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Abstract: Millions of people worldwide suffer from epilepsy, a neurological condition that carries serious risks due to its unpredictable
seizures (World Health Organization, 2023). Accurate seizure prediction can enhance patient safety by facilitating swift interventions.
However, current models rely heavily on centralized processing and constant connectivity, which limits their practical efficiency, particularly
in remote environments (Kuhlmann et al., 2021). This study proposes a theoretical framework that integrates Oblique Federated Learning
(OFL) and Delay Tolerant Networking (DTN) to improve seizure prediction techniques. DTN uses a store-and-forward mechanism to prevent
data loss and ensure smooth information transmission in low-connectivity environments (Farrell & Cahill, 2019). OFL allows distributed
model updates without sharing private EEG data, enabling personalized learning on-device while protecting user privacy (Li et al., 2020). The
framework ensures a scalable, energy-efficient, and privacy-preserving approach to wearable seizure prediction. Future research directions
include clinical validation, optimization for energy efficiency, and mitigation of false positives.
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1. Introduction

Epilepsy affects approximately 50 million people worldwide,
significantly impacting patients’ safety and quality of life
(World Health Organization, 2023). Advances in machine
learning (ML) and deep learning (DL) have enabled seizure
prediction models using EEG (Electroencephalogram)
signals, heart rate variability (HRV), and multimodal
sensors (Zhang et al., 2020). However, existing models depend
on centralized cloud-based processing, making them
impractical for rural and resource-limited environments due to
their reliance on continuous internet connectivity (Ahmed,
Raza, & Hussain, 2021).

1.1 Problem Statement

Current seizure prediction models require continuous
connectivity and centralized processing, which makes them
impractical for real-world use, especially in remote and low-
connectivity settings (Sharma, Kumar, & Gupta, 2020).

1.2 Research Objective

Current seizure prediction models require continuous
connectivity and centralized processing, which makes them
impractical for real-world use, especially in remote and low-
connectivity settings (Sharma, Kumar, & Gupta, 2020).

1.3 Significance of Study
This framework can:

o Enable timely interventions, reducing emergency cases
(Shoeb & Guttag, 2010).

« Enhance seizure prediction in remote areas by overcoming
connectivity barriers (Farrell & Cahill, 2019).

« Ensure privacy-focused Al applications, securing patient
data (McMahan et al., 2017).

2. Literature Review
2.1 Existing Seizure Prediction Models

Several studies have proposed ML/DL-based approaches for
seizure detection using EEG and HRV data (Yuan, Wang, &
Chen, 2022). However, these models often suffer from false
positives, energy inefficiencies, and network dependencies
(Kuhlmann et al., 2021).

2.2 Federated Learning in Healthcare

Federated Learning (FL) has been widely adopted to improve
predictions while preserving privacy (Li et al., 2020). However,
challenges such as computational burden and security risks
remain (Patel, Sharma, & Singh, 2022).

2.3 DTN in Health Monitoring

DTN employs a store-and-forward mechanism to ensure
reliable data transmission in network-constrained environments
(Farrell & Cahill, 2019). This technique has been successfully
applied to medical loT devices (Ahmed, Raza, & Hussain,
2021).

2.4 Advancements in Wearable Al for Seizure Prediction

The integration of wearable Al and loT-based epilepsy
management is a rapidly emerging field (Sharma, Kumar, &
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Gupta, 2020). However, optimizing these systems for privacy,
energy efficiency, and accuracy remains a challenge.

3. Proposed Framework: DTN + OFL for
Seizure Prediction

Comaparative analysis of DTN and OFL

Features

Delay Tolerant Networking (DTN)

Oblique Federated Learning (OFL)

Purpose

Enables data transmission in low-connectivity
environments

Enhances on-device model training while
preserving privacy

Data Handling

Uses store-and-forward mechanisms to ensure data is
eventually delivered

Processes data locally, only sharing model
updates

Connectivity Requirements

Works effectively even in intermittent or poor network
conditions

Reduces dependency on continuous cloud
connectivity

Privacy

Limited privacy as data may still be transmitted

High privacy as raw data is never shared

Computational Load

Low, since it mainly manages data transmission

Higher, as models are trained on local devices

Energy Efficiency

Moderate; energy usage depends on data transfer needs

Optimized with adaptive learning schedules for
battery conservation

Application in Seizure

Ensures seizure alerts are delivered even with

Creates personalized seizure prediction models

Prediction connectivity issues

without compromising privacy

4. Theoretical Model Architecture

This study proposes a wearable seizure prediction system that
integrates EEG and HRV data with DTN and OFL. The
architecture consists of:

Wearable EEG sensors to collect real-time brain activity data
(Yuan, Wang, & Chen, 2022).

