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High frequency oscillations Objective: When considering all patients with focal drug-resistant epilepsy, as high as 40-50% of patients

Connectivity suffer seizure recurrence after surgery. To achieve seizure freedom without side effects, accurate localiza-
Machine learning tion of the epileptogenic tissue is crucial before its resection. We investigate an automated, fast, objective
mapping process that uses only interictal data.
Methods: We propose a novel approach based on multiple iEEG features, which are used to train a sup-
port vector machine (SVM) model for classification of iEEG electrodes as normal or pathologic using 30
min of inter-ictal recording.
Results: The tissue under the iEEG electrodes, classified as epileptogenic, was removed in 17/18 excellent
outcome patients and was not entirely resected in 8/10 poor outcome patients. The overall best result
was achieved in a subset of 9 excellent outcome patients with the area under the receiver operating
curve = 0.95.
Conclusion: SVM models combining multiple iEEG features show better performance than algorithms
using a single iEEG marker. Multiple iEEG and connectivity features in presurgical evaluation could
improve epileptogenic tissue localization, which may improve surgical outcome and minimize risk of side
effects.
Significance: In this study, promising results were achieved in localization of epileptogenic regions by
SVM models that combine multiple features from 30 min of inter-ictal iEEG recordings.
© 2019 International Federation of Clinical Neurophysiology. Published by Elsevier B.V. All rights
reserved.

ABSTRACT

1. Introduction

Epilepsy is one of the most prevalent neurological diseases
(Leonardi and Ustun, 2002). While roughly two-thirds of patients
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Precise localization of the focal region generating a patient’s sei-
zures is required for surgical resection, the most effective (Téllez-
Zenteno et al., 2010) and commonly performed treatment (Kelly
and Chung, 2011), and to guide implantation of electrodes for ther-
apeutic brain stimulation (Fisher and Velasco, 2014; Bergey et al.,
2015). Accurate localization of epileptogenic tissue is critical for
achieving optimal outcomes and minimizing risk of side effects.

Currently, the clinical gold-standard for localization of epilepto-
genic tissue is obtained by recording spontaneous seizures with
intracranial EEG (iEEG). This requires days to weeks of recording
and can be associated with patient discomfort and risk, (Van
Gompel et al., 2008). The iEEG is used in combination with other
modalities to ensure concordance of the multi-modal information
but when considering all types of focal epilepsy the seizure-free
outcome is achieved in only approximately 50% of patients
(Téllez-Zenteno et al., 2010).

The visual analysis of the massive iEEG datasets is time con-
suming and subject to observer biases. Naturally, this has led to
many attempts for automated localization of epileptogenic tissue
from inter-ictal iEEG recordings, which would significantly speed
up the pre-surgical evaluation process. Many of these seizure-
independent methods use high-frequency EEG power or rates of
high-frequency oscillations (HFO) (Bragin et al., 2002; Jacobs
et al., 2008; Worrell et al., 2008; Cimbalnik et al., 2016). These
methods show promise for pathological tissue localization, and
have been shown successful in 25 of the patients (Cimbalnik
et al., 2018; Jacobs et al., 2018). The reason for the failures might
be caused by false positive detections (Bénar et al., 2010) or by
the fact that physiological HFOs (Kucewicz et al., 2014; Brazdil
et al., 2015) are challenging to distinguish from pathological HFOs
(Matsumoto et al., 2013; Cimbalnik et al., 2018).

Recently, functional connectivity was described as a new bio-
marker of the epileptogenic zone, i.e. the tissue that must be
resected or disconnected for seizure freedom (Liiders and Comair,
2001). During the inter-ictal period, different connectivity patterns
have been reported in a normal epileptic brain compared to the
seizure onset zone (SOZ) (Bettus et al., 2008; Dauwels et al.,
2009; Warren et al., 2010), which is also functionally isolated from
surrounding healthy tissue (Warren et al.,, 2010; Klimes et al.,
2016). Altered connectivity pattern in the epileptic brain has also
been used to predict surgery outcome (Antony et al., 2013).

Despite the promise of seizure-independent biomarkers, no sin-
gle marker has been consistently shown to be effective for all
patients (Cimbalnik et al., 2018; Jacobs et al., 2018). Electrophysi-
ological activity of the brain is not consistent across time (Pearce
et al., 2013; Gliske et al., 2018) and is affected by different states
of vigilance (Gross and Gotman, 1999; Staba et al., 2002; Kremen
et al.,, 2017). Therefore, utilizing the HFO rate, or connectivity as
a stand-alone biomarker is unlikely to be successful in all cases
(Khadjevand et al., 2017; Cimbalnik et al., 2018; Jacobs et al.,
2018). Combination of multiple features might provide a more
robust estimation (Gnatkovsky et al.,, 2014; Varatharajah et al.,
2018).

