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ABSTRACT

Background

Cardiovascular disease (CVD) remains the leading cause of global mortality, accounting for nearly 20 million deaths
annually and placing a profound clinical and economic strain on healthearesinfrastructure. Despite major advances
in pharmacological therapies, structural interventions, and cardiac.imaging, myocardial decompensation frequently
develops silently before clinical symptoms emerge. Traditional diagnostic paradigms primarily rely on isolated
biomarkers, episodic imaging, and subjective interpretation; often failing to capture the complex, multi-system
biological interactions that precede overt clinical deterioration. Multimodal artificial intelligence (AI) has emerged
as a promising analytical approach to integrate disparate biomedical data streams for earlier risk stratification.

Scientific Objectives

This narrative review presents a translational. conceptual framework detailing the integration of multimodal Al across
the continuum of cardiovascular care. Specifically, we examine how crossmodal data fusion may enhance early
detection of subclinical myocardial decompensation, refine precision pharmacotherapy, and inform prospective
strategies for cardiac recovery, while explicitly delineating established clinical evidence from speculative translational
hypotheses.

Methodology & Conceptual Framework Construction

We executed a cross-disciplinary narrative synthesis combining clinical cardiology, computational systems biology,
biomedical informatics, and deep learning architectures. Heterogeneous biomedical inputs, including electronic health
records, continuous electrophysiological waveforms, multi-parametric functional imaging, ambulatory telemetry,
laboratory biomarkers, multi-omics, and socio-environmental determinants, were evaluated for cross-modal
alignment and clinical utility. Emerging computational paradigms (high-parameter foundation models, mechanistic
digital twins, federated learning networks, and explainable AI) were critically evaluated regarding their current evidence
maturity, data harmonization challenges, and integration into point-of-care workflows.

Results Synthesized Framework & Key Insights

Multimodal Al provides a robust framework for harmonizing complex biomedical datasets, offering
measurable improvements in diagnostic discrimination and early risk prediction over single-modality
approaches. However, a critical distinction must be maintained between prognostic prediction and causal
therapeutic benefit. While Al models demonstrate high accuracy in identifying latent disease trajectories, prospective
evidence that algorithmic recommendations directly prevent decompensation, drive reverse ventricular remodeling,
or accelerate tissue healing remains limited and requires rigorous validation through randomized clinical trials.

Clinical Implications

Integrating multimodal Al into cardiovascular practice represents a transitional shift toward predictive and personalized
care. To achieve meaningful clinical utility, Al-enabled decision support systems must prioritize algorithmic calibration,
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temporal validation, transparent explainability, and human-in-theloop governance to mitigate automation bias, ensure
equitable performance, and optimize resource utilization.
Keywords: Artificial Intelligence; Multimodal Al; Cardiovascular Medicine; Precision Cardiology; Heart Failure; Myocardial
Decompensation; Machine Learning; Deep Learning; Clinical Decision Support Systems; Digital Health; Cardiovascular
Digital Twins; Multi-Omics Integration; Systems Biology; Polygenic Risk Scores; Pharmacogenomics; Explainable Al;
Federated Learning; Learning Health Systems; Predictive Analytics; Myocardial Remodeling
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INTRODUCTION

Cardiovascular disease (CVD) remains the primary cause of
global mortality and morbidity, accounting for nearly one-third
of all deaths worldwide and generating unsustainable economic
burdens across healthcare systems. Despite major therapeutic
milestones, including guideline-directed medical therapy
(GDMT), transcatheter structural interventions, and high-
imaging, the
compensated myocardial dysfunction to overt, symptomatic
heart failure frequently occurs unmonitored. Consequently,

resolution  functional progression  from

clinical management often remains reactive, intervening only
after significant organ damage or acute decompensation has
occurred. This reactive posture contributes to high rates of 30-
day hospital readmission, progressive adverse ventricular
remodeling, diminished functional capacity, and escalating
medical expenditures.
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The  pathophysiological  cascade  driving  myocardial
decompensation is inherently non-linear and multi-factorial. It
involves complex interactions across genetic susceptibility,
neurohormonal pathways, inflammatory signaling,
mitochondrial bioenergetics, extracellular matrix turnover,
metabolic adaptation, and environmental stressors. These
interconnected mechanisms generate  multi-dimensional
biological signals that evolve over extended periods before
traditional clinical surrogates, such as a drop in left ventricular
ejection fraction (LVEF) or elevations in natriuretic peptides,
register overt deterioration. Conventional diagnostic tools,
which rely on isolated biomarkers or episodic imaging, evaluate
these variables independently, limiting their capacity to resolve

subtle physiological cross-talk or forecast individualized disease
trajectories.

Artificial intelligence (Al), encompassing machine learning,
deep neural networks, and multimodal foundation models,
offers a computational approach capable of processing
complex, high-dimensional biomedical data. By integrating
structured electronic health records (EHRs), continuous
electrocardiographic ~ (ECG) multi-parametric
imaging, laboratory measurements, multi-omics, wearable

telemetry,

biosensor feeds, and social determinants of health, multimodal
Al can identify complex non-inear patterns that escape
traditional statistical modeling.

METHODOLOGICAL IDENTITY

This paper presents a narrative review and conceptual
framework designed to evaluate the translational landscape of
multimodal Al in cardiovascular medicine. While myocardial
decompensation and heart failure serve as the primary clinical
throughout this synthesis, the underlying
computational principles, including crossmodal feature
alignment, temporal validation, and explainability, apply
broadly across ischemic, arrhythmic, and structural heart
diseases.

exemplars

Rather than conducting a systematic PRISMA review or meta-
analysis, this article synthesizes foundational concepts across
cardiology, systems biology, and biomedical informatics to
propose an integrated clinical architecture. Crucially, this
framework categorizes proposed applications across an explicit
hierarchy of evidence maturity, separating established, FDA-
cleared diagnostic tools from prospective clinical decision
support systems and speculative translational research.

The Prediction vs. Causality Paradigm

A central thesis of this review is the critical distinction between
prognostic prediction and causal therapeutic efficacy:

Prognostic Prediction: Demonstrating that an algorithm can
achieve a high Area Under the Receiver Operating
Characteristic curve (AUROC) for forecasting 30-day heart
failure hospitalization establishes association, not clinical
utility.

Causal Therapeutic Efficacy: Proving that acting upon
an algorithmic risk score alters clinical outcomes, promotes
reverse ventricular remodeling, or prevents decompensation
requires prospective validation.

Algorithmic risk predictions do not inherently guarantee that
clinician response will yield positive therapeutic outcomes.
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Establishing true clinical benefit requires prospective
prospective randomized controlled trials (RCTs) that test Al
guided clinical pathways against standard guideline-directed
care, evaluating hard clinical endpoints such as mortality, re-
hospitalization, and validated markers of reverse remodeling.
By grounding multimodal Al in rigorous methodological
standards, temporal validation, and transparent governance,
the cardiovascular community can systematically bridge the gap

between predictive analytics and demonstrable patient benefit.
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Methodological Pitfalls in Multimodal Data Integration

Integrating heterogeneous clinical datasets presents substantial
computational and methodological challenges. The assumption
that fusing additional data modalities inherently improves
predictive power is flawed; incomplete, noisy, or asynchronous
inputs can introduce significant error and degrade model
performance. Wearable sensor feeds, continuous ambulatory
telemetry, and electronic health record entries operate on vastly
different temporal scales and exhibit -varying degrees of
missingness. When high-parameter deep learning architectures
process sparse or noisy inputs without robust alignment
strategies, they risk overfitting to artifactual patterns or allowing
a dominant modality to obscure subtle diagnostic signals.
Consequently,
incremental utility over established, single-modality clinical risk

multimodal models must demonstrate
scores using decision curve analysis and net benefit frameworks
rather than relying solely on marginal gains in discriminative

metrics.
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Temporal Validation and Mitigating Data Leakage

A critical vulnerability in clinical artificial intelligence is data
which frequently leads to artificially inflated
performance metrics during retrospective validation. Data

leakage,

leakage occurs when information from the post-outcome period
inadvertently influences model training, or when temporal
relationships between predictive features and target endpoints
are improperly constrained. To prevent these errors, models
evaluating myocardial decompensation must enforce strict
temporal landmarking and prediction windows. Features
recorded after the onset of acute deterioration, such as rescue
medication administration, emergency room documentation,
or secondary diagnostic coding, must be strictly masked.
Models must undergo prospective temporal validation across
distinct chronological cohorts to confirm that predictive
performance remains stable as clinical practices, electronic
documentation standards, and patient demographics evolve
over time.

