
 
 Journal of Theoretical and Applied Information Technology 

15th November 2025. Vol.103. No.21 
©   Little Lion Scientific  

 
ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
9082 

 

A FEDERATED LEARNING BASED APPROACH FOR 
CARDIOVASCULAR DISEASE PREDICTION  

 

BISNA N D1, AJAY JAMES2 ,HELNA THOMAS3 

 
1,3Department of Computer Science and Engineering, Government Engineering College Thrissur, affiliated 

to APJ Abdul Kalam Techonological University Kerala, India 

2 Department of Computer Science and Engineering, Government Engineering College Idukki, affiliated to 
APJ Abdul Kalam Techonological University Kerala, India 

E-mail: bisna@gectcr.ac.in , ajay@gectcr.ac.in , helnaet@gmail.com 

* Corresponding author : bisna@gectcr.ac.in 

 
 

ABSTRACT 

Cardiovascular diseases refer to a group of conditions that affect the heart and blood vessels. Cardiac 
arrhythmia, specifically Atrial Fibrillation, is the most common and sustained type, and is associated with 
substantial morbidity. Detecting atrial fibrillation at an early stage is crucial as it is an early sign of most of 
the critical heart diseases such as stroke, heart failure, and other life-threatening cardiovascular 
complications. Accurate AF detection enables timely interventions and significantly improves the 
prevention of critical heart diseases, reducing morbidity and mortality. The increasing prevalence of 
chronic heart diseases requires advanced predictive techniques for early intervention and personalized 
healthcare, but the sensitivity of health data raises privacy concerns. This study proposes a privacy-
preserving deep learning framework for multiclass heart disease prediction using electrocardiogram signals. 
To preserve data privacy and ensure decentralized model training, federated learning is employed with 
multiple strategies including Federated Averaging, Federated Stochastic Gradient Descent, and random 
client participation. The Deep Neural Network model is optimized using the Adam optimizer and trained 
with sparse categorical crossentropy loss to handle multi-class classification effectively. Experiments 
showed that FedAvg improves with more clients and rounds, while FedSGD maintains stable accuracy and 
outperforms FedAvg with higher client counts. Optimization techniques such as quantization reduce 
memory usage, and knowledge distillation improves the performance of the compressed model thus making 
it suitable to deploy in rsource constrained environment. This study aimed to efficiently predict chronic 
heart diseases while safeguarding sensitive health information using federated learning. 
Keywords: Cardiovascular Diseases, Atrial Fibrillation, Machine Learning, Deep Learning, 

ElectrocardioGram, Federated Learning, Quantization, Knowledge Distillation, FedAVG, 
FedSGD 

 
1. INTRODUCTION 

 
Chronic diseases, often developing over 

decades and largely untreatable, are one of the 
leading causes of early mortality and disability, 
particularly in India. These diseases, driven by 
factors such as urbanization and unhealthy 
lifestyles, necessitate early diagnosis to improve 
survival rates. Research in medical computing 
focuses on aspects such as hospital stays, death 
prediction, and disease diagnostics. Among 
chronic diseases, cardiovascular conditions are 

the leading cause of death in India. Predicting 
heart diseases is vital for early intervention, 
potentially saving lives and reducing healthcare 
costs. However, using patient data for predictive 
modeling raises significant privacy concerns. 
Cardiovascular health data are sensitive, and 
their unauthorized use can have severe 
repercussions. 

 The challenge lies in balancing the 
need for effective predictive analytics with 
stringent privacy protection. Federated learning 
addresses this issue by enabling collaborative 
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model training without centralizing data, thus 
preserving privacy. This study employed the 
FedAvg and FedSGD algorithms to develop a 
privacy-preserving technique for predicting 
chronic diseases using the PTB-XL dataset. 
Federated learning trains models locally on client 
devices, sharing only model updates with a 
central server, thereby reducing the risk of data 
breaches. 

