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Abstract

Epilepsy is a chronic disorder caused by excessive electrical discharges. Currently, clinical experts identify the seizure
onset zone (SOZ) channel through visual judgment based on long-time intracranial electroencephalogram (iEEG), which is
a very time-consuming, difficult and experience-based task. Therefore, there is a need for high-accuracy diagnostic aids to
reduce the workload of clinical experts. In this article, we propose a method in which, the iEEG is split into the 20-s
segment and for each patient, we ask clinical experts to label a part of the data, which is used to train a model and classify
the remaining iEEG data. In recent years, machine learning methods have been successfully applied to solve some medical
problems. Filtering, entropy and short-time Fourier transform (STFT) are used for extracting features. We compare them to
wavelet transform (WT), empirical mode decomposition (EMD) and other traditional methods with the aim of obtaining
the best possible discriminating features. Finally, we look for their medical interpretation, which is important for clinical
experts. We achieve high-performance results for SOZ and non-SOZ data classification by using the labeled iEEG data and
support vector machine (SVM), fully connected neural network (FCNN) and convolutional neural network (CNN) as
classification models. In addition, we introduce the positive unlabeled (PU) learning to further reduce the workload of
clinical experts. By using PU learning, we can learn a binary classifier with a small amount of labeled data and a large
amount of unlabeled data. This can greatly reduce the amount and difficulty of annotation work by clinical experts. All
together, we show that using 105 minutes of labeled data we achieve a classification result of 91.46% on average for
multiple patients.
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Introduction least 60%) after two unprovoked seizures, occurring
over the next 10 years;
Epilepsy is a chronic neurological disorder of the brain that e Diagnosis of an epilepsy syndrome.

affects people globally. According to the Epilepsy Foun- 5 ¢cording to the definition given by the ILAE (Fisher et al.
dation, approximately 65 million people worldwide have 5017 (here are three types of epileptic seizures: focus

epilepsy. .The International League. Against  Epilepsy  or generalized onset, and unknown onset. In this article
(ILAE? (Flsher.eit al. 2014) define epilepsy by any of the target at focus onset, which consist of recurrent seizures
following conditions: together with abnormal discharge in focus brain areas. The

e At least two unprovoked (or reflex) seizures occurring ~ patients suffering from focus seizures can be treated with
> 24 h apart; daily medication to control the epileptic seizure frequency,
e One unprovoked (or reflex) seizure and a probability of ~ but approximately 30% of focus seizure patients are

further seizures similar to the general recurrence risk (at ~ refractory to medication (Sinha et al. 2016), although there
are currently some measures to detect and intervene in

epileptic seizures (Cetin 2020; Hejazi and Motie Nasrabadi
2019), but this is a kind of interventional measure, not an
effective treatment. Hence removing the SOZ channel by

Extended author information available on the last page of the article

@ Springer


http://orcid.org/0000-0002-3376-4889
http://crossmark.crossref.org/dialog/?doi=10.1007/s11571-022-09857-4&amp;domain=pdf
https://doi.org/10.1007/s11571-022-09857-4

704

Cognitive Neurodynamics (2023) 17:703-713

surgery is considered as a common treatment. Before the
surgery, the SOZ channel needs to be identified and it is
also the most important factor affecting the outcome of the
surgery.

To identifying the SOZ channel, physical exam, iEEG,
magnetoencephalogram (MEG), functional magnetic reso-
nance imaging (fMRI), combination modalities (Ebra-
himzadeh et al. 2021) (e.g. EEG-fMRI), and other
modalities are usually performed (Duncan et al. 2016).
Considering the cost of MEG and the recording condition
(the subject can not move freely), MEG is not practical for
experimental work. Because the time resolution of fMRI is
very low, the brain activities can not be completely
recorded and this is a drawback for identifying the SOZ
channel. The iEEG is recorded directly from the cortex,
allowing clinical experts to effectively analyze brain
activity. These advantages make iEEG a fundamental tool
in the detection, diagnosis, and treatment of epilepsy.

