients do not respond well,
highlighting the need for better patient selection and treatment
optimization. Through ML, Al coping with multimodal data may
predict CRT response [47] and its relation to left ventricular ejec-
tion fraction (LVEF). In fact “responders” (increase in LVEF > 5%)
and “super-responders” (increase in LVEF > 15%) with distinct fea-
tures [48] have been revealed, providing novel insights into the
clinical decision of CRT. Evaluation of drug responses nowadays,
which is also predominantly derived from population-based evi-
dence, can also benefit. The emergence of multimodal Al presents
opportunities to identify specific patient subgroups likely to ben-
efit from particular medications [49], to determine whether to
discontinue medications [50], and to assess the impacts of drug
switching [51]. Future multimodal Al methods are anticipated to
develop optimal dose prescriptions tailored to each patient, thus
facilitating personalized medicine, similar to advancements al-
ready seen in the field of oncology [52].

Estimating recurrence is also critical for staging and treatment
planning for discharged patients with CVD. A recent study em-
ployed a transformer-based algorithm, integrating surface ECG
signals and clinical features, to significantly enhance predictive
performance for atrial fibrillation (AF) recurrence postablation,
superior to analyses of either modality alone [53]. Data from pre-
ablation pulmonary vein computed tomography (PVCT) images
also show good predictive performance for 1-year AF recurrence
post-ablation [54]. Together, they reveal better predictive ability
compared with traditional models (Fig. 4).

Proposing multimodality-Al models in building
and optimizing operational platforms

Utilizing real-time data to enhance perioperative assess-
ment

Within multimodal Al methods, various real-time data can be
captured precisely, which is conducive to preoperative assess-

ments. Preoperative assessments involving DL significantly con-
tribute to a profound understanding of complex structures. Au-
tomated interpretation of images from invasive optical coher-
ence tomography and intravascular ultrasound [55], and real-time
data from transesophageal echocardiography enables full guid-
ance for 3D reconstruction of detailed anatomy for coronary ves-
sel interventions and structural repairments. In addition, nonin-
vasive methods like CTA can provide 3D reconstruction of vary-
ing degrees of calcification, calculate fractional flow reserve, and
monitor hemodynamics [56, 57]. Building on these advancements,
the multimodality image-based model, involves the amalgama-
tion of morphological and biomechanical factors at the same
time. Models built from CTA and adjusted using invasive coro-
nary angiography can provide predictions of acute coronary syn-
drome culprit lesions over conventional analysis before surgery
[58]. Additionally. while using CTA and echocardiography, models
based on hemodynamics of the valve leaflet motion and the re-
sulting blood flow with detailed 3D patient geometry are applied
for Transcatheter Aortic Valve Replacement (RAVR) device opti-
mization [59]. These advancements reveal that the amalgama-
tion of morphological and biomechanical factors simultaneously
can provide more detailed structural information procedural
processes.

The combination of computational simulations (CS), extended
reality (XR), and multimodal Al together [60] could form a big Al
operational platform to extend the previously mentioned holo-
graphic display of patients’ heart anatomy at diagnosis into each
stage of treatment. Al offers algorithms for decision-making,
while XR is leveraged for immersive evaluations, extending the
holographic display of patients’ hearts into reality using CS. Fur-
thermore, this synergistic integration of technologies will allow
clinicians to provide ongoing feedback with predictive models to
simulate various treatment scenarios and the potential outcomes
of different operation plans. This will enhance decision-making
accuracy and prompt personalized solutions. Moreover, with ris-
ing robotics [61], this big Al operational platform could revolu-
tionize the whole process of operations from the perspectives of
precise preoperative planning, recognition of operational phases,
segmentation of anatomic markers, provision of detailed analyti-
cal reports for clinical physicians at each stage, as well as evalu-
ations of cardiac function and the best method for patient prog-
nosis with real-time data. Several platform prototypes are on the
horizon, such as CARES Copilot 1.0 and SentiAR [62]. In the future,
more and more similar platforms will thrive (Fig. 5).

