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1 Patient and seizure metadata

Table S1 contains information on each patient information (gender, age, and number of seizures) and their seizures (seizure
classification, seizure activity pattern, state of vigilance at seizure onset, and recording time). The data was obtained from

the EPILEPSIAE database', and every patient suffers from Temporal Lobe Epilepsy.

Table S1: Information for the 40 studied patients.
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Table S1 — Continued from previous page
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Gender: female (f), male (m); Seizure classification: unclassified (UC), Focal Onset Aware (FOA), Focal Onset Impaired (FOIA), Focal to Bilateral
Tonic-Clonic (FBTC); Seizure activity pattern: unclear (?), rhythmic sharp waves (s), alpha waves (a), rhythmic delta waves (d), rhythmic theta waves
(t), thythmic beta waves (b), repetitive spiking (r), cessation of interictal activity (c), amplitude depression (m); Vigilance state: awake (A), REM sleep

stage (R), Non-REM sleep stage I (1), Non-REM sleep stage 1I (2).



2 Feature details

Here, we present a detailed description of the extracted features. Linear features are mathematical measures using ampli-
tude and phase/frequency information to extract linear aspects from signals. These features assume that the EEG signal is
quasi-stationary within each time window.

Statistical Moments

Statistical moments can characterize to some extent the amplitude distribution of the EEG time series. The first four
statistical moments are the mean (the central tendency of the samples’ amplitude), the variance (the dispersion of the
samples’ amplitude around its mean), the skewness (the degree of asymmetries of the amplitude distribution), and the
kurtosis (the relative flatness or peakedness of the amplitude distribution). Comparing the preictal period with the interictal
one shows significant changes to these statistical measures. Specifically, the preictal stage is connected to an increase in
kurtosis and a decrease in variance®S.

Hjorth Parameters

Hjorth parameters detect an increase of energy in the brain caused by an intensification of brain activity. These parameters
are activity, mobility, and complexity. Hjorth activity is measured through amplitude variance, and the variance of the
time function can be interpreted as the surface of the power spectrum in the frequency domain. Hjorth mobility is an
estimate of the mean frequency obtained by quantifying the variance of a time-series’ slopes normalized by the variance
of its amplitude distribution. Hjorth complexity is an estimate of the bandwidth and is defined as the variance of the rate
of slope changes with an ideal sinusoid as a reference. Studies show that during the preictal period, there is a substantial
rise in the mobility and complexity of the EEG>°.

Decorrelation Time

Decorrelation time represents the first zero-crossing of the autocorrelation function. It is a measure that detects repeating
patterns or identifies the fundamental frequency underlying its harmonic frequencies. Additionally, decorrelation time
provides information about the typical time scale of data variability and can be used to measure signal stochasticity. A
value of 0 indicates that a signal is entirely stochastic or white noise. Decreases in decorrelation time have been observed
before seizures, indicating its potential for detecting preictal periods>*°.

Relative Spectral Power

Features in the frequency domain can be used to capture shifts from low to high frequencies. The EEG signal is decom-
posed into frequency bands (delta, theta, alpha, beta, and gamma), and their spectral power is computed. These are the
most widely used features and can be determined using the Power Spectral Density (PSD) of the time series within a
time window. One of the ways to calculate PSD is to perform the Fast Fourier Transform (FFT) on the time series and
average the squared coefficients of the frequency range of interest. This calculation assumes the signal in each window is
long enough to capture the low-frequency activity of the brain but short enough to be considered quasi-stationary. Several
studies suggest a transfer of PSD from lower to higher frequencies before seizure onset”* 6.

Spectral Edge Frequency and Power

Typically, the spectral power of the EEG signal is distributed between 0 Hz and 40 Hz. The Spectral Edge Frequency
(SEF) and the Spectral Edge Power (SEP) quantify the power distribution within this frequency range. The SEF is the
threshold frequency under which x percentage of the signal’s full spectral power is encompassed. The SEP is the value of
power existing under this defined threshold. For the mentioned 0-40 Hz frequency band characteristic of EEG, the value
of x = 50% is widely used. Therefore, the SEF may be able to capture the shift from lower to higher frequencies in the
preictal period that many studies suggest’>.