In current clinical practice, for the task of identifying the
SOZ channel, clinical experts still rely on the visual
assessment of iEEG data for judgment and manual anno-
tation, which is a time-consuming, difficult and subjective
process. Therefore, for some hard data, the diagnostic
results from different clinical experts are often not identi-
cal, and clinical experts need to spend much more time
discussing and even voting on the diagnosis. In addition,
the number of clinical experts is far from enough compared
to the large number of patients (e.g. only about 700 clinical
experts in Japan can do the diagnosis of epilepsy [The
Japan Epilepsy Society]). Therefore, in the diagnosis of
epilepsy, there is a very strong demand for high-accuracy
diagnostic aids to alleviate these problems.

According to the iEEG collection period, there are two
types of brain signals: (i) the interictal signal, which is
recorded between epileptic seizures, and (ii) the ictal sig-
nal, which is recorded during an epileptic seizure. In this
article, we only use the interictal brain signal data. The
channel recorded from the SOZ is called SOZ channel, and
the channel recorded from the non-SOZ is called non-SOZ
channel. During the interictal periods, epileptic spikes are
often used for the diagnosis of epilepsy, which can allow
the classification of the SOZ and non-SOZ channel data.
The International Federation of Societies for Electroen-
cephalography and Clinical Neurophysiology (IFSECN)
(Noachtar et al. 1999) give the following definitions of
spikes:

e Sharp wave: A transient, clearly distinguished from
background activity, with pointed peak at a conven-
tional paper speed or time scale and duration of 70 &
200 ms, i.e. over 1/4 £ 1/5 s approximately.

e Spike: A transient, clearly distinguished from back-
ground activity, with pointed peak at a conventional
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paper speed or time scale and a duration from 20 to
under 70 ms, i.e. 1/50 £ 1/15 s, approximately.

e Slow wave: Wave with duration longer than alpha
waves, i.e. over 1/8 s.

e Spike-and-slow-wave complex: A pattern consisting of
a spike followed by a slow wave.

e Multiple spike complex: A sequence of two or more
spikes.

e Polyspikes-and-slow-wave complex: A sequence of two
or more spikes associated with one or more slow waves.

In recent years, a variety different kinds of methods are
proposed for SOZ identification, some traditional methods
such as template matching (Lodder and van Putten 2014;
Jing et al. 2016; Grouiller et al. 2011; Jin et al. 2014),
dictionary learning (Spyrou and Sanei 2016), functional
brain connectivity (Yu et al. 2020), classification (Sharma
et al. 2015; Johansen et al. 2016) and other methods. With
the rapid development of machine learning, classification
methods based on neural networks show an expected per-
formance in the SOZ identification problem. Usually, the
first step in designing a classification system is feature
extraction. For that, Discrete wavelet transform (DWT)
(Das and Bhuiyan 2016; Deivasigamani et al. 2016; Chen
et al. 2015; Zhou et al. 2012), Entropy (Sharma et al.
2015; Bao et al. 2009), Fourier transform (FT) (Singh and
Pachori 2017), EMD (Itakura and Tanaka 2017; Gupta and
Pachori 2019), Bispectrum (Acharya et al. 2019), Lempel-
Ziv (Borowska 2021) or Filters (Itakura et al. 2018) are
often used. The resolution in time and frequency is the
main advantage of DWT, which makes it especially suit-
able for the analysis of the non-stationary signals (e.g.
iEEG). EMD method decomposes a signal into intrinsic
mode functions (IMFs), which are the modulated compo-
nents of amplitude and frequency. Epilepsy is caused by
excessive electrical discharges in brain cells, resulting in
changes in the synchronization of the electroencephalog-
raphy (EEG). Because entropy measures the degree of
complexity of a signal, it can be used to extract features of
epilepsy brain signals. The next step to design a classifi-
cation system is to model the signals characterized by their
features. This is called the classification step, in which
K-nearest neighbor (KNN), probabilistic neural network
(PNN), SVM, FCNN, CNN, and other methods are usually
used.

