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ABSTRACT- Heart diseases have varying effects on
people. The same treatment is not usually received equally
by all patients. It is due to this that the standard treatment
guidelines do not necessarily work well with everyone.
Artificial intelligence (Al) has also been utilized in recent
years to aid doctors in integrating various forms of health
data, thereby enhancing patient care. This review describes
how multimodal models based on Al can be the basis of
individualized treatment in heart diseases.

We consider typical sources of data applied in cardiac
care, such as electrocardiograms, heart images, wearables,
electronic health records, and omics data, such as genetics.
We explain how Al techniques, in particular, deep learning
and multimodal data fusion, integrate such data to learn
more about each patient. Contrary to previous works,
which primarily concentrate on the diagnosis, the current
review points to the opportunity of Al to assist in the
selection of the appropriate treatment, dosing, predicting
the treatment outcome, and providing long-term care
through continuous monitoring. Another topic that we
address is explainable Al approaches that enable
physicians to comprehend model choices and have
confidence in Al-based systems.

Besides, we address crucial issues, including discrepancies
in the quality of data, risk-of-bias, absence of large clinical
trials, and constraints of real-world application. We
emphasize that safe and fair Al systems should be
implemented that can be effective with various patient
groups. Lastly, we map out the path of research in the
future, including digital models of the heart, learning
without privacy, and Al-directed clinical trials. On the
whole, Al-based multimodal modeling can contribute to
shifting heart care beyond general treatment principles to
more adaptive, personalized, and effective therapy in
clinical practice.

KEYWORDS- Artificial Intelligence, Multimodal Data,
Personalized Cardiac Therapy, Cardiovascular Disease,
Wearable Devices, Cardiac Imaging, Electronic Health
Records, Omics Data, Precision Medicine

I. INTRODUCTION

Heart diseases are the major cause of death in individuals
in the world. Approximately, millions of people suffer
heart attacks, heart failure, and rhythm irregularities each
year. The diseases are both expensive to the patients,

families, and the healthcare system [1]. The results of the
treatments are not always the most optimal ones, in spite
of the fact that modern medicine exists. This is due to the
fact that not everyone will be infected by heart disease in
equal measures.

Most of the heart treatments are performed in line with the
clinical guidelines. The findings on huge populations of
patients are the basis for these recommendations. They are
efficient on the labour of many, but not all. Patients are
different in age, lifestyle, heredity, disease, and therapy
response at this stage [2]. This is because of this reason
one treatment that will be beneficial to one patient will not
be beneficial to the other. It is even probable that there
would be side effects or failure of the treatment for the
patient [3]. This shows the failure of population-average
care and the need to have more individualized care.

The field of cardiology is the most appropriate for
personalized medicine to be used. This is so because heart
care is generating landmark volumes of information. The
electrical indicators of the electrocardiogram are collected
by physicians. The imaging devices are echocardiography,
MRI, and CT scan [4]. The wearable devices in use by the
patients nowadays measure the heart rate, activity, and
sleep. Electronic health records refer to long-term patient
records that are kept in hospitals [5]. In addition, the new
omics information that is being increasingly generated is
genetic and molecular data. The combination of such data
will result in a comprehensive and detailed image of the
heart of each patient.

However, all this data can hardly be used concurrently.
Each type of data is in different formats, scales, and
quality. They do not readily mix with the conventional
ways of analysis. It is here that artificial intelligence
comes in. The quantity of complicated information that is
capable of being processed by Al is enormous [6]. It can
accept patterns that are barely observable by human
beings. The Al is capable of putting together many sources
of data that have been integrated to give it a better picture
of the patient [7]. This will enable the transfer of general
rules of treatments to the more specific but flexible
treatment.

Artificial intelligence can also assist heart care in its
development. Instead of making a single treatment choice,
Als have the option of updating their predictions as new
information comes [8]. Using the real-life example, the
wearables data can test the reaction of a patient to the
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drug. The imaging can determine the structural changes of
the heart. Al models can propose changes in therapy using
this. This aids in long-term and patient-centered care.