Wavelet Coefficients Energy

The Discrete Wavelet Transform (DWT) is a time-frequency domain transform that decomposes the signal in different
resolution levels according to different frequency ranges. It can be an alternative to the FFT. Wavelet analysis decomposes
a signal into time-variant frequency components. It provides a high-frequency resolution for lower frequencies and a high
time resolution for higher ones, capturing sudden changes and minor details in the signal. By computing the energy
of the signal components generated by the decomposition, it is possible to measure the energy in different frequency
ranges? 461014,



3 Results obtained for all approaches

Tables S2, S3, and S4 contain the grid-search results for the optimal parameters and the performance results for the
Logistic Regression, the 15 SVM ensemble, and the 15 SNN ensemble, respectively.

Table S2: Grid-search and testing results for the Logistic Regression model. SOP stands for Seizure Occurrence Period, SS for
Sensitivity, FPR/h for False Positive Rate per Hour, IoC for Improvement over Chance, TiW for Time in Warning, BS for Brier Score,
and BSS for Brier Skill Score.

Grid-Search Prediction Forecasting
Patient ested  SOP -y ptures ss FPRM °C ss mw Bs Bss 1°C 1€
seizures  (mins) SS SS BS
402 2 50 20 0.00 0.00 0.00 0.00 0.17 -0.05
8902 2 25 7 1.00 0.10 X 1.00 0.10 0.08 0.21 X X
11002 1 20 7 0.00 0.71 0.00 0.16 0.28 0.00 X
16202 4 20 30 0.00 0.03 0.00 0.01 0.07 -0.08
21902 1 40 10 0.00 0.00 0.00 0.00 0.10 -0.15
23902 2 45 15 0.50 1.09 1.00 025 031 0.13 X X
26102 1 50 30 0.00 0.00 0.00 0.00 0.15 -0.02
30802 5 50 5 0.20 0.37 0.80 041 030 -0.23 X
32702 2 20 7 0.50 0.05 X 0.50 0.04 0.07 022 X X
45402 1 25 20 0.00 0.55 0.00 0.09 023 0.01 X
46702 2 30 20 0.00 0.00 0.00 0.00 0.20 0.00
50802 2 20 10 0.00 0.26 0.00 0.05 0.07 023 X
52302 1 45 30 0.00 0.94 0.00 043 051 -0.06
53402 1 40 20 0.00 0.27 1.00 0.14 0.17 0.16 X X
55202 5 45 3 0.20 0.52 0.80 029 028 -0.01 X
56402 1 20 10 0.00 0.51 0.00 0.11 0.19 0.00
58602 3 20 3 0.00 0.52 0.00 0.14 025 -0.04
59102 2 35 30 0.50 0.99 1.00 040 037 -0.14 X
60002 3 35 7 0.00 0.05 0.00 0.06 0.18 -0.09
64702 2 40 3 0.00 0.52 0.50 0.15 0.19 0.19 X X
75202 4 25 30 0.00 0.04 0.00 0.01 0.08 -0.07
80702 3 40 30 0.33 0.27 X 0.33 0.09 024 0.09 X X
85202 2 20 20 0.00 0.11 0.00 0.03 0.08 -0.03
93402 2 20 3 1.00 0.46 X 1.00 033 031 -0.60 X
93902 3 45 5 0.00 0.12 0.33 0.04 0.15 0.16 X X
94402 4 45 30 0.00 0.71 0.25 0.20 0.31 0.00
95202 4 25 15 0.00 0.34 0.25 0.08 0.13 0.12 X X
96002 4 25 3 0.25 0.52 0.25 0.18 0.23 0.09 X
98102 2 25 20 0.00 0.12 0.50 0.03 0.07 0.16 X X
98202 5 25 30 0.00 0.02 0.00 0.01 0.15 0.02 X
101702 2 50 30 0.00 0.66 0.50 0.32 027 0.02 X
102202 4 50 3 0.00 0.04 0.00 0.02 0.09 0.10 X
104602 2 35 30 0.00 0.37 0.00 0.10 0.20 0.09 X
109502 1 30 20 0.00 1.95 0.00 043 044 -0.02
110602 2 40 10 0.50 0.31 X 0.50 0.17 0.19 0.10 X X
112802 3 20 3 0.33 0.68 0.67 0.27 028 -0.19 X
113902 3 45 30 0.00 0.05 0.00 0.04 0.17 0.01 X
114702 5 35 30 0.00 0.00 0.00 0.00 0.13 -0.06
114902 4 25 10 0.00 0.00 0.00 0.00 0.05 0.17 X
123902 2 25 3 0.00 0.00 0.00 0.00 0.03 -0.08