Here we explore the utility of combining different information
represented by multiple iEEG biomarkers. A previous study by
Varatharajah et al. (2018) used a combination of univariate fea-
tures (HFO rate and phase-amplitude coupling) for SOZ localization

(Varatharajah et al., 2018). We investigated a combination of uni-
variate and bivariate iEEG features given they are likely to carry
different information. These features are used to train the Support
Vector Machine (SVM) model which is used to identify electrodes
with the highest probability of being in the epileptogenic region.

2. Methods

To promote transparency and ensure reproducibility of our
results, the SVM code and feature data are available online
(https://github.com/ICRC-BME/machine_learn_module).

2.1. Patients

All patients underwent intracranial depth and subdural elec-
trode implantation as part of their evaluation for epilepsy surgery
when non-invasive studies could not adequately localize the sei-
zure onset zone. All patients recorded in the Brno Epilepsy Center
or Mayo Clinic between years 2011 and 2016 were selected for this
study. Patients without implanted white matter, electrode coordi-
nates, SOZ information or with poor recording quality were omit-
ted from the cohort. The final cohort of patients, who
participated in the study, consisted of 43 patients from Brno Epi-
lepsy Center and 34 from Mayo Clinic (Supplementary Table 1).

Since we used three different targets for classification (1. SOZ
contacts, 2. Resected contacts, 3. SOZ overlapped with resected
contacts), the final cohort was further divided into three sub-
groups. For SOZ target all patients were included. For resected con-
tacts target only patients with information about surgical outcome
and resected area were included resulting in a subgroup of 30
patients (9 good and 7 bad outcome patients in Brno Epilepsy Cen-
ter, 9 good and 5 bad outcome patients in Mayo Clinic). For SOZ
overlapped with resected contacts target the subgroup consisted
of 28 patients (9 good and 5 bad outcome patients in Brno Epilepsy
Center, 9 good and 5 bad outcome patients in Mayo Clinic). The
information about the resected area was available only in 30
patients (16 in Brno dataset, 14 in Mayo dataset) mostly due to
poor quality of imaging data (slices >2 mm) or implantation of
vagus nerve stimulator. The numbers of patients in each group
are available in Table 1.

The study was approved by the Brno Epilepsy Center - St. Anne’s
University Hospital Research Ethics Committee and the Mayo
Clinic Institutional Review Board. All patients provided informed
consent.

2.2. Intracranial EEG recordings

2.2.1. Brno Epilepsy Center, St. Anne’s University Hospital

43 patients implanted with standard intracranial depth elec-
trodes (5, 10 and 15 contact semi-flexible multi-contact platinum
electrodes DIXI (DIXI MEDICAL; CHAUDEFONTAINE, FRANCE) or
ALCIS(ALCIS, Besangon, France), contact surface area 5.02 mm?
and inter-contact distance 1.5 mm). All iEEG was acquired with a
common reference, an average signal from all iEEG channels. The
iEEG was recorded with a sampling frequency of 25 kHz. The data
was down-sampled to 5 kHz for further processing. 30 min of
relaxed awake activity was selected for the analysis. Anatomical

Table 1

The receiver operating curve classification results for different datasets and different definition of epileptogenic tissue.
Target S0z Resected SOZ + Resected
Outcome All Good Bad Good Bad
Mayo 0.770 (N = 34) 0.729 (N=9) 0.558 (N=5) 0.803 (N=9) 0.623 (N=5)
Brno 0.770 (N =43) 0.842 (N=9) 0.776 (N=7) 0.952 (N=9) 0.827 (N=5)
Joined 0.745 (N =77) 0.747 (N=18) 0.560 (N=12) 0.838 (N=18) 0.592 (N=10)
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localization of electrodes was achieved using post-implant MRI co-
registered to the patient’s pre-implant MRIL

