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Abstract

Objective. The purpose of this study is to localize the seizure onset zone of patients suffering from
drug-resistant epilepsy. During the last two decades, multiple studies proposed the use of
independent component analysis (ICA) to analyze ictal electroencephalogram (EEG) recordings.
This study aims at evaluating ICA potential with quantitative measurements. In particular, we
address the challenging step where the components extracted by ICA of an ictal nature must be
selected. Approach. We considered a cohort of 10 patients suffering from extratemporal lobe
epilepsy who were rendered seizure-free after surgery. Different sets of pre-processing parameters
were compared and component features were explored to help distinguish ictal components from
others. Quantitative measurements were implemented to determine whether some of the
components returned by ICA were located within the resection zone and thus likely to be ictal.
Finally, an assistance to the component selection was proposed based on the implemented features.
Main results. For every seizure, at least one component returned by ICA was localized within the
resection zone, with the optimal pre-processing parameters. Three features were found to
distinguish components localized within the resection zone: the dispersion of their active brain
sources, the ictal rhythm power and the contribution to the EEG variance. Using the implemented
component selection assistance based on the features, the probability that the first proposed
component yields an accurate estimation reaches 51.43% (without assistance: 24.74%). The
accuracy reaches 80% when considering the best result within the first five components.
Significance. This study confirms the utility of ICA for ictal EEG analysis in extratemporal lobe
epilepsy, and suggests relevant features to analyze the components returned by ICA. A component
selection assistance is proposed to guide clinicians in their choice for ictal components.

1. Introduction

About one third of epileptic patients suffer from
drug-resistant epilepsy, meaning that despite
adequate pharmacological treatment, control of
seizures cannot be achieved [1]. In certain of those
cases, surgery becomes an interesting option, with
the aim to remove or disconnect the brain zone that
generates the seizures [2]. In order to execute a suc-
cessful surgery, it is essential to correctly localize the
seizure onset zone [3]. This often requires the invas-
ive placement of intracranial electrodes, in a proced-
ure defined as stereo-electroencephalogram (EEG).

© 2022 IOP Publishing Ltd

However, the localizing potential of the non-invasive
presurgical evaluation (i.e. phase I) may be enhanced
by computational analyses of scalp EEG [4]. Improv-
ing the seizure onset zone localization at the end of
phase I is of utmost importance, as this can lead to
a better definition of intracranial targets for stereo-
EEG, or enable directly a curative surgery in some
cases [5].

During the last two decades, multiple studies have
proposed the use of independent component analysis
(ICA) to improve ictal EEG analysis in patients with
intractable epilepsy. In the first place, ICA was mainly
used to remove artifacts from ictal EEGs [6-8] and its
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localization ability was limited to scalp maps [9, 10].
Nam et al proposed to apply ICA to the seizures
of patients with medial temporal lobe epilepsy [10].
The lateralizing power of ictal EEG was proved to be
increased thanks to the inspection of the scalp maps of
components with ictal nature, i.e. ictal components.
However, the idea to locate more precisely the derived
components quickly arose with the emergence of elec-
trical source imaging (ESI) techniques. Some stud-
ies proposed to use methods that compute a single
dipole location that best explains a component activ-
ity [11, 12]. Other studies suggested the usage of dis-
tributed methods to either localize the back-projected
activity of a single component [13] or multiple com-
ponents at once [14, 15].

A challenging step in applying ICA to epilepsy is
to identify which of the extracted independent com-
ponents have an ictal nature. Most of the cited stud-
ies rely on visual inspection of the component signals.
To support the visual inspection, Nam et al reviewed
the auto-correlograms and also computed the por-
tion of power in the 2-10 Hz bandwidth in order to
help the component selection [10]. Other studies also
considered event-related spectrum perturbation that
allows a visual time-frequency analysis of the com-
ponents [11, 12]. In the range of studies using distrib-
uted ESI methods, Yang et al [14] proposed a method
to select the ictal components where they compute
the correlations between time-frequency representa-
tions of each independent component and of the elec-
trodes showing the most ictal activity in a reconstruc-
ted EEG. The method required some visual inspection
to build the noise-deducted EEG (by identifying arte-
fact components) and then to identify the electrodes
showing ictal activity in the reconstructed EEG. More
recently, Habib et al [16] proposed a recursive ICA-
decomposition that requires a clinician’s intervention
only to specify the frequency of the ictal rhythm. The
technique works by repetitively applying ICA, elimin-
ating a component, and back-projecting the remain-
ing components until a sufficiently satisfying com-
ponent is obtained.

One way to assess the utility of ICA in assist-
ing ictal EEG analysis would be to find out if
there is at least one returned component per seizure
that, if chosen, would lead to a correct estimation
of the seizure onset zone. Furthermore, it would
be of interest to determine whether such compon-
ent(s) show some distinctive features, which could be
exploited to guide the crucial step of choosing the ictal
components. In this study, we aimed to evaluate ICA
potential to correctly localize the seizure onset zone
by verifying whether there are components located
within the resection zone for each studied seizure.
This could be done thanks to the co-registration of
the component origins (computed by ESI) and the so-
called epileptogenic zone, estimated by the resection
zone of patients who underwent surgery and became
seizure-free. Particularly, we addressed a population
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of extratemporal lobe epilepsy patients. In this epi-
lepsy type, ictal EEG analyses are renowned to be
more challenging compared to temporal lobe epilepsy
(e.g. shorter seizures, less rhythmical patterns, lower
signal-to-noise ratio due to major movement arti-
facts) [17], and have so far been object of a minor-
ity of ICA studies. Our analysis was performed with
multiple pre-processing parameters (different filters
and time windows) in order to assess how to pre-
process the signals to obtain the most favorable out-
come. In addition, we computed and analyzed a series
of quantitative features for each of the components
returned by ICA. We were able to objectively evaluate
whether the components located in the resection zone
differ from those that are outside the zone. To the best
of our knowledge, this is the first time that a quant-
itative analysis of the components returned by ICA
and of their underlying characteristics is performed.
Features that were significantly different between the
components located inside and outside the resection
zone were used to design an algorithm assisting the
ictal component selection. This selection assistance is
embedded into a structured pipeline describing the
procedure to apply ICA to ictal EEG starting from
the raw recordings and leading to the estimated onset
zone. Preliminary results of this study appeared in the
thesis [18].

2. Methods

2.1. Patients and recordings
This study was conducted using anonymized ret-
rospective data and was approved by the Institu-
tional Review Board of Saint-Luc University Hos-
pital, Brussels, Belgium 2018/25JAN/030. The EEG
signals were recorded at Saint-Luc University Hos-
pital and at Centre Neurologique William Lennox,
Ottignies, Belgium. Between 19 and 23 electrodes
were available for each patient but only the 19 elec-
trodes placed according to the International 10-20
system [19] were used for the sake of homogeneity.
The sampling rate was 256 Hz. Structural MRI scans
were performed with a with a 1.5 T or 3.0 T scanner
(Siemens, Erlangen, Germany), and 3D volumetric
T1-weighted magnetization-prepared rapid acquisi-
tion with gradient echo (MPRAGE) sequences were
used.

To be included in this study, patients had to satisfy
the following inclusion criteria:

(a) The patient suffers from drug-resistant
extratemporal focal epilepsy.

(b) A curative epilepsy surgery (lesionectomy, dis-
connection, hemispherotomy) was performed.

(c) Long-term scalp EEG monitoring (of at least
24 h) and post-operative structural MRI are
available.

(d) The post-operative follow-up lasted at least one
year.



10P Publishing

J. Neural Eng. 19 (2022) 026005

A de Borman et al

Table 1. Clinical data details: the rightmost column indicates the frequency band characterizing the epileptic activity, the number in

parenthesis indicates the number of seizures with such a rhythm.