Explainable Artificial Intelligence and Model Calibration

While posthoc explainability methods like SHAP (SHapley
Additive exPlanations), LIME (Local Interpretable Model-
agnostic Explanations), and attention heatmaps are widely used
to interpret complex neural networks, their utility in clinical
decision-making remains limited. These tools generate feature
attribution heuristics rather than true biological explanations
or faithful representations of internal network mechanics. A
high feature mathematical
association within the model, not a causal pathophysiological
link. Furthermore, algorithmic optimization must prioritize
model calibration alongside diagnostic discrimination. An
algorithm with high area under the receiver operating
characteristic curve that vyields poorly calibrated probability
estimates can misguide clinicians, leading to inappropriate risk
stratification, treatment delays, or unnecessary interventions.

attribution  score  indicates

Mechanistic Digital Twins and Biophysical Simulation Boundaries

Cardiovascular digital twins, computational models that

integrate patientspecific anatomical, hemodynamic, and
electrophysiological data represent a promising frontier for
personalized clinical simulation. By combining biophysical
mechanics with data-driven algorithms, these models aim to
simulate disease progression and evaluate therapeutic scenarios
in silico. However, their real-time clinical deployment is
limited by
computational constraints. Parameter non-identifiability, high
demands for

interactions, and delays in real-time biophysical synchronization

currently fundamental ~mathematical and

computational multi-scale  fluid-structure
restrict current digital twins primarily to offline, exploratory
research environments. Claiming that digital twins can serve as
real-time closed-loop control systems for patient care overstates
current technological capabilities, as rigorous prospective
validation is still required to confirm their predictive accuracy

and clinical safety.

Computational Methodologies & Technical Guardrails

The translational utility of artificial intelligence in

cardiovascular medicine depends heavily on the computational

Journal of Cardiology and Heart Failure

J. Cardiol. Heart Fail, Vol.2 Special Iss. 1, September (2026), pp:1-22 3



Louis R

rigor of its underlying architectures. While high-parameter deep
learning models excel at discovering complex associations
within high-dimensional datasets, applying these systems to
clinical workflows introduces specific technical vulnerabilities.
Ensuring that predictive models translate into safe, reliable, and
actionable clinical tools requires addressing key computational
challenges: managing multimodal data integration, preventing
temporal data leakage, ensuring proper model calibration
alongside posthoc explainability, and acknowledging the
biophysical constraints of cardiac digital twins.

Methodological Pitfalls in Multimodal Data Integration

Integrating heterogeneous clinical datasets presents substantial
computational and methodological challenges. The assumption
that fusing additional data modalities inherently improves
predictive power is flawed; incomplete, noisy, or asynchronous
inputs can introduce significant error and degrade model
performance. Wearable sensor feeds, continuous ambulatory
telemetry, imaging archives, and electronic health record (EHR)
entries operate on vastly different temporal scales and exhibit
varying degrees of missingness.

When high-parameter deep learning architectures process
sparse or noisy inputs without robust cross-modal alignment
strategies, they risk overfitting to artifactual patterns or allowing
a dominant modality to obscure subtle diagnostic signals.
Consequently, multimodal models must demonstrate
incremental utility over established, single-modality clinical risk
scores using decision curve analysis (DCA) and net benefit
frameworks rather than relying solely on marginal gains in
discriminative metrics like the Area Under the Receiver

Operating Characteristic (AUROC) curve.
Temporal Validation and Mitigating Data Leakage

A critical vulnerability in clinical artificial intelligence is data
leakage, which frequently leads to _artificially  inflated
performance metrics during retrospective <validation. Data
leakage occurs when information from the postoutcome period
inadvertently influences model training, or when temporal
relationships between predictive features and target endpoints
are improperly constrained.

To prevent these errors, models evaluating myocardial
decompensation must enforce strict temporal landmarking and
prediction windows. Features recorded after the onset of acute
deterioration, such as rescue medication administration,
emergency room documentation, or secondary diagnostic
coding, must be strictly masked during training. Models must
undergo prospective temporal validation across distinct
chronological cohorts to confirm that predictive performance
remains stable as clinical practices, electronic documentation
standards, and patient demographics evolve over time.

Model Calibration and Explainable Al (XAI) Guardrails

While post-hoc explainability methods like SHAP (SHapley
Additive exPlanations), LIME (Local Interpretable Model-
agnostic Explanations), and attention heatmaps are widely used
to interpret complex neural networks, their utility in clinical
decision-making remains limited. These tools generate feature
attribution heuristics rather than true biological explanations
or faithful representations of internal network mechanics. A
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high feature attribution score indicates mathematical

association within the model, not a causal pathophysiological

link.

Furthermore, algorithmic optimization must prioritize model
calibration alongside diagnostic discrimination. An algorithm
with high AUROC that yields poorly calibrated probability
estimates can misguide clinicians, leading to inappropriate risk
stratification, treatment delays, or unnecessary interventions.
Ensuring well-calibrated risk outputs is essential for integrating
Al predictions into clinical decision support workflows.

Mechanistic Digital Twins and Biophysical Simulation

Boundaries

Cardiovascular digital twins, computational models that
integrate patient-specific anatomical, hemodynamic, and
electrophysiological data, represent a promising frontier for
personalized clinical simulation. By combining biophysical
mechanics with data-driven algorithms, these models aim to
simulate disease progression and evaluate therapeutic scenarios
in silico.

However, their real-time clinical deployment is currently limited
by fundamental mathematical and computational constraints.
Parameter non-identifiability, high computational demands for
multi-scale fluid-structure interactions, and delays in real-time
biophysical = synchronization restrict current digital twins
primarily - to  offline, exploratory research environments.
Claiming that digital twins can serve as realtime closed-loop
control systems for patient care overstates current technological
capabilities, as rigorous prospective validation is still required to
confirm their predictive accuracy and clinical safety.

Artificial Intelligence in  Cardiovascular Medicine:
Foundations for Predictive and Precision Cardiology

Foundations of Predictive and Precision Cardiology

Artificial intelligence (AI) has emerged as a transformative
driver in contemporary cardiovascular medicine, reshaping
prediction,  diagnostic ~ workflows, therapeutic
optimization, and longterm patient care [1-3]. Traditional
statistical paradigms typically rely on linear assumptions and

disease

small sets of predefined variables, leaving them ill-equipped to
capture the
behavioral networks governing cardiac disease [4-6]. The rapid

health

physiological telemetry, high-resolution cardiac imaging, and

noninear biological, environmental, and

expansion of electronic records, continuous
multi-omics has generated massive multidimensional datasets
[3,7-9]. Al offers a scalable computational framework capable of
harmonizing these heterogeneous data streams into actionable
clinical intelligence, providing individualized risk stratification
and real-time decision support across the entire cardiovascular

care continuum [2,3,10,11,12].
Evolution of Cardiovascular Al Architectures

The trajectory of computational intelligence in cardiology has
evolved through several distinct paradigms [1,3,13]. Early risk
stratification relied on multivariable regression models, which
advanced preventive care but remained constrained by linear
assumptions [4,6]. The subsequent adoption of supervised
machine learning introduced algorithms, including regularized
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logistic regression, random forests, gradient boosting machines,
support vector machines, and Bayesian networks, that learn
directly from complex clinical data to predict heart failure
hospitalizations, acute myocardial infarction, arrhythmias,
stroke, and mortality [7,13,14,15]. With
expanding computational power and GPU acceleration, deep
learning architectures emerged to directly process high-
dimensional imaging and waveform data [9,16,17]. Most
recently, transformer architectures, foundation models, and
generative multimodal Al have shifted the paradigm by using
self-attention mechanisms

cardiovascular

The prevention of myocardial decompensation requires
continuous interpretation of an increasingly complex ecosystem
of biological, clinical, imaging, physiological, behavioral, and
environmental information. Conventional clinical decision-
making  typically
independently, limiting the ability to recognize subtle
interactions  that deterioration.

evaluates these information streams

precede  cardiovascular
Multimodal artificial intelligence fundamentally transforms this
paradigm by integrating heterogeneous datasets into a unified
computational framework capable of continuously assessing
individualized cardiovascular risk throughout the patient
journey.