To enhance efficiency and privacy, this 
study incorporates quantization and knowledge 
distillation into the FedAvg model. Quantization 
compresses model updates, reducing the 
communication overhead, while knowledge 
distillation trains smaller models to perform as 
well as larger ones, improving performance with 
less computational complexity. This study 
emphasizes the critical need for privacy-
preserving predictive analytics in healthcare. By 
leveraging federated learning with quantization 
and knowledge distillation, it aims to safeguard 
patient privacy while maintaining high predictive 
performance in chronic disease prediction. 
Through comprehensive evaluation of the 
FedAvg and FedSGD ECG dataset, this study 
demonstrates the potential of these techniques 
for enhancing healthcare outcomes. 

While centralized deep learning models 
have achieved strong performance in heart 
disease prediction, their requirement for data 
aggregation raises privacy and regulatory 
concerns. Therefore, there is a critical need for 
privacy-preserving frameworks that enable 
collaborative model training without 
compromising sensitive patient data. In this 
study, we selected the research problem based on 
the persistent gap between high model accuracy 
and patient data confidentiality in healthcare AI 
applications. The literature screening was 
performed using databases such as IEEE Xplore, 
ScienceDirect, and PubMed, with search terms 
“heart disease prediction,” “ECG classification,” 
and “privacy-preserving deep learning.” Studies 
between 2018–2025 focusing on cardiac datasets 
and privacy-aware frameworks were included for 
critical review. 

 Traditional machine learning methods 
for predicting chronic diseases analyze historical 
patient data to identify patterns and risk factors. 
The authors of [2] propose a system using CNN 
for feature extraction and KNN for disease 
prediction, incorporating symptoms, lifestyle 
habits, and doctor consultations. The research in 

[3] addressed dataset ambiguity with rough K-
means (RKM) clustering, enhancing prediction 
accuracy by excluding ambiguous attributes. 
Study [4] explored the use of various algorithms 
on the Cleveland heart disease dataset, with 
KNN achieving the highest accuracy. Study [5] 
introduced a network-limited polynomial neural 
network (NLPNN) with data augmentation and 
an attention-enhanced model to improve 
diagnosis. While centralized models pose 
privacy risks, decentralized and privacy-
preserving techniques are gaining traction in 
chronic disease prediction.  

IoMT devices, from wearables to 
implantable sensors, are revolutionizing 
healthcare through real-time monitoring and 
personalized treatment. Study [6] employed a 
modified selfadaptive Bayesian algorithm 
(MSABA) for accurate heart disease assessment 
using ECG and blood pressure data from IoT 
devices. The research in [7] developed an IoT-
based medical recommender system using 
patient records from PhysioNet, applying KNN 
for disease classification and collaborative 
filtering for treatment recommendations, 
achieving high accuracy. Study [8] integrated 
feature fusion and ensemble deep learning to 
enhance cardiac disease prediction, leveraging 
sensor data, medical records, and data mining for 
improved diagnostic precision.  

Privacy-preserving techniques are 
essential in healthcare due to the sensitivity of 
medical data. The authors of [9] propose a 
differentially private algorithm that generalizes 
records before noise addition, improving 
scalability and classification accuracy. The 
research in [10] evaluated an e-health system 
integrating big data, cloud storage, and 
IoT,enabling encrypted EHR access with fine-
grained control. Study [11] reviews DISTPAB, a 
distributed perturbation algorithm combining 
federated learning for enhanced privacy, 
scalability, and attack resistance. Federated 
learning itself is highlighted as a decentralized 
paradigm that prioritizes privacy by design, with 
various techniques to enhance its security 
reviewed. 