Patient Number of seizures  Epilepsy location Type of surgery Ictal frequency band

1 3 Right frontal lobe Disconnection Theta-alpha

2 5 Right temporo-occipital lobe  Disconnection Alpha

3 2 Plurifocal left hemisphere Hemispherotomy  Delta (1), theta (1)

4 5 Plurifocal left hemisphere Hemispherotomy  Theta

5 5 Plurifocal right hemisphere Hemispherotomy  Delta (1), theta (4)

6 4 Right frontal lobe Disconnection Delta-theta (1), theta-alpha (3)
7 2 Left temporo-occipital lobe Disconnection Theta

8 1 Plurifocal right hemisphere Hemispherotomy Beta

9 4 Right parieto-occipital lobe Disconnection Delta (1), theta (2), delta-theta (1)
10 4 Right frontal lobe Lesionectomy Alpha

(e) The patient became seizure-free after surgery
(ILAE class 1 [20]).

(f) At least one recorded seizure shows rhythmic
activity.

According to these criteria, 10 patients were selec-
ted from the database of the Centre for Refractory
Epilepsy of Saint Luc University Hospital. Because
this study relies on the rhythmic nature of seizures,
only seizures labeled as ‘thythmic’ by neurologists
were included for the analysis. This left us with a total
of 35 seizures (out of 51 seizures). Neurologists iden-
tified for each seizure a frequency band characterizing
the epileptic activity. Details about the clinical data
can be found in table 1.

2.2. Pipeline overview

The proposed analysis relies on the construction of a
structured pipeline having as input the EEG file cap-
turing the seizure while the output is an estimation
of the seizure onset zone within a 3D brain model.
A graphical representation of the pipeline can be seen
in figure 1. All codes were written in Matlab using the
EEGLAB toolbox [21].

2.2.1. Step I: data pre-processing

EEG segments of 1 h length, containing the seizure(s)
as previously annotated by a neurologist, were
uploaded and pre-processed using two types of digital
filters: a notch filter (49-51 Hz) and a band-pass filter
aiming to isolate genuine brain activity. Both filters
were designed using fourth-order Butterworth filters.
The upper cutoff frequency of the band-pass filter
was set to 30 Hz to avoid including muscular activity,
often present during seizures, which frequency range
is particularly predominant above 30 Hz [22]. Mul-
tiple lower cutoff frequencies were compared. Pre-
vious studies applying ICA to ictal EEG used high-
pass filters with a cutoff frequency varying from 0.3
to 1 Hz. With the purpose of eliminating artefacts
using ICA, the influence of high-pass filtering was
studied by Winkler et al [23] and they showed that
high-pass filtering between 1 and 2 Hz consistently
achieved good results in terms of signal-to-noise ratio
and percentage of ‘near-dipolar’ ICA components.
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Accordingly, we compared lower cutoff frequencies
of 1 and 2 Hz. At this point, corrupted electrodes
were manually rejected. No more than two electrodes
were removed per seizure. The last pre-processing
step consisted in re-referencing the data against a
common average [24].

2.2.2. Step 2: time window selection

Before applying ICA, the time window that will be
used by the algorithm for the extraction of ictal com-
ponents must be chosen. In this study, markers were
placed by experienced neurologists to indicate the
seizure onsets. Therefore, it remained to choose how
many seconds before and after the markers would be
submitted to ICA. A proportion of one third before
and two third after onset was chosen to include back-
ground activity before seizure. A tradeoff between
narrow (to avoid inclusion of seizure propagation or
artifacts) and longer windows (allowing that a suffi-
ciently large dataset is included for parameter learn-
ing) was sought. A rule of thumb suggests that at least
N? x k data points should be given to ICA for EEG
data where N is the number of electrodes and k is
a multiple, typically equal to 20 [25]. In this study,
19 electrodes were used with a sampling rate equal
to 256 Hz, meaning that a window of approximately
28 s should be given to ICA, taking k equal to 20.
In order to investigate the above-mentioned tradeoff,
shorter time windows were also considered. The stud-
ied pre-processing parameters are summarized in
table 2.

2.2.3. Step 3: ICA decomposition

ICA is the key element of the proposed pipeline. Let
& € RN*T denote the recorded EEG data, where N is
the number of channels and T the number of time
samples. An ICA algorithm returns a weight mat-
rix W € RN*N such that the N signals in X = W,
termed components, are as independent as possible
from each other [26—28]. EEGLAB proposes several
ICA algorithms to apply to EEG data, relying on dif-
ferent measures of independence. In this pipeline, we
apply the most commonly used algorithm for seizure
analysis: the Extended Infomax algorithm [29, 30].
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Figure 1. Pipeline overview.

Table 2. Studied pre-processing parameters. The last two rows correspond to the number of seconds before and after the seizure marker

that were selected for the analysis.

Setup a b c d e f
High-pass (Hz) 1 2 1 2 1 2
Before (s) 2.5 2.5 5 5 10 10
After (s) 5 5 10 10 20 20

2.2.4. Step 4: component selection

Once the ICA algorithm has computed the N inde-
pendent components, it crucially remains to determ-
ine which are the components that isolate seizure
activity. These components will then be further con-
sidered in order to locate the seizure onset zone. First,
we analyzed whether there is for each seizure at least
one component that would lead to a correct estima-
tion of the seizure onset zone (using source imaging,
as explained in the next paragraph). Next, features
were implemented and analyzed for each of the com-
ponents. These features are described in section 2.3.
Since components can be localized using source ima-
ging, it was possible to analyze whether the features of
the components located within the resection zone dif-
fer from those of other components (see section 2.6).

In light of the feature analysis, a component selection
assistance was constructed taking into account the
most relevant features. The process consisted of two
steps: (1) rejection of components having features
that do not satisfy some thresholds, (2) sorting of
the accepted components according to a feature. The
algorithm is therefore conceived to assist a clinician in
his/her choice for ictal components.

2.2.5. Step 5: source imaging

In order to localize the origin of the extracted com-
ponents within the brain, source imaging is per-
formed using the exact low-resolution electromag-
netic tomography (eLORETA) method [31, 32]. The
implementation of the source imaging step relies
on codes made available in the context of a study
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analyzing functional connectivity and following ESI
in simulated EEG [33, 34]. The standard lead field
matrix of the New York head (ICBM-NY) [35] was
used and the regularization parameter for eLORETA
was set to 0.01. In the specific context of the pipeline,
the activity of components obtained by ICA must
be localized. To do so, the activity of the compon-
ent(s) must first be back-projected at the level of
the electrodes before applying eLORETA. This back-
projection can simply be done using the inverse of the
weight matrix W given by ICA. The back-projection
of component i is computed as ®; = w;'x; where w; '
is the ith column of W~! and x; the ith row of X.
To determine what source points are the most active,
the levels of activity are given by the coefficients of
the vector Pwi_1 where P is the spatial filter derived
by eLORETA. These values were normalized between
0 and 1 by dividing by the maximum level. All the
source points having an activity above 0.8 were called
the active cloud and formed the output of the pipeline.

2.3. Ictal component feature analysis

As mentioned above, a series of features for each of
the components were computed and studied with the
purpose of recognizing components isolating seizure
activity, and thus leading to an accurate estimation
of the seizure onset zone. The goal was to describe
mathematically attributes that we expected to dif-
fer between ictal and non-ictal components. At this
point, we should point out that ICA has a scaling
indeterminacy: if a component x; is scaled by o (and
Wi_] scaled by é in order to preserve the backprojec-
ted component ®;), then its independence from the
other components is preserved. In view of this, the
implementation was made in such a way that the scale
of the components does not impact the features.

