Epileptic seizure prediction from eigen-wavelet multivariate self-similarity
analysis of multi-channel EEG signals
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Goal Method Results
Detection of preictal states from scale-free Eigen-wavelet estimation of multivariate Improved classification performance
analysis of multi-channel scalp EEG recordings self-similarity parameter vector compared to univariate and classical
H=(Hy,...,Hy) | multivariate analyses
(GOAL AND DATA DETECTION OF PREICTAL STATES
Epileptic seizure prediction (binary classification) Wavelet analysis scales: 291 = 2! — 272 = 24 (frequencies: 10 — 85Hz)
- preictal state: period occuring few minutes before an epileptic seizure Single-window analysis (Subject 5)
-interictal state: period far in time from an epileptic seizure T
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Estimation
— difference between preictal and interictal estimate distributions
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— HM outperforms HY
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