2.2.2. Electrophysiology Laboratory, Mayo Clinic

34 patients, all implanted with intracranial depth electrodes
(AD-Tech Medical Inc, Racine, WI, 4 and 8 contact clinical depth
electrodes with Platinum/Iridium clinical macro-electrode con-
tacts, contact surface area 9.4 mm? and inter-contact distance
10 mm) and subdural grids and strips (4.0 mm diameter Plat-
inum/Iridium discs (2.3 mm diameter exposed) with 10 mm
inter-contact distance). All intracranial EEG was acquired with a
stainless steel suture as a common reference placed in the vertex
region of the scalp midline between the international 10-20 Cz
and Fz electrode positions. The iEEG was recorded with a sampling
frequency of 32 kHz and down-sampled to 5 kHz, with a 1 kHz
Bartlett-Hanning window low-pass filter. 30 min from 1 AM to
1:30 AM of the patient’s first night at ICU was selected for analysis.
The location of electrodes was determined from post-implant CT
data co-registered to the patient’s pre-implant MRI using normal-
ized mutual information (SPM8). Electrode coordinates were then
automatically labeled by SPM Anatomy toolbox, with an estimated
accuracy of 5 mm (Tzourio-Mazoyer et al., 2002).

2.3. EEG signal pre-processing

A visual inspection and automated detection based on convolu-
tional neural networks was used to detect noise, technical artifacts,
muscle and movement artifacts (Nejedly et al., 2018). Bad data seg-
ments or whole EEG channels were omitted from further analysis.
To remove scalp reference and suppress far-field potentials caused
predominantly by volume conduction a reference signal was calcu-
lated and subtracted from each iEEG signal. The reference signal
was calculated as an average signal from iEEG electrodes placed
in the white matter.

2.4. Identification of seizure onset zone

The seizure onset electrodes and time of seizures were deter-
mined from the clinical report and verified independently by iden-
tifying the electrodes with the earliest iEEG seizure discharge.
Seizure onset times and location were determined by visual iden-
tification of a clear electrographic seizure discharge, followed by a
look back in the iEEG recordings for the earliest electroencephalo-
graphic change contiguously associated with the seizure.

2.5. Identification of resected tissue

Post-resection MRI was used to identify areas of the brain that
were surgically removed. The electrodes localized within the
resected areas were marked.

2.6. Surgical outcomes

Surgical outcomes were classified according to the International
League Against Epilepsy (ILAE) classification system at Mayo Clinic
and Engel Surgical Outcome Scales at Brno. ILAE Class-1 and Engel
class IA were considered good outcome.

2.7. Calculated features

The EEG features were computed in three distinct groups: (1)
HFO features - computed from detections of oscillatory events in
the iEEG signal, (2) univariate features - computed on iEEG signal
from individual iEEG channel on a depth electrode, (3) bivariate
features - computed between two iEEG signals from two adjacent
iEEG channels on a depth electrode. In grid contacts the adjacent

channels were determined along the longitudinal axis of the grid.
HFOs and oscillatory events below HFO frequency bands (<80 Hz)
were detected in 10 sec, non-overlapping statistical windows.
Mean rate per channel was then calculated for the whole length
of recording. Univariate and bivariate EEG features were calculated
in 1 sec non-overlapping windows. The mean feature value of all 1
sec windows was calculated for each channel or channel pair. To
obtain one value per contact for bivariate features only the higher
of the two mean feature values was selected. All features were cal-
culated in 9 different frequency bands (1-4 Hz, 4-8 Hz, 8-12 Hz,
12-20Hz, 20-45Hz, 55-80Hz, 80-250Hz, 250-600 Hz, 600-
1000 Hz), except frequency- and phase-amplitude coupling, which
were calculated for fixed pair of frequencies only. The data were fil-
tered using 2nd order IIR bandpass Butterworth filters. All features
were normalized by z-score normalization before SVM model
training and testing.

2.7.1. HFO rate

Various HFO detectors have been described in the literature,
and direct comparison of detectors remains challenging (Roehri
et al., 2017). In this study, two different HFO detectors were used:
(1) The line-length detector (Gardner et al., 2007) which is sensi-
tive to any increase in band power but its specificity is low, espe-
cially with regard to false ripples created by sharply contoured
transients. This detector was run in all frequency bands. The detec-
tion thresholds were set to 3 standard deviations of the line-length
metric above the mean and the duration threshold was set to a
minimum of 5 oscillations. (2) The CS detector has been proven
to successfully eliminate false ripples produced by band pass filter-
ing of sharp transients (Cimbalnik et al., 2018). The threshold for
the detection was set to 0.1 and the duration threshold set to a
minimum of 5 oscillations. This detector was run in parallel with
the LL detector. Since the CS detector provides detections with
determined frequency, the HFO rate in individual frequency bands
was determined ad-hoc by the sum of detections that fell within
the frequency cut-offs of each frequency band.