Figure 1 gives the general picture of how Al is changing
the upcoming age of cardiology. Integrating signals,
images, and wearable data, Al is deployed in the
cardiovascular practice to help in the diagnoses and
prognoses [9]. The tools aid physicians in diagnosing the
disease at an early stage, as well as monitoring the patients
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even when they are not attending the clinic. CVD Al is
used to discover multiomic data, assist digital heart
models, and design clinical trials [10]. These
advancements have made the research on patient care
processes faster. Other basic success requirements,
including practicality, balanced performance among
populations, and effective regulation, are also brought out
in the Figure 1.
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Figure 1: Next Era of Al in Cardiovascular Practice and Discovery [50]

It is my intention to review them to come up with these
ideas. This is the only review that has united three areas.
First, it provides an overview of the most important types
of data applied in modern cardiac care. Second, it outlines
the Al models, which can synthesize this data in a sensible
way. Third, it is interested in the way the models will be
able to facilitate the selection of therapy, its modification,
and subsequent care. Unlike most of the past reviews, this
is a review more on therapy optimization and practice
application rather than diagnosis. The review will aid in
coming up with personal, viable, and just cardiac service
interlinking data, models, and clinical practice.

I1. MULTIMODAL DATA ECOSYSTEM FOR
CARDIAC THERAPY

The current state of heart care relies on a variety of patient
data. Every type of data presents a varying aspect of heart
health. There is no single source of data that will be able to
explain the risks of a disease, response to treatment, or
long-term outcome [11]. The combination of these data
allows creating a more comprehensive and clearer view of
the patient. This paragraph describes the primary data
types applied in the field of cardiac care and ways they are
used in the optimization of therapy.

A. Signal-Based Modalities

Electrical and physical activity of the heart are recorded by
use of signal-based data. These data are highly favored
because they do not require high expenditures to be
collected and are easily collected.

The electrocardiograms (ECGs) are one of the cardiology
tools that are used most often [12]. The 12-lead ECG is a

normal ECG that records the electrical activity of the heart
within a short interval. It helps in detecting problems with
rhythm, heart attacks, and conduction disorders. The
Holter monitors reach 24 hours or above. They document
changes that may not be very clear when one visits the
clinic temporarily [13]. The therapy may also make use of
ECG information, such as the prescription of drugs for the
treatment of arrhythmia or the decision of when the device
therapy is required.

Wearable devices have been on the increase over the past
few years. Fitbit and Smartwatch can monitor heart rate,
physical activity, and sleep. Other widely used platforms
for estimating the heart rhythm in many wearables include
Photoplethysmography (PPG). Devices that check the
variability of heart rates (HRV), which is a parameter of
stress and autonomic activity, are available [14]. This is
the reason why it is these data which show how the
patients respond to therapy in their lives, not just in the
hospital. Continuous monitoring can be utilized with the
help of wearable data and can help to adjust the long-term
treatment.

B. Imaging Modalities

Cardiac imaging is a graphical source of data that refers to
the structure and functioning of the heart. In diagnosis and
therapy planning, images are a major concern.
Echocardiography is trendy because it is non-invasive,
fast, and inexpensive. It shows the dimensions of the heart,
the contractions of the heart walls, and the pumping [15].
Doctors use echocardiography to guide drug therapy and
also to identify the placement of the device, such as
cardiac resynchronization therapy.
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Cardiac magnetic resonance imaging (MRI) is a method
that provides detailed images of the heart tissue. It helps in
identifying scar tissue, inflammation, and muscle trauma.
Coronary arteries and accretion of calcium are often
studied through the use of computed tomography (CT).
Nuclear imaging can be used to establish blood flow and
tissue viability [16]. These visual aids are useful in
treatment planning as they show how severe the disease is
and how well it responds to the treatment.

Coronary angiography refers to the act of direct
visualization of blood vessels. It is necessary in Planning
Interventions such as stent placement. Risk can be
approximated, and individualized treatment options
become possible using artificial intelligence models based
on imaging.

C. Molecular and Omics Data

At the biological level, molecular information is provided.
Such information can be handy when it comes to realizing
why certain patients respond differently to similar
treatment. Genomic data entails information about the
genes of a patient. The pharmacogenomics field is
concerned with the issue of gene effects on drug response
[17]. Genetic variations might either cause some patients
to take drugs slowly or rapidly. The information may be
applied to influence the choice of the drug and its dosage.