2.3.1. Dispersion measure

For each component, it is possible to back-project the
activity of the component alone and then apply ESI
to obtain the active cloud (most active brain source
points). The first feature that was implemented is the
dispersion of that active cloud. In theory, an ictal
component should isolate an activity generated by a
specific population of neurons. Therefore, if a com-
ponent leads to a diffuse active cloud, it is unlikely
that the component isolates seizure activity because
the seizure onset zone is supposed to be focal. Several
implementations are possible to compute the disper-
sion of a cloud of points. We decided to compute the
Frobenius norm of the covariance matrix of the 3D
coordinates.

2.3.2. Ictal rhythm power

The next feature is the percentage of spectral power in
the ictal frequency band. The motivation behind this
feature lies in the fact that the seizures are rhythmic
and therefore the components that isolate seizure
activity should be sufficiently rhythmic. This feature
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required a neurologist to identify the frequency band
of the ictal rhythm. Instead of simply looking at the
average power in the ictal frequency band, it is the per-
centage of power that was computed by calculating
the ratio of the average power in the ictal frequency
band and the total power of the component signal.
Doing so, issues with the scaling of the components
were avoided. Indeed, if a component signal is multi-
plied by a factor «, its average power in the frequency
band is multiplied by o while the percentage remains
the same.

2.3.3. Broadband physiological power

The next feature is somewhat similar to the previous
feature, except that the frequency range taken into
account is broader: from 2 to 20 Hz. The motiva-
tion behind it is that seizures included in this study,
and more generally the majority of rhythmic seizures
seen at scalp, have their activity comprised in that
frequency range [17]. Moreover, artefactual or spuri-
ous non-electrocerebral activities are more likely to lie
outside the 2-20 Hz broadband range compared to
genuine brain rhythms. This feature is more robust
than the previous one in the sense that it does not
rely on a clinician’s choice. However, this broader
frequency range could also correspond to physiolo-
gical non-ictal brain activities. To avoid troubles with
the scaling, the feature was implemented similarly to
the previous one as a percentage of power in the fre-
quency band 2-20 Hz.

2.3.4. EEG variance contribution

We also explored to which extent each component
contributes to the EEG variance in the analyzed time
window. We expect that a component accounting
for seizure activity should contribute significantly to
the EEG variance. It allows gaining knowledge about
how predominant a component is, despite the scal-
ing indeterminacy. Its implementation was inspired
by the eeg pvaf function from the EEGLAB tool-
box. This function computes what they call the per-
cent variance accounted for. However, we will talk
about EEG variance contribution as the value could
be negative due to the fact that the computed com-
ponents are not exactly orthogonal. A negative value
means that by removing the component activity the
EEG variance increases. We expect this kind of situ-
ation to be very unlikely for components that isol-
ate seizure activity since it is not in accordance with
the concept of a component isolating a real physiolo-
gical phenomenon. The feature needs to compute the
ratio of the variance of the EEG without the compon-
ent and the variance of the initial EEG. To remove a
component contribution, its signal is back-projected
at the level of the electrodes using the inverse of the
weight matrix and then removed from the EEG. The
equation behind the feature is presented hereunder
(the operator var denotes the mean of the row-wise
variances):
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var (® — backproj (x;))
var (®)
var(CD — wi_lx,-)
a var (®)

feat=1—

2.3.5. Change of variance

Another proposed feature is the change of variance
observed at the seizure onset. So far, the features
were computed over a period of 10 s after the seizure
marker. This feature attempts to take advantage of
the fact that the seizure should start at the marker
indicated by the clinician. A component that isolates
seizure activity should have its variance that increases
during the period after the onset in comparison with
the period before the onset. To avoid any issues with
the scaling, the feature was implemented by taking a
ratio: the variance after the onset is divided by the
variance before the onset. Doing so, we expect a larger
value for ictal than non-ictal components.

2.3.6. Change of entropy

A last feature that was analyzed is the change of
entropy at the onset. The entropy of a signal is a meas-
ure of its uncertainty. A high entropy typically means
that the signal is hardly predictable. The motivation
behind the feature lies in the fact that brain activity is
thought to be more predictable during a seizure than
it usually is [36]. Thus a drop of entropy could be
observed at the onset marker in components isolating
seizure activity. The spectral entropy was computed
before and after the marker onset. Spectral entropy
was computed as the Shannon entropy of the spectral
power distribution in the frequency domain. Since
the entropy of a signal does not depend on its scale,
the feature was simply implemented as a difference of
entropy after and before the marker. A negative value
would therefore mean that the entropy has dropped.

2.4, Validation: co-registration and subsequent
component localization
All patients included in this study became seizure-free
after surgery. Accordingly, the seizure onset zone is
assumed to be located inside the resection zone. It is
then of interest to measure the distance and overlap
between that region and the estimated zone given by
the pipeline, and particularly at a single component-
level. Indeed, to analyze ICA potential while avoiding
a subjective component selection, each of the com-
ponents was localized separately making it possible
to count the number of components lying within the
resection zone for each seizure. MRI scans were first
normalized using the SPM12 toolbox [37] in order to
match the head model used by source imaging. Next,
the resection zones were drawn manually on the post-
operative scans under the supervision of experienced
medical staff, with the help of a tool that draws 3D
shapes based on voxel intensity [38].

Three quantitative measures were implemented to
objectively determine which components lied in the
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resection zone: (1) the Euclidean distance between
the border of the resection zone and the most active
source point, (2) the Euclidean distance between the
borders of the resection zone and the average posi-
tion of the active cloud (i.e. source points having a
large enough activity level) and (3) the percentage
of source points belonging to the active cloud that
are located inside the resection zone. A component
was considered as accurate (i.e. lying within the resec-
tion zone) if: (1) the most active point of the act-
ive cloud was sufficiently close to the resection zone,
(2) the average position of the active cloud was suf-
ficiently close to the resection zone and (3) the per-
centage of active cloud inside the resection zone was
sufficiently high. Since the type of performed sur-
gery influences the tolerance that may be allowed in
the localization error, we decided to set this limit at
1 cm for all patients, except for those who underwent
a lesionectomy, for which tolerance was set to 2 cm.
The percentage of active cloud inside the resection
zone had to be higher than 90% for hemispherotom-
ies, 70% for disconnections and at least one point of
the active cloud must be within the resection zone for
lesionectomies.

2.5. Performance measurement: pre-processing
parameters

We proceeded as follows to select the setup among
those in table 2. For each seizure, the number of
accurate components (i.e. lying within the resec-
tion zone) was counted using the criteria established
above. Nevertheless, having numerous components
lying in the resection zone is not necessarily better
than having a single component that is correctly loc-
alized. In fact, in the second case, the seizure activity
was probably isolated in one single component which
is more desirable than having the activity spread over
multiple components. Therefore, the performance of
pre-processing parameters was evaluated according
to the number of seizures for which at least one com-
ponent was located within the resection zone rather
than the number of components having their source
in the resection zone. This analysis was conducted
for each of the pre-processing parameters presented
in table 2. Two additional criteria on the compon-
ents’ characteristics were used to discern what pre-
processing parameters should be chosen. First, it is
not desirable to consider as accurate a component
that leads to a diffuse active cloud within the brain.
Therefore, components having a dispersion exceed-
ing a given limit (=500 mm?) were not considered as
accurate anymore. Second, since seizures considered
in this study are rhythmic, only components show-
ing a sufficient spectral content in the pre-determined
frequency band of interest (>20%) were still con-
sidered as accurate. This could be done thanks to the
ictal rhythm power feature. The rest of the analysis
was performed using the pre-processing parameters
yielding the best performance.
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2.6. Statistical analysis of the features

We termed as accurate those components that satis-
fied the criteria related to the localization of the act-
ive cloud, listed in section 2.4. Statistical analyses were
carried out to distinguish accurate from non-accurate
components. For each feature, we extracted the mean,
median, standard deviation and interquartile range
values. Boxplots were displayed for both accurate and
non-accurate components to gain insight into the dis-
tribution of the values. Next, statistical tests were con-
ducted to further assess the difference between the
two groups. Depending on the feature distribution,
either a t-test or Wilcoxon rank-sum test was per-
formed (significance at p < 0.05). A Kolmogorov—
Smirnov test was conducted to evaluate whether the
distribution is likely to be normal (significance at
p <0.05) and decide if a t-test is suited.