The proposed architecture presented herein extends beyond
traditional prediction models by incorporating systems biology,
precision cardiology, digital health technologies, explainable
artificial intelligence, and adaptive clinical learning. Rather
than functioning solely as a diagnostic algorithm, the
framework establishes a continuously learning cardiovascular
intelligence platform that supports prevention, early diagnosis,
therapeutic optimization, remote monitoring, and personalized
cardiovascular healing. This integrated architecture consists of
six interdependent computational layers that transform raw
clinical information into actionable precision = medicine
recommendations while maintaining transparency, scalability,
and regulatory compliance.
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Clinical Information

The first domain consists of structured and unstructured

electronic health record data, including demographic
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characteristics, cardiovascular risk factors, comorbid conditions,

medication  histories, procedural  records, laboratory
investigations, physician documentation, hospital admissions,
and longitudinal treatment trajectories. Natural language
further

from free-text

extract clinically relevant
discharge
summaries, and imaging reports, expanding the informational

processing  algorithms

concepts consultation  notes,

richness available for computational analysis.
Cardiovascular Imaging

Advanced imaging detailed
structural and functional characterization of myocardial health.
Echocardiography  provides

cardiovascular contributes

quantitative  assessment  of
ventricular function, myocardial strain, valvular performance,
chamber dimensions, and hemodynamic parameters. Cardiac
magnetic resonance imaging offers high-resolution tissue
characterization capable of identifying myocardial fibrosis,
edema, scar formation, and extracellular volume expansion.
Coronary computed tomography angiography and nuclear
imaging further contribute anatomical and physiological
assessments of coronary artery disease, myocardial perfusion,
and ventricular remodeling.

Electrophysiological Information

Electrocardiographic data represent an essential component of
longitudinal cardiovascular surveillance. Continuous analysis of
twelvedead electrocardiograms, ambulatory Holter monitoring,
implantable cardiac devices, and wearable electrocardiographic
technologies enables detection of conduction abnormalities,
ventricular repolarization changes, arrhythmogenic substrates,
autonomic dysfunction, and evolving electrophysiological
signatures preceding myocardial decompensation.

Laboratory Biomarkers

Biochemical biomarkers provide quantitative measures of
myocardial injury, inflammation, renal function, metabolic
status-natriuretic peptides, inflammatory cytokines, renal
biomarkers,

parameters, and emerging proteomic signatures collectively

lipid profiles, glycemic indices, coagulation
enhance biological characterization of cardiovascular disease
progression.

Multi-Omics Data

Contemporary precision medicine increasingly incorporates
genomic, transcriptomic, proteomic, metabolomic, lipidomic,
and epigenomic datasets. These complementary molecular
layers facilitate individualized characterization of inherited
susceptibility, biological aging,
metabolic remodeling, pharmacogenomic variability, and

inflammatory activation,

molecular therapeutic responsiveness.
Digital Health Technologies

Continuous physiological monitoring through wearable
implantable smartwatches,

applications, and remote patient monitoring platforms

devices, Sensors, smartphone
generates real-time information regarding heart rate variability,
physical activity, sleep quality, oxygen saturation, blood
pressure, tespiratory rate, body weight, and medication

adherence. These continuously evolving datasets substantially
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expand opportunities for early detection of physiological
deterioration.

Social and Environmental Determinants

Cardiovascular health is strongly influenced by social,
behavioral, and environmental factors. Air pollution, ambient
temperature, deprivation,
attainment, healthcare accessibility, nutrition, psychological
activity, and
neighborhood characteristics represent critical determinants of
cardiovascular outcomes that should be integrated into
predictive Al frameworks. Collectively, these heterogeneous
establish a  multidimensional

representation of each patient's cardiovascular phenotype.

socioeconomic educational

stress, occupational exposures, physical

information  streams

Artificial  Intelligence  Prediction  of  Myocardial
Decompensation and Precision Risk Stratification

The Biological Rationale for Continuous Early Prediction

The transition from compensated myocardial dysfunction to
heart failure represents a trajectory  in
cardiovascular medicine [18-20]. Although structural and
cellular alterations evolve over months or years, clinical

overt critical

decompensation frequently presents as an abrupt crisis because
traditional episodic surveillance fails to detect disease until
compensatory physiological reserves are completely exhausted
[21-23].

endothelial dysfunction, autonomic imbalance, inflammatory

Subclinical ventricular remodeling, microvascular
activation, mitochondrial impairment, extracellular matrix
and metabolic shifts
distributed biological signature long before symptoms manifest
[18,20,24,25]. Multimodal artificial intelligence (Al).leverages
these distributed signals by continuously harmonizing dynamic,
multidimensional data streams [1,3,8]. Shifting care from
reactive crisis management to proactive intervention, Al models
identify subtle biological trajectories to enable therapeutic
optimization before irreversible ventricular remodeling or

hospitalization occurs [1-3,12].
Omics .
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Comprehensive  Biomarker Fusion and  Multi-Omic
Integration

Achieving high-precision risk forecasting requires fusing
complementary biomarkers that evaluate cardiovascular

OPEN 8 ACCESS Freely available online

integrity across disparate physiological domains [3,8,26].
Structural imaging parameters, including left ventricular
global longitudinal
geometry, atrial volumes, right ventricular function, and

ejection fraction, strain, ventricular
myocardial extracellular volume fraction, quantify anatomical
remodeling [27-32]. Dynamic functional metrics, such as
cardiac output, stroke volume, elevated filling pressures,
pulmonary artery hemodynamics, and heartrate variability,
assess operational reserve, with continuous wearable sensors
dramatically increasing temporal measurement resolution
[33-39]. Concurrently, plasma molecular markers (e.g., high-
sensitivity troponins, NT-proBNP, high-sensitivity C-reactive
protein, soluble ST2, and GDEF-15) track active cell injury,
strain, and inflammation [40-42]. Integrating these findings
with inherited genomic variants, epigenomics, transcriptomics,
signatures  yields highly granular,
individualized molecular endotypes that substantially enhance
diagnostic sensitivity [25,43-50].

and metabolomic

Temporal Modeling and Granular Risk Stratification

Cardiovascular pathology is fundamentally dynamic; thus,
robust Al frameworks must model temporal trajectories rather
than relying on static, point-in-time clinical cross-sections [1,3].
Sequential deep learning architectures evaluate longitudinal
time-series data, including progressive strain decline, rising
peptide levels, deteriorating function,
increasing arrhythmia burdens, weight fluctuations, and activity
drop-offs, to model disease momentum [7,13,33-37]. Rather
than placing patients into broad risk buckets, multimodal Al
generates dynamically recalibrated risk profiles across distinct
time horizons [2-3,12]. It estimates short-term probabilities (7-
30 days) for acute decompensation, cardiogenic shock, or
malignant arrhythmias; intermediate-term risks (6-12 months)
for rehospitalization, stroke, or revascularization; and long-term

natriuretic renal

outcomes (beyond 1 year) regarding functional recovery, fibrotic
progression, or overall survival [7,12,14-15].

Explainable Al and Real-Time Decision Support

Widespread clinical adoption of deep learning models depends
on transparent, explainable reasoning that earns physician trust
and guides precise intervention [51-55]. Explainable Al (XAI)
techniques identify the specific driver variables behind an
elevated risk score, such as a concurrent drop in global
longitudinal strain, subtle rising NTproBNP, nocturnal
tachycardia, and systemic inflammatory markers [40,56-60].
When embedded into real-time clinical decision support
systems, these algorithms continuously scan electronic health
records and telemetry feeds to issue advisory alerts for high-risk
patients [38,61-64]. By highlighting the precise physiological
mechanism undergoing deterioration, XAl enables clinicians to
deliver targeted therapies, such as adjusting diuretic dosages or
uptitrating guideline-directed medical therapy, preserving
physician oversight while optimizing response times [53,59,65].