 Federated learning (FL) offers a 
privacy-preserving approach to cardiovascular 
disease (CVD) prediction. Study [12] introduced 
AFLCP, an asynchronous FL model using deep 
neural networks (DNNs) and temporally 
weighted aggregation, to enhance accuracy and 
efficiency. The research in [13] applied FL to 
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heart disease prediction using the Cleveland 
Heart Disease Dataset with differential privacy 
(DP), highlighting a trade-off between accuracy 
and privacy. TrustFedHealth [14] integrates FL 
with mobile edge computing, homomorphic 
encryption, and blockchain for secure and 
efficient model training on decentralized data. 
FL enables collaborative healthcare data analysis 
while preserving patient privacy. Y. Otoum 
et[37] employs federated learning combined with 
blockchain to ensure secure, tamper-proof heart 
disease prediction. While the integration boosts 
trust and privacy, the added blockchain layer 
increases computational overhead and latency. 
G. Tsoumplekas et al[38] introduces data 
regularization techniques to mitigate class 
imbalance in federated ECG data. However, it 
lacks deep network architecture and relies on 
statistical balancing rather than deep 
representation learning. 

A review of existing literature indicates 
that the traditional heart disease prediction 
models, though achieving strong accuracy, are 
typically centralized and thus pose significant 
risks to patient data privacy and regulatory 
compliance. Also, most federated learning 
approaches have focused on medical imaging or 
institutional data silos, with limited attention to 
ECG-based disease prediction.  

Addressing these limitations, the 
present study proposes a privacy-preserving 
federated learning framework that leverages a 
hybrid CNN–BiLSTM architecture to effectively 
capture the spatial and temporal characteristics 
of ECG signals. The framework integrates 
quantization and knowledge distillation to 
enhance model efficiency and systematically 
compares FedAvg, FedSGD, and random client 
participation strategies to evaluate trade-offs 
between performance, communication overhead, 
and scalability. This approach contributes a 
reproducible and resource-efficient solution for 
secure, real-world cardiac diagnosis. 

The literture review reveals three main 
research gaps: (i) limited application of federated 
learning for ECG-based diagnostics compared to 
imaging modalities, (ii) inadequate analysis of 
optimization and compression methods for 
federated cardiac models, and (iii) absence of 
comprehensive benchmarking of FedAvg and 
FedSGD under non-IID client conditions. The 
present study fills these gaps by integrating 
optimized federated training with post-training 
quantization and knowledge distillation to 

achieve scalable, lightweight, and privacy-
preserving model performance. 
 
Problem Statement: Despite advancements in 
deep learning for cardiac diagnostics, current 
centralized models require aggregation of patient 
data, which conflicts with privacy laws such as 
GDPR and HIPAA. There is an urgent need for 
privacy-aware frameworks that can train robust 
heart disease prediction models without 
compromising confidentiality or accuracy. 
 Following are the research questions formulated. 

Research Questions: 

a. Can federated learning achieve performance 
comparable to centralized models in ECG-
based disease prediction? 

b. What is the trade-offs in accuracy, 
communication cost, and efficiency across 
FedAvg, FedSGD, and random participation 
settings? 

c. How can model quantization and knowledge 
distillation improve the deployment 
feasibility of federated cardiac models? 

 
2. MATERIALS AND METHODS 
 
This study aims to develop and evaluate a 
privacy-preserving approach for chronic disease 
prediction using a federated learning framework. 
Federated learning is a type of machine learning 
where multiple decentralized devices (clients) 
collaborate to train a shared model while keeping 
their data locally. This approach enhances 
privacy and security since the raw data never 
leaves the client’s device. Instead of sending raw 
data to a central server, clients train local models 
on their own data and send only the model 
updates (such as gradients or parameters) to a 
central server. The server then aggregates these 
updates to improve the global model. Here only 
the model updates are communicated, which can 
reduce the amount of data transferred compared 
to traditional centralized approaches. Figure 1 
shows the Federtaed Learning architecture. 
2.1. Dataset Used 
The dataset used is PTB-XL dataset introduced 
by Wagner et al[39] . It contains over 21,800 12-
lead ECG records from 18,885 patients, each 10 
seconds long, sampled at both 500 Hz and a 
downsampled version at 100 Hz.  The dataset is 
richly annotated with 71 different diagnostic, 
form, and rhythm statements following the SCP-
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ECG standard, which include clinically 
significant conditions such as atrial fibrillation, 
myocardial infarction, conduction blocks etc. 
 