The resulting HFO rates of the LL and CS detectors were treated
as separate features.

2.7.2. Power in band (univariate feature)

Increased Local Field Potential (LFP) amplitude is primarily
caused by synchronized activity of local neuronal synapses and
provides information about electrophysiological activity of mea-
sured region (Katzner et al., 2009). Relative power in band (PB)
for each iEEG channel was calculated as PB=<X?>/<X? ;.,,>, where
<> stands for mean, X; for the signal in selected frequency band
and X? ., for the non-filtered signal.

2.7.3. Frequency amplitude coupling (univariate feature)

Frequency amplitude coupling reflects how the signal amplitude
is modulated by a particular frequency band. Unlike other features,
this method used fixed pair of frequency bands: lower (1-30 Hz) for
time signal and higher (65-180Hz) for signal envelope
(Varatharajah et al., 2018). Frequency amplitude coupling (FAC)
was calculated as FAC = [cov(|xyl|,X.)/std(|xy|)-std(x,)], where X is
the time signal filtered in lower frequency band, xy is the Hilbert
transformation of the time signal filtered in higher frequency band,
cov stands for the covariance and std for the standard deviation.
The value of FAC varies in interval <—1,1>. FAC = 1 indicates perfect
dependence between frequency and amplitude, FAC = —1 indicates
opposite dependence, and FAC = 0 indicates no dependence.

2.7.4. Phase amplitude coupling (univariate feature)

Phase amplitude coupling reflects how the signal amplitude is
modulated by its instantaneous phase of particular frequency
band. Similarly to FAC, this method used fixed pair of frequency
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bands: lower (1-30Hz) for instantaneous phase and higher
(65-180 Hz) for signal envelope (Varatharajah et al., 2018). Instan-
taneous phase was calculated as @, = arctan(xy/x,), where xy is the
Hilbert transformation of the time signal x,, which was previously
filtered in lower frequency band. Phase amplitude coupling (PAC)
was then calculated as PAC = [cov(|Xy|, @.)/std(|Xy|)-std(P,)], where
Xy is the Hilbert transformation of the time signal, which was pre-
viously filtered in higher frequency band, cov stands for the covari-
ance and std for the standard deviation. The value of PAC varies in
interval <-1,1>. PAC=1 indicates perfect dependence between
phase and amplitude, PAC= —1 indicates opposite dependence,
and PAC = 0 indicates no dependence.

2.7.5. Power spectral entropy (univariate feature)

In general, information entropy is defined as the average
amount of information in observed data. In signal processing,
entropy reflects a randomness and spectral richness in continuous
time-series. Power spectral entropy (PSE) was calculated as
PSE = —sum[ps-logs(ps)], where ps is a fraction of particular exam-
ples in the dataset, in this case normalized spectral power density
obtained by Fourier transformation.

2.7.6. Relative entropy (bivariate feature)

To evaluate the randomness and spectral richness between two
time-series, the Kullback-Leibler divergence, i.e. relative entropy
(REN), was calculated. REN is a measure of how entropy of one
signal diverges from a second, expected one. The value of REN var-
ies in interval <0,+Inf>. REN = 0 indicates the equality of statistical
distributions of two signals, while REN > 0 indicates that the two
signals are carrying different information.

REN was calculated between adjacent iEEG channels X)Y as
REN = sum[pX-log(pX/pY)], where pX is a probability distribution
of investigated signal and pY is a probability distribution of
expected signal. Because of asymmetrical properties of REN, REN
(X, Y) is not equal to REN(Y, X). REN was calculated in two steps
for both directions (both distributions from channel pair were used
as expected distributions). The maximum value of REN was then
considered as the final result, regardless of direction.

2.7.7. Correlation (bivariate feature)

The linear correlation (LC) varies in interval <—1,1> and reflects
shape similarities between two signals. LC=1 indicates perfect
conformity between two signals, LC = —1 indicates opposite signals
and LC=0 indicates two different signals. LC was calculated by
Pearson’s correlation coefficient as: LCxy = [cov(X,Y.)/std(X;)-std
(Y:)], where XY, are the two evaluated signals, cov is the covari-
ance and std is the standard deviation.