In addition, based on the neural networks, there are also
some end-to-end methods, it can train a complex model to
integrate the features extraction and the classification
processes (Daoud and Bayoumi 2019). Considering that
iEEG is one-dimensional data, the method (Li et al. 2019)
used the one-dimensional CNN model to perform the fea-
ture extraction and classification functions at the same
time. Method (Fraiwan and Alkhodari 2020) uses the long
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short-term memory (LSTM) model to extract features of
time series in iEEG data and perform the classification
task. Moreover, the ensemble learning method (Jukic et al.
2020) is also used in the task of SOZ identification.
Compared with classification models with feature extrac-
tion, the end-to-end model can avoid the manual design of
feature extraction algorithms.

In our study, it is mainly derived from real clinical
practice, the rationality and medical interpretation of the
method need to be considered. Even the manual feature
extraction process can be avoided by using end-to-end
machine learning methods, but the entire operation is
similar to a black box, and the specific processing method
in the middle is not clear. The goal of this study is to
localize the seizure onset zone (SOZ), in medicine, due to
the SOZ containing more abnormal discharges, entropy is
used as the feature extraction method. SOZ and Non-SOZ
have some differences in the frequency domain, which
prompted us to use the STFT as another feature extraction
method. In the computer field, there are indeed many dif-
ferent feature extraction methods, but under the premise of
considering the corresponding medical interpretation, the
above methods are chosen for feature extraction. In our
experiments, several typical supervised learning methods
(SVM, FCNN, and CNN) are used for classification, but
there are still some problems. Supervised learning is highly
dependent on high-quality data with labels, but in the brain
signal field, data annotation is a very time-consuming,
difficult, and experience-based task. In clinical practice, for
some hard data, the annotation results given by different
clinical experts are often not identical. Hence, we introduce
the PU learning method to further reduce the workload of
clinical experts (Zhao et al. 2018). By using PU learning,
we can learn a binary classifier with a small amount of
labeled data and a large amount of unlabeled data to reduce
the amount of data annotation required. For those hard
data, we can treat it as unlabeled data, thus avoiding further
the discussion and voting process.

The rest of the article is organized as follows: Section II
describes the methods used, including the feature extrac-
tion and classification steps. In Section III we present the
two datasets used in this article. Section IV contains the
experimental results, Section V presents a discussion about
the methods, while Section VI along with the conclusions.

Methods

The brain disorders are usually diagnosed by visual
inspection of EEG/iEEG. For epilepsy, EEG is used to
diagnose and iEEG is used for SOZ identification. EEG/
iEEG analysis for assisting in the diagnosis of epilepsy has
been used since about 30 years ago. One of the first works

is Gotman (1990) and since then, other works have been
published (Oikonomou et al. 2007; Exarchos et al. 2006;
Wilson and Emerson 2002; Gotman 1999). Regardless of
the EEG and iEEG diagnostic process, clinical experts need
long-term visual inspection to analyze the signals. In this
article, we propose to use some data labeled by experts to
train a model that will be used to label the remaining data.
The method is depicted in Fig. 1.

Feature extraction

Many methods have been proposed to extract epileptic
features from the iEEG. In the feature extraction step, we
are interested not only in obtaining the most discriminating
features, but also in the medical interpretation of them, as
this is a very important aspect for clinical experts. In this
article, we propose a method of feature extraction based on
the short-time Fourier transform (STFT), and we also
introduce another method originally proposed in Akter
et al. (2020), which calculates several entropy versions in
different frequency bands.