Proteomics and metabolomics provide a quantification of
proteins and metabolites in blood or tissue. Such measures
are treatment and disease activity. Existing biomarkers that
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are used in heart care are troponin and natriuretic peptides
[18]. Response to therapy and disease progression can be
predicted using emerging biomarkers. The data of omics
will be useful in precision medicine, relating biology to the
results of treatment.

D. Clinical and Longitudinal Records

Long-term patient history is taken in clinical records.
Electronic health records (EHRs) are records containing
data from clinic visits, lab tests, and hospital stays [19].
These records contain diagnoses and medications as well
as procedures.

The demographic information (age and sex) influences the
risk of disease and drug response. Treatment choice is also
affected by comorbid conditions, such as diabetes and
kidney disease [20]. The history of treatment is where
something has been tried before and has been found to be
successful or not. Longitudinal data can assist Al models
in learning the changes in patients over time. This assists
in improved therapy planning and follow-up care.

E. Integrated Multimodal Framework

Figure 2 illustrates how the different kinds of data are
integrated by a multimodal Al system. Wearables, EHRs,
imaging, and signals, and wearables are first dealt with
separately. Subsequently, Al models integrate them
together in a way that integrates them [21]. The final
product assists in accurate medication, including therapy
selection, dose adjustments, and administration.
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Figure 2: Multimodal Al Input

Single-modality models have definite limits. They do not
save some of the vital information from other sources. The
multimodal fusion allows Al to obtain more meaningful
and credible patterns [22]. This increases the precision in
forecasts and facilitates in decision making regarding
individual therapy.

In cardiac care, the significant data captured can be
summarized as presented in Table 1 below. It gives
examples, Al practices, and clinical uses of the individual
modality. Through this table, the reader can, within
minutes, pick up how different data can be implemented in
optimizing the therapy.

Table 1: Multimodal Data Types and Their Role in Cardiac Therapy Optimization

Data modality Examples

Al techniques used

Clinical relevance

ECG signals 12-lead ECG, Holter monitoring

CNNs, LSTM, time-series
models

Detects arrhythmias, guides drug therapy,
supports device decisions

Wearable data Heart rate, PPG, HRV, activity

Deep learning,

Monitors daily response to therapy, supports
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level

reinforcement learning

dose adjustment and long-term care

Cardiac imaging

Echocardiography, MRI, CT,
nuclear imaging

CNNSs, image segmentation
models

Assesses heart structure and function, supports
device and intervention planning

Coronary
angiography

Vessel imaging, stenosis
severity

CNNs, risk prediction
models

Guides stent placement and interventional
therapy

Genomic data

Genetic variants,
pharmacogenomics

Machine learning,
multimodal fusion

Predicts drug response and adverse effects

Proteomics &
metabolomics

Blood proteins, metabolic
markers

Feature-based ML, deep
learning

Identifies disease activity and therapy response

Biomarkers

Troponin, BNP, inflammatory
markers

Regression models, neural
networks

Supports diagnosis, prognosis, and therapy
monitoring

Electronic health
records

Diagnoses, labs, medications

Transformers, ML
classifiers

Provides long-term clinical history for
personalized therapy

Demographic data Age, sex, lifestyle factors

Risk models, ML classifiers

Improves risk assessment and treatment
selection

Treatment history Past drugs, devices, procedures

Sequential models,
reinforcement learning

Helps adjust future therapy and avoid
treatment failure

I11. Al TECHNIQUES FOR MULTIMODAL
CARDIAC MODELLING

Artificial intelligence is useful in the utilization of
multimodal cardiac data. The Al approaches are applied
differently based on the type of data and the aim of the
clinic [23]. Certain approaches are built upon basic
patterns, whereas other methods are taught complicated
correlations among numerous sources of data. This
paragraph describes the primary Al methods applied to
cardiac modeling and the way they assist in optimizing the
therapy.

A. Traditional Machine Learning

Traditional machine learning was one of the earliest Al
tools, which was used in cardiology. These types of
methods work well when the data is sorted, and the
qualities are clear.

Some of the most common predictive outcomes that are
used in regression models are the risk of disease or
response to treatment. They are easy and understandable.
Random forests are groups of decision trees that are
utilized in an attempt to increase prediction accuracy [24].
They are also able to handle mixed data as well as reduce
overfitting. The support vector machines are utilized to
classify the groups of patients based on the risk or
diagnosis. The models work well when the data sets
involved are small and discrete.