Supporting cardiovascular materials and 3D printing with
multimodal data

Beyond that, multimodal AI could help enhance the increasing
use of 3D printing, bridging the gap in our understanding of the
anatomic and physiological relationships in the human body [63].
3D printing is based on precise mimicry of the deformation of
both the implanted device and local tissue [64], requiring high-
spatial resolution for remodeling. The current single-modal tech-
nique presents an incomprehensive picture of the native struc-
tures, hindering complete emulation of the heart itself [65]. Mul-
timodal Al can meet this requirement by integrating the biome-
chanical properties of both functional and static states across
different modalities. It allows for labeling of specific structures
(such as the sinoatrial and atrioventricular nodes) and selecting
optimal views of target structures, while simultaneously mim-
icking the deformation of both the implanted device and local
tissue [64]. It can further help to address the limitations of 3D
printing in replicating the dynamic physics of tissue deformation

GZ0z 1snbny gz uo isenb Aq 0955028/9 1 0seqd/g/g/elonie/wod/woo dno-olwaepese//:sdiy wody peapeojumoq



Multimodal AIin CVD | 9

Perioperative Data Al-aided Operations
ellizstE «  Screening for Appropriate
Patients -
i «  Description of Anatomical kS
Structures and Markers a
Ed
« Presenting Key Information, ®
| | Age, Vital signs, etc.
| /|
¢ Real-time Records and
Phase Recognition 5
=
— Q
+  Utilizing 3D printing to 3
Stored & Processed by . . Optimize Instruments 2
Multimodal Al Heart Team & Assistant Techonologies 2
for Operations +  Collaborating with Robots 3
ele L
: Q o Extended ; 3 D *  Showing Virtual Structures
: Robotics Printing ;
TN Reality (XR) in Real-world by XR
* To accurately analyze l *  Quality Assessment 3
the data resources - h z ‘ g>
* Post-operative Long-term 3
+  To aid the whole Management P
process of operation =
@

Figure 5. Multimodal Al platforms for operations. Perioperative data are first collected and then stored and processed by multimodal Al to analyze
resources and aid the entire surgical process. With assistant technologies such as extended reality (XR), robotics and 3D printing, multimodal Al can
aid the whole process of operations for the heart team, including surgery and interventions.

and flow, and the biomechanical properties of cardiac tissues [66]
(Fig. 5).

Providing patient education and

home-based/remote service with
continuous monitoring

Despite the availability of best practices and treatments that
are well understood in clinical settings, home-based cardiac re-
habilitation and remote monitoring are emerging as a critical
alternative to continuous monitoring and adjustment of treat-
ments, potentially preventing disease progression and improv-
ing quality of life [67]. Cardiometabolic risk factor optimization
is a long-term endeavor that ideally starts early in life and is
sustained over time. Various standalone technologies, including
smartphone apps, wearables, and in-home speakers are utilized to
record daily life activities [68], offering cost-effective and continu-
ous analysis, and identifying variables less prominently featured
in traditional statistical approaches [69]. Combined with DL, they
can synthesize different signals from people’s daily life and habits
to obtain information related to CVD risk factors [70, 71], alerting
patients and providers to timely health status changes and the
need for condition adjustments [72]. This could be done through
online chatbots. By providing personalized coaching through voice
assistance and text messages [73], they improve patient adher-
ence to treatment plans by providing immediate responses, unin-
terrupted support, and understanding of conditions by answering
questions and offering explanations [74]. Conjointly, these person-
alized approaches foster a collaborative environment where pa-
tients feel empowered to take charge of their health, thus improv-
ing clinical outcomes with better healthcare delivery and reduc-
ing hospitalizations to complete a significant shift toward patient-
centered care out of hospital (Fig. 4).

Future perspectives

Throughout the field of cardiology, evidence is now mounting that
demonstrates the advantages Al can offer, as discussed above.
Remarkable performance has been witnessed in numerous clini-
cally relevant tasks, tackling cumbersome challenges despite fre-
quently being unimodal. With different values attached to each
single modality, multimodal Al can flexibly evaluate and incorpo-
rate data into comprehensive responses. It is reported that within
the next 5 years using today’s technologies could result in sav-
ings of 5% to 10% of healthcare spending by improving clini-
cal operations, quality and safety, and continuity of care [75].
Moreover, having acquired the most relevant information across
modalities through the training process, medical knowledge could
then be transferred from one modality to another for the gener-
ation of content or to make predictions, replacing harmful and
invasive examinations by utilizing their relationships with non-
invasive ones. More importantly, with interconnections being un-
earthed by multimodal AI, missed information may be comple-
mented through another modality, contributing to solving the
problems of medical fragmentation [76], and reducing medical er-
rors and waste of medical resources caused by diffuse visits to
physicians. In addition, when applied to clinical trials, it could
help in propensity score matching [77] and finding comparable
cohorts [78], adding up to building digital twin models in cardio-
vascular research [79].