2.7.8. Correlation with time-lag (bivariate feature)

The linear correlation between all adjacent iEEG channels was
calculated in 1 second non-overlapping intervals with a time-lag.
Maximum time-lag was equal to f,q/2 of selected frequency band.
Lagged linear correlation (LLC) for each time-lag k was calculated
by Pearson’s correlation coefficient as: LLCx),yik) = [cOV(Xik), Yeck))/
std(Xyx))-std(Yyr))], where X.Y; are the two evaluated signals, cov
is the covariance and std is the standard deviation. The maximum
value of correlation was stored with its time-lag value. Time-lag of
maximum LLC value was evaluated as a separate feature.

2.7.9. Phase lag index (bivariate feature)

Phase lag index (PLI) represents evaluation of statistical interde-
pendencies between time series, which is supposed to be less influ-
enced by the common sources (Stam et al., 2007). PLI calculation is
based on the phase synchronization between two signals with
constant, nonzero phase lag, which is most likely not caused by
volume conduction from a single strong source. Phase lag index

was calculated as PLI=|<sign[A=d(t,)]>|, where sign represents
signum function, <> stands for mean and 4= is a phase difference
between two iEEG signals. For calculation of instantaneous phase
see the phase-amplitude coupling paragraph. PLI was calculated
in 1 second non-overlapping intervals with time-lag. Maximum
time-lag was equal to f;,./2 of selected frequency band. The max-
imum value of PLI was stored with its time-lag value. Time-lag of
maximum PLI value was evaluated as a separate feature.

2.7.10. Phase synchrony (bivariate feature)

Instantaneous phase of each signal was calculated the same
way as in phase-amplitude coupling section. Phase synchrony
(PS) was then calculated as PS=,/[(<cos(®PX;) > P+(<sin(®Y,) > F],
where @X; is instantaneous phase of signal X,®Y, is instantaneous
phase of signal Y, <> stands for mean and ./ for square root.

2.7.11. Phase consistency (bivariate feature)

Calculation of phase consistency between two signals, regard-
less of any phase shift between signals. First, phase synchrony
(PS, defined above) was calculated for multiple steps of time delay
between two signals. Phase consistency (PC) was then calculated
as PC = <PS>+(1-std(PS)/0.5), where std is the standard deviation
and <> stands for mean.

2.8. Feature selection

Feature selection was carried out to determine the relevant fea-
tures for classification (in both datasets separately and together for
joined dataset). The features were separated into three groups:
HFO features, univariate features and bivariate features (connectiv-
ity) to take into account different information they represent. Each
group of features was evaluated separately by ANOVA. F-score val-
ues were used to determine the features that carry the most infor-
mation for pathological tissue localization. The relevant features in
each group were selected by determining outliers of F-score values
using modified z-score with threshold set to 3 (Iglewicz and
Hoaglin, 1993). Only features selected in respective dataset were
used in SVM model for all patients in that dataset.

2.9. Support vector machine classifier

Selected features were used to train and test an SVM model for
classification of tissue under individual electrodes as normal or
pathologic. Weights were applied to correct for the imbalanced
dataset resulting from more non-pathological channels than the
pathological ones. The weights were calculated as inversely pro-
portional to class frequencies. Leave-one-patient-out cross valida-
tion was used to train and test the SVM. In each iteration, the data
of one patient was held out for testing while the SVM was trained
on the remaining data. To obtain the best possible performance,
both linear and radial basis function (RBF) kernels were tested
and a parameter sweep was carried out to determine the optimal
value of the penalty parameter C and gamma parameters. The best
performing parameters were used for final classification (Table 2).
To evaluate the performance of the SVM models, the probability
estimate of correct target classification was used to create receiver
operating curves (ROC) and area under the curves (AUC) for each
leave-one-out iteration.

2.10. Model evaluation

To evaluate the feasibility of SVM for different usage scenarios
the feature selection and subsequent SVM model training were
done for three definitions of pathological tissue: (1) Seizure onset
zone, as a standard definition of pathological tissue commonly
defined in clinical practice. (2) Resected tissue, in patients with
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Table 2
The best performing parameters for Support Vector Machine for different datasets
and different definition of epileptogenic tissue.

