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Abstract: Heart disease is still one of the top reasons
people die around the globe, which makes it clear that
we really need better ways to predict it in healthcare.
This study presents a deep learning method using
Long Short-Term Memory (LSTM) networks to
forecast heart disease, and it includes tracking past
predictions to help make smarter decisions. The
approach starts by gathering data from patient
health records. Then, this data goes through
important preprocessing steps like cleaning,
normalizing, fixing missing values, and extracting
features to ensure its high quality for our predictive
model. After that, the polished data moves through a
deep learning pipeline made up of sequential LSTM
layers, dense layers, and dropout layers, all aimed at
making learning more efficient and boosting
prediction accuracy. The model can provide real-time
predictions, which we keep stored for historical
analysis and visualize using a special module. This
way, healthcare professionals can keep an eye on
patient health trends over time and make well-
knowledgeable decisions. Finally, the system is put
into action in a real-world medical setting, working
alongside decision support tools to help doctors figure
out and manage heart disease risks. By using deep
learning and analysing time-series data, this
framework improves prediction reliability and helps
with early diagnosis, finally leading to proactive
healthcare measures that can lessen the impact of
cardiovascular diseases.

Keywords: Heart Disease Prediction, Deep Learning,
LSTM, Time-Series Analysis, Medical Data
Processing, Predictive Healthcare, Decision Support
Systems, Al in Healthcare.

1. Introduction

Heart disease is a major killer around the globe, claiming
millions of lives every year. Catching it early and being
able to predict it accurately are key to effective treatment
and preventative healthcare. The traditional methods for
diagnosing heart disease often involve a lot of manual
data interpretation, which can take a lot of time and is
sometimes full of mistakes. Thankfully, recent
breakthroughs in Al and deep learning are changing the
game, making these processes more efficient and precise.

One of the standout technologies in this area is Long
Short-Term Memory (LSTM) networks, a specific type
of recurrent neural network (RNN) that’s particularly
good at managing time-series data. This makes them a
great fit for predicting heart disease trends using
historical patient records.

In this study, we introduce an LSTM-based deep learning
framework designed for predicting heart disease. It not
only generates real-time predictions but also tracks
historical data and offers visual insights to support better
decision-making. The whole process starts with data
preprocessing—which includes cleaning, normalizing,
fixing missing values, and extracting features—to ensure
we’re using only the best quality inputs. After that, the
refined data goes through several layers of LSTM, dense
layers, and dropout layers to boost learning efficiency
and accuracy. We’ve also added a mechanism to store
those historical predictions, so healthcare providers can
observe patient trends over time. Plus, a visualization
module helps illustrate predictions so that’s easy for
clinicians to grasp.

Implementing this deep learning model in a real
healthcare setting means that medical professionals can
make better assessments of heart disease risks through
Al-driven tools. Our goal is to enhance prediction
accuracy, support early diagnosis, and eventually help
lower the global burden of cardiovascular diseases.

2. Literature Survey / Related Work

Researchers have been diving into how machine
learning (ML) and AI can boost predictions and
diagnoses in healthcare, especially when it comes to
heart disease and related issues. Let’s take a quick
look at what they've discovered.

2.1 Heart Disease Prediction with Machine
Learning

This review explores how different machine
learning models like Random Forests, Support
Vector Machines (SVM), ensembles, and deep
learning are used for predicting heart disease. By
breaking down the pros and cons of each model, this
section shows how ML is changing the game in
medical diagnostics.
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A. Using Machine Learning Algorithms in Cardiac
Healthcare

Adler and colleagues (2020) [1] revealed that machine
learning can really boost the accuracy of risk predictions
for folks with heart failure. They found it was way more
reliable than the traditional methods.

Akbilgic et al. (2021) [2] showed how Al can change
ECG analysis, making it much better at spotting heart
failure. Their model was considerably more accurate
than the usual ECG interpretations.

Albert et al. (2019) [3] were all about figuring out how
patients respond to cardiac resynchronization therapy.
Their machine learning approach outshined existing
clinical guidelines, which opens up exciting possibilities
for personalized medicine.

Ali et al. (2021) [4] took a look at various machine
learning methods for predicting heart disease. They
discovered that Support Vector Machines (SVM) and
Random Forest models had the best performance.

Araujo et al. (2021) [5] analyzed several ML techniques
for diagnosing heart disease and found that the accuracy
of predictions really depended on which algorithm was
used.