Model Validation, Performance Metrics, and Population

Health

Translating predictive Al into safe clinical practice requires
rigorous multi-tier evaluation beyond simple statistical accuracy
[51,54,66]. Methodological development relies on rigorous
internal cross-validation and hyperparameter optimization,
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followed by independent multicenter external validation across
diverse academic, community, and rural health networks to
ensure broad generalizability [67-71]. Model performance must
be holistically appraised using discrimination metrics (AUROC
and Precision-Recall curves), calibration assessments, Decision
Curve Analysis for net clinical benefit, and demographic
fairness audits across age, sex, ethnicity, and socioeconomic
status to eliminate algorithmic bias [72-77]. Beyond individual
patient care, aggregated multimodal AI models support
population health management by mapping regional
cardiovascular burdens, optimizing preventive screening, and
guiding resource allocation across healthcare systems [78-80].

Toward an Intelligent Learning Health System

The convergence of multimodal artificial intelligence, digital
health telemetry, multi-omics, and systems biology establishes a
new paradigm: the intelligent cardiovascular learning health
[1,3,26]. Within this

encounter, remote telemetry stream, and treatment response

system framework, every clinical
continuously refines predictive algorithms, creating a feedback
loop between evidence generation and individualized clinical
care [1,38,65,80]. Rather than functioning as standalone
diagnostic tools, Al models act as continuous clinical partners
that detect latent biological decay and facilitate timely,
preventive interventions before overt heart failure occurs
[2-3,12]. By converting complex, heterogeneous biological data
into actionable clinical foresight, multimodal Al transitions
cardiovascular care from reactive treatment to proactive

preservation of myocardial health and longterm survival

[1-3,81-82].

Catalyzing Cardiovascular Healing Through Precision
Therapeutics and Artificial Intelligence

The historical objective of cardiovascular medicine has been to
diagnose disease promptly, mitigate symptom progression, and
reduce morbidity and mortality through < pharmacological,

Although these

survival across

interventional, and surgical therapies.
substantially improved

numerous cardiovascular disorders, they remain predominantly

approaches have

reactive, intervening only after pathological remodeling has
become clinically apparent. Advances in multimodal artificial
intelligence (Al), systems biology, and precision medicine now
create an unprecedented opportunity to redefine this paradigm
by transitioning from disease management toward biological
restoration and myocardial healing.

Cardiovascular healing should not be interpreted solely as
symptomatic improvement or stabilization of ventricular
function. Rather, it encompasses a multidimensional process
involving recovery of myocardial structure, restoration of
cellular energetics, attenuation of inflammation, regression of
fibrosis, optimization of vascular function, stabilization of
electrophysiological integrity, and enhancement of patient-
centered quality of life. Within this framework, Al functions as
an intelligent therapeutic partner capable of integrating
information, forecasting biological
responses, and recommending individualized interventions that

heterogeneous clinical

maximize regenerative potential while minimizing treatment-
related risk.

OPEN 8 ACCESS Freely available online

The proposed concept of Al-enabled cardiovascular healing
therefore extends beyond conventional predictive analytics. It
establishes a continuously adaptive precision medicine
ecosystem in which computational intelligence actively supports
therapeutic decision-making, monitors biological recovery, and

facilitates sustained myocardial resilience.
Biological Principles of Myocardial Healing

Myocardial repair following injury is governed by a complex
interplay of inflammatory resolution, extracellular matrix
remodeling, angiogenesis, mitochondrial recovery, metabolic
adaptation, and cellular regeneration. Following ischemic or
non-ischemic injury, the myocardium initiates a coordinated
that progresses through inflammatory,
proliferative, and remodeling phases. Although these processes
are essential for maintaining structural integrity, persistent

healing response

inflammatory activation and maladaptive fibrosis frequently
compromise functional recovery. Successful cardiovascular
healing therefore depends
equilibrium across multiple interconnected pathways.

upon restoring biological

Key components include:

e Resolution of chronic inflammation.

e Restoration of mitochondrial oxidative metabolism.
¢ Reduction of oxidative stress.

e Regression of pathological fibrosis.

e Recovery of endothelial function.

e Improvement of myocardial perfusion.

e Stabilization of intracellular calcium homeostasis.

e Preservation of viable cardiomyocyte populations.

¢ Optimization of neurohormonal balance.

Because these mechanisms evolve simultaneously and influence
one another through nonlinear biological interactions, they
represent ideal multimodal Al
continuously synthesizing multidimensional patient data into
individualized therapeutic recommendations.

targets for capable of

Precision Pharmacotherapy

therapy has transformed the
failure and other

Guideline-directed medical
of heart
substantial

cardiovascular
interindividual variability
persists in therapeutic efficacy, adverse-event profiles, and long-

management
disorders. However,
term outcomes. Factors including genetic polymorphisms,
comorbid conditions, renal function, metabolic status,
medication adherence, and disease phenotype contribute to
heterogeneous treatment responses that are difficult to predict
using Artificial
intelligence offers the potential to optimize pharmacotherapy
through

pharmacogenomic, and physiological information.

conventional clinical assessment alone.

continuous analysis of clinical, molecular,

An Al-enabled precision pharmacotherapy platform could
dynamically recommend individualized initiation, titration, or
modification of therapies such as:

¢ Angiotensin receptor-neprilysin inhibitors (ARNIs).
¢ Angiotensin-converting enzyme inhibitors (ACE inhibitors).
¢ Angiotensin receptor blockers (ARBs).

¢ Badrenergic receptor antagonists.
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¢ Mineralocorticoid receptor antagonists.

¢ Sodium-glucose cotransporter-2 (SGLT2) inhibitors.
¢ Loop and thiazide diuretics.

¢ Vasodilators.

¢ Antiarrhythmic agents.

¢ Lipid-lowering therapies.

¢ Antithrombotic therapies.

Rather than relying upon periodic outpatient evaluation, Al
systems may continuously reassess therapeutic effectiveness
physiological laboratory
biomarkers, imaging findings, and patient-reported outcomes,
thereby supporting adaptive precision pharmacology.

using  real-time monitoring,

Pharmacogenomics and Individualized Drug Response

The integration of pharmacogenomics represents an important
advancement in precision cardiovascular medicine. Genetic
variation influences drug metabolism, receptor sensitivity,
transporter activity, and downstream signaling pathways,
thereby contributing to substantial heterogeneity in therapeutic
response. Variants affecting cytochrome P450 enzymes, [-
adrenergic receptors, renin angiotensin system components,
platelet receptor biology, and lipid metabolism may alter
treatment efficacy or increase susceptibility to adverse drug
reactions. By integrating genomic sequencing with longitudinal
clinical outcomes, Al algorithms may identify individualized
therapeutic strategies that maximize efficacy while minimizing
toxicity. Such precision prescribing has the potential to reduce
adverse drug events, improve medication adherence, and
enhance long-term cardiovascular outcomes.

Artificial Intelligence Guided Reverse Cardiac Remodeling

Reverse cardiac remodeling represents one of the most
important determinants of longterm recovery following
myocardial injury. Improvements in ventricular geometry,
myocardial contractility, chamber dimensions, fibrosis burden,
and mechanical synchrony are strongly associated with reduced
hospitalization and improved survival. Multimodal Al enables
continuous evaluation of remodeling trajectories through
integration of serial echocardiography, cardiac magnetic
circulating  biomarkers,  wearable

resonance  imaging,

physiological monitoring, and molecular signatures. By
forecasting expected remodeling trajectories under alternative
therapeutic strategies, Al systems may recommend personalized
interventions designed to maximize functional recovery while

minimizing progression toward irreversible myocardial

dysfunction.
Potential optimization targets include:

* Ventricular loading conditions
¢ Blood pressure control

¢ Neurohormonal modulation

¢ Rhythm management

¢ Device therapy

* Exercise prescription

¢ Nutritional optimization

¢ Weight management

¢ Sleep quality

¢ Glycemic control

OPEN 8 ACCESS Freely available online

Remote Monitoring and Continuous Therapeutic Adaptation

Traditional cardiovascular care relies primarily upon
intermittent clinical encounters that provide only brief
snapshots of patient health. Between visits, important
remain  undetected until

physiological  changes may

symptomatic deterioration necessitates hospitalization.
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Remote ‘patient monitoring fundamentally transforms this
model by enabling continuous assessment of cardiovascular
physiology through wearable technologies, implantable devices,
smartphone applications, and connected home health
platforms. Artificial intelligence continuously analyzes these
longitudinal data streams to detect subtle physiological changes
including:

e DProgressive tachycardia

¢ Declining heartrate variability

¢ Increasing nocturnal respiratory rate
¢ Fluid retention

¢ Reduced physical activity

e Sleep fragmentation

¢ Medication non-adherence

e Early congestion

Automated identification of these changes enables timely
therapeutic adjustment before overt myocardial
decompensation develops.