Additionally, receiver operating characteristic
(ROC) curves were created to assess whether a
threshold on the feature would allow to discrimin-
ate between accurate and non-accurate components.
Note that the curves were plotted with the specificity
on the x-axis and the sensitivity on the y-axis. The
proposed component selection assistance consists
in first rejecting components whose features do not
satisfy some thresholds. Therefore, we analyzed the
ROC curve and highlighted the value of specificity
corresponding to 90% sensitivity (that we term as
rejection quality). If this value is greater than 10% it
means that the ROC curve detaches from a random
binary classification and that choosing the corres-
ponding threshold for the feature allows to get rid of
non-accurate components while keeping the majority
of accurate components. Thresholds of the selection
assistance were set at the value corresponding to 90%
sensitivity on the ROC curve. The value of 90% was
chosen since high sensitivity is desirable to avoid
eliminating accurate components.

2.7. Performance measurement: component
selection assistance and seizure onset zone
localization

Two types of analysis were conducted to assess the
quality of the component selection assistance and
more generally of the final ICA + ESI pipeline. On
the one hand, a seizure-based analysis was carried
out, taking into account the percentage of seizures
for which the first proposed components are accurate.
On the other hand, we also performed a component-
based analysis that considers the components regard-
less of their associated seizures, e.g. the percentage of
components that are accepted overall seizures. From a
clinical point of view, the first analysis is the most rel-
evant. Indeed, to estimate the ICA algorithm poten-
tial it is essentially needed to have at least one accur-
ate component per seizure which, if appropriately
identified, might lead to successful seizure onset zone
localization. However, the component-based analysis
gives a general picture of what the selection process
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achieved. The component selection assistance we pro-
pose relies on a few parameters, i.e. the thresholds set
to reject components in the first step. These must be
learned from the dataset and therefore we performed
a leave-one-patient-out validation in order to dimin-
ish the risk of overestimating the performance on new
data. Thresholds were thus computed based on the
features of all the patients, except the one on which
we want to assess the performance.

3. Results

3.1. ICA optimal pre-processing parameters

The first line of table 3 presents the percentage of
seizures for which at least one component led to a cor-
rect position (using the criteria stated in section 2.4).
Interestingly, the proportion is high for each of the
setups and no significant difference was observed
using only criteria on the location of the active cloud.
Table 3 presents the percentage of seizures for which
at least one component was accurate according to
the different sets of quality criteria as explained in
section 2.5. Overall, we observe that setup f performs
slightly better than the other setups. For any set of
quality criteria, setup f achieves the best performance,
reaching 100% for the first two sets. Consequently, it
was decided to proceed to the analysis of the pipeline
using that setup.

3.2. Feature analysis

Table 4 and figure 2 summarize the results of the fea-
ture analysis. Boxplots and ROC curves are only dis-
played for the features that were shown relevant for
the component selection assistance.

3.2.1. Dispersion measure

We observed that the mean of the feature is smal-
ler for accurate components than for non-accurate
components. That is in accordance with the expect-
ations because well-located components are likely
to isolate seizure activity originating from a limited
brain region. A Wilcoxon rank-sum test was per-
formed since the distribution is unlikely to be nor-
mal (p > 0.05 for the Kolmogorov—Smirnov test), pre-
venting the use of a classical ¢-test. The Wilcoxon
rank-sum test was significant, suggesting that it is
unlikely that both accurate and non-accurate groups
come from the same distribution. The ROC curve
(figure 2(d)) detaches from the random classification
meaning that it could benefit a classification process.

3.2.2. Ictal rhythm power

As expectable, the mean value of the feature is larger
for accurate components than for non-accurate com-
ponents, and it was confirmed by a significant ¢-test.
This feature shows the greatest area under the curve
(AUC, figure 2(e)) and rejection quality while it still
does not suggest that the feature alone could perfectly
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Table 3. Comparison of performance between the set of parameters presented in table 2. Performance is computed as the percentage of
seizures for which at least one component fulfills the criteria with a checkmark. Location refers to the criteria stated in section 2.4 related
to the position of the active cloud with respect to the resection zone. Dispersion and rhythmicity refers to the criteria explained in

section 2.5.

Quality criteria Setups
Location  Dispersion  Rhythmicity a b C d e f
1 v 97.1% 97.1% 94.3% 94.3% 94.3% 100%
2 v v 94.3% 94.3% 94.3% 91.4% 94.3% 100%
3 v v v 85.7% 88.6% 91.4% 85.7% 91.4% 97.1%

Table 4. Feature analysis. The mean and standard deviation of each feature are given for both accurate and non-accurate components.
Components are considered as accurate based on the location criteria stated in section 2.4. The p-value is associated to a t-test (for the
ictal rhythm power and the change of entropy) or a Wilcoxon rank sum test (for the other features) and assess the difference between
accurate and non-accurate component features. The last line (rejection quality) indicates the specificity at 90% sensitivity.

Broadband  EEG variance
Dispersion  Ictal thythm physiological contribution Changeof  Change of
(mm?) power (%)  power (%) (%) variance entropy
Mean Accurate 416.63 36.63 91.56 6.28 3.1152 —0.0102
Non-accurate 569.89 30.50 90.40 5.30 4.5474 0.0210
Standard Accurate 463.19 12.07 7.37 6.19 7.8037 0.6087
deviation Non-accurate 673.53 13.42 7.47 6.55 13.2111 0.5895
p-Value 3e-04 2e-07 0.0035 0.0110 0.0878 0.5611
Rejection 19.79% 29.90% 10.10% 16.08% 10.72% 11.55%
quality
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Figure 2. Boxplots (a) dispersion measure, (b) ictal rhythm power and (c) EEG variance contribution. The red line indicates the
median. The bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. The red crosses mark the
outliers and the black lines indicate the presence of data points not considered as outliers. ROC curve for (d) dispersion measure,

(e) ictal power frequency and (f) EEG variance contribution.

discriminate between the accurate and non-accurate
components.

3.2.3. Broadband physiological power

Overall, the difference between accurate and non-
accurate components is not striking for this fea-
ture. The mean is slightly higher for accurate
components as expected but the variation is rather

small. The Wilcoxon rank sum test (p < 0.05 for
the Kolmogorov—Smirnov test) shows that there is a
difference between accurate and non-accurate com-
ponents yet the p-value is higher than for the pre-
vious features. The rejection quality value is very
close to 10%, indicating a poor chance to discrimin-
ate accurate and non-accurate components using a
threshold.
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3.2.4. EEG variance contribution

The mean of the feature is larger for accurate com-
ponents than they are for non-accurate components.
Hence, ictal accurate components were shown to
impact significantly more the EEG variance than the
non-accurate ones as confirmed by a Wilcoxon rank-
sum test (p < 0.05 for the Kolmogorov—Smirnov test).
Finally, the box plots confirm that no accurate com-
ponents reach a negative value while this happens for
non-accurate components. The ROC curve detaches
from the random classification (figure 2(f)).

3.2.5. Change of variance

Contrary to our expectations, the mean were slightly
larger for non-accurate than for accurate compon-
ents. The Wilcoxon rank sum tests and rejection qual-
ity value did not suggest that the feature was relevant
to analyze further.

3.2.6. Change of entropy

We observed that the mean is negative for accurate
components while being positive for non-accurate
components, as we had expected. However, both
means are very close to zero. The p-value of the
t-test indicates that there is no significant difference
between accurate and non-accurate components.