Breiman (2001) [6] brought us the Random Forest
algorithm, which has become a go-to option in
classification problems because it’s strong and performs
well.

Caruana et al. (2008) [7] tackled the obstacles of using
machine learning with high-dimensional datasets like
medical records, pointing out how tricky it can be to
create accurate models.

Dalal et al. (2022) [8] introduced a hybrid ML model for
breast cancer prediction, which outperformed single
models and emphasized the benefits of combining
different approaches.

Diwakar et al. (2021) [9] used image fusion with
machine learning for predicting heart disease, and it
really improved the accuracy of abnormality detection.

Edeh et al. (2022) [10] applied ensemble learning
techniques to predicting hepatitis C, noting major gains
in sensitivity and specificity.

Faiayaz Waris and Koteeswaran (2021) [11] came up
with a better K-means classifier for detecting heart
disease, and it worked better than existing options.

Fedesoriano (Kaggle Dataset) [12] made a publicly
available dataset for ML-based heart failure prediction,
which is a fantastic resource for research.

Ghosh & Jana (2022) [13] compared different
classification models for heart disease prediction,
finding that cross-validation really helped to stabilize the
predictions.
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Ghouali et al. (2022) [14] created an Al-powered
telemedicine platform for detecting diabetic retinopathy,
achieving high accuracy and showing the great potential
of Al in remote healthcare.

Go et al. (2014) [15] gathered extensive statistics on
heart disease and stroke, providing a wealth of
epidemiological data for ML research.

Jan et al. (2018) [16] used ensemble learning for heart
disease diagnosis, proving that combining models can
lead to even better performance than sticking with just
one classifier.

Khajehali et al. (2021) [17] used machine learning to
determine key factors affecting ICU mortality, leading to
improved evaluations of critical care risk.

Kim et al. (2022) [18] tapped into deep learning to
predict negative heart events after acute myocardial
infarction (AMI), achieving impressive accuracy by
blending in expert knowledge.

Kondababu et al. (2021) [19] compared various ML
models on medical datasets to detect heart disease,
concluding that both the model choice and quality of data
play a critical role in performance.

TABLE 1. MACHINE LEARNING ALGORITHMS

Author(s) Technique Highest
Applied Accuracy
Achieved (%)
Adler et al. Boosted Not specified
(2020) [1] Decision Trees
Akbilgic etal. | Al-driven ECG | Comparable to
(2021) [2] Analysis existing risk
calculators
Albert et al. Machine Incremental
(2019) [3] Learning with 9 | improvement
Variables over guidelines
Ali et al. SVM and Not specified
(2021) [4] Random Forest
Araujo et al. Multiple ML Accuracy
(2021) [5] Techniques depends on the
ML model used
Breiman Random Forest | Robust
(2001) [6] performance in
classification
problems
Caruana et al. Machine Highlights
(2008) [7] Learning in challenges in
High- complex models
Dimensional
Data
Dalal et al. Hybrid ML 99.65%
(2022) [8] Model
Diwakar et al. | Image Fusion Not specified
(2021) [9] with ML
Edeh et al. Ensemble 95.19%
(2022) [10] Learning
Faiayaz Waris | Improved K- Not specified
& Koteeswaran | means
(2021) [11] Classifier
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Ghosh & Jana | Random Forest | 86.93%
(2022) [13]

Ghouali et al. Al-based Accuracy of
(2022) [14] Telemedicine 98.21%

Jan et al. Ensemble Not specified
(2018) [16] Learning

Khajehali et al. | Neural Network | AUC-ROC of
(2021) [17] (ANN) 0.69

Kim et al. Deep Learning | Accuracy of
(2022) [18] 95% or higher
Kondababu et | Various ML Not specified
al. (2021) [19] | Models

The studies we've looked at show that machine learning
really boosts how we predict heart disease, making it
way more accurate than the older models. Methods like
Random Forest, Support Vector Machines, and deep
learning techniques are doing great jobs at classifying
data. Plus, using ensemble learning and hybrid models
can take diagnostic accuracy up a notch. Still, there are
challenges to tackle, like understanding how these
models work, ensuring high-quality data, and making
sure they apply well in real-world situations. There's
definitely room for more research in these areas.