Feature extraction by using filters and entropy

The features of the raw iEEG are extracted through the use
of seven different band-pass filters and eight different
entropies, corresponding to different brain states. The
band-pass filters, which cover the frequency bands com-
monly used is Delta: 0.5 to 4 Hz, Theta: 4 to 8 Hz, Alpha: 8
to 13 Hz, Beta: 13 to 30 Hz, Gamma: 30 to 80 Hz, Ripple:
80 to 250 Hz, Fast Ripple: 250 to 600 Hz. Different from
scalp EEG, in iEEG, the high frequency components
(HFO) also play important role in identifying SOZ, thus we
use the above seven frequency bands (Liu et al. 2018;
Brazdil et al. 2017; Hao et al. 2021). One of the datasets,
the Bern-Barcelona, is already processed and band-pass
filtered between 0.5 and 150 Hz. Therefore, in that case, the
Fast Ripple band is not present and the Ripple band covers
the frequencies from 80 to 150 Hz, instead of 80 to 250 Hz.

To extract the features from the iEEG, we first split it in
segments of 20 s, called samples. Then each sample is
filtered using the seven band-pass filters (six for Bern-
Barcelona dataset). Finally, eight different entropies are
calculated for each of the frecuency bands, obtaining a
feature matrix containing 8 x 7 features (8 x 6 for Bern-
Barcelona dataset). The complete flow chart of feature
extraction is shown in Fig. 2.

The eight entropies (Itakura et al. 2018) calculated are
the following: Shannon entropy, Renee entropy, General-
ized entropy, Phase entropy (two types), Approximate
entropy, Sample entropy and Permutation entropy.
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iEEG data recorded from patients.

Data annotation & Model training

>

Fig. 1 Method: On the left, a small block of annotated iEEG data
(purple dotted line box) labeled by an expert. On the right, the
prediction on the rest of the data (green dotted line box), which

WWMMWWMWM Sample (20 seconds)

Seven different bandpass filters

0.5~4/4~8 /8~13/13~30/
30~80 / 80~150 [Hz]

Calculate eight different entropies

Feature matrix (8 x 7)

HEEEEEXEX)

Fig. 2 Feature extraction procedure, using filtering and entropies
calculation (example for the Juntendo dataset)

Feature extraction by using short time Fourier transform

Time frequency analysis is a method to analyze signals
from another perspective. In clinical practice, epileptic
spikes are used to diagnose epilepsy, allowing to classify
the SOZ. However, due to the noise in the iEEG, spikes are
hard to identify in time domain, and frequency domain is
used to ease that task. The non-stationarity of iEEG does
not allow us to use ordinary time frequency analysis
directly. In the article, we use STFT as a method for feature
extraction in frequency domain. STFT divide the iEEG
signal into short segments and then computes the Fourier
transform on each one. By using STFT method, we can
obtain the frequency information in a short period of time.
One example of the STFT samples of Bern-Barcelona and
Juntendo dataset is shown in Fig. 3

Classification
In the article, we use three typical supervised learning
methods for classification: SVM, FCNN and CNN. By

using labeled iEEG data that annotated by clinical experts,
we can train a classification model and then, by using it, we
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? Inference

MODEL

include the channel and period information. The red line box means
that this part of the iEEG is classified as SOZ data, according to the
model derived from the annotated data

can predict the label of the new iEEG data. In addition, to
solve the problem of labelling iEEG data, we also intro-
duce the PU learning method for the SOZ identification
problem.

Supervised learning

The principal characteristics and parameters of the super-
vised learning methods are presented succinctly here. The
SVM method (Cortes and Vapnik 1995) maps the input
data to a high dimensional features space, and then finds
the hyper-plane in the features space allowing to separate
the examples of each class.

The second classifier used in this article is FCNN model,
the parameters are as follows: the size of the input layer is
48/56 (Bern-Barcelona/Juntendo), the size of the hidden
layer one is 32, the size of the hidden layer two is 32, the
size of the output layer is 2, the loss function is the binary
cross entropy, the optimizer is the Adaptive Moment
Estimation (Adam), with a batch size of 64.