The issue of feature engineering is one of the weaknesses
of traditional machine learning. Specialists should select
the features and be prepared to use them. It is a consuming
process that may result in missing important trends. Raw
signals, pictures, and massive unstructured data are also
not coped with in conventional models [25]. Because of
these limitations, they are more likely to be applied as
benchmarking models or combined with another approach
to a certain extent.

B. Deep Learning for Cardiology

Deep learning is currently becoming trendier in heart
research. These models are directly acquired using data.
They work with large and complex volumes of data.
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CNNs, or convolutional neural networks, are highly used
in cardiac imaging. They look at the images of
echocardiography, MRI, CT, and angiography. CNNs can
determine the changes in the heart structure and
movement, and the tissue quality [26]. They assist in such
tasks as predicting response to device therapy and leading
the interventional planning.

The long short-term memory models are time-series-based
recurrent neural networks. They may be transferred to
ECG and wearable data. Among patterns learned by these
models, there is a change of rhythm or pattern of therapy
response. They can be applied as arrhythmia treatment
tools and as a follow-up over a long period.

Deep learning models that are more recent are
transformers. Long and complicated records also come in
handy with them. In electronic health records,
transformers can be used in cardiology [27]. They can
handle years of patient history, diagnosis, medications, and
lab results. This aids in capturing the effects of disease
progression and treating the effects over a period of time.
Deep learning models are frequently very precise. They
are, nevertheless, big data and massive computing ability.
They are also harder to interpret than the traditional
models.

C. Multimodal Fusion Strategies

Single-modality Al models are based on a single source of
data. Other forms of information are not considered in
such models. Multimodal fusion entails the integration of
different data sets into a model.

Early fusion is done at incoming levels. The attributes of
one modality are used together with the other and
subsequently trained in a model [28]. This technique is
simple and sensitive to the lack of sound. Late fusion is an
outcome of combinations of models. All modalities are
considered separately. The final forecast is based on
aggregate outputs. It is a more workable strategy that can
be handled easily.

Attention-based fusion is more advanced. These models
familiarize themselves with the source of data that is
important to every patient [29]. As an example, imaging
might be significant to one patient, and wearable data
might be significant to another one. The attention-based
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method increases the personalization and the model
performance.

Multimodal fusion is needed in the therapy. It allows Al
models to consider the entire perspective of the patient
instead of separate points.

D. Explainable Artificial Intelligence

The field of explainable Al, or XAl, is based on the
explanation of Al decision-making models. This plays an
important role in medical care, where the problem of trust
and safety is critical [31]. The values of SHAP represent
the influence of each feature on model prediction. They
help the doctors with the rationale of a model prescribing a
specific treatment. Grad-CAM detects regions in the
image, and they define CNN responses. It can be used in
the cardiac imaging models.

The explainable Al will increase clinical trust. Doctors
like to use Al tools more in situations when they
understand the rationale behind them. XAl is also
necessary in regulation [31]. The health authorities should
make medical Al systems transparent, safe, and fair.
Integrated Role of Figure 3.

Figure 3 gives a summary of the significant Al works in
cardiac data modalities, including echocardiography, MRI
and CT, ECG, and coronary angiography. The figure
shows that there is a variation in the maturity of Al
research in other modalities [32][52]. The majority of
studies fall under ECG and echocardiography, although
advanced imaging and interventional data are yet to be
proven.
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Figure 3: Key Studies in Cardiovascular Al by imagining Modality [52]

This figure indicates the most advanced and least
investigated fields of therapy optimization. It also shows
that there is a need to have multimodal models whereby
the strengths are incorporated between the data types.

1V. AI-DRIVEN PERSONALIZED CARDIAC
THERAPY OPTIMIZATION

Artificial intelligence in cardiology is primarily aimed at
using Al to improve treatment choices as well as to
diagnose disease [33]. All patients react to therapy in
different ways. Al assists physicians in selecting the most
appropriate treatment, modifying it during the course of
time, and minimizing unwanted effects. Through
multimodal data, Al assists in more accurate and
individual patient cardiac care.