Digital Therapeutics and Behavioral Cardiovascular Medicine

Behavioral determinants profoundly influence cardiovascular
outcomes. Physical inactivity, dietary quality, medication
adherence, tobacco  exposure, alcohol  consumption,
psychosocial stress, and sleep disorders all contribute to disease
progression and therapeutic effectiveness. Al-enabled digital
therapeutics provide personalized behavioral interventions
through adaptive coaching, motivational feedback, and
continuous monitoring. By integrating behavioral science with
physiological ~data, these systems can tailor
prescriptions, nutritional guidance, medication reminders,
stress-management strategies, and sleep optimization to each
individual's clinical status and preferences. Rather than
delivering generic lifestyle advice, intelligent digital therapeutics

exercise
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evolve in response to changing health conditions, reinforcing
adherence and promoting sustained behavioral change.

Regenerative Cardiovascular Medicine

Although adult myocardial regenerative capacity remains
limited, advances in regenerative medicine offer promising
opportunities to enhance myocardial repair.

Emerging approaches include:

¢ Stem cell therapies

¢ Induced pluripotent stem cells

¢ Extracellular vesicle therapeutics
¢ Gene editing

¢ Messenger RNA therapeutics

e Tissue engineering

¢ Biomaterial scaffolds

¢ Therapeutic angiogenesis

Artificial intelligence may accelerate regenerative medicine by
identifying patients most likely to benefit, optimizing treatment
timing, predicting therapeutic response, and analyzing complex
molecular pathways governing tissue repair. Integration of Al
with regenerative cardiovascular biology may ultimately
facilitate development of personalized myocardial regeneration
strategies.

Digital Twins for Therapeutic Simulation

One of the most transformative applications of Al involves
individualized cardiovascular digital twins. A digital twin
continuously integrates anatomical, physiological, molecular,
imaging, and behavioral information to create a dynamic
computational representation of an individual< patient's
cardiovascular system. Before implementing *therapeutic
interventions, clinicians may simulate multiple treatment
strategies within the digital twin environment, evaluating
predicted effects on ventricular remodeling, hemodynamics,
arrhythmia risk, medication tolerance, and long-term survival.
This capability transforms clinical decision-making from
empirical treatment selection toward computationally informed
precision therapeutics.

Al-Enabled Clinical Decision Support Systems: Translating
Cardiovascular Intelligence into Clinical Practice

Augmenting Clinical Decision-Making and the EHR
Evolution

Artificial intelligence transforms passive electronic health
records (EHRs) into dynamic clinical decision support systems
(CDSS) that bridge predictive modeling and point-of-care
delivery [83-84]. Rather than replacing physician judgment, Al
fosters human Al collaboration combining computational
speed in processing multimodal datasets [3,83] with clinician
expertise in contextual interpretation and patient-centered
ethics [2,85]. By continuously synthesizing clinical data,
biomarkers, and environmental inputs [1,86], these intelligent
platforms empower care teams to shift from reactive disease
management to proactive, evidence-based intervention while
simultaneously mitigating clinician administrative burden and
cognitive fatigue [87-88].
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Real-Time Intervention in Emergency and Intensive Care

In high-acuity settings where time dictates survival, multimodal
Al models provide continuous physiological surveillance to
predict acute myocardial infarction, cardiogenic shock, and
early heart failure congestion before conventional pathways
trigeer [14,89]. Within the Cardiovascular Intensive Care Unit
(CICU), Al processes realtime telemetry,
hemodynamics, and laboratory trends to forecast life-
threatening trajectories such as hemodynamic instability, lethal
arrhythmias, and acute kidney injury [8,16]. This real-time
foresight enables clinicians to initiate early targeted therapies,
effectively preventing rapid myocardial decompensation [18,90].

invasive

Continuous Outpatient Care and Precision Prevention

Integrating Al into ambulatory clinics and primary care
transforms  episodic  medical visits into  continuous
cardiovascular management [91-92]. In outpatient cardiology,
decision support tools optimize guideline-directed medical
therapy, rhythm strategies, and structural heart procedural
planning [93-94]. Simultaneously, primary care systems leverage
Al to analyze longitudinal blood pressure trends, metabolic
profiles, and social determinants of health to identify high-risk
individuals early [6,95]. This approach enables timely lifestyle
interventions and preventive pharmacotherapy, establishing a
foundation for lifelong cardiovascular preservation [1,81].

Decentralized Health Monitoring and Virtual Care Models

The convergence of wearable sensors, implantable devices, and
Al analytics extends cardiovascular monitoring directly into
patients' daily lives [34,38]. By continuously evaluating
biometric streams, such as heart rate variability, oxygen
saturation, activity levels, and weight fluctuations [37,96], Al-
driven remote patient monitoring platforms detect subtle
physiological shifts indicative of impending heart failure
decompensation [39,63]. These capabilities power hospital-at-
home models, facilitating timely outpatient interventions that
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prevent avoidable hospitalizations and promote long-term
recovery in sustainable, home-based environments [62,97].

Governance, Safety, and Implementation Science

Translating cardiovascular intelligence into routine practice
requires rigorous clinical governance, algorithm transparency,
and seamless workflow integration [52,54]. Safeguards,
including human-in-theloop oversight, continuous post-
deployment monitoring, bias diverse
demographics, and robust cybersecurity protocols [56,73,76] are
essential to ensure patient safety and ethical integrity [71,98].
Furthermore, successful adoption relies on implementation

surveillance across

science that addresses workflow interoperability, clinician
training, regulatory compliance, and
collaboration among cardiologists, data
healthcare administrators [55,66].

interdisciplinary
scientists, and

Global Health Networks and the Vision for Cardiovascular
Healing

The broader future of Al in cardiology lies in the establishment
of global cardiovascular intelligence networks powered by
privacy-preserving federated learning [67,69]. By
aggregating insights across international healthcare systems
without centralizing sensitive records [68,70], these networks
accelerate  global surveillance,
algorithm development, and democratize access to advanced
predictive care in underserved populations [75,78]. Ultimately,
integrating multimodal artificial intelligence with clinical
expertise and ethical governance serves as a powerful catalyst
for preventing myocardial decompensation and advancing
equitable cardiovascular healing worldwide [88,99-100].

secure,

disease enable inclusive

Precision Cardiovascular Medicine: Integrating Genomics,
Multi-Omics, Digital Twins, and Personalized Prevention

The future of cardiovascular medicine is increasingly defined by
the transition from population-based 'treatment strategies
toward individualized biological understanding. Traditional
cardiovascular medicine has achieved remarkable success
through evidence-based therapies developed from large clinical
trials; however, substantial heterogeneity remains among
patients  regarding  disease  susceptibility,  progression,
therapeutic response, and recovery potential. Two individuals
with similar clinical diagnoses may experience profoundly
different cardiovascular trajectories due to differences in
genetic architecture, epigenetic regulation, metabolic state,
immune activation, environmental exposure, lifestyle factors,
and social determinants of health.

This biological diversity represents both a challenge and an
opportunity: while conventional approaches often fail to
capture individualized disease complexity, emerging precision
medicine technologies provide unprecedented opportunities to
characterize and treat cardiovascular disease at the level of the
individual patient. The convergence of multimodal artificial
intelligence (Al), genomics, multi-omics science, digital twins,
and systems biology creates a new paradigm of precision
cardiovascular medicine, in which prevention, diagnosis,
treatment, and recovery are guided by comprehensive biological
intelligence rather than isolated clinical measurements.

