EpilepsySpikeNet: A Neuromorphic Approach to Patient-Specific Epileptic Seizure Prediction
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Epileptic seizure prediction for low-power devices remains challenging. We investigate Spiking ﬂ Patient Mean Acc. Range AUC
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from three patients across multiple recording sessions. Performance varied between subjects: T 5 MaPont (112 Gonea (L) 1 T10s MaxPool (1x2) A
CHBOY achieved perfect classification across all sessions (100% mean accuracy, AUC=1.0), CHBO1 Bhe Convl (1x7) + LIF1

Table 1. Performance across multiple recording sessions per patient

achieved mean accuracy of 93.95%, and CHBO3 achieved mean accuracy of 86.46%. High AUC val-
ues (> 0.879) across all sessions indicate the model effectively captures discriminative EEG features,
but patient-specific calibration is critical due to intra-patient variability across recording sessions.

High AUC values (> 0.88) across all sessions indicate the model effectively captures discriminative
EEG features.

Figure 1. EpilepsySpikeNet Architecture: Two convolutional layers followed by a fully connected layer and output
layer for binary classification.

Introduction Results: Patient CHBo7

Conclusions

Epilepsy affects millions worldwide, with approximately 30% experiencing drug-resistant epilepsy. Confusion Matrix: chb07-01

Implantable EEG devices can predict seizures minutes in advance, but conventional neural networks
are energy-intensive.
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= Promising Results: SNNs trained with surrogate gradients show strong potential for epileptic
seizure prediction

£ Lo - = Patient Specificity: Performance varies significantly between subjects (86.46%-100% mean
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Patient Variability: Seizure patterns vary significantly between patients _ 8 . = High Discrimination: Strong AUC values demonstrate effective feature learning
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Spiking Neural Networks (SNNs) offer event-driven, low-power computation as an alternative to Predicted - - o esitive Roca e +0 P | 5er P | |
conventional deep learning. We train SNNs using Surrogate Gradient Descent to enable end-to- | . = Quantify energy efficiency on neuromorphic hardware
. . : : o (a) Confusion Matrix (b) ROC Curve : . . .
end learning for epileptic seizure prediction. = Develop generalized models with patient personalization
K C ibuti Figure 2. CHBO7 achieved perfect classification across all sessions (100% accuracy, AUC=1.0)
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