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With a focus on heart rate and ECG signal analysis, this study investigates the
function of wearable technology driven by artificial intelligence in real-time
health monitoring. It investigates how well Transformer models and Long Short-
Term Memory (LSTM) networks can increase prediction accuracy. This study
offers a comparative analysis of these models using publicly accessible datasets
and clearly defined evaluation metrics. Additionally, the study evaluates their
performance using Fl-score, recall, accuracy, and precision. The study also
discusses clinical applicability and model interpretability. However, it's
important to note that the study is limited by the scope and quality of the
publicly available datasets. To improve wearable healthcare solutions, future
research will concentrate on integrating multimodal sensor data, developing
federated learning techniques for safe Al implementation, and improving real-
time inference on edge Al platforms.
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I. INTRODUCTION

intervention and improved patient outcomes is a beacon

Wearable technology has grown significantly over the
past decade, primarily due to Al and machine learning
advancements. The increased availability of smart
wearable devices, such as Fitbit watches and Apple
Watches, has a lot of scope to revolutionize healthcare
by enabling real-time monitoring of vital signs [1]. Al-
driven health monitoring systems help detect critical
conditions such as arrhythmias, atrial fibrillation, and
other cardiovascular diseases early, allowing timely

medical intervention [2]. This potential for early

of hope in the healthcare industry, instilling optimism

in the face of health challenges.

Traditional approaches for ECG signal analysis relied on
rule-based algorithms and statistical models, which
often failed to generalize to diverse patient populations.
Applying deep learning models, including LSTMs and
Transformers, has significantly enhanced the accuracy
of ECG classification, enabling more reliable detection
of abnormalities [3]. Given the rising prevalence of

heart-related diseases and the growing reliance on
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wearable technology, integrating Al with health
monitoring systems is crucial for improving patient
outcomes and reducing the complexity of healthcare
providers [4]. This reassures us that Al is not just a
technological advancement but a tool that directly
benefits patients, providing a sense of security and trust

in its application.

This paper analyses the effectiveness of LSTM and
Transformer models in ECG classification, compares
their performances using well-established datasets, and
explores future directions for Al-driven wearable health

monitoring systems.

II. RELATED WORK

Several studies have investigated Al applications in
wearable health monitoring. Convolutional Neural
Networks (CNNs) were among the first deep learning
approaches for ECG signal classification. Works by
Yildirim et al. (2018) demonstrated the effectiveness of
CNNs in feature extraction from raw ECG signals,
improving classification accuracy [5]. However, due to
the sequential nature of ECG data, Recurrent Neural
Networks (RNNs), particularly LSTMs, have shown
better performance in learning temporal dependencies
[6].

Initially developed for NLP tasks, the Transformer
model has recently been adapted for time-series data,
(2017)

introduced the self-attention mechanism, which allows

including ECG analysis. Vaswani et al
Transformers to process long-range dependencies in
sequential data [7] efficiently. Studies such as those by
Lin et al. (2022) have successfully applied Transformers
to ECG classification, demonstrating their superiority

over LSTMs in some instances [8].

Furthermore, federated learning has gained attention
for enabling privacy-preserving Al in wearable devices.
Recent studies, including McMahan et al. (2017),
highlight the feasibility of training Al models on

distributed data without compromising user privacy [9].
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This approach benefits healthcare applications, where
patient data security is paramount [10].
these advancements, remain

Despite challenges

regarding  computational  efficiency, real-time
processing, and model interpretability. This paper
builds upon existing literature by comparing the
performance of LSTMs and Transformers in ECG
classification, identifying key strengths and limitations,
and suggesting potential improvements for AI-powered
wearable health monitoring. The emphasis on model
interpretability ensures that our research findings are
accurate, understandable, and transparent, giving you
confidence in our results and the robustness of our

conclusions.

However, implementing federated learning in wearable
devices presents challenges such as communication
efficiency, model drift, and resource limitations, which

require further exploration.