3.3. Component selection assistance

Based on the feature analysis, the component selec-
tion assistance of the pipeline could be designed. The
first step consisted in rejecting components whose
feature values do not reach certain thresholds, which
were established based on the ROC curve analysis,
as explained in section 2.6. The features that did not
yield a significant difference (see p-values in table 4)
between the accurate and non-accurate components
were not employed, i.e. the change of variance and
change of entropy. Moreover, the physiological power
feature was not used because the rejection quality
value was too close to 10%, i.e. too close to a line
of no effect. In a nutshell, the features that served
the selection assistance were: the dispersion, the ictal
rhythm power and the EEG variance contribution.
The second step of the process was designed to sort
the accepted components according to a particular
feature. Considering the previous analysis, the feature
that showed the smallest p-value and largest rejec-
tion quality (i.e. the most distinctive of ictal accur-
ate components) was chosen: namely the ictal rhythm
power.

3.4. Seizure onset zone localization performance

Table 5 summarizes the results for both seizure- and
component-based analysis. The results are presented
for patients with a limited resection only (disconnec-
tion and lesionectomy) and all patients (including
hemispherotomy). The selection and sorting of com-
ponents allowed the first component to be accurate in

A de Borman et al

10/22 seizures (45.45%) for limited resection patients
and in 18/35 (51.43%) considering all patients. In
comparison, this probability drops to 16.68% and
24.74%, for limited resection patients and all patients,
respectively, if components are sorted randomly and
without rejecting components (the experiment was
repeated 100 times). We also observe that the probab-
ility that at least one component is accurate within the
5 first components reaches 80% in both subgroups.
Two examples of seizures analyzed with the proposed
algorithm are provided in figures 3 and 4. For more
details on the performance of the sorting process,
table 6 presents the sorted position of the first accur-
ate component for each of the seizures.

Moreover, when looking at the efficacy of the
rejection process itself, we observe that there is almost
a 95% chance that at least one accurate component
was kept. In terms of number of seizures, only 2 out
of 35 seizures had no accurate component among the
accepted components. The component-based ana-
lysis shows how many components were accepted
overall. Approximately half of the components are
kept. Another possibility to estimate the efficiency of
the selection process was to determine the percentage
of components that was accurate before and after the
rejection step. There is a substantial 11.32% increase
of the percentage after the selection process for the
patients who underwent a limited resection, and a
9.40% increase for all patients.

4. Discussion

This study aimed at estimating the seizure onset
zone from ictal low-density EEG using advanced
computational techniques: namely, ICA and ESI. A
pipeline was implemented to reach that goal and to
structure the work. Quantitative measures allowed
us to objectively analyze the pipeline performance
while many studies in the field of ICA applied
to ictal EEG rely on visual inspection to validate
their results. This was possible thanks to the co-
registration of the pipeline output and the resec-
tion zone in patient-specific MRIs. The results show
that for every analyzed seizure and with the optimal
pre-processing parameters (i.e. setup f, see table 2)
there is at least one component that, if chosen,
would lead to a position inside the resection zone.
This confirms the utility of ICA and source ima-
ging with the purpose of estimating the seizure onset
zone.

We compared different pre-processing paramet-
ers since there is no consensus about these choices in
the literature. Our results suggest that ICA is robust
to the choice of pre-processing parameters, given the
high performance for all of the studied setups (see
table 3). By refining the analysis, we came to the con-
clusion that using the longest time window with a
2 Hz high pass filter would yield the best outcome.
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Table 5. Component selection performance. For the seizure-based analysis, the number of seizures satisfying the condition in the left
column is specified as well as the percentage it represents, both for limited resection and all seizures. For the component-based analysis,

percentages of number of components are given.

Limited resection

All

Seizure-based

First component is accurate

At least one accurate component:
Within the 3 first components
Within the 5 first components

Within the accepted components

10/22 (45.45%)

14/22 (63.64%)
18/22 (81.82%)
21/22 (95.45%)

18/35 (51.43%)

25/35 (71.43%)
28/35 (80.00%)
33/35 (94.29%)

Component-based

Percentage of accepted components
Percentage of accurate components:

Within all components
Within accepted components

42.33%

17.33%
28.65%

53.08%

25.38%
34.78%
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Figure 3. First seizure of patient 1. Example of pipeline application. (a) The EEG epoch containing the seizure is displayed (10-20
system electrodes, common average referencing). The seizure onset timing was marked by the epileptologists (red vertical line). A
tonic seizure, of approx. 5 s duration, can be distinguished. It visually presents with a theta/alpha rhythmical activity with highest
voltages seen bilaterally over Fpl and Fp2 electrodes. (b) The components returned after application of the ICA (with the optimal
pre-processing parameters) and of the component selection pipeline are displayed. The accepted components can be seen in dark
blue. The rejected components are listed thereafter, and can be seen in light blue. (c), (d) The active clouds of the first two sorted
components are displayed after co-registration in comparison with the resection zone, in the patient-specific MRI. The first
component is localized near the posterior boundary of the resection zone (average within 2 cm), while the second shows the
totality of the active cloud, its average and maximum within the resection zone. The resection zone is shown in orange and a
tolerance of 1 cm (not displayed in orange) was set to determine whether a source point lies within that region.

(d) Projection of component: 2
Distance to resection zone (max) : 0.00 mm
Distance to resection zone (avg) : 0.00 mm
Percentage inside (active cloud) : 100.00 %

Scale
3707

17 3 19

This is in accordance with the rule of thumb men-
tioned in section 2.2 [25] and the assumption that
ICA is perturbed by low frequencies [23]. While the
longest time window benefits the learning of ICA
parameters, it might also be the case that the pre-ictal
phase contains valuable information for the seizure
onset zone estimation.

Many studies applying ICA to ictal EEG con-
sider a majority of temporal lobe epilepsy patients
(7,9, 10, 12, 14, 16]. In this study, all of the patients
suffered from extratemporal lobe epilepsy, known to
be less rhythmical and with a lower signal-to-noise
ratio. This study demonstrates that ICA might yield
a correct estimation of the seizure onset zone even for
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Figure 4. Second seizure of patient 9. Example of pipeline application. (a) The EEG epoch containing the beginning of the seizure
is displayed (10-20 system electrodes, common average referencing). The seizure onset timing was marked by the epileptologists
(green vertical line). A rhythmical activity, poorly localizable over single scalp electrodes, is seen building up, with delta waves
predominating over the posterior regions. (b) The components returned after application of the ICA (with the optimal
pre-processing parameters) and of the component selection pipeline are displayed. The accepted components can be seen in dark
blue. The rejected components are listed thereafter, and can be seen in light blue. (c), (d) The active clouds of the first two sorted
components are displayed after co-registration in comparison with the resection zone, in the patient-specific MRI. The active

seizure activity in view of the location. The resection zone is shown in orange and a tolerance of 1 cm (not displayed in orange)
was set to determine whether a source point lies within that region.
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resection zone while the totality of the active cloud of the
nd component signal shows a clear rhythmicity attributable to

Table 6. Patient-based analysis: for each seizure, the number indicates

the sorted position of the first accurate component. Symbol X’

indicates that no accepted component was accurate. A patient number in bold font indicates that the patient underwent a

hemispherotomy.
Seizure
Patient 1 2 3 4 5
1 2 X 1 — —
2 1 1 1 1 1
3 10 X — — —
4 1 1 1 2 1
5 1 2 2 1 1
6 8 5 3 5 —
7 6 3 — — —
8 1 — — — —
9 2 1 1 1 —
10 1 4 7 8 —

extratemporal lobe epilepsy. While this study relies
to some extent on seizure rhythmicity, the meth-
odology does not aim to depend on rhythmicity
exclusively. Features applicable for any type of seizure
(i.e. dispersion and impact on EEG variance) were
implemented and analyzed to take into account that
seizures do not always exhibit a clear rhythmicity. If
more features were implemented, it might even be
possible to drop the rhythmicity-dependent feature,

this way getting rid of the frequency-band-of-interest
selection and expanding the applicability of the
method to non-rhythmical seizures.