 
Figure 1. Federated Learning Architecture 

2.1.1  Preprocessing 
 
To prepare the PTB-XL dataset for use in the 
proposed system, the dataset is subjected a 
structured preprocessing pipeline. The ECG 
signals, which are available at 100 Hz, are 
selected to reduce computational overhead 
without losing critical diagnostic information. 
Noise reduction is then applied using bandpass 
filtering to remove baseline wander, powerline 
interference, and high-frequency artifacts. Next, 
ECG segments of 10-second windows are 
extracted to ensure consistent input size. Signal 
normalization with z-score scaling is performed 
across each lead to standardize amplitude ranges, 
which helps stabilize neural network training. 
Since CNNs learn local morphological patterns 
(like P-waves, QRS complexes, and fibrillatory 
waves) and BiLSTMs capture temporal 
dependencies, it is crucial to preserve temporal 
ordering. Finally, synthetic data generation using 
Syntehetic Minority Oversampling (SMOTE)  
was used to address class imbalance. This 
preprocessing pipeline produces clean, 
normalized, and consistent ECG data, which 
helps improve the detection of atrial fibrillation. 
 
2.2. Methodology 
 
Figure 2 shows the overall workflow of the 
proposed system. The process begins with data 
collection and the preprocessed data is then 

utilized in a federated learning framework that 
includes both client-side and server-side training. 
Initial model is built on the server and a copy of 
that is sent to all the participating clients. Clients 
perform local training on their individual 
datasets and transmit the model updates back to 
the central server. Hybrid CNN-BiLSTM 
architecture is used as the backbone in the 
federated environment.  Within this framework, 
three methods of model training are 
implemented: integrating CNN-BiLSTM 
networks with FedAvg, integrating CNN-
BiLSTM with FedSGD, and integrating CNN-
BiLSTM with FedAvg while incorporating 
random client participation. Post-training 
optimization techniques, including quantization 
and knowledge distillation, were applied to 
improve efficiency and scalability. The models 
were evaluated using classification metrics such 
as accuracy, loss, and F1-score, and were 
compared against centralized and local training 
baselines to assess the effectiveness, privacy 
preservation, and practicality of the federated 
learning approach.  
 

 
Figure 2. Overall Workflow 

2.2.1 Server Side 
Server-side aggregation in federated 

learning combines updates from multiple client 
devices to refine the global model. In FedAvg, 
model weights are averaged to update the global 
model, integrating knowledge from individual 
clients while preserving privacy. FedSGD 
aggregates gradients computed locally, allowing 
fine-grained parameter adjustment. This cyclical 
interaction forms the backbone of federated 
learning, where the global model is continuously 
improved through iterative rounds, combining 
the localized expertise of each client to enhance 
the overall predictive capabilities for chronic 
diseases, particularly heart disease. 
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2.2.2 Client Side 
 
In the client-side operations of federated 
learning, the initialization phase involves clients 
receiving an initial global model from the central 
server. Clients then conduct independent local 
model training using their  data sets, focusing on 
deep neural networks. During training, clients 
compute gradients of model parameters based on 
their data, capturing unique patterns. Instead of 
sharing entire local models or raw data, clients 
transmit computed gradients to the central server.  
 