DTN-based data transmission to ensure continuous monitoring
despite network disruptions (Ahmed, Raza, & Hussain, 2021).
OFL-based model training to develop personalized seizure
detection models without sharing raw EEG data (Li et al.,
2020).

Cloud-edge computing integration for occasional updates and
model synchronization (Patel, Sharma, & Singh, 2022).

5. Potential Real-World

Strategy

Implementation

5.1 Hardware Requirements

o Wearable EEG sensors for continuous monitoring.

« Edge Al chips (e.g., Neuromorphic Chips, TPUS).

« DTN-enabled loT gateways for resilient data transmission.

5.2 Scalability Considerations

« Adaptable for low-cost commercial wearables.
« Expandable to 5G hybrid edge-cloud environments.

6. Ethical Considerations
Compliance

& Regulatory

6.1 Privacy and Data Security

« HIPAA, GDPR, and India’s DPDPA compliance.
o OFL prevents raw EEG data transmission (McMahan et al.,
2017).

6.2 Bias in Al Seizure Prediction

Need for diverse datasets to prevent false positives across
patient demographics (Shoeb & Guttag, 2010).

7. Performance Metrics for Evaluation
7.1 Key Performance Indicators

 Sensitivity & Specificity (Zhang et al., 2020).

 False Positive Rate (FPR) (Kuhlmann et al., 2021).
o Model Convergence Time (Farrell & Cahill, 2019).
o Energy Efficiency (Patel, Sharma, & Singh, 2022).

8. Challenges of DTN and OFL Integration

Despite its advantages, integrating DTN and OFL in seizure

prediction presents several challenges:

o Latency |Issues in DTN - The store-and-forward
mechanism may introduce delays, affecting real-time
seizure alerts (Farrell & Cabhill, 2019).

o Computational Load in OFL - On-device learning
requires optimization to minimize battery drain and
maintain efficiency (Li et al., 2020).

« Balancing Accuracy & Energy Efficiency — Adapting
learning rates dynamically can help optimize both factors
(Patel, Sharma, & Singh, 2022).

9. Comparative Study with Existing Methods

Seizure prediction has been a growing area of research, with
various machine learning and deep learning models proposed
for accurate forecasting. However, existing models face
limitations related to connectivity dependency, privacy
concerns, and computational efficiency. The proposed DTN
+ OFL framework aims to overcome these challenges by
ensuring reliable data transmission and enabling privacy-
preserving learning on wearable devices.
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Features

Traditional Cloud Based Models

Federated Learning Models

Proposed DTN+OFL Framework

Data Transmission

Requires continuous internet
connectivity

Partial dependency on
connectivity

Works in low-connectivity
environments (DTN)

Privacy And Security

Raw EEG data is transmitted to
cloud

Model updates are shared,
but risks remain

No raw data transmission,
enhancing privacy (OFL)

Computational Load

Processing done in cloud,
reducing device burden

Moderate local training, but
requires stable networks

Optimized on-device learning
with adaptive FL

Latency And Response Time

High due to cloud dependency

Medium (depends on server
synchronization)

Low-latency alerts using local
computation

Energy Efficiency Low (continuous data Moderate, but still network- Optimized for battery efficiency
transmission consumes battery) dependent (adaptive learning schedules)
False Positive Reduction Moderate (depends on training Improved with distributed High (personalized learning
data size) learning enhances accuracy)
Scalability And Adaptability Difficult to scale in remote Limited scalability due to High scalability for real-world
settings network reliance applications

10. Conclusion
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This study presents a DTN + OFL-based seizure prediction
framework, addressing critical challenges related to network
reliability, privacy, and energy efficiency. By combining the
store-and-forward mechanism of DTN with privacy-
preserving federated learning, this framework ensures seizure (6]
alerts are delivered even in low-connectivity areas while
maintaining model performance.

11. Future Research Directions [7]

o Clinical Trials with Real EEG Datasets — Validating the
model’s efficacy with real patient data (Kuhlmann et al.,
2021).

« DTN Latency Optimization for Real-Time Alerts —
Improving data transmission efficiency for faster response
times (Farrell & Cahill, 2019).

o Energy-Efficient Al Models for Wearable Chips —
Enhancing battery performance for real-world usability
(Patel, Sharma, & Singh, 2022).

e Hybrid Edge-Cloud Integration for Scalability -
Developing adaptive architectures to balance local and
cloud computing (Li et al., 2020).

Collaboration with neurologists, Al researchers, and
industry partners is crucial for translating this theoretical
advancement into practical applications.
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