Co-registration of the pipeline output and the
resection zone made it possible to analyze objectively
and quantitatively the components returned by ICA.
Instead of having to visually determine whether a
component is localized within the resection zone,
quantitative measures (distance in mm) allowed us to
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objectively evaluate the distance and overlap between
the resection zone and the pipeline output. While
computing such a distance has already been repor-
ted in the literature [14, 15], it had only been used
to assess the final performance of methods (which
relied on visual inspection). In this study, we used the
quantitative measures not only to evaluate the final
performance but also to analyze each of the compon-
ents returned by ICA. Indeed, we were able to cat-
egorize the components as accurate or non-accurate
depending on their presumed source corresponding
to the epileptogenic zone. The components reflect-
ing electrical activities localized to the resection zone
showed particular features which make them attribut-
able to genuine ictal activity. They proved to be gen-
erally less diffuse, more rhythmical in the presumed
band of interest and contribute sufficiently to the
EEG variance compared to non-accurate compon-
ents, which might instead represent either physiolo-
gical or artefactual activity. These observations sup-
port the assumption that ICA is able to isolate seizure
activity.

Three of the implemented component features
were not employed by the component selection assist-
ance: the broadband physiological power, the change
of variance and the change of entropy. The physiolo-
gical power was significantly different for accurate
and non-accurate components. However, setting a
threshold on that feature it was proved not to be effic-
acious with the purpose of a rejection process, and
thus not suited for the component selection assist-
ance we propose. For the change of variance feature,
the mean was larger for non-accurate than for accur-
ate components, against our expectations. This can
be explained by the fact that components isolating
artefacts could also show a large change of variance.
A typical component isolating a movement artefact
is flat except during the movement. Therefore, if the
movement occurs after the seizure onset (which is
likely) then the feature will be very large even though
the component is not accurate. While entropy has
been shown to be relevant in the field of EEG seizure
detection [36, 39], the feature does not seem benefi-
cial in the context of our pipeline. A potential explan-
ation to this is that a component that perfectly isolates
seizure activity should show little activity before the
onset. Therefore, the signal should be almost constant
before the onset meaning it has a very low entropy.
Consequently, it makes sense that a component that
isolates seizure activity will not necessarily show a
drop of entropy.

The selected designed features can be compared
with similar concepts found in the literature. In
another study, Nam et al analyzed the rhythmic beha-
vior of components by computing the proportion of
the 2-10 Hz power for patients suffering from medial
temporal lobe epilepsy [10]. In a similar way, the ictal
rhythm power feature in our study targets the pre-
cise frequency band of seizure activity since rhythms
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are more variable in extratemporal lobe epilepsy. In
another study [12], the residual variance of compon-
ents (i.e. how well a dipole fits the data) was used to
analyze the components returned by ICA. Compon-
ents having a too high residual variance were rejec-
ted since this means the activity is unlikely to origin-
ate from a single dipole. While that measure applies
to single dipole fitting methods, the dispersion fea-
ture extends the concept to distributed ESI methods.
Accordingly, a component with a low residual vari-
ance is likely to have a low dispersion feature. Finally,
a similar measure as the EEG variance contribution
was implemented in EEGLAB [21] and we demon-
strated that this feature could also benefit the com-
ponent selection assistance.

The relevant features were used to implement a
component selection assistance that orders the com-
ponents in a way that the most likely to be ictal
is sorted at the top. The probability that the first
component is accurate was shown to be far super-
ior than with a random ordering, increasing from
16.68% to 45.45% and 24.74% to 51.43% for limited-
resection patients and all patients, respectively. These
substantial increases prove the efficiency of the selec-
tion assistance. While the performance does not sug-
gest to use the assistance as an automated component
selection, we demonstrated that the probability that
there is at least one accurate component within the
first 3 or 5 components is remarkably high (respect-
ively 64%—71% or 80%—83%). Therefore, the assist-
ance may be intended as a guidance for the clini-
cian to analyze the first few components rather than
ensuring the first component is accurate. In addition,
the component rejection allows for halving the num-
ber of components that a clinician needs to analyze,
against a minimal loss of potentially accurate sources
(which occurred only in 2/35 seizures). Two examples
are provided in the previous section to illustrate situ-
ations a clinician would have to deal with by apply-
ing the pipeline. The clinician remains free to inspect
the components and their brain origins while being
guided by the selection assistance. The study aimed at
using ICA in its simplest but powerful form, keeping
the methodology intuitive. In a similar way that time-
frequency representations are now commonly used
for EEG analysis, ICA might offer one more prom-
ising perspective to inspect ictal EEG signals, increas-
ing the chance of successful seizure localization and,
potentially, of epilepsy surgeries.

This study was conducted with 19-channel EEG
recordings. While it is evident that high-density EEG
recordings have a better spatial resolution, it remains
of interest to show the potential of low-density EEG.
In fact, practicality issues may arise for patients
to wear a high-density EEG cap during a long
time period, which is generally needed for record-
ing seizures and their relative ictal EEG. On the
other hand, all epilepsy surgery centers record 19-23
channel EEG which makes this algorithm potentially
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widely applicable, provided access to software is gran-
ted. The method could however also be applied to
high-density EEG. While a vast majority of studies
applying ICA to ictal EEG rely on low-density EEG,
two studies [14, 15] proposed to apply ICA to 32 and
76 electrodes recordings and demonstrated that ICA
utility is not limited to small numbers of electrodes.
In that case, the reduction in the number of compon-
ents to analyze becomes even more interesting since
it could become excessively time-consuming to ana-
lyze each of the numerous components returned by
ICA.

From an engineering point of view, the com-
ponent selection step of the pipeline can be seen
as a typical machine learning task: either of regres-
sion if the goal is to predict the distance to the
resection zone for each component or of classifica-
tion if we only want to know whether a compon-
ent is accurate or not. Thanks to the quantitative
measures that were implemented, it became possible
to train a model in a supervised fashion. However,
a challenge in the present study and in extratem-
poral lobe epilepsy studies, in general, is the lim-
ited amount of data showing a reliable ground truth,
due to the lower rates of performed surgeries (tem-
poral lobe epilepsy surgeries remain by far more fre-
quent) and of its success in rendering seizure-free the
patients (50%—60% [40, 41]). In this study, a leave-
one-out validation was performed to avoid overes-
timating the performance of the proposed selection
assistance with new data. Moreover, the complexity of
the implemented technique is low, with only 3 para-
meters (i.e. the thresholds used to reject compon-
ents) which have an intuitive interpretation, unlike
the parameters of most machine learning models sub-
ject to overfitting. In this study, we avoided propos-
ing a black-box technique and kept the methodology
transparent and understandable without advanced
expertise in machine learning. By implementing addi-
tional features, more sophisticated models (e.g. sup-
port vector machine) could be trained but, in that
case, a larger database will likely be needed due to
the increasing number of parameters and their lack
of interpretability.

5. Conclusions

This study extends the work proving ICA efficiency
to analyze ictal EEG, and adds new evidence of its
utility for extratemporal lobe epilepsy. Quantitative
measures were implemented to define a set of fea-
tures characterizing ictal components, which might
assist their recognition in a real-life clinical setting.
A component selection assistance was proposed
based on these features to help a clinician in
his/her choice for ictal components. Further stud-
ies are warranted to explore the analyzed features
as potential classifiers to automatize the best ictal
component selection.

13

A de Borman et al

Data availability statement

The data generated and/or analysed during the cur-
rent study are not publicly available for legal/eth-
ical reasons but are available from the corresponding
author on reasonable request.