Dataset SOZ Resected SOZ + Resected

Mayo rbf, C=0.1, rbf, C=10, rbf, C=10,
gamma = 0.001 gamma = 0.001 gamma = 0.001

Brno rbf, C=10, rbf, C=0.1, linear, C = 0.001
gamma = 0.001 gamma = 0.01

Joined rbf, C=0.01, rbf, C=1, rbf, C=0.1,
gamma = 0.001 gamma = 0.001 gamma = 0.001

excellent post-surgical outcome (ILAE 1 & Engel 1). (3) Resected
tissue overlapped with SOZ in patients with excellent post-
surgical outcome. This overlap was used to compensate for non-
pathological tissue removed as part of the surgical margin. For
example, in patients that have a standard anterior temporal lobec-
tomy approximately 3-4 cm of lateral temporal neocortex is
resected (Wiebe et al., 2001), even if apparent pathology is con-
fined to the mesial temporal structures. The trained SVM model
was also used to classify pathological channels in patients with
poor surgical outcome to assess if tissue under contacts classified
as pathologic was not resected during the surgery. The evaluation
was done on the whole dataset as well as separately on the data-
sets from two institutions. Testing for seizure onset zone, resected
tissue, and resected tissue overlapped with SOZ in Mayo Clinic,
Brno center and both datasets together resulted in 9 runs of the
algorithm. Statistical significance of the average AUCs was tested
with a Hanley-McNeil test by comparing them to chance
(AUC=0.5).

To evaluate the clinical relevance of the SVM model for individ-
ual patients, model training and classification were performed on
resected tissue overlapped with SOZ in excellent outcome patients
in a leave-one-out fashion. The classification of contacts in poor
outcome patients was done by a model trained on all excellent out-
come patients. To eliminate contacts misclassified due to residual
noise the contacts classified as pathologic were clustered based
on their spatial distribution in MNI space with the nearest neigh-
bor clustering algorithm were radius was set to 2*shortest distance
between contacts, i.e. 2 cm in patient space. Only the cluster with
the highest mean probability of being pathologic was chosen
(Fig. 1). We defined true positive (TP) finding when all channels
classified as pathological were within the resected area and patient
had excellent outcome. False positive finding (FP) was defined
when all channels classified as pathological were resected but
the patient had poor surgical outcome. True negative (TN) finding
was defined when at least one channel classified as pathological
was outside the resected area and the patient had poor outcome.
False negative (FN) finding was defined when at least one channel
classified as pathological was outside the resected area and the
patient had an excellent outcome. Negative predictive value
(NPV) defined as TN/(TN+FN) and positive predictive value
(PPV) defined as TP/(TP + FP) were calculated.

3. Results
3.1. Feature selection

The best performing features for all targets and both institu-
tions are summarized in Table 3. Relative entropy was the most
selected feature especially above the alpha (8-12 Hz) frequency
range. Relative entropy in the low gamma (20-45 Hz) and ripple
(80-250 Hz) bands were selected in all runs of the algorithm. Oscil-
latory events detected by the line-length algorithm were the sec-
ond most selected feature from alpha (8-12 Hz) band to ripple
band (80-250Hz). Fast ripple HFO detected by CS algorithm

.
("...

Fig. 1. Schematic illustration depth electrodes implanted in a brain. Localization of
pathological tissue example. Red disks represent the channels identified by the SVM
as pathological. The cluster (green circle) with the highest mean probability is
selected as the final localization. Channels with black border were localized in the
resected tissue.

(Cimbalnik et al., 2018) was selected in 6 runs of the algorithm.
Fig. 2 shows distributions of two best performing features in Brno
center dataset.

Notably, oscillatory event features were more often selected in
runs using the Brno center dataset, whereas in runs with Mayo
Clinic dataset the connectivity features were selected.

3.2. Pathologic tissue localization

The performance of the algorithm was evaluated for three dif-
ferent classifications of pathologic tissue (SOZ contacts; resected
contacts; and SOZ overlapped with resected contacts) in both data-
set separately as well as combined dataset from both centers. All
runs of the algorithm showed AUCs significantly better than
chance (p <0.001). The lowest AUCs were obtained for classifica-
tion of SOZ targets 0.770, 0.770, 0.745 for Brno center and Mayo
Clinic and combined datasets. Classification of channels over the
resected tissue in excellent outcome patients showed better per-
formance than classification of SOZ channels for the Brno center
dataset (0.842) and combined datasets (0.747) but worse perfor-
mance for Mayo dataset (0.729). Classification of channels in poor
outcome patients showed decreased performance in all datasets.
Classification of SOZ contacts within resected area in excellent out-
come patients had the best performance compared to the other
targets (0.952, 0.803, 0.838). The classification performance was
reduced in poor outcome patients (Fig. 3). The ROC classification
results are summarized in Table 1. In the subset of 28 patients
where the contacts in SOZ overlapped with the resected contacts,
the tissue under the iEEG electrodes, classified as epileptogenic,
was removed in 17/18 excellent outcome patients and was not
entirely resected in 8/10 poor outcome patients.