Beyond Population Risk: The AI-Driven Omics Paradigm

OPEN 8 ACCESS Freely available online

Traditional cardiovascular medicine relies on population-level
risk factors, such as hypertension, age, and dyslipidemia, which
fail to capture individual biological heterogeneity or explain
why patients with similar clinical profiles experience vastly
different trajectories of myocardial decompensation [1,81].
Precision cardiovascular medicine bridges this gap by
integrating multimodal artificial intelligence (AI) with high-
dimensional biological data [3,83]. By synthesizing genomics,
epigenetics, and systems biology [26,101], Al-driven models
beyond  static averages to decipher
individualized mechanisms,  providing  the
computational foundation needed to predict, prevent, and treat
myocardial deterioration at its root biological level [2,82,99].

move population

disease

Genomic Architecture, Epigenetic Memory, and Active

Transcriptomics

Inherited susceptibility to cardiomyopathies and lethal
arrhythmias is encoded within genetic variation, where
polygenic risk scores analyze thousands of low-effect loci to
identify individuals requiring early surveillance [43,102].
Beyond DNA  sequence variation, epigenetic
modifications, such as DNA methylation and microRNA
regulation, act as biological
environmental stressors, pollution, and metabolic strain that
accelerate myocardial remodeling [40,44,103]. Simultaneously,
transcriptomic profiling exposes active,

static

dynamic recorders  of

real-time cellular
responses, allowing multimodal Al to detect molecular
signatures of fibrotic signaling, inflammatory activation, and
early ventricular dysfunction before structural decompensation

becomes irreversible [48,104-105].

CENTRAL ILLUSTRATION: Role of Coronary Micr lar Dysfi
Across Different Cardiovascular Diseases
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Epigenetic processes include:

¢ DNA methylation

¢ Histone modification

¢ Chromatin remodeling

¢ Non-coding RNA regulation

These mechanisms influence:

¢ Inflammation
¢ Fibrosis

¢ Okxidative stress
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¢ Vascular function
¢ Cellular aging
¢ Metabolic adaptation

Cardiovascular disease may therefore be viewed not only as a
consequence of inherited genetic susceptibility but also as a
disease of altered biological information processing.

Proteomic Signatures, Metabolomic Energy Biology, and

Pharmacogenomics

Proteomic and metabolomic profiling offer an unprecedented
window into circulating tissue repair proteins and myocardial
energy dynamics [25,41]. Because the heart requires continuous
metabolic output, Al-driven metabolomics can identify early
disruptions in mitochondrial function, fatty acid oxidation,
and glucose utilization prior to clinical decline [106-107].
Integrating  these  deep
pharmacogenomics transforms therapeutic selection [47,108]:

multi-omic  layers  with
rather than prescribing standardized regimens, Al algorithms
evaluate individual genetic polymorphisms, metabolic clearance
pathways, and proteomic biomarkers to optimize medication
selection, fine-tune dosing, and prevent adverse events [46,109].

Cardiovascular Digital Twins and Computational In Silico
Modeling

Cardiovascular digital twins represent a transformative leap in
computational medicine, creating dynamic, patientspecific
virtual  replicas  that integrate anatomical imaging,
hemodynamic parameters, electrophysiology, and molecular
data [12,110]. Unlike traditional predictive scores, digital twins
perform in silico simulations to forecast disease progression,
cardiac remodeling, and arrhythmia risks [111-112]. Clinicians
can leverage these computational avatars to simulate individual
responses to medical titration, device implantation, or surgical
interventions, optimizing therapeutic efficacy and preventing
acute decompensation before applying therapies in real-world
clinical practice [12].

Lifespan Precision Prevention and Socio-Environmental

Biology

The ultimate promise of precision cardiology is shifting the
clinical focus from end-stage intervention toward lifelong
health preservation [95,113]. Multimodal Al enables precision
prevention across the lifespan, identifying childhood genetic
vulnerabilities, continuously monitoring adult metabolic
trajectories, and preserving cardiac resilience during aging
[82,114]. Crucially, precision models must integrate non-
biological determinants, synthesizing data on air pollution,
climate stress, food security, and psychosocial factors alongside
multi-omic profiles [78,115]. This holistic approach ensures that
preventive interventions address the complete exposome
driving cardiovascular risk [72,75].

While genomics provides inherited
susceptibility, transcriptomics reveals active biological responses
occurring within cells and tissues.

information about

RNA expression patterns provide insight into:

¢ Myocardial stress responses
¢ Inflammatory activation
¢ Fibrotic signaling

OPEN 8 ACCESS Freely available online

¢ Metabolic dysfunction
¢ Cellular repair mechanisms

Artificial intelligence can analyze transcriptomic profiles to
identify molecular signatures associated with:

¢ Early ventricular dysfunction
¢ Heart failure progression
¢ Therapeutic response

¢ Recovery potential

This creates opportunities for biologically informed

intervention before structural damage becomes irreversible.

The Biological Ecosystem for Precision Cardiovascular

Healing

The convergence of multi-omics, digital twins, environmental
intelligence, and multimodal Al establishes a new holistic
paradigm: the cardiovascular biological digital ecosystem
[3,11-12]. This integrated infrastructure systematically links
early biological detection, predictive trajectory modeling,
targeted precision prevention, and individualized therapeutic
[99,116]. By translating  high-

dimensional molecular intelligence into actionable clinical

selection continuously
strategy, this ecosystem catalyzes true myocardial recovery and
resilience, paving the way for equitable, lifelong cardiovascular

healing [1;88,100].

Explainable, Ethical, and Trustworthy Artificial Intelligence
in Cardiovascular Medicine

The rapid advancement of artificial intelligence (Al) in
unprecedented
opportunities for improving disease prediction, diagnosis,

cardiovascular ~ medicine  has  created

optimization, and However, the
successful integration of Al into clinical practice requires more
than superior computational Healthcare
decisions directly influence human lives, and therefore

treatment prevention.

performance.

cardiovascular Al systems must demonstrate transparency,
reliability, fairness, security, and accountability. Unlike many
technological applications where prediction accuracy alone may
determine success, medical Al operates within a complex
ethical environment involving patient autonomy, clinical
responsibility, healthcare equity, privacy protection, and
regulatory oversight. A highly accurate algorithm that lacks
interpretability, performs inconsistently across populations, or
introduces unintended bias cannot be considered clinically
successful.
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The Clinical Necessity of Explainability in Cardiovascular AT

While high predictive accuracy is essential, "black-box" deep
learning models pose fundamental clinical risks when deployed
in acute cardiovascular environments [1,88]. To bridge the gap
between algorithmic prediction and clinical decision-making,
explainable Al (XAI) frameworks, including SHapley Additive
exPlanations (SHAP), saliency maps, and feature attribution
scores, are required to render computational logic visible to
clinicians [26,83]. Interpretable models allow cardiologists to
trace why an algorithm predicts impending myocardial
decompensation or heart failure progression, ensuring that
automated outputs align with biological mechanisms rather
than artifactual correlations before guiding < high-stakes
interventions [2,99,116].

Mitigation of Algorithmic Bias and Health Equity

Cardiovascular Al algorithms are highly susceptible to
reproducing or amplifying historical healthcare disparities if
trained on non-representative datasets [58,72]. Systematic
underrepresentation of women, racial minorities, elderly
cohorts, and socioeconomically disadvantaged populations
leads to
electrocardiography interpretation, imaging segmentation, and

significant  model  performance gaps in
risk prediction [73,98]. Achieving algorithmic fairness requires
balanced  dataset

architecture, and subgroup-specific validation metrics [95,100].

mandatory demographic bias audits,
Integrating equitable data governance ensures that multimodal
Al tools actively reduce rather than widen global cardiovascular

health disparities [75,115].
Data Privacy, Federated Learning, and Patient Autonomy

The deployment of multi-omic and multimodal Al depends on
massive aggregations of highly sensitive biological, genomic,
and imaging data [3,101]. Safeguard protocols must protect
patient privacy and preserve autonomy without stifling
computational [117-118].  Federated
paradigms and privacy-preserving techniques, such as
differential privacy and secure multi-party computation, enable

innovation learning

Al algorithms to train across distributed hospital databases
without raw patient records leaving localized servers [55,119].
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Robust consent frameworks and strict data anonymization
respect patient rights while facilitating the cooperative training
required for trustworthy clinical models [66,120].