A. Pharmacological Therapy

Treatment of drugs is a major component of cardiac
treatment. A large number of patients are on long-term
blood pressure or heart failure medications or rhythm-
controlling ones [34]. Nonetheless, the response of various
patients to drugs is very different.

The Al models are used to assist in the selection of the
drugs based on patient data, including ECG signals,
imaging outcomes, biomarkers, and past medical history

[35]. The models have the ability to determine the most
probable drug to be effective on a particular patient. This
minimises trial and error prescribing.

Another significant field is dose optimization. An
insufficient dose may not be effective, and an excessive
dose may result in harm. Al applications consider specific
characteristics of a patient, kidney activity, and data on
real-time monitoring to propose a more efficient and safer
dosage [36]. Wearable data will also enable tracking of
patient response to drugs in their everyday lives, and not
necessarily when they are in the clinic.

Adverse drug events are also predicted with the help of Al.
There are patients who are more susceptible to the side
effects because of age, genes, or other illnesses [37]. Using
genomic data, laboratory outcomes, and treatment history,
Al models can determine patients at risk of increased risk.
This will enable physicians to make therapy changes and
enhance safety.

B. Device-Based Therapy

In case of sub-optimality in drug therapy, cardiac devices
are used. These are machines that help in controlling the
rate of the heart and improving heart function.

Pacemakers are used to decelerate or correct irregular
heartbeats. The Al models will be able to process ECG
and image data and decide when a pacemaker is required.
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They can also help in setting the pacing to accommodate
the patients.

ICDs are cardioverter-defibrillators, which are implanted
as a measure of preventing sudden cardiac death. ICDs are
not universally effective with patients [38]. Waste patients
are patients most likely to get an outcome and avoid the
unnecessary implantation of the devices with the help of
Al models.

Cardiac resynchronization therapy is also referred to as
CRT and is administered to heart failure patients. Many
patients, however, do not like CRT [39]. The ECG,
imaging, and clinical data combination in Al models has
the potential to predict the CRT response before
implantation. This improves the screening and treatment of
patients.

C. Interventional and Surgical Planning

Al also helps in invasive cardiac treatments. They include
the catheter-based procedures and heart surgery.

Use of stents is an important aspect of the coronary artery
disease treatment. The Al models identify the size of the

vessel, the extent of the blockage, and the blood flow
based on the implied angiography images [40]. This will
help the physicians to choose the right stent and
positioning plan.

Valve replacement planning is also another area that is
gaining popularity. The Al systems process the image
information to measure the valve shape and functioning.
This is useful in making a decision on whether to use
surgical or transcatheter valve replacement. Reducing
complications is also done by its use.

There is a need to risk-stratify before any intervention.
Predicting the risk of procedures is achieved by means of
imaging, clinical history, and lab data as the basis of Al
models [41]. This will help the physician and the patient
make decisions and prepare for the possible outcomes.
Table 2, at this level, is an overview of the implementation
of different Al in specific cardiac therapies. The shift in
Al-based diagnosis to real clinical treatment optimization
is also mentioned in the table.

Table 2: Al Techniques and Personalized Cardiac Therapy Applications

Al approach Data type used

Therapy domain Key outcomes

Regression, ML models Clinical data, labs

Drug selection Improved treatment matching

Deep learning ECG, wearables

Dose optimization Safer and personalized dosing

CNNs Cardiac imaging CRT response prediction Better patient selection
CNNs Angiography images Stent planning Improved procedural accuracy
Transformers EHRs Risk stratification Better outcome prediction

Reinforcement learning Wearables, signals

Adaptive therapy Real-time therapy adjustment

Multimodal Al Signals + imaging + EHRs

Therapy optimization

Improved clinical outcomes

D. Adaptive and Closed-Loop Therapy

Customary cardiac treatment tends to be inactive. Clinic
visits are used to make decisions that may not be altered
for months. Al facilitates dynamic therapy that reacts to
changes in the patient in real time.

Monitoring based on wearables is influential. Heart rate,
rhythm, and activity are recorded continuously by the
devices. These data are analyzed by Al systems in order to
identify the signs of a deterioration of condition in the
early stages [42]. It is then possible to make adjustments to
the therapy before severe issues arise.