2.2. Deep Learning for heart disease prediction:

Heart disease remains a leading cause of mortality
worldwide, and machine learning (ML) techniques have
emerged as powerful tools for early detection,
diagnosis, and risk prediction. This survey explores key
studies that leverage ML and deep learning for
cardiovascular disease prediction, highlighting
qualitative and quantitative findings.

Y. Pan et al. (2020) proposed an Enhanced Deep
Learning Assisted Convolutional Neural Network
(EDCNN) for heart disease prediction on Internet of
Medical Things (IoMT) platforms. Their model
demonstrated improved accuracy in patient diagnosis
and prognostics.

B. Wang et al. (2019) developed a Multi-Task Deep
Weighted Neural Network (MT-DWNN) architecture for
predicting renal dysfunction in heart failure patients
using Electronic Health Records (EHRs). The model
achieved an AUC of 0.9393, outperforming conventional
methods

M. A. Khan (2020) introduced an IoT framework
utilizing a Modified Deep Convolutional Neural
Network (MDCNN) classifier for heart disease
prediction. The system achieved an accuracy of 98.2%,
surpassing existing classifiers.

C. Xiao et al. (2020) presented a deep learning-based
approach for coronary artery segmentation, enhancing
disease risk assessment. The improved three-
dimensional U-net convolutional neural network
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demonstrated high precision in coronary artery
segmentation.

W. Chang et al. (2019) proposed a hybrid XGBSVM
model for detecting hypertensive heart disease,
achieving significant improvements in classification
accuracy.

J. Wang et al. (2020) developed a stacking-based model
for non-invasive detection of coronary heart disease,
attaining an accuracy of 90.7%.

M. Matabuena et al. (2019) applied Functional Data
Analysis (FDA) to predict maximum heart rate, utilizing
heart rate data gathered during low-intensity exercise
tests.

E. E. Tripoliti et al. (2020) reviewed point-of-care testing
devices for heart failure analysis using blood and saliva
samples, highlighting improved diagnostic capabilities
with portable devices.

G. Luo et al. (2018) introduced a multi-view fusion
Convolutional Neural Network (CNN) for left
ventricular volume estimation from cardiac MRI,
achieving superior volumetric estimation accuracy.

R. Ferdousi et al. (2021) proposed an early-stage risk
prediction model for non-communicable diseases using
machine learning in health cyber-physical systems,
enhancing risk assessment accuracy.

L. L. R. Rodrigues et al. (2020) applied machine learning
in coronary heart disease prediction using a Structural
Equation Modeling (SEM) approach, improving model
reliability and decision support.

M. Diwakar et al. (2021) reviewed trends in heart disease
prediction using machine learning and image fusion,
demonstrating improved diagnostic performance with
data fusion techniques.

H. El Hamdaoui et al. (2021) developed a heart disease
prediction model based on Random Forest and AdaBoost
algorithms, achieving higher prediction accuracy.

N. A. Nayan et al. (2020) utilized ECG data for
cardiovascular disease prediction using machine
learning techniques, improving early diagnosis
capabilities.

Y. LeCun et al. (2015) highlighted the significant
improvements in pattern recognition in medical imaging
achieved through deep learning, attaining state-of-the-art
performance in disease detection.

P. Rajpurkar et al. (2019) demonstrated that a CNN-
based model could detect arrhythmias at a cardiologist
level, outperforming human experts in ECG analysis.

C. Krittanawong et al. (2020) discussed how Al-based
precision medicine enhances cardiovascular risk
assessment, increasing prediction accuracy compared to
traditional scoring systems.
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M. Pasha et al. (2020) showed that deep learning models
achieved over 90% accuracy in heart disease
classification with optimized feature selection.

J. Garcia-Ordas et al. (2023) demonstrated that feature
augmentation improves machine learning-based heart
disease prediction, significantly enhancing model
performance.

X. Xia et al. (2024) showed that hybrid deep learning
models outperform traditional machine learning
approaches, achieving high precision (96%) using neural
networks with optimization techniques.

S. Vayadande et al. (2022) compared machine learning
and deep learning algorithms for heart disease
prediction, finding that deep learning models
outperformed conventional machine learning classifiers.

A. Pathan et al. (2022) highlighted that feature selection
significantly impacts prediction accuracy, boosting
model efficiency with reduced computational cost.