Algorithmic Reliability, Model Drift, and Safety Governance

undergo continuous

demographics,

Cardiovascular patient populations
temporal  shifts  in pharmacological
management, and acute disease presentations [1,81]. These
dynamic shifts expose Al models to "model drift" a gradual
deterioration in prediction accuracy as realworld clinical
environments diverge from baseline training distribution
[24,67]. Establishing trustworthy Al requires continuous post-
market surveillance, prospective multi-center validation, and
real-time performance tracking [44,103). Institutions must
implement standardized Al governance, including version
control, automated error tracking, and rapid rollback
mechanisms to preserve patient safety when algorithmic
performance degrades [121-122].

Regulatory Alignment and the Legal Framework of Shared
Responsibility

Regulatory authorities worldwide are transitioning from static
software oversight toward adaptive lifecycle regulation for Al-
driven Software: as a Medical Device (SaMD) [44,70].
Frameworks such as the EU Artificial Intelligence Act
high-risk
technologies requiring rigorous traceability, transparency, and
continuous risk management [102,123]. Establishing legal
clarity regarding accountability, delineating the shared
responsibilities software healthcare
organizations, and treating clinicians, is critical [97,124]. Clear

categorize —clinical decision-support systems as

among developers,
governance ensures that Al functions as a liability-shielded
decision augmentor rather than an autonomous decision-maker

[96,125].

The Human-in-the-Loop Framework for Trustworthy

Cardiovascular Healing

The ethical integration of Al into cardiovascular practice relies
on a strict "human-in-thelloop" paradigm that prioritizes
autonomy [62,82].
Automated algorithms must complement, rather than supplant,

clinician and patientcentered care
clinical judgment, therapeutic empathy, and shared decision-
making [63,126]. By establishing transparent, unbiased, secure,
and continuously validated Al workflows, healthcare systems
foster genuine trust among clinicians and patients alike
[71,127]. This trustworthy computational framework safeguards
human dignity while directing the full power of multimodal Al
toward preserving and restoring myocardial health [88,99-100].

Future Directions: The Next Generation of AI-Driven
Cardiovascular Medicine

Cardiovascular medicine is entering a transformative era in
which artificial intelligence (AI), molecular biology, digital
technologies, and precision therapeutics are converging to
create a fundamentally new healthcare paradigm. The historical
model of cardiovascular care has been largely episodic,
characterized by periodic clinical encounters, delayed
recognition of deterioration, and treatment initiation after
disease manifestation. The next generation of cardiovascular
medicine will increasingly emphasize continuous biological
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individualized therapeutic
optimization, and preservation of myocardial resilience. Future

intelligence, early intervention,
cardiovascular Al systems will extend beyond prediction toward
active participation in disease prevention, therapeutic decision-
making, and biological restoration. These systems will integrate
large-scale multimodal datasets, continuously learn from
patient outcomes, and provide increasingly precise insights into
cardiovascular health across the lifespan. The ultimate objective
is the development of an intelligent cardiovascular ecosystem
capable of detecting biological vulnerability before disease
emergence,

preventing myocardial decompensation, and

supporting personalized cardiovascular healing.

Cardiovascular Foundation Models and Multimodal

Reasoning

The emergence of generalist medical foundation models
represents a paradigm shift from single-task tools to unified
biological intelligence platforms [11,128]. By pre-training on
massive cross-modal datasets, these scalable systems enable deep
cardiovascular reasoning across diverse clinical inputs [3,83]:

Multi-Stream Synthesis: Simultaneously interprets raw 12-
lead ECGs, cardiac MRI volumes, biomarker kinetics, polygenic
risk scores, and wearable telemetry [9,43,94].

Holistic Trajectory Mapping: Translates high-dimensional
inputs into individualized forecasts of myocardial disease
progression and treatment sensitivity [86,99].

Clinical Knowledge Encoding: Leverages embedded medical

literature  to  provide  contextualized,  evidence-based

recommendations at the point of care [92,129].

Generative Al, Clinical Workflows, and Autonomous

Surveillance

Generative artificial intelligence and continuous digital health
platforms are revolutionizing daily clinical workflows and
chronic disease management [34,127]. Autonomous monitoring
systems shift medicine from episodic clinic visits to real-time
biological surveillance [38,96]

Generative Support: Automates complex clinical
documentation, synthesizes longitudinal patient histories, and
translates medical reports into patientfriendly explanations to

reduce administrative burnout [87-88].

Continuous Monitoring: Real-time analysis of wearable and
implantable sensor streams, tracking heart rate variability,

thoracic fluid trends, and rhythm disturbances [35,37,39].

Decompensation Interception:  Early  recognition  of
physiological congestion triggers timely, outpatient therapeutic

adjustments (e.g., diuretic titration), preventing acute heart

failure admissions [63,126].

Quantum-Accelerated Discovery, Therapeutics, and Regenerative
Medicine

The convergence of Al with advanced computing and
regenerative biology offers unprecedented opportunities to
repair and restore the failing myocardium [130-132]:

Al-Guided Drug Discovery: Deep learning models accelerate
target identification, compound optimization, and toxicity

OPEN 8 ACCESS Freely available online

prediction for novel antifibrotic, anti-inflammatory, and

metabolic drugs [133-134].

Quantum Computing  Horizons:  Emerging
algorithms offer the computational power required to simulate
subcellular signaling
cascades, and cardiac metabolic networks beyond classical limits

[135-136].

quantum

complex protein-protein interactions,

Regenerative Precision: Al models candidate

selection, delivery timing, and cellular response tracking for

optimize

stem cell therapies, direct cardiac reprogramming, gene editing,

and mRNA-based tissue repair [137-139].

Federated Intelligence Networks and the Learning Health
System

To overcome global healthcare disparities, the future of
cardiovascular Al relies on decentralized, privacy-preserving
infrastructure that continually learns from real-world clinical
outcomes [67,78]:

global

on diverse

Federated Learning Infrastructure: Connects
hospital networks to train robust algorithms
patient populations without centralizing or compromising

confidential data [68-70].

Equitable AI Democratization: Accelerates international

disease surveillance and expands access to expertlevel

diagnostic algorithms in resource-limited settings [74-75].

Closed-Loop Learning Systems: Establishes a continuous
cycle where every clinical encounter, diagnostic test, and
global model
progressively improve future care [54,140].

treatment outcome refines intelligence to

Stages in the Evolution of Next-Generation Cardiovascular

Healing

The transformation of cardiovascular care progresses through
five interconnected stages, evolving from reactive management
toward lifelong myocardial preservation [1,82,113]:

Stage 1: Predictive Medicine: Al identifies subclinical

biological vulnerability prior to structural organ damage [6,33].

Stage 2: Preventive Medicine: Timely, targeted interventions
halt the transition from risk factor exposure to clinical
decompensation [79,95].

Stage 3: Precision Therapeutics: Multi-omic and digital
twin analytics match each patient to their
pharmacological and interventional strategy [12,81].

optimal

Stage 4: Regenerative Healing: Advanced biological
and cellular therapies actively repair damaged myocardium
and restore function [130-131].

digital-
cardiovascular

Stage 5: Longevity & Resilience: Continuous
biological monitoring preserves lifelong

resilience and healthy biological aging [82,114].

Human-Centered Artificial Intelligence and the Vision for

Healing

Despite rapid technological evolution, the future of

cardiovascular Al must remain anchored in a human-centered
clinical philosophy [2,88]. Algorithms are designed to augment,
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essential clinical judgment, ethical
responsibility, and therapeutic empathy that define medicine
[85,100]. By pairing cutting-edge multimodal intelligence with

collaborative

not replace, the

human oversight, the next generation of
cardiovascular medicine shifts the global paradigm from
treating established disease to preserving health, preventing
lifelong

myocardial ~ decompensation, and  fostering

cardiovascular healing [80,88,99].

Translational Framework: From Artificial Intelligence
Discovery to Global Cardiovascular Implementation

The successful transformation of artificial intelligence (Al)
from a scientific innovation into a clinical reality requires a
comprehensive  translational framework that integrates
validation, healthcare

implementation, regulatory oversight, economic evaluation,

discovery science, clinical
and global health deployment. Historically, many promising
medical technologies have failed to achieve widespread impact

because of challenges occurring beyond initial discovery.