Acknowledgments

This work was supported by the Fonds de la Recher-
che Scientifique—FNRS and the Fonds Wetenschap-
pelijk Onderzoek—Vlaanderen under EOS Project
No. 30468160. The work was also supported by the
Fonds de Recherche Clinique des Cliniques Uni-
versitaires Saint-Luc and the Fondation Saint-Luc. SV
is a Research Fellow ‘Aspirant’ funded by ER.S.-FNRS
(Fonds National de la Recherche Scientifique, Bel-
gium).

ORCID iDs

Aurélie de Borman
6730-0775
Simone Vespa
8142

P.-A. Absil
4178

https://orcid.org/0000-0002-
https://orcid.org/0000-0002-0896-

https://orcid.org/0000-0003-2946-

References

[1] Xue-Ping W, Hai-Jiao W, Li-Na Z, Xu D and Ling L 2019
Risk factors for drug-resistant epilepsy: a systematic review
and meta-analysis Medicine 98 16402

[2] Ryvlin P and Rheims S 2008 Epilepsy surgery: eligibility
criteria and presurgical evaluation Dialogues Clin. Neurosci.
1091-103

[3] Rosenow F 2001 Presurgical evaluation of epilepsy Brain
124 1683-700

[4] Noachtar S and Rémi J 2009 The role of EEG in epilepsy: a
critical review Epilepsy Behav. 15 22-33

[5] Duez L et al 2019 Electromagnetic source imaging in
presurgical workup of patients with epilepsy Neurology
92 e576—-86

[6] LeVan P, Urrestarazu E and Gotman J 2006 A system for
automatic artifact removal in ictal scalp EEG based on
independent component analysis and Bayesian classification
Clin. Neurophysiol. 117 912-27

[7] Urrestarazu E, Iriarte J, Alegre M, Valencia M, Viteri C and
Artieda J 2004 Independent component analysis removing
artifacts in ictal recordings Epilepsia 45 1071-8

[8] Urigiien J A and Garcia-Zapirain B 2015 EEG artifact
removal—state-of-the-art and guidelines J. Neural. Eng.

12 031001

[9] Iriarte J, Urrestarazu E, Artieda J, Valencia M, LeVan P,
Viteri C and Alegre M 2006 Independent component analysis
in the study of focal seizures J. Clin. Neurophysiol. 23 551-8

[10] Nam H, Yim T-G, Han S K, Oh J-B and Lee S K 2002
Independent component analysis of ictal EEG in medial
temporal lobe epilepsy Epilepsia 43 1604

[11] Leal AJ R, Dias A I and Vieira J P 2006 Analysis of the EEG
dynamics of epileptic activity in gelastic seizures using
decomposition in independent components Clin.
Neurophysiol. 117 1595-601

[12] Jung K-Y, Kang J-K, Kim J H, Im C-H, Kim K H and
Jung H-K 2009 Spatiotemporospectral characteristics of


https://orcid.org/0000-0002-6730-0775
https://orcid.org/0000-0002-6730-0775
https://orcid.org/0000-0002-6730-0775
https://orcid.org/0000-0002-0896-8142
https://orcid.org/0000-0002-0896-8142
https://orcid.org/0000-0002-0896-8142
https://orcid.org/0000-0003-2946-4178
https://orcid.org/0000-0003-2946-4178
https://orcid.org/0000-0003-2946-4178
https://doi.org/10.1097/MD.0000000000016402
https://doi.org/10.1097/MD.0000000000016402
https://doi.org/10.31887/DCNS.2008.10.1/pryvlin
https://doi.org/10.31887/DCNS.2008.10.1/pryvlin
https://doi.org/10.1093/brain/124.9.1683
https://doi.org/10.1093/brain/124.9.1683
https://doi.org/10.1016/j.yebeh.2009.02.035
https://doi.org/10.1016/j.yebeh.2009.02.035
https://doi.org/10.1212/WNL.0000000000006877
https://doi.org/10.1212/WNL.0000000000006877
https://doi.org/10.1016/j.clinph.2005.12.013
https://doi.org/10.1016/j.clinph.2005.12.013
https://doi.org/10.1111/j.0013-9580.2004.12104.x
https://doi.org/10.1111/j.0013-9580.2004.12104.x
https://doi.org/10.1088/1741-2560/12/3/031001
https://doi.org/10.1088/1741-2560/12/3/031001
https://doi.org/10.1097/01.wnp.0000236579.08698.23
https://doi.org/10.1097/01.wnp.0000236579.08698.23
https://doi.org/10.1046/j.1528-1157.2002.23501.x
https://doi.org/10.1046/j.1528-1157.2002.23501.x
https://doi.org/10.1016/j.clinph.2006.03.020
https://doi.org/10.1016/j.clinph.2006.03.020

10P Publishing

J. Neural Eng. 19 (2022) 026005

scalp ictal EEG in mesial temporal lobe epilepsy with
hippocampal sclerosis Brain Res. 1287 206-19

[13] Leal AJ R, Dias A I, Vieira J P, Moreira A, Tavora L and
Calado E 2008 Analysis of the dynamics and origin of
epileptic activity in patients with tuberous sclerosis
evaluated for surgery of epilepsy Clin. Neurophysiol.
119 853-61

[14] Yang L, Wilke C, Brinkmann B, Worrell G A and He B
2011 Dynamic imaging of ictal oscillations using
non-invasive high-resolution EEG Neurolmage
56 1908-17

[15] LuY, Yang L, Worrell G A, Brinkmann B, Nelson C and He B
2012 Dynamic imaging of seizure activity in pediatric
epilepsy patients Clin. Neurophysiol. 123 2122-9

[16] Habib M A, Ibrahim F, Mohktar M S, Kamaruzzaman S B
and Lim K S 2020 Recursive independent component
analysis (ICA)-decomposition of ictal EEG to select the best
ictal component for EEG source imaging Clin. Neurophysiol.
131 642-54

[17] Foldvary N, Klem G, Hammel J, Bingaman W, Najm I and
Liiders H 2001 The localizing value of ictal EEG in focal
epilepsy Neurology 57 20228

[18] de Borman A 2021 Estimation of seizure onset zone from
ictal EEG using independent component analysis and source
imaging Master Thesis Ecole polytechnique de Louvain,
Université catholique de Louvain

[19] Homan R W 1988 The 10-20 electrode system and cerebral
location Am. J. EEG Technol. 28 269-79

[20] Wieser H G, Blume W T, Fish D, Goldensohn E, Hufnagel A,
King D, Sperling M R and Liiders H 2003 Proposal for a new
classification of outcome with respect to epileptic seizures
following epilepsy surgery Epilepsia 42 282—6

[21] Delorme A and Makeig S 2004 EEGLAB: an open source
toolbox for analysis of single-trial EEG dynamics including
independent component analysis J. Neurosci. Methods
134 9-21

[22] Fatourechi M, Bashashati A, Ward R K and Birch G E 2007
EMG and EOG artifacts in brain computer interface systems:
a survey Clin. Neurophysiol. 118 480-94

[23] Winkler I, Debener S, Muller K-R and Tangermann M 2015
On the influence of high-pass filtering on ICA-based artifact
reduction in EEG-ERP 2015 37th Annual Int. Conf. IEEE
Engineering in Medicine and Biology Society (EMBC) (Milan:
IEEE) pp 4101-5

[24] Bertrand O, Perrin F and Pernier J 1985 A theoretical
justification of the average reference in topographic evoked
potential studies Electroencephalogr. Clin.
Neurophysiol./Evoked Potentials Section 62 462—4

[25] Onton J, Westerfield M, Townsend J and Makeig S 2006
Imaging human EEG dynamics using independent
component analysis Neurosci. Biobehav. Rev.
30 808-22