A. Roy et al. (2023) developed a CNN-Random Forest
TABLE 2. DEEP LEARNING ALGORITHMS

Author(s) Technique Applied | Highest
Accuracy
Achieved
(%)
Y. Pan et al. CNN-based Deep | Not
(2020) Learning Model Mentioned
B. Wang etal. | Multi-task Neural | AUC of
(2019) Network 0.9393
M. A. Khan Modified Deep 98.2%
(2020) Convolutional
Neural Network
(MDCNN)

C. Xiao et al. Deep Learning- Not
(2020) based Mentioned
Segmentation

W. Chang et al. | Hybrid XGB-SVM | Not
(2019) Model Mentioned
J. Wang et al. Stacking-based Not
(2020) Model Mentioned
M. Matabuena | Functional Data Not
etal. (2019) Analysis Mentioned
E. E. Tripoliti Point-of-Care Not
et al. (2020) Testing Devices Mentioned

G. Luo et al. Multi-view Fusion | R*?=0.974

(2018) CNN (EDV),
RMSE =
9.6ml

R. Ferdousi et | Machine Learning | 94%

al. (2021) in Health CPS

L.L.R. Machine Learning | Not

Rodrigues et al. | with SEM Mentioned

(2020) Approach

M. Diwakar et | Machine Learning | Not

al. (2021) and Image Fusion | Mentioned
H. El Random Forest 96.16%
Hamdaoui et and AdaBoost
al. (2021)
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N. A. Nayan et | ECG-based Not

al. (2020) Machine Learning | Mentioned

LeCun et al. Deep Learning Not

(2015) Mentioned

Rajpurkar et al. | CNN-based Model | Not

(2019) Mentioned

Krittanawong Al-based Precision | Not

et al. (2020) Medicine Mentioned

Pasha et al. Deep Learning >90%

(2020) Models

Garcia-Ordas Feature Not

et al. (2023) Augmentation in Mentioned
ML

Xia et al. Hybrid Deep 96%

(2024) Learning Models

Vayadande et ML and Deep Not

al. (2022) Learning Mentioned
Comparison

Pathan et al. Feature Selection | Not

(2022) Techniques Mentioned

Roy et al. CNN-Random Not

(2023) Forest Model Mentioned

Das et al. Hierarchical Not

(2022) LSTM Network Mentioned

Zhang et al. Al-based Not

(2020) Quantification Mentioned

2.3. Conclusions from Literature Survey
with citations

S. | Research Gap Description Citations

1 Limited Real-
World Data
Utilization

Many studies | Y. Pan et
use small-scale | al., 2020;
datasets or M. A.
publicly Khan,
available 2020
clinical
records,
making it
difficult to
generalize
findings to
real-world
healthcare
scenarios.
Integrating
real-time
patient data
from IoMT
platforms
remains an
area needing
further
exploration.

2 Lack of Most deep B. Wang
Transparency in | learning et al.,
Al Models models operate | 2019; C.
as "black-box" | Xiao et
systems, al., 2020
leading to a
lack of
explainability
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and trust
among
healthcare
professionals.
The adoption
of explainable
Al (XA
techniques
could improve
model
reliability.

Underutilization
of Multi-Source
Data

Current heart
disease
prediction
models mainly
rely on ECG
or EHR data.
However,
incorporating
multi-modal
data, including
wearable
device metrics
and genomic
data, could
improve
predictive
accuracy.

G. Luo et
al., 2018;
W. Chang
et al.,
2019

Limited
Integration of
Hybrid Al
Models

Many studies
use either
traditional ML
models or deep
learning
individually.
Hybrid
approaches
combining ML
with advanced
techniques like
federated
learning or
transfer
learning
remain
underexplored.

J. Wang et
al., 2020;
H. El
Hamdaoui
et al.,
2021

Focus on
Accuracy Over
Clinical
Interpretability

Research tends
to emphasize
accuracy
metrics over
real-world
interpretability
and usability
for clinicians.
Developing Al
models that
align with
medical
decision-
making
workflows is
crucial.

M.
Diwakar
etal.,
2021; R.
Ferdousi
et al.,
2021

Lack of Early
Disease
Detection
Mechanisms

Many models
focus on late-
stage heart
disease

L.L.R.
Rodrigues
et al.,
2020; N.
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prediction A. Nayan
rather than et al.,
carly-stage 2020

risk
assessment.
Developing
ML models
that assist in
preventive
healthcare and
early
intervention is
needed.