CNN-BiLSTM Model: Figure 3 shows the 
proposed model architecture. This approach 
utilizes convolutional neural networks (CNNs) 
and bidirectional long short-term memory 
networks (BiLSTMs) to examine both the 
morphology and timing characteristics of 
electrocardiogram (ECG) signals for identifying 
atrial fibrillation. Input data consists of a 
downsampled ECG matrix with dimensions 
(1000, 12), corresponding to 10 seconds of 
recordings at 100 Hz across 12 leads. Initially, 
local waveform elements, such as QRS 
complexes, P-waves, and T-waves, are identified 
through multiple stacked one-dimensional 
convolutional layers. The first convolutional 
stage applies a Conv1D layer with 32 filters of 
length 7, followed by batch normalization and 
max pooling to decrease size and facilitate 
efficient learning. The subsequent stage employs 
64 filters of length 5, with batch normalization 
and pooling again to shrink the temporal 
dimension from 1000 to 250 samples and 
strengthen feature extraction.  

Next, the features derived from the 
CNN layers are input into two BiLSTM layers, 
enabling modeling of the temporal sequence of 
cardiac cycles. The initial BiLSTM layer, with 
128 units, maintains the order of information and 
allows for recognition of bidirectional patterns 
within heartbeat sequences. The subsequent 
BiLSTM layer, consisting of 64 units, further 
distills the data into a more streamlined form. 
Dropout is incorporated in these layers to help 
prevent overfitting while preserving the 
network’s ability to capture time-based 
dependencies. 

The condensed output from the 
BiLSTM layers is then routed through fully 
connected layers to perform classification. 
Initially, a dense layer with 128 units and ReLU 
activation, followed by a 0.5 dropout rate, 

promotes generalization. A subsequent dense 
layer with 64 units and dropout sharpens the 
feature set. The concluding output layer features 
a single neuron with sigmoid activation to 
estimate the likelihood of atrial fibrillation, 
facilitating binary classification. 
 
2.2.3 Aggregation Strategies 
Federated Averaging: Federated averaging 
(FedAvg) is crucial in federated learning for 
training a global model across distributed 
devices while protecting data privacy. A subset 
of clients updates this model using local data and 
computes gradients. These gradients are sent 
back to the server, which averages them to form 
a new global model. This approach allows the 
global model to be improved using data from 
many clients without compromising individual 
privacy [18]. 

Figure 3. Proposed CNN-Bilstm Architecture 
 

 
where the following apply: 
wt : The model weights in 
communication round t; 
wk 
t : The model weights in 
communication round t 
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on client k; 
η: The learning rate; 
nk : The number of data points on client 
k 
 

Federated Stochastic Gradient Descent: 
Federated stochastic gradient descent (Federated 
SGD) is a distributed optimization algorithm 
used in federated learning, enabling multiple 
clients to collaboratively train a shared model 
while keeping their data private. Each client 
computes the gradient of the loss function using 
local data and updates the model parameters 
locally. These local updates are then sent to a 
central server, which aggregates them, usually by 
averaging, and updates the global model. The 
updated global model is broadcast back to the 
clients for the next training round. This iterative 
process continues, enhancing the model while 
maintaining data privacy. 

 
where the following apply: 
wt : The model weights in 
communication round t; 
η: The learning rate; 
Pk : The set of data points on client k; 
nk : The number of data points on client 
k. 
 

Federated Averaging with Random Client 
Participation: In federated learning, federated 
averaging (FedAvg) with random client 
participation involves randomly selecting a 
subset of clients for each training round to 
enhance scalability and efficiency. This method 
starts with initializing a global model on the 
server. In each round, a random subset of clients 
receives the current global model, trains it on 
their local data, and sends updates back to the 
server. The server aggregates these updates, 
typically by averaging, to update the global 
model. This process iterates until the model 
converges. Random client selection reduces the 
communication overhead and computational 
burden, making the system more scalable and 
robust to client dropout. However, challenges 
such as statistical heterogeneity (non-identical 

data distribution among clients) and system 
heterogeneity (varying client computational 
capabilities and network conditions) need to be 
managed for optimal performance. 

 
where the following apply: 

St : The set of clients selected in round 
t; 
w(k)

t+1: The local model parameters of 
client k in round t + 1; 
η: The learning rate; 
Dk : The dataset on client k. 
 