Finally, the third classifier is CNN model, with the
following parameters: the size of the input image is 8 x6/
8x7 (Bern-Barcelona/Juntendo), the size of the convolu-
tion kernel is 3x3, the number of convolutional filters is
32, the size of the max pooling is 2x2, the size of the
hidden layer is 128, the size of the output layer is 2, the loss
function is the categorical cross entropy, the optimizer is
Adam, with a batch size of 64.

PU learning

With a large amount of labeled data, the traditional
supervised learning methods show a high performance in
classification results. However, in the medical field, data
labels are assigned by clinical experts through visual
inspection. This is a complicated process and often we
need multiple clinical experts to give their opinion at the
same time and vote to determine the final outcome of the
label. To solve this problem and reduce the workload of
clinical experts, several options can be considered. One
option is to apply some data augmentation method on the
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Fig. 3 Examples of STFT. On the left, Bern-Barcelona data. On the right, Juntendo data. Window length is one second, with 80% overlap. For
each subfigure, the X-axis is 0-20 s and the Y-axis (in log scale) is 0-256 Hz for Bern-Barcelona data and 0-1,000 Hz for Juntendo data

labeled data to generate more artificial data with their
corresponding label (Dinares-Ferran et al. 2018; Zhang
et al. 2019). This method needs, however, to have already
labeled examples of both classes. To avoid this, we intro-
duced the PU learning method for the problem of SOZ
classification only using only a small set of labeled SOZ
data.

In Fig. 4 we represent the traditional model of super-
vised learning (left), in which we have two types of data (in
a two-class scenario) and each data has its own label. On
the other hand, for the PU learning model (right), we have
two type of data (again, in a two-class scenario): a small
amount of labeled data (positive class labels), while the rest
is unlabeled data (from unknown class). This is the defi-
nition of PU learning (Liu et al. 2002):

Given a set of examples of a particular class P (named
the positive class) and a set of unlabeled examples U,
which contains both class P and non-class P (called the
negative class) instances, the goal is to build a binary
classifier to classify the test set T into two classes, positive
and negative. There are some similarities between the PU
learning and semi-supervised learning, which is also used
in medical field (Shah et al. 2018), but unlike to the semi-
supervised learning, PU learning only needs to give label to
one kind of data.

Supervised learning PU learning
® |
®e o m m [
) a"
|
= n
| |
| | -
m u " =
u m =
| u
m = [
® Positive % Negative B Unlabeled

Fig. 4 Model of supervised learning and PU learning

Depending on how the problem of an unlabeled data
type is solved, the learning process of PU can be divided
into two groups. The first one is based on finding reliable
negative data (RN) from unlabeled data. Then, by using the
positive data and the RN data, the PU learning can be
considered as a binary classifier (Blum and Mitchell 1998;
Liu et al. 2002; Li and Liu 2003). The second one con-
siders the unlabeled data as negative data, and the weight
of the negative data is adjusted in the loss function (Liu
et al. 2003; Elkan and Noto 2008; Lee and Liu 2003). This
is the method used in the experiments. Description and
mathematical details are as follows:

Problem settings: Let x be the input vector, which is
calculate by filtering and calculating the entropies on the
STFT from a 20-s iEEG data, and y € {£1} be the class
label. In the experiments, +1 stands for SOZ data and —1
stands for non-SOZ data. The class conditional distribu-
tions of SOZ and non-SOZ data are denoted by p,(x) and
pn(x) respectively, defined by

pp(x) =p(x |y =+1),

1
pa(x) =p(x[y=-1). .