Table S3: Grid-search and testing results for the SVM ensemble model. SOP stands for Seizure Occurrence Period, SS for Sensitivity,
FPR/h for False Positive Rate per Hour, IoC for Improvement over Chance, TiW for Time in Warning, BS for Brier Score, and BSS

for Brier Skill Score.
Grid-Search Prediction Forecasting
Patient o SOP oy eatures Covale S FPRM OC  ss mw  Bs  Bss oo '€
seizures  (mins) SS SS BS
402 2 50 30 272 0.00  0.00 0.00 0.00 0.13 -0.50
8902 2 20 20 2-8 050 020 X 1.00 015 011 000 X
11002 1 20 15 27100 000 269 1.00 046 045 -001 X
16202 4 20 15 20 0.00  0.06 0.00 0.02 008 -0.01
21902 1 35 7 272 0.00  0.00 0.00 0.00 014 -0.16
23902 2 45 10 2-8 0.00 138 0.50 031 037 0.08 X
26102 1 50 30 22 0.00 0.10 0.00 0.04 0.15 0.00 X
30802 5 50 15 2710 060 038 X 080 044 036 -025 X
32702 2 20 30 28 0.00 0.11 0.00 001 007 0.03 X
45402 1 20 15 22 0.00 0.85 0.00 0.16 024 -0.05
46702 2 50 30 24 0.00  0.00 0.00 0.00 0.19 -0.04
50802 2 20 30 2-8 0.00 0.16 0.00 004 006 021 X
52302 1 50 3 20 0.00 1.05 0.00 0.19 031 -0.15
53402 1 40 3 210 000 027 1.00 0.16 023 011 X X
55202 5 20 20 27100 020 1.06 020 026 028 -0.09
56402 1 20 15 2710 000 345 0.00 053 048 -0.02
58602 3 20 3 27100 0,00  0.00 0.00 0.00 006 -0.14
59102 2 50 15 2= 0.00  0.59 0.00 027 031 -0.13
60002 3 25 10 28 033 032 033 028 031 -0.04
64702 2 35 3 2710 000 140 050 029 028 023 X
75202 4 30 30 27100 000 004 0.00 0.02 009 -0.13
80702 3 45 15 2710 067 048 X 067 021 027 011 X X
85202 2 20 20 210 050 1.21 X 1.00 027 029 005 X X
93402 2 20 5 2-8 050 120 1.00 030 031 -012 X
93902 3 35 3 210 000 006 0.00 001 013 0.04 X
94402 4 20 20 24 0.00 1.54 0.00 029 033 0.02 X
95202 4 25 30 27100 025 062 025 0.19 020 0.10 X
96002 4 45 20 pE 0.00 0.94 025 042 046 -0.05
98102 2 25 15 2-10 050  0.17 X 050 005 010 009 X X
98202 5 20 10 28 0.00 155 0.00 023 027 0.18 X
101702 2 20 15 20 0.00  0.87 050 0.19 022 0.04 X
102202 4 50 5 2-6 0.00 036 050 0.18 028 000 X X
104602 2 25 3 2710 050 267 1.00 041 038 008 X X
109502 1 50 5 2= 0.00 029 0.00 0.15 023 -0.05
110602 2 25 30 2710 000 045 050 0.16 020 004 X X
112802 3 35 3 2 0.00 222 0.67 065 060 -0.12
113902 3 20 7 27100 033 021 X 033 005 017 003 X X
114702 5 35 10 = 0.00  0.00 0.00 0.00 0.13 -0.02
114902 4 20 3 210 025  0.20 X 025 006 008 024 X X
123902 2 20 3 = 0.00  0.00 0.00 0.00 0.04 -0.09