 
 
 
 
 
2.3 Optimization 
 
2.3.1 Knowledge Distillation:  

Knowledge distillation enhances 
federated learning by training smaller, efficient 
student models to learn from larger, complex 
teacher models. The teacher model is trained on 
aggregated  data, and its output probabilities 
(soft targets) are used to train student models on 
client devices. This dual training approach, 
combining soft targets with standard labels, 
allows student models to approximate the 
teacher’s performance despite being smaller. 
This technique reduces computational 
complexity on client devices while maintaining 
or improving the global model’s predictive 
performance. 
2.3.2 Quantization:  

Post-training quantization is used here, 
to  reduce the precision of the trained model’s 
parameters and activations from 32-bit floating 
point (FP32) to lower precision format , 8-bit 
integers (INT8), without requiring retraining. 
This process significantly reduces model size 
and computational requirements, enabling faster 
inference and lower power consumption, which 
is especially valuable for deploying models on 
edge devices like mobile health monitors and 
wearables. 
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While this work introduces system-level 
novelties in combining federated learning with 
post-training compression (quantization) and 
knowledge distillation, it also makes important 
incremental contributions at the model-design 
level. Specifically, the carefully designed CNN–
BiLSTM architecture used here is a domain-
tuned design. The  compact convolutional blocks 
extract robust morphological features from ECG 
waveforms, followed by bidirectional LSTM 
layers that preserve sequential context critical for 
cardiac diagnosis. 

 
3. RESULTS AND DISCUSSION 
The results from these experiments illustrate the 
distinct performance characteristics of the three 
models: FedAvg, FedSGD, and a baseline 
centralized model.  
3.1 Results 

 
Table 1. Centralized Model: Experimental Results 

 
 

As shown in Table 1, the centralized model, 
trained using the entire dataset on a single server, 
achieves the highest overall accuracy (up to 
96.80% with 25 epochs and a batch size of 32), 
demonstrating the potential of deep learning 
when data availability and privacy are not 
constraints. However, this approach is often 
impractical in real-world healthcare applications 
due to the sensitive nature of medical data and 
privacy regulations.  

In contrast, FedAvg as tabulated in 
Table 2, shows a trend of increasing accuracy 
and decreasing loss with more clients and 
communication rounds, performing best under 
full client participation. FedSGD achieves even 
higher accuracy com-ared to FedAvg, albeit with 
slightly less training stability, particularly in 
early rounds. Random client participation in 
FedAvg highlights the impact of partial 
involvement some accuracy is retained, but the 
model underperforms compared to full 
participation.  
 

This comparative analysis underscores a 
key trade-off: while centralized models deliver 
top performance in ideal settings, federated 
models (particularly FedSGD) offer a compelling 
balance between performance and privacy. 

Federated learning enables collaborative training 
across distributed clients without sharing raw 
data, making it well-suited for privacy-sensitive 
domains like cardiovascular disease prediction. 
 

Table 2. Fedavg Results 

 
 

Table 3. Fedsd  Results 

 
 

Table 3 presents the results of the Federated 
Stochastic  Gradient Descent (FedSGD) 
algorithm with varying numbers of clients, 
dataset divisions, and training rounds. Initially, 
when two clients participate with an equal 
dataset size of 140,583 samples each, the model 
achieves an accuracy of 97.23% with a loss of 
0.035 in just five training rounds. When the 
dataset division becomes slightly uneven (Client 
1: 140,583, Client 2: 131,796), increasing the 
number of training rounds to 10 leads to an 
improvement in accuracy to 98.49% and a slight 
reduction in loss to 0.034. As the number of 
clients increases, with more distributed dataset 
partitions, the accuracy continues to improve. 
When three clients participate, the accuracy 
reaches 99.49% with a loss of 0.033, and with 
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four clients, accuracy further increases to 
99.71% with a slightly increased loss of 0.036. 
The best performance is observed when eight 
clients participate, where the accuracy reaches 
99.75% while maintaining a loss of 0.035. These 
results indicate that increasing the number of 
clients enhances accuracy due to better model 
generalization across diverse data distributions, 
although there is some fluctuation in the loss 
values. 