A summary of different Al techniques for ECG

classification is provided in the following table:

Al
) Strengths
Technique
CNNs Effective for feature extraction
Good for sequential data
LSTMs .
modelling
Captures long-range
Transformers . .
dependencies efficiently
Federated Privacy-preserving training on
Learning edge devices

Table 1: Comparison of AI Techniques for ECG
Classification
III.METHODOLOGY
A. Dataset

For model training and evaluation, we utilized publicly

available datasets:

@
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e MIT-BIH Arrhythmia Database: Contains 48 half-
hour recordings of ambulatory ECG signals from
47 subjects. It is widely used for evaluating

arrhythmia classification algorithms.

PhysioNet ECG Dataset: A diverse collection of
ECG recordings from various sources, offering a
broader range of signal morphologies and

pathologies.

Step 3: Global model
aggregation & update

Step 2: Local model
training & upload

o})l:lcu@» <

Fig 1: Block diagram of federated learning
B. Preprocessing and Augmentation

Preprocessing ECG signals is crucial for ensuring high
model performance and reliability. The following steps

were undertaken:

1. Noise Filtering: High-frequency noise was
removed using wavelet denoising to ensure
signal clarity.

2. Segmentation: ECG recordings were segmented
into fixed-length windows of 10-second
intervals.

3. Data Augmentation:

a. Synthetic ECG Generation: Generative
Adversarial Networks (GANS) created
additional ECG waveforms, improving
dataset balance.

b. Random Time Warping: Introduced minor
variations in heart rhythms to make the
model robust.

c. Jittering and Scaling: Introduced slight
amplitude variations to simulate real-

world variability.
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C. Models & Techniques

Two deep learning architectures were employed:

Long Short-Term Memory (LSTM) Networks:
LSTMs are designed for sequential data processing and
can efficiently capture long-term dependencies in ECG

signals.

Architecture:
e Input layer: Raw ECG data sequences.

e LSTM layers: Two stacked LSTM layers with 128

units each.

e Dropout layers: Added between LSTM layers to

prevent overfitting.

e Dense output layer: A SoftMax activation function

for multi-class classification.

LSTMs efficiently model temporal dependencies in ECG

signals, making them ideal for detecting abnormal

patterns.
Transformer Models:
Transformers leverage self-attention mechanisms,

allowing them to capture long-range dependencies

while processing data in parallel.

Architecture:
e Input layer: ECG time-series embeddings.

e Multi-head self-attention layers: Enable the model

to weigh different sequence parts independently.

e Feedforward layers: Introduce non-linearity for

better learning.

e Output layer: Uses a SoftMax classifier for multi-

class categorization.

Transformers have shown superior performance in
handling long sequences compared to recurrent
networks like LSTMs.
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Model Performance Metrics:

To evaluate model performance, we used the following

metrics:

e Accuracy: The proportion of correctly classified
heart conditions.

e Precision: The proportion of true positives among all
positive predictions.

e Recall: The proportion of true positives correctly
identified by the model.

e F1-Score: The harmonic mean of precision and recall.

e Statistical Significance Testing: A Wilcoxon signed-
rank test assessed performance differences.

Each model was trained for 100 epochs using the Adam

optimizer, with a learning rate of 0.0001, batch size of

64, and a cross-entropy loss function.

IV. RESULTS & DISCUSSION

A. Model Performance Comparison

LSTM and Transformer models were evaluated using
multiple performance metrics, including accuracy,
and Fl-score. The results are

precision, recall,

summarized in the table below:

Accurac | Precisio Fi1-
Model Recall
y n Score
91.80 | 91.00
LSTM 92.50% | 90.30%
% %
Transforme 94.70 94.10
95.20% | 93.50%
r % %

Table 2: Performance Metrics Comparison Between
LSTM and Transformer Models
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Fig 2: Convergence rates of various methods in two

federated learning scenarios

B. Analysis of Model Performance
Capturing Long-Range Dependencies:

ECG signals contain critical information distributed
over time, requiring models to capture long-term
dependencies effectively. While LSTMs are known for
their ability to retain long-range dependencies through
gated mechanisms, they are limited by sequential

processing constraints.