3. Proposed methodology

The proposed methodology's aim of predicting heart
disease through utilizing Long Short-Term Memory
networks' abilities consists of several pivotal stages,
guaranteeing precise predictions while capitalizing on
historic data for enhanced decision-making. The
methodology adheres to a organized workflow, as below:

2.5.1 Description about Proposed Methodology
2.5.1.1. Data Collection

Initially, the aggregation of patients' medical records
from differing sources, including hospitals, electronic
health records, and freely accessible medical databases.
The data pool contains an assortment of health metrics
such as age, blood pressure, cholesterol levels, heart rate,
electrocardiograms. Additionally, the records provide a
comprehensive image of every patient's history to
identify subtle patterns associated with cardiac issues.
By thoroughly analyzing the gathered information, the
model can learn to recognize subtle signs that may elude
detection through superficial exams alone.

2.5.1.2. Data Preprocessing

Before we can toss the data into our deep learning model,
we need to give it some TLC through preprocessing to
make sure it’s top-notch:

Data Cleaning: This means getting rid of any
inconsistencies, duplicate records, and those pesky
outliers.

Normalization: We scale numerical values to fit within a
standard range, which helps the model work better.

Handling Missing Values: We fill in any gaps using
statistical methods to keep things complete.

Feature Extraction: Here, we sift through the data to pick
out the most important features that help in predicting
heart disease.

2.5.1.3. Data Splitting
Next up, we split the dataset into three parts:

Training Set (70%) — This is what we use to train the
LSTM model.
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Validation Set (15%) — We use this to fine-tune the model
and keep it from overfitting.

Testing Set (15%) — This set helps us see how well our
model performs on brand-new data.

L6700 et D Lsaming Mokl by e Desns Padicin

Fig 1.1. Proposed System

2.5.1.4. Model Development

The architecture for our LSTM-based deep learning
model consists of a few key layers:

Memory Cells: These LSTM layers capture patterns and
dependencies in the patient data over time.

Dense Layers: Fully connected layers help refine the
features we've learned so we can classify better.

Dropout Layers: These work by randomly turning off
some neurons during training to avoid overfitting.

2.5.1.5. Model Training

Training the model involves using historical patient data
and applying techniques like backpropagation along with
an optimization algorithm such as Adam or RMSprop.
We aim to minimize the loss function, usually Binary
Cross-Entropy, to boost our prediction accuracy.

2.5.1.6. Model Evaluation

Once the training is done, we test the model on unseen
data, looking at metrics like:

Accuracy — This shows how often our predictions are
correct.

Precision & Recall — These metrics help us understand
the model's sensitivity to positive cases.

F1-Score — This combines precision and recall for a well-
rounded assessment.

ROC-AUC Score — This score evaluates how well the
model can tell apart those with and without the disease.

2.5.1.7. Prediction Output & History Tracking

The model produces real-time predictions on new patient
data.

These predictions are stored in historical databases for
analysing trends and monitoring.

A visualization module helps us present insights through
graphs and reports, making things easier to understand.
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2.5.1.8. Deployment & Decision Support

Finally, we roll out the model as a decision support tool
for healthcare professionals. By integrating it with
hospital systems, we enable real-time heart disease risk
assessments, which helps doctors make early diagnoses
and take proactive steps. This whole approach is
designed to ensure a smooth, data-driven method for
predicting heart disease, eventually leading to better
patient outcomes through Al insights.

2.5.2 Dataset information

The patient record keeps all the key details needed for
assessing heart disease risk. Blood pressure results come
with clinical traits like electrocardiograms, factoring in
the patient's age and gender along with their medical
history, which includes cholesterol levels, exercise
habits, and smoking behaviour. Biomedical data from
different healthcare facilities is combined, using both
structured and unstructured elements to gain a richer
understanding. To handle the data, pre-processing
techniques are applied to identify and fix missing data,
while filtering out irrelevant features and unexpected
values, ensuring we have reliable information. Feature
selection is essential for training professionals to
determine important variables, which leads to creating
accurate predictive models. The training elements work
hand-in-hand with testing components, serving as the
building blocks for model development using the
training set and evaluating models on the testing set.
Data balancing techniques help maintain consistent
prediction costs across all patient profiles and support
broad generalization across various patient groups.