Table 4 provides insights into the 
performance of the Federated Averaging 
(FedAvg) algorithm when clients participate 
randomly with different dataset division 
strategies. When four clients contribute equally 
(25% data distribution for each), the model 
achieves an accuracy of 96.78% with a loss of 
0.031. Increasing the participation level to 50% 
per client results in a higher accuracy of 97.62%, 
though the loss increases slightly to 0.033. 
Interestingly, when clients participate with 75% 
of their dataset, the accuracy slightly drops to 
97.34%, and the loss further increases to 0.037. 

 These results suggest that a balanced 
distribution of data among clients improves 
model performance, but excessive client 
participation with larger individual datasets does 
not always guarantee the highest accuracy. 
Instead, the optimal balance between client 
participation and dataset size allocation plays a 
crucial role in maximizing model efficiency.  
 Figure 5 depicts the accuracy of the 
propsed system in various aggregation strategies 
and Figure 6 depicts the loss analysis in these 
environments. 
 

Table 4. Fedsgd  Results 

 
 
 

 
Figure 4.  Accuracy Analysis Of Federated Learning 

Algorithms. 

  
Figure 5.  Loss Analysis Of Federated Learning 

Algorithms. 
 

Table 5 presents a comparison of 
accuracy between the Fe dAvg and FedSGD 
algorithms over different training epochs. 
Initially, at five epochs, FedSGD achieves a 
slightly higher accuracy (93.12%) compared to 
FedAvg (92.34%). As shown in Figure 6, as 
training progresses, both algorithms show 
consistent improvement, with FedSGD 
maintaining a small advantage. By ten epochs, 
FedAvg reaches 95.12%, while FedSGD attains 
96.04%. At fifteen epochs, the accuracy further 
improves to 97.01% for FedAvg and 97.89% for 
FedSGD. This trend continues, and by twenty 
epochs, FedAvg achieves 98.43%, while 
FedSGD reaches 99.02%. After twenty-five 
epochs, the highest recorded accuracies are 
98.54% for FedAvg and 99.12% for FedSGD. 
These results indicate that while both approaches 
benefit from increased training, FedSGD 
consistently outperforms FedAvg, demonstrating 
its efficiency in achieving better model accuracy 
with the same number of epochs. 

Table 5 Accuracy vs. Epochs 
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Figure 6. Accuracy Vs. Epochs (Fedavg Vs. Fedsgd) 

 
Table 6 presents a comparison of loss 

values for FedAvg and FedSGD across different 
training epochs. Initially, at five epochs, the loss 
for FedAvg is 0.085, while FedSGD achieves a 
lower loss of 0.079, indicating slightly better 
performance. As depicted in Figure 7, as training 
progresses, the loss values for both algorithms 
continue to decrease. By the tenth epoch, 
FedAvg reduces its  loss to 0.052, whereas 
FedSGD achieves an even lower loss of 0.044. 
At fifteen epochs, the losses drop further to 
0.032and 0.028 for FedAvg and FedSGD, 
respectively. By twenty epochs, FedAvg reaches 
0.021, and FedSGD attains 0.018. At twenty-five 
epochs, the lowest recorded losses are 0.017 for 
FedAvg and 0.015 for FedSGD. These results 
indicate that both approaches effectively 
minimize loss with increased training, but 
FedSGD consistently achieves lower loss values, 
suggesting faster convergence and better 
optimization. 

Table 6. Loss Vs. Epochs 
 

 
 
 
 

 

 
         Figure 7. Loss  Vs. Epochs (Fedavg Vs. Fedsgd) 
 

 
Table 7 . Impact Of  Quantization And Knowledge 

Distillation. 
 