Conversely, Transformer models utilize self-attention
mechanisms, enabling them to independently weigh
different parts of the sequence. This ability allows
Transformers to extract meaningful relationships from
ECG signals more efficiently, leading to higher

classification performance.
Computational Efficiency and Training Time:

One of the notable advantages of Transformer models is

their ability to process sequences in parallel,
significantly reducing training time compared to LSTMs.

The experiments revealed that:

e LSTM training required approximately 12 hours
on a high-performance GPU.

e Transformer training was completed in about 7
hours, achieving superior results with reduced

computation time.

Although Transformers require more computational
resources due to their complex architecture, their
ability to train faster while achieving better accuracy
makes them a preferred choice for Al-powered

wearable applications.
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C. Clinical Relevance and Interpretability

Al-driven health monitoring systems must be
interpretable to gain acceptance among medical
professionals. One significant advantage of Transformer
models is their attention mechanism, highlighting the
most relevant ECG waveform segments contributing to
a classification decision. This provides explainability,

allowing doctors to validate model predictions.

Key benefits for healthcare professionals include:

e FEarly Diagnosis: Real-time  monitoring and
classification of ECG signals can help detect early
warning signs of cardiac disorders.

e Improved Trust: The interpretability of Transformer
models increases the confidence of healthcare
practitioners in Al-assisted diagnoses.

e Reduced Workload: Automated ECG

minimizes the burden on cardiologists, allowing

analysis

them to focus on critical cases requiring human

expertise.
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Fig 3: Collaboration of multiple clients in federated

learning
D. Limitations & Challenges

Despite their strong performance, both models have

some limitations:

LSTMs:

e Struggles with very long ECG sequences due to the
vanishing gradient problem.
e Require sequential processing, leading to longer

training times.

Transformers:
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e Higher memory requirements due to the self-
attention mechanism.

e More complex hyperparameter tuning is required
compared to LSTMs.

D. Statistical Validation

A Wilcoxon signed-rank test was conducted to ensure
that the observed improvements in model performance
were statistically significant. The results indicated a p-
value < 0.05, confirming that the Transformer model's

improvement over LSTMs was statistically significant.

V. DISCUSSION ON DEPLOYMENT CHALLENGES

Al-powered wearable health monitoring systems, while

promising, face several real-world deployment

challenges:

e Computational Constraints: Wearables operate on
low-power processors, making it difficult to deploy
large AI models.

e Data Privacy & Security: Storing patient health data
on centralized servers raises privacy concerns,
necessitating federated learning approaches.

e Regulatory Compliance: Healthcare Al applications
must adhere to strict regulations such as HIPAA and
FDA approvals, which can delay deployment.

e Model Optimization for Edge Al: Reducing the size
and complexity of models while maintaining
accuracy remains a significant challenge.

A hybrid approach involving lightweight Transformer

variants and on-device federated learning may help

overcome these barriers, making Al-powered wearables

more practical for clinical use.

VI. FUTURE SCOPE

Future research will focus on enhancing Al-powered
wearables by integrating multimodal sensor data (ECG,
SpO2, blood pressure, and temperature) for more
comprehensive health monitoring. Efforts will also be
directed toward improving federated learning,
addressing privacy concerns, reducing communication
overhead, and mitigating model drift in decentralized

training.
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Edge Al optimization will enable real-time, low-power
inference on wearable devices by deploying lightweight
Additionally,  regulatory

compliance and clinical validation will be prioritized,

Transformer models.

ensuring Al models meet FDA and healthcare standards

for widespread adoption.

the

wearables with electronic health records (EHRs) will

Finally, seamless integration of Al-powered

enhance interoperability, allowing real-time data
sharing with healthcare providers for improved patient
care.

VII. CONCLUSION
This study demonstrated the potential of LSTM and
Transformer models for real-time health monitoring
using wearable devices. Our results indicate that
Transformer models outperform LSTMs in ECG
classification, with significant accuracy gains. Future
research will explore multimodal data fusion, federated
learning, and real-time deployment for practical Al
applications in healthcare.
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