Reinforcement learning can be described as a form of Al
that learns with feedback. In cardiology, it has the
capability of testing minor therapy changes and
monitoring the reaction of patients [43]. With time, the
model gets to know the most appropriate approach toward
every patient. This enhances individual and interactive
care.

Digital cardiac twins remain a new concept. A digital twin
is an artificial representation of the heart of a patient. It
integrates pictures, messages, and medical information.
Physicians have the opportunity to test the various types of
therapies on the digital twin and see the outcomes before
performing them on the patient [44]. Such a strategy can
minimize risk and enhance results.

Altogether, Al-assisted therapy optimization brings
cardiac care out of predetermined treatment principles. It

promotes lifelong learning, decision-making in a patient-
centered manner, and safer long-term management.

V. CLINICAL IMPLEMENTATION AND
VALIDATION

To make Al improve cardiac care, it should be effective in
the real-life clinical environment. It is not sufficient to
have high accuracy in research studies. Doctors and
patients should trust and safely apply Al systems [45].
This part will explain the process of Al model validation,
implementation, and integration into the everyday heart
care process.

A. External Validation and Bias

Most of the Al models work well when tested on the same
data as the training data. Nonetheless, there is a tendency
that the performance may decline when the models are
used in new hospitals or patient groups. This is the reason
why external validation is significant. External validation.
Al models are tested by external data that may be across
centers, regions, or populations. It assists in demonstrating
that a model is capable of generalizing outside of the
environment in which it was created.

One of the concerns of clinical Al is bias. Bias may arise
whereby the training data do not represent all patient
groups. As an illustration, models that are primarily
trained on data of one gender or ethnicity can be very poor
in other cases [46]. This may enhance health disparities.
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Risk prediction, choice of therapy, and device choice in
cardiology are vulnerable to bias.

Researchers will have to utilize a wide range of datasets to
minimize bias, and place performance and show results in
subgroups of patients. The Al systems should also be
monitored regularly after implementation. Balanced and
fair models are in support of equitable cardiac care.

B. Prospective Clinical Trials

The majority of Al research works in the field of
cardiology are retrospective. They use the past to make
predictions. Despite their usefulness, retrospective studies
would not reveal the full picture of Al functioning in
actual clinical practice. The Al systems require trials in
real-time, which cannot be tested without prospective
trials.

During prospective trials, Al tools are applied in
collaboration with doctors in the process of treating
patients. Measures are the outcomes of success, safety, and
cost of treatment [47]. Such trials can contribute to the
answer to the question of whether Al actually enhances
care with respect to the standard practice. They also show
practical problems, e.g., delay, data quality problems, or
user error.

Clinical evidence is best represented by randomized
controlled trials. In these trials, the patients are randomly
selected to either Al-assisted care or conventional care.
This would aid in minimizing bias and enhancing
confidence in findings. Al systems have not yet reached
the stage of routine cardiac care because of the lack of
prospective trials.

C. Integration into Clinical Workflow

To be useful, Al must fit into the clinical workflows
effectively. People cannot visit patients with complex
devices, as physicians have no time. The artificial
intelligence systems should be easy to use, fast, and
adequately integrated into the existing hospital systems.
Most Al tools are being developed in the form of clinical
decision support systems. They suggest but do not provide
solutions [48]. There will still be care of patients under the
responsibility of physicians. Due to visual displays and
straightforward descriptions, clinicians are able to
understand Al suggestions.

Training is also important. Nurses and doctors would need
to possess some basic knowledge of how Al works and its
limitations. Good system design, proper training, and
reducing errors are some of the ways adoption improves.
With an effective Al model, bad integration leads to low
usage.

D. Human-Al Collaboration

Not to supersede clinicians, Al must assist them. Human-
Al collaboration has the highest probability of success.
Artificial intelligence is able to handle vast quantities of
data in a short period. Clinicians have experience,
judgment, and understanding of patients.

The partnership between humans and Al enhances safety.
In case of necessity, doctors are able to challenge or
counteract Al suggestions. This joint decision-making
develops trust and mitigates the risk. Here, explainable Al
is very important [49]. The clinicians will use an Al
system better when they know the rationale behind a
recommendation.

This participatory model coincides with the idea depicted
in Figure 1, in which Al expands the practice and
discovery, and addresses the real-life requirements.