Table S4: Grid-search and testing results for the SNN ensemble model. SOP stands for Seizure Occurrence Period, SS for Sensitivity,
FPR/h for False Positive Rate per Hour, IoC for Improvement over Chance, TiW for Time in Warning, BS for Brier Score, and BSS

for Brier Skill Score.
Grid-Search Prediction Forecasting
. Tested SOP IoC . IoC IoC
Patient seizures (mins) SS FPR/h SS SS Tiw BS BSS SS BS
402 2 20 0,00 0,11 0,00 0,03 0,12 -0,23
8902 2 20 0,50 0,10 X 1,00 0,06 0,07 0,23 X X
11002 1 20 0,00 0,42 1,00 0,11 0,16 0,08 X X
16202 4 20 0,00 0,10 0,00 0,03 0,09 -0,09
21902 1 35 0,00 0,67 0,00 023 025 -0,14
23902 2 20 0,00 0,93 0,00 0,25 0,33 -0,09
26102 1 20 0,00 0,09 0,00 0,01 0,10 0,03 X
30802 5 25 0,60 0,56 X 080 037 029 -037 X
32702 2 35 0,00 0,00 0,00 0,00 0,12 -0,38
45402 1 20 0,00 1,69 0,00 032 034 -0,04
46702 2 35 0,00 0,00 0,00 0,00 0,10 -0,03
50802 2 25 0,00 0,09 0,00 0,02 0,06 0,10 X
52302 1 20 0,00 0,63 0,00 0,11 0,19 0,00
53402 1 40 0,00 0,27 0,00 0,10 0,17 0,13 X
55202 5 25 0,20 1,33 0,80 044 037 -0,11
56402 1 25 0,00 1,74 0,00 037 041 -0,03
58602 3 45 0,00 0,00 0,00 0,00 0,12 -0,25
59102 2 35 0,50 1,27 1,00 0,38 037 0,01 X X
60002 3 20 0,33 0,22 X 033 0,16 023 0,00
64702 2 25 0,00 0,27 0,00 0,06 0,12 0,19 X
75202 4 20 0,50 0,24 X 050 008 013 -008 X
80702 3 20 0,33 0,00 X 033 000 006 0,11 X X
85202 2 20 0,00 0,44 0,00 0,12 0,21 -0,06
93402 2 20 0,00 0,19 0,00 0,12 0,22 -057
93902 3 20 0,00 0,24 0,00 0,08 0,12 -0,08
94402 4 20 0,50 3,37 X 050 050 043 0,04 X
95202 4 20 0,25 0,30 X 025 0,10 0,13 -0,01
96002 4 45 0,25 0,31 0,25 0,15 025 -0,08
98102 2 20 0,00 0,05 0,00 0,01 0,06 0,12 X
98202 5 25 0,00 0,25 0,00 0,04 0,16 0,00 X
101702 2 20 0,00 1,15 0,50 0,26 027 0,03 X
102202 4 30 0,00 0,11 0,25 0,02 0,09 0,13 X X
104602 2 30 0,50 0,47 X 050 o011 0,19 0,15 X X
109502 1 25 0,00 0,05 0,00 0,01 0,10 -0,03
110602 2 20 0,00 0,70 0,00 0,17 0,19 0,04 X
112802 3 25 0,33 0,69 0,67 040 039 -0,52 X
113902 3 20 0,00 0,05 0,00 0,00 0,07 0,13 X
114702 5 25 0,00 0,14 0,00 0,02 0,10 0,01 X
114902 4 30 0,00 0,13 0,25 0,05 0,10 0,22 X X
123902 2 25 0,00 0,00 0,00 0,00 0,03 -0,07
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