2.5.3 Experimental results

We've developed an LSTM-based deep learning model
to help predict heart disease, and we think it's going to
make a big difference in getting accurate, early
diagnoses. By analysing both historical data and real-
time information, this model can pick up on those early
warning signs of heart disease. This means doctors can
jump in sooner and potentially save lives. Plus, it's built
to be flexible and able to work with a variety of
healthcare datasets and hospital systems without a hitch.
LSTM networks will also make it easier to handle time-
series data, which is critical for spotting long-term trends
and understanding the unique risks for each patient. With
a real-time prediction storage and a visualization setup,
healthcare professionals will have a handy tool to track
patient health trends. On top of that, our deep learning
system aims to cut down on false alarms and missed
signals, making heart disease predictions more reliable.
Whether it's run from the cloud or on-site, this system is
designed to be user-friendly in all kinds of healthcare
environments. All in all, we're excited about how this
research can drive Al advances in preventing
cardiovascular diseases, allowing for more proactive
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management of patients and better overall health
outcomes.

Here’s what you can expect from our LSTM-based deep
learning model for predicting heart disease:

Accurate Heart Disease Predictions — This model
dives into patient health records and makes precise
predictions. This helps cut down on misdiagnoses and
enhances early detection.

Effective Data Preprocessing — It ensures that the input
data is top-notch by cleaning up information,
normalizing it, fixing missing values, and pulling out
useful features, which leads to better performance
overall.

Enhanced Time-Series Analysis — Thanks to the LSTM
layers, this model can track changes over time in patient
data, which boosts our ability to predict future heart
disease risks.

Real-Time Predictions and Monitoring — The model
can offer heart disease predictions on the spot, and it
saves this data for us to analyse trends and make
decisions over time.

Visualization and Decision Support — A special
visualization tool neatly displays predictions so that’s
easy for healthcare professionals to understand, helping
them make knowledgeable decisions.

Smooth Deployment and Integration — We designed
the model to fit easily into healthcare settings, making
sure it works well with electronic health records (EHR)
and other decision-support tools.

Improved Patient Management — By keeping track of
predictions over time, doctors can monitor how diseases
progress, which helps in timely interventions and
personalized treatment plans.

Fewer False Positives and Negatives — Our deep
learning framework aims to minimize prediction errors,
building more trust in Al applications in healthcare.

eartfradict — —

Prodictia bictary

Fig 2.1 Prediction history
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Fig 2.2 Prediction Form

Pwart Dlinsns Prodicthas

Fig 2.3 Predicted Outcome

2.6 Conclusion

Heart disease is still one of the top causes of death around
the globe, which makes it super important to create better
ways to spot and prevent it early on. In this review, we
took a deep dive into different deep learning methods for
predicting heart disease, paying close attention to those
based on LSTM architectures. Although the models we
looked at show some really promising outcomes, there
are still some bumps in the road, like issues with data
quality, selecting the right features, and getting
everything to work in real-time. That said, using LSTM
networks to analyze time-series data brings a huge
advantage in understanding how patient health changes
over time, which helps boost prediction accuracy. Plus,
adding tools that track past predictions and support
decision-making can really help doctors make smarter
choices. Moving forward, it’s important for research to
focus on fine-tuning these deep learning models for
large-scale healthcare use, making them easier to
interpret, and tackling the ethical questions that come
with Al in medical diagnostics. By tapping into deep
learning and the insights that Al can provide, the medical
field can step up its game in catching issues early,
lowering healthcare costs, and finally improving
outcomes for patients.

2.6.1 Future Scope

Deep learning for predicting heart disease is really
opening up a lot of exciting avenues for research and
development. One big focus is on boosting the accuracy
of these models by pulling together multi-modal data.
This means using things like electrocardiograms
(ECGs), genetic markers, and data from wearable
sensors to get a more complete picture of a patient’s risk.
Plus, improving how we interpret these models with
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explainable Al (XAI) techniques could really help
connect Al predictions with clinical decisions, making it
easier for healthcare professionals to trust the results.

Another interesting direction is rolling out real-time,
cloud-based AI systems that keep an eye on patients
continuously, allowing for proactive interventions.
Using federated learning can tackle privacy concerns by
enabling decentralized training on sensitive medical data
while keeping it secure. On top of that, we could develop
Al-driven personalized treatment plans based on
predictive analytics, which might really change the game
in patient care by customizing the treatment to match
individual health profiles.
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