E. Regulation and Real-World Readiness

Al systems can become massively used only once
regulatory approval is provided. The health authorities are
concerned with safety, effectiveness, and transparency. Al
models will have to be verified to high standards [51]. It is
also essential to monitor constantly after approval,
particularly in the case of adaptive systems that evolve
with time.

The privacy and security of data are essential. Patient
information is to be ensured, and consent policies are to be
observed. The developers and hospitals are required to
provide proper data manipulation and transparency.

Going back to Figure 1, there are three fundamental
requirements for successful clinical deployment. To start
with, Al systems are supposed to demonstrate real-life
performance. Second, they have to act fairly in all
categories of patients. Third, they should be in compliance
with regulatory and ethical requirements. These
requirements are necessary to make Al-proposed
personalized cardiac therapy a step towards research and
clinical application.

VI. FUTURE DIRECTIONS

Artificial intelligence is a new area within cardiac care.
The number of new ideas that can be used to improve
personalized therapy is growing. Such guidelines in the
future will aim at making the Al systems more correct,
useful, and equitable in the real world.

One of the directions is the use of foundation models in
cardiology. Foundation models are large Al models that
are trained on very large datasets. They can learn the
general patterns, and then be adapted to specific types of
work. Wearable, EHRs, and images, ECGs, and images
can be integrated into a single system in the field of heart
care as foundation models. This would reduce the need for
small models that have fewer tasks. It is also able to
improve the performance of different hospitals and
populations.

Federated learning is another possible strategy. The laws
of privacy in most regions do not permit the sharing of
patient information. Federated learning allows Als to train
on data that is kept in different hospitals without data
transfer. The updates of models are shared only. This
improves the security and confidentiality of information. It
also allows cross-country and cross-health systems
cooperation. Federated learning assists in attaining the
equity provisions highlighted in Figure 1, especially when
it comes to an underrepresented group.

The new technology is available that has tremendous
potential and is known as digital cardiac twins. A digital
twin is a simulated representation of the heart of a patient.
It utilizes the images, signals, and clinical data to simulate
the heart's behavior. Doctors can also have the capability
to experiment with different treatments on the virtual twin
before subjecting the patient to such treatments. This can
help to mitigate risk as well as improve treatment
planning. Digital twins also unite discovery and practice,
as revealed in Figure 1.
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The other critical goal is the ongoing therapy optimization.
The current interventions are mostly altered during the
clinic. Daily monitoring of patients can be done using
wearables that have Al systems. The therapy can then be
reworded as conditions of patients change. This practice
embraces adaptive and long-term care. It is also reflective
of the augmented role of wearable and signal-based data
that is depicted in Figure 2 and Figure 3.

The health equity and Globality should be brought to the
fore. The Al systems should be responsive to patients who
are of different ages, genders, gender and backgrounds.
They are also expected to be applicable in low-resource
contexts. There exists the necessity to possess simple
models, cheap devices, and sensible training data.
Together, Figure 1 Figure 2 and Figure 3 can provide a
roadmap to creating Al systems that are effective,
inclusive, and scalable.

VIl. CONCLUSION

The way heart disease is treated is evolving because of
artificial intelligence. Multimodal Al allows for
understanding every patient better by incorporating a wide
variety of data. This has been demonstrated in this review
that the signals, imaging, omics data, wearables, and
clinical records can be integrated to facilitate personalized
cardiac therapy.

Multimodal Al is a significant change in the care of the
heart. Rather than diagnosing and providing general
guidelines, Al allows for optimizing therapy. Therapy of
choice, dosage, and outcome are chosen, modified, and
assessed depending on patient-based information. This
enhances safety, efficacy, and long-term outcome.
Nevertheless, technology itself is insufficient. The
application of Al needs effective validation, equal
performance, and proper regulation in order to be
successful. Physicians need to be aware of Al systems and
trust them. Patients should receive better care without
risking or discriminating them.

There must be interdisciplinary cooperation. The
collaboration of clinicians, data scientists, engineers, and
policy makers is required. Al-based multimodal modeling
can transform heart care by prioritizing innovation in line
with clinical requirements to deliver a more personalized,
adaptable, and fairer future of global heart care.
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