Optimization 
Method Accuracy 

Memory 
Footprint 

Inference 
Time 

No 
Optimization  98.43 % 79.12 MB 98.01 ms 

Quantization 88.5% 32.1 MB 42.8 ms 
Knowledge 
Distillation 97.8% 32.1 MB 42.8 ms 

 
 
As shown in Table 7, optimization strategies 
reveals important trade-offs related to accuracy, 
memory usage, and inference speed. The 
baseline model, without any optimization, 
achieves the highest level of accuracy at 98.43%. 
However, it requires a significant memory 
allocation of 79.12 MB and demonstrates a 
longer inference duration of 98.01 ms, making it 
less suitable for deployment on resource 
constrained environments. Post-training 
quantization effectively reduces the model size 
to 32.1 MB and enhances inference speed to 42.8 
ms. However, this approach results in a marked 
reduction in accuracy, falling to 88.5%. To 
counteract this decline, knowledge distillation 
was applied to the quantized model, successfully 
regaining much of the lost accuracy and 
achieving a performance of 97.8%, while 
retaining the favorable memory size and quick 
inference time of the quantized model. This 
finding indicates that integrating knowledge 
distillation with quantization yields the best 
balance for heart disease risk prediction, 
optimizing efficiency while maintaining 
predictive performance close to that of the 
original baseline model. Figure 8 demostrates the 
impact of  quantization and Knowledge 
Distillation on accuracy, memory usage, and 
inference speed.  
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Figure 8. Impact Of  Quantization And Knowledge 
Distillation  

3.2 Future Rsearch Directions 
 
Despite encouraging results, this work has some 
limitations. The dataset used (PTB-XL) is 
relatively standardized, which may not fully 
represent real-world patient diversity. The 
simulation of clients under controlled 
partitioning may differ from heterogeneous 
hospital infrastructures. Additionally, although 
federated learning preserves data locality, this 
study does not implement attack-resilient 
encryption mechanisms. These aspects present 
opportunities for further improvement and 
clinical validation. 
 
4. CONCLUSION 

The proposed federated learning framework 
demonstrates that high-accuracy cardiac disease 
prediction can be achieved without centralizing 
sensitive patient data. In our experiments, when 
federated training involved sufficient client 
participation and an adequate number of global 
rounds, FedSGD attained the highest 
classification accuracy (99.12%, F1 = 98.84%), 
surpassing the centralized benchmark (96.8%) 
and outperforming FedAvg (97.45%) and the 
random participation setting (96.38%). Post-
training quantization reduced model size by 
around 62% with only a 1.3% drop in accuracy 
and subsequent knowledge distillation recovered 
most of this loss, raising the quantized model to 
98.02% accuracy. These findings indicate that a 
domain-tuned CNN–BiLSTM architecture can 
capture both spatial and temporal ECG features 
effectively while remaining amenable to 
compression and distributed training. 

Nevertheless, important trade-offs exist 
between centralized and federated paradigms. 
Centralized training typically requires fewer 

communication rounds and lower system 
orchestration complexity, and it can converge 
faster when large, well-curated datasets are 
available in one place.  However, it necessitates 
aggregation of sensitive data and raises privacy, 
data-ownership, and regulatory concerns. 
Federated learning preserves data locality and 
strengthens privacy posture but introduces 
communication overhead, increased system 
complexity, and dependency on client compute 
and network reliability. It may also require more 
global rounds and careful handling of non-IID 
data to achieve or exceed centralized accuracy. 
Model compression like quantization and 
knowledge distillation mitigates some 
deployment constraints by lowering memory and 
inference costs, but does not remove the need for 
formal privacy mechanisms. Future work will 
therefore target integration of formal privacy 
guarantees and real-world cross-site evaluations 
to consolidate these promising empirical gains 
into clinically deployable systems. 
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