Barriers including limited external validation, inadequate
workflow integration, insufficient clinician engagement,
unclear reimbursement pathways, regulatory uncertainty, and
unequal accessibility have restricted the real-world benefits of
numerous innovations. For multimodal Al in cardiovascular
medicine to fulfill its transformative potential, implementation
must extend beyond algorithm development. It requires the
creation of an integrated ecosystem connecting researchers,
clinicians, healthcare systems, policymakers, industry partners,
and patients. The objective is not merely to develop
increasingly sophisticated Al models, but to establish “a
sustainable global cardiovascular intelligence infrastructure
capable of reducing disease burden, preventing: myocardial

decompensation, and improving cardiovascular health equity.
The Translational Continuum and Clinical Trial Framework

Bridging the gap between computational discovery and real-
world cardiovascular impact requires a structured translational
pipeline that moves systematically from multi-omic target
identification to global health deployment [1,88]. To ensure
safety, feasibility, ~Al-driven
interventions must undergo prospective clinical validation
across four distinct trial phases [2,83,99]:

efficacy, and operational

Diagnostic & Prognostic  Validation: Evaluating whether
algorithmic risk scoring and automated image segmentation
improve early disease detection and risk prediction over

standard clinical risk scores [9,43,94].

Therapeutic Decision-Support Trials: Testing whether Al-
and digital twin
simulations vyield superior reverse remodeling and lower

mortality [12,81].

guided drug selection, dose titration,

Real-World Implementation Studies: Assessing integration

efficiency, clinician adoption, user friction, and cost-
effectiveness within active Electronic Health Record (EHR)

workflows [116,121-122].

Multicenter Diversification: Validating algorithm performance
across socioeconomically and geographically diverse hospital

OPEN 8 ACCESS Freely available online

systems to prevent out-of-distribution model degradation

[58,73,98].
Learning Cardiovascular Health Systems and Economic Value

Modern cardiovascular care must evolve from static protocol
application into an adaptive, selfimproving Learning Health
System (LHS) [54,140]. By continuously capturing real-world
clinical wearable telemetry, and

encounters, treatment

responses, the LHS refines underlying predictive models in a
closed feedback loop [67,70]. Beyond clinical efficacy, this
infrastructure generates substantial health-economic value

[97,125]

Decompensation Interception: Early detection of subclinical
congestion reduces emergency department visits, intensive care
stays, and readmissions for acute heart failure [63,126].

Optimization of High-Cost Therapies: Precise patientselection
algorithms eliminate futile procedures and optimize the
deployment of advanced heart failure therapies, such as
mechanical circulatory support and cardiac transplantation

(46,109].

Resource Allocation & Administrative Relief: Automated
documentation and Al-assisted triage streamline clinical
workflows, reducing provider burnout and expanding time
spent on direct patient care [87,127].

Health Equity, Workforce Transformation, and Global

Governance

To prevent digital innovations from exacerbating existing
healthcare disparities, translational frameworks must prioritize
equitable deployment across low- and middle-income regions
[72,78,115]. Achieving global cardiovascular impact requires
combining low-cost digital diagnostic platforms with forward-
looking workforce training and public policy governance

[74-75]:

Democratized Point-of-Care

smartphone-based ECG analysis,
ultrasound (POCUS), and remote cellular telemetry expands
specialistgrade care to underserved and rural communities

[35,37,39].
Re-educated Medical Workforce:

education to build clinician core competencies in data literacy,
algorithmic bias recognition,

human-Al collaboration [85,95].

Deploying
Al-assisted point-of-care

Diagnostics:

Transforming medical

explainability metrics, and

Unified Policy & Regulatory Frameworks: Establishing
transparent data governance, adaptive Software as a Medical
Device (SaMD) regulatory oversight, and clear reimbursement

models for Al-guided preventive care [102,123-124].

Redefining Disease Biology: Systems Ecosystems and Digital
Twins

Cardiovascular medicine is shifting away from static diagnostic
labels, such as isolated heart failure or coronary artery disease,
toward viewing cardiovascular pathology as an interconnected
[1,3,101]. Multimodal Al integrates
neurohormonal, metabolic, mechanical, and inflammatory
pathways into unified dynamic models [25,41]. At the center of
this transition are cardiovascular digital twins, which leverage

biological ecosystem
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computational mechanics and molecular biology to execute
patientspecific in silico therapeutic trials [12,110,112]:

From Population Averages to Individualized Biology:
Traditional Clinical Question: "What treatment strategy yields

the best average outcome in large clinical trials for this disease
class?"

Digital Twin Paradigm: "Which targeted intervention will
optimize hemodynamics, arrest cellular fibrosis, and induce

reverse structural remodeling in this specific patient's
myocardium?"
Lifespan  Prevention and Al-Accelerated Myocardial
Regeneration

The ultimate clinical objective of Al-enabled cardiology extends
beyond slowing disease progression to actively preserving
resilience and promoting biological healing [113,130]. By
synthesizing  genomics,
physiological signals, Al identifies early metabolic instability

epigenomics, and  continuous
and subclinical stress decades before irreversible structural
damage occurs [6,33,43]. When structural injury does manifest,
Al accelerates myocardial regeneration [131,137,141-145]

Multi-Omic Target Discovery: Uncovering novel metabolic,
anti-inflammatory, and antifibrotic therapeutic pathways to
stimulate endogenous tissue repair [104,106,133,146-150].

Regenerative Therapy Optimization: Tailoring candidate
selection, delivery timing, and cellular tracking for stem cell

therapies, gene editing, and mRNA-based tissue engineering

(132,138-139].

Preserving Longevity: Coordinating personalized. lifestyle
optimization, targeted pharmacotherapy, and < continuous
biological monitoring to maintain cardiovascular resilience
across the human lifespan [82,95,114].

A Human-Centered Paradigm for Cardiovascular Healing

The convergence of multimodal artificial intelligence, multi-
omics, digital twins, and global health networks marks a historic
evolution in medicine [2,11,99,150-160]. Moving from reactive
crisis management to proactive biological preservation, this
paradigm transforms how clinicians understand, prevent, and
treat myocardial decompensation [1,80,82,160-175]. However,
technology alone cannot heal; algorithms serve to amplify
clinical expertise, sharpen diagnostic vision, and remove
administrative burdens so that human empathy and shared
decision-making remain at  the center of  care
[63,88,100,175-185]. By uniting cuttingedge computational
intelligence with clinical excellence and ethical stewardship, Al-
enabled cardiovascular healing establishes a future where
lifelong myocardial health, resilience, and

accessible to all [75,116,127,186-199].

recovery are

CONCLUSION AND FUTURE DIRECTIONS

Multimodal
analytical paradigm for synthesizing heterogeneous biomedical
data and identifying latent
deterioration. By

artificial intelligence represents an evolving
of myocardial

health

continuous physiological waveforms, multi-parametric imaging,

trajectories

integrating electronic records,

and molecular profiles, deep learning architectures can uncover

OPEN 8 ACCESS Freely available online

subtle physiological cross-talk that escapes traditional statistical
modeling. these computational
capabilities from predictive analytics into prospective clinical

However, transitioning
prevention, reverse remodeling, and individualized therapeutic
delivery remains a complex translational challenge.

Achieving meaningful clinical integration requires bridging the
gap between prognostic association and causal efficacy. High
discriminatory performance in retrospective cohorts does not
guarantee improved patient outcomes. Demonstrating true
clinical utility demands prospective randomized controlled
trials that evaluate Al-guided care pathways against standard
guideline-directed medical therapy across hard endpoints,
including mortality, and validated
markers of structural recovery. Furthermore, widespread
robust temporal
validation standards, ensuring model calibration across diverse

hospitalization rates,

adoption will depend on establishing

patient populations, and maintaining transparent data

governance frameworks.

As these technologies continue to mature, clinical workflows
must address human-factors challenges, including automation
bias, alert fatigue, and the economic realities of algorithm
deployment and' maintenance. Rather than replacing clinical
judgment or acting as autonomous intervention systems, Al-
enabled tools are most effectively deployed as human-in-the-
loop decision-support mechanisms. By maintaining rigorous
scientific standards and grounding algorithmic development in
established evidence hierarchies, the cardiovascular community
can responsibly harness multimodal Al to enhance diagnostic
precision, optimize resource utilization, and improve long-term
patient care.
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