A de Borman et al

[26] Hyvirinen A and Oja E 2000 Independent component
analysis: algorithms and applications Neural Netw. 13 411-30

[27] Lee T-W 1998 Independent Component Analysis: Theory and
Applications (Dordrecht: Kluwer Academic Publishers)

[28] Comon P 1994 Independent component analysis. A new
concept? Signal Process. 36 287-314

[29] Bell A J and Sejnowski T J 1995 An
information-maximization approach to blind separation and
blind deconvolution Neural Comput. 7 1129-59

[30] Lee T-W, Girolami M and Sejnowski T J 1999 Independent
component analysis using an extended infomax algorithm
for mixed subgaussian and supergaussian sources Neural
Comput. 11 417-41

[31] Pascual-Marqui R D 2007 Discrete, 3D distributed, linear
imaging methods of electric neuronal activity. Part 1: exact,
zero error localization (https://doi.org/10.1016/j.clinph.
2006.09.007)

[32] Pascual-Marqui R D et al 2011 Assessing interactions in the

brain with exact low-resolution electromagnetic tomography

Phil. Trans. R. Soc. A 369 376884

Presti P 2018 paolop21/simulation_source_connectivity

(available at: https://github.com/paolop21/simulation

_source_connectivity) (https://doi.org/10.1590/1806

-9282.64.02.133) (accessed17 November 2020)

[34] Anzolin A, Presti P, van de Steen F, Astolfi L, Haufe S and
Marinazzo D 2019 Quantifying the effect of demixing
approaches on directed connectivity estimated between
reconstructed EEG sources Brain Topogr. 32 65574

[35] Huang Y, Parra L C and Haufe S 2016 The New York

Head—a precise standardized volume conductor model for

EEG source localization and tES targeting Neurolmage

140 150-62

Fergus P, Hignett D, Hussain A, Al-Jumeily D and

Abdel-Aziz K 2015 Automatic epileptic seizure detection

using scalp EEG and advanced artificial intelligence

techniques Biomed. Res. Int. 2015 986736

[37] Friston K 2007 Statistical Parametric Mapping: The Analysis
of Functional Brain Images W Penny, ] Ashburner, S Kiebel,

T Nichols and K Friston (New York: Academic Press)(https://
doi.org/10.1016/B978-0-12-372560-8.X5000-1)

[38] Rorden C and Brett M 2000 Stereotaxic display of brain
lesions Behav. Neurol. 12 421719

[39] Siddiqui M K, Morales-Menendez R, Huang X and
Hussain N 2020 A review of epileptic seizure detection using
machine learning classifiers Brain Inf. 7 5

[40] Englot D J, Breshears ] D, Sun P P, Chang E F and
Auguste K 12013 Seizure outcomes after resective surgery for

[33

[36

extra—temporal lobe epilepsy in pediatric patients: a
systematic review J. Neurosurg.: Pediatr. 12 126-33

[41] Englot D J and Chang E F 2014 Rates and predictors of
seizure freedom in resective epilepsy surgery: an update
Neurosurg. Rev. 37 389-405

14


https://doi.org/10.1016/j.brainres.2009.06.071
https://doi.org/10.1016/j.brainres.2009.06.071
https://doi.org/10.1016/j.clinph.2007.11.176
https://doi.org/10.1016/j.clinph.2007.11.176
https://doi.org/10.1016/j.neuroimage.2011.03.043
https://doi.org/10.1016/j.neuroimage.2011.03.043
https://doi.org/10.1016/j.clinph.2012.04.021
https://doi.org/10.1016/j.clinph.2012.04.021
https://doi.org/10.1016/j.clinph.2019.11.058
https://doi.org/10.1016/j.clinph.2019.11.058
https://doi.org/10.1212/WNL.57.11.2022
https://doi.org/10.1212/WNL.57.11.2022
https://doi.org/10.1080/00029238.1988.11080272
https://doi.org/10.1080/00029238.1988.11080272
https://doi.org/10.1046/j.1528-1157.2001.4220282.x
https://doi.org/10.1046/j.1528-1157.2001.4220282.x
https://doi.org/10.1016/j.jneumeth.2003.10.009
https://doi.org/10.1016/j.jneumeth.2003.10.009
https://doi.org/10.1016/j.clinph.2006.10.019
https://doi.org/10.1016/j.clinph.2006.10.019
https://doi.org/10.1109/EMBC.2015.7319296
https://doi.org/10.1016/0168-5597(85)90058-9
https://doi.org/10.1016/0168-5597(85)90058-9
https://doi.org/10.1016/j.neubiorev.2006.06.007
https://doi.org/10.1016/j.neubiorev.2006.06.007
https://doi.org/10.1016/S0893-6080(00)00026-5
https://doi.org/10.1016/S0893-6080(00)00026-5
https://doi.org/10.1016/0165-1684(94)90029-9
https://doi.org/10.1016/0165-1684(94)90029-9
https://doi.org/10.1162/neco.1995.7.6.1129
https://doi.org/10.1162/neco.1995.7.6.1129
https://doi.org/10.1162/089976699300016719
https://doi.org/10.1162/089976699300016719
https://doi.org/10.1016/j.clinph.2006.09.007
https://doi.org/10.1016/j.clinph.2006.09.007
https://doi.org/10.1098/rsta.2011.0081
https://doi.org/10.1098/rsta.2011.0081
https://github.com/paolop21/simulation_source_connectivity
https://github.com/paolop21/simulation_source_connectivity
https://doi.org/10.1590/1806-9282.64.02.133
https://doi.org/10.1590/1806-9282.64.02.133
https://doi.org/10.1007/s10548-019-00705-z
https://doi.org/10.1007/s10548-019-00705-z
https://doi.org/10.1016/j.neuroimage.2015.12.019
https://doi.org/10.1016/j.neuroimage.2015.12.019
https://doi.org/10.1155/2015/986736
https://doi.org/10.1155/2015/986736
https://doi.org/10.1016/B978-0-12-372560-8.X5000-1
https://doi.org/10.1016/B978-0-12-372560-8.X5000-1
https://doi.org/10.1155/2000/421719
https://doi.org/10.1155/2000/421719
https://doi.org/10.1186/s40708-020-00105-1
https://doi.org/10.1186/s40708-020-00105-1
https://doi.org/10.3171/2013.5.PEDS1336
https://doi.org/10.3171/2013.5.PEDS1336
https://doi.org/10.1007/s10143-014-0527-9
https://doi.org/10.1007/s10143-014-0527-9

	Estimation of seizure onset zone from ictal scalp EEG using independent component analysis in extratemporal lobe epilepsy
	1. Introduction
	2. Methods
	2.1. Patients and recordings
	2.2. Pipeline overview
	2.2.1. Step 1: data pre-processing
	2.2.2. Step 2: time window selection
	2.2.3. Step 3: ICA decomposition
	2.2.4. Step 4: component selection
	2.2.5. Step 5: source imaging

	2.3. Ictal component feature analysis
	2.3.1. Dispersion measure
	2.3.2. Ictal rhythm power
	2.3.3. Broadband physiological power
	2.3.4. EEG variance contribution
	2.3.5. Change of variance
	2.3.6. Change of entropy

	2.4. Validation: co-registration and subsequent component localization
	2.5. Performance measurement: pre-processing parameters
	2.6. Statistical analysis of the features
	2.7. Performance measurement: component selection assistance and seizure onset zone localization

	3. Results
	3.1. ICA optimal pre-processing parameters
	3.2. Feature analysis
	3.2.1. Dispersion measure
	3.2.2. Ictal rhythm power
	3.2.3. Broadband physiological power
	3.2.4. EEG variance contribution
	3.2.5. Change of variance
	3.2.6. Change of entropy

	3.3. Component selection assistance
	3.4. Seizure onset zone localization performance

	4. Discussion
	5. Conclusions
	Acknowledgments
	References