Evaluation of the SVM models for individual cases showed
NPV =1.0 and PPV =0.9 for Brno center dataset, NPV =0.8 and
PPV = 0.89 for Mayo dataset and NPV = 0.7 and PPV 0.83 for the
whole dataset which included patients from both institutions,
summarized in Table 4.



1950 J. Cimbalnik et al./Clinical Neurophysiology 130 (2019) 1945-1953
Table 3
The best performing features.
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Seizure onset zone=o0, Resected=e, Resected+SOZ=®
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M = Mayo
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4. Discussion

This study reports a multi-feature, machine learning approach
for classification of electrodes placed in epileptogenic tissue. It is
the first study to our knowledge to combine conventional iEEG fea-
tures and iEEG connectivity measures. Current inter-ictal methods
have largely been focused on a single biomarker of epileptogenic
zone, e.g. HFO rate (Worrell et al., 2012). To date, this has been
insufficient for clinical practice (Jacobs et al., 2018).

The recent study by Varatharajah et al. (2018) shows that the
combination of multiple biomarkers can out-perform algorithms
based on a single biomarker. However, this study did not assess
connectivity measures. In our data, bivariate measures, especially
the relative entropy, substantially contributed to the detector’s
performance.

From all calculated features the HFO rate and relative entropy
were the most relevant for the epileptogenic zone distinction.
The limitations of HFOs as a unique biomarker of epileptogenic
brain are now widely appreciated and include distinguishing phys-
iological (Buzsaki et al., 1992) and pathological (Matsumoto et al.,
2013) HFOs and false positive detections (Bénar et al., 2010; Roehri

et al., 2017). The CS detector efficiently eliminates false detections
by phase correlation of bandpass filtered signal with a low pass fil-
tered signal, which leads to clear distinction of true oscillations
(Cimbalnik et al., 2018). But even with optimal HFO detectors the
ability to localize epileptogenic brain using HFOs alone is challeng-
ing. The current findings in iEEG connectivity studies suggest that
changes of connectivity in epileptogenic tissue may be a clinically
useful signature of ictogenesis and can substantially contribute to
conventional methods for automatic localization of seizure gener-
ating tissue. Entropy has the ability to characterize signal random-
ness and spectral richness. Epileptogenic regions are known for a
statistically higher rate of spectrally rich events, e.g., HFOs or
epileptiform discharges, compared to healthy brain (Frauscher
et al., 2017; Khoo et al., 2018). Therefore, the calculation of relative
values of entropy between pathological and non-pathological areas
makes this measure compelling in achieving the best possible
score. In the Brno center and Mayo Clinic datasets, different fea-
tures were selected as the most relevant (Table 3). This implies that
there may be a dependence on the electrodes, reference signals,
and acquisition system used. Studies with different datasets are
needed to elucidate the impact of these variables on pathologic tis-
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Table 4

Evaluation of the Support Vector Machine models for individual cases.
Dataset TP FP TN FN PPV NPV Sensitivity Specificity
Mayo 8 1 4 1 0.89 0.80 0.89 0.80
Brno 1 4 0 0.90 1.00 1.00 0.80
Joined 15 3 7 3 0.83 0.70 0.83 0.70
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sue localization. Further, it is well recognized that variability of
vigilance levels can have impact on electrophysiological features
for localization of epileptogenic tissue (Baud et al., 2018; Gliske
et al., 2018). Rates of HFO and epileptiform discharges were shown
to be the highest in non-rapid eye movement (NREM) sleep (Staba
et al., 2004) which could further enhance the precision of the SVM
model. Patients from Brno center were recorded during the day,
whereas patients from Mayo Clinic were recorded at night. There-
fore it is likely that differences between datasets and subsequent
feature selection might also be caused by different states of vigi-
lance. All of these variables had likely some influence on the pre-
sented results. Future studies with larger datasets should explore
their impact on pathological tissue localization in more detail.