However, advancements in multimodal biomedical Al are not
devoid of challenges. We still lack the strength and specificity
of models for widespread and independent adoption. Of primary
concern is data quality and quantity. Considering the vastness
and diversity of multimodal healthcare data, there is a need for
enhanced techniques to collect and standardize the data. Plus,
current healthcare data exhibit biases, showing a lack of ethnic
diversity and an imbalance in socioeconomic representation, fur-
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ther complicated by disparities in resource and technological ac-
cess [80]. Imbalances in training data cause Al algorithms to per-
form heterogeneously across different subpopulations. A pneu-
mothorax algorithm accurate at one hospital may lose >10% ac-
curacy at another [81]. Another example is the pulse oximeter. The
accuracy of oxygen saturation varies with skin tone because in-
frared signals interact with skin pigmentation, which may overes-
timate Saturation of peripheral oxygen (SpO,) at low Saturation of
arterial oxygen (Sa0,) in dark-skinned patients [82], risking inad-
equate oxygen therapy and vital-organ damage. Algorithmic tools
can only be as good as the devices feeding data into them. ML from
biased data yields biased findings [83], calling for more efforts to
contribute to generating standardized and consistent data of high
quality, moving beyond semantic differences, temporal variability,
and ethical constraints. Big data platforms, including large-scale
cohort studies [84], consortia, and omics databases [85] are among
the best approaches to obtaining high-standard and cross-scale
data.

Moreover, as examination methods and modality types in-
crease, experienced experts with training in anomaly detection
and advanced modal fusion techniques for lifelong learning are
necessary [86]. Common combinations have been witnessed (Ta-
ble 4), yet new modalities are springing up. For instance, how to in-
tegrate self-reporting sensors accompanying implantable devices
(stents, valves, etc.) in vivo and from lightweight wearable devices
poses a challenge for dynamic monitoring [87]. This places higher
requirements on clinical doctors’ comprehension and processing
skills regarding Al

Simultaneously, an increase in the dimensionality of data
brings out another important problem: model interpretability and
explainability. Comprising millions of parameters and hundreds
of layers, the very complexity of Al tools renders them as opaque
‘black-boxes’ [88], as the computational mechanisms between in-
put and output are too intricate to afford human understanding.
Without understanding how Al arrives at outputs, it is hard for
healthcare professionals and patients to trust Al tools [89, 90]:
who is accountable if Al-driven medical diagnostics or treatments
fail? Can we obtain an explainable Al diagnosis of why the failure
occurred [91, 92]? To address this, one way is to start by choosing
simpler, interpretable models like decision trees when suitable.
Yet to ensure model complexity, multiple techniques have been
proposed to solve this problem, including building locally linear
models around the predictions of an opaque model for explana-
tions (LIME) [93], allocating feature contribution to predictions us-
ing game theory (SHAP) [94], and highlighting the important re-
glons in the image for predicting the concept in CNN (Grad-CAM)
[95]. Nonetheless, most of the explaining methods are unimodal.
The introduction of multimodal data significantly intensifies the
difficulty of illustration, and aligning semantics across different
data types may make model comprehension even more challeng-
ing. Additionally, no unified protocol exists to verify if explana-
tions accurately reflect cross-modal correlations. For instance, in
developing multimodal Al systems for disease diagnosis (inte-
grating imaging, genetic data, and clinical records), standardized
metrics are lacking to evaluate explanation quality. The complex
decision-making process obscures traceability to specific inputs
[96] and medical experts’ subjective assessments of explanations
may vary based on individual expertise. Therefore, more complex
and precise explanation models will become imperative.

To promote the development of this field, experts globally
should be organized to discuss the establishment and standards
of building multimodal Al tools, addressing problems of inconsis-
tent conceptual understanding among professionals, as well as

unreasonable or novel data inclusion and classification. General
consensus and reporting guidelines will ensure the secure stor-
age, processing, and sharing of data, paving the way for promot-
ing future interdisciplinary collaboration among different organi-
zations [97]. Meanwhile, mandatory legislation and policies from
the government also serve as prerequisites to guarantee the trans-
parency and data privacy of Al technology [98]. Therefore, feder-
ated and nationwide organizations of clinicians, technology de-
velopers, and the public, in cooperation with the government, can
help build a prescription of intended workflows with standardized
processes, achieving the speedy adoption of useful Al technologies
to protect patient well-being.

Conclusion

In the coming decade, Al technologies will become an essential
part of the cardiovascular diagnostic, prognostic, and therapeutic
toolkit, with multimodality becoming more and more predomi-
nant. They are poised to enable more detailed phenotyping, re-
shape disease classifications, facilitate biomarker discovery, re-
duce the risks of developing new therapies, as well as support
more wearable, portable, real-time, and continuous monitoring.
As technological advancements continue to outpace regulatory
adaptation, it is also crucial to integrate ethical, legitimate, and
trustworthy Al into the development and validation stages. More
efforts should be made to ensure the effective application of Alin
the real-world of dynamic environments.
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