Pathological tissue classification by SVM models which com-
bine HFO features with univariate and bivariate features show
superior performance to algorithms utilizing these features or
groups of features separately (Cimbalnik et al, 2018;
Varatharajah et al., 2018). Classification of tissue under individual
electrodes, which is the clinically relevant classification, was the
most successful for the definition of SOZ contacts overlapped with
resected area in excellent outcome patients. Using the trained SVM
models on patients with poor surgical outcome resulted in worse
AUC suggesting that channels identified by the algorithm as patho-
logic were not resected during surgery. Indeed, validating the SVM
models using post-surgical outcome proved that resection of chan-
nels classified as pathologic led to excellent outcome while failure
to resect these channels resulted in poor outcome. The presented
algorithm showed similar performance on datasets from two insti-
tutions in different day times and clinical settings. Combining the
datasets from both institutions resulted in worse performance
both in ROC analysis and individual patient analysis which is likely
due to difference in selected features.

The architecture of our approach and underlying software is
modular, allowing to add other potentially useful features without
the need to modify the whole data and model training pipelines.
The modularity of the algorithm allows for easy utilization of other
advanced processing pipelines (Fedele et al., 2017) or potential
biomarkers of epileptogenicity such as very high-frequency oscilla-
tions (Brazdil et al., 2017), spike onset zone (Khoo et al., 2018), or
low frequency activity (Vanhatalo et al., 2005). Further improve-
ments in pathological tissue classification might be achieved by
normalization of calculated features by the values found in normal
human brain (Frauscher et al., 2018; Guragain et al., 2018). Recent
studies have also reported that epileptogenic activity is changing
over time, different states of vigilance and in different brain struc-
tures (Baud et al., 2018; Gliske et al., 2018; Guragain et al., 2018).
Advanced iEEG signal processing methods might also be dependent
on the length of the analyzed segment (Fraschini et al., 2016). In
this study, either resting-state or sleep recordings were analyzed,
with a minimum length of 30 min without distinction of the states
of vigilance or anatomical structure. Testing of the algorithm in
specific sleep stages, resting-state conditions, different length of
recording and specific anatomical structures can further improve
its classification performance.

5. Limitations

Three definitions of pathological tissue used in this study are
not optimal surrogate for pathological tissue definition. The defini-
tion of SOZ suffers from subjective visual determination by medical
staff and the resection of such tissue does not guarantee seizure
freedom (Téllez-Zenteno et al., 2010). Resected areas in excellent
outcome patients often includes normal brain tissue in addition
to electrophysiologically abnormal tissue. To overcome the prob-
lems of the former two definitions, we considered iEEG channels

on a depth electrode pathological, if they were resected, and previ-
ously marked as SOZ. However, this definition is not guaranteed to
encompass the whole pathological area of the epileptic brain. All of
the definitions used suffer from substantial spatial undersampling
of the brain tissue due to the limitations of clinical iEEG recordings
(Stead et al., 2010; Worrell et al., 2012).

The presented method cannot be applied to multifocal patients
due to spatial clustering, which was used to obtain the cluster of
contacts with the highest probability of being pathologic. Nonethe-
less, this can likely be overcome in the clinical setting by visualiza-
tion of all contact clusters and their probability (Fig. 1) which could
potentially be an invaluable tool for surgery planning. In addition,
the referential signal was computed as average signal from con-
tacts located in white matter which makes this method inapplica-
ble to cases where white matter was not implanted.

Utilization of connectivity measures in a bivariate manner, i.e.
calculation of relations between two adjacent contacts on one
depth electrode, can introduce potential bias in final results. This
is a well known limitation of bivariate measures in EEG signal pro-
cessing, which is caused by ignoring possible relation with a third
source.

The fact that no features were selected in the highest frequency
band might reflect low signal-to-noise ratio in these frequencies.
Conversely, absence of useful features in the lowest frequency
bands could be caused by the short data segments used in this
study. Further study of long-term recordings might reveal useful
information in these bands.

Lastly, the use of this algorithm was limited to retrospective
analysis of patients who had previously undergone surgery.
Although the ‘leave-one-out’ approach can be interpreted as
pseudo-prospective study, a true prospective study is required to
clearly establish its effectiveness.

6. Conclusion

In this retrospective study in a modest number of patients,
promising results were achieved in localization of epileptogenic
regions by SVM models that combine multiple features from 30
min of inter-ictal iEEG recordings. Pilot testing of the proposed algo-
rithm in two different datasets suggests it is suitable for further test-
ing in prospective studies, and ultimately, its possible
implementation in clinical practise. Our results also suggests better
performance of multi-feature methods in epileptogenic tissue local-
ization than methods, which are using single iEEG feature, e.g. HFO.
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