The prior probabilities for SOZ and non-SOZ data are
denoted by m, =p(y =+1) and =, =p(y=—1) with
m, = 1 — m,. In this work, 7, is assumed to be known in
advance. The marginal distribution of unlabeled data (i.e.
the distribution of SOZ and non-SOZ data) is defined by

(2)

Risk estimators: We use the empirical unbiased risk
estimator, proposed by Du Plessis et al. (2014), Du Plessis
et al. (2015), Kiryo et al. (2017). The g(-) denotes the
binary classification function and #(g(x),+1) is the loss

P(X) = mppp(X) + Tapn(X).

function. Therefore, Ié; (g) and R;, (g) denote the empirical
risks for SOZ and non-SOZ data, respectively. The
empirical risk for SOZ data, i.e., Rj(g), is calculated by
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(3). Accordingly, the empirical risk for non-SOZ data, i.e.,

Ié; (g), is calculated by (4). Then, the risk estimator is
defined by (5).

Ry (8) = Exp,nf(g(x), +1), (3)
R, (8) = Exyp,0l(g(x), —1). 4)
Rpu(g) = MR (g) + MR, (8), (5)

Because we only have the label of SOZ data, the distri-
bution of non-SOZ data is unknown. Therefore, R (g) can
not be computed straightforwardly in the equation (4).
However, by using the equation (2), the distribution of non-
SOZ data can be represented by

Tupn(X) = p(X) = 7ppp(X). (6)

Hence, the empirical risk for non-SOZ data can be com-
puted by

R, () = R, (g) — mR, (2), (7)

where R (g) and R;‘ (g) are the empirical risks under the

distribution of unlabeled data and SOZ data, respectively,
defined by

R; (g) = [Ex\np(x)g(g(x)a _1)7
=E

RA; (g) pr,,(x)E(g(x)v _1)'

Finally, the risk estimator in equation (5) can be indirectly
approximated by

Rpu(8) = mR (8) + R, (8) — MR, (2). 9)

In general, g(x) can be any classifier function, such as
linear discriminant analysis (LDA), SVM, FCNN or others.
Due to the recent great success of neural networks, in this
work we use a three-layer FCNN as the binary classifier
function g(x). Based on the objective function presented in
equation (9), we can thus easily employ the BP (back-
propagation) algorithm to learn the deep neural network for
the PU problem.

(8)

Dataset

Two datasets are used to evaluate our methods. One is the
public dataset of Bern-Barcelona (Andrzejak et al. 2012),
which is recorded from Department of Neurology,
University of Bern, Switzerland. Retrospective EEG data
analysis has been approved by the ethics committee of the
Kanton of Bern. To our knowledge, this is the only publicly
available dataset for classifying iEEG into SOZ and non-
SOZ channels in epilepsy. The other dataset is recorded
from Juntendo University Hospital (Tokyo, Japan), which

@ Springer

is same as the article (Akter et al. 2020). The dataset is
recorded under the approval of the Juntendo University
Hospital Ethics Committee and the Tokyo University of
Agriculture and Technology Ethics Committee.

Bern-Barcelona dataset

The dataset includes the iEEG recorded from five patients,
who have long standing pharmacoresistant temporal lobe
epilepsy and are candidates for epilepsy surgery. iEEG is
recorded using AD-TECH (Racine, WI, USA) device with
a sampling rate of 1,024 Hz, and down-sampled to 512 Hz
prior to further analysis. All data are re-referenced against
the median of all the channels and permanent artifacts are
confirmed by visual inspection. No subject or channel
position information is provided for this data set, and the
20-s segments come from any time position. Thus, the data
is a mixture of them. The channels defined as the SOZ
channels, where the first changes of the iEEG signal were
detected, were visually inspected by at least two clinical
experts. The other channels are defined as non-SOZ
channels.

The initial dataset contains 7,500 SOZ and 7,500 non-
SOZ samples, with each sample lasting 20 s, and filtered by
a fourth-order Butterworth filter between 0.5 and 150 Hz.
In order to minimize the phase distortions, forward and
backward filtering is used. An example of SOZ and non-
SOZ samples is shown in Fig. 5, left panels.

Juntendo dataset

This dataset includes four patients who are suffering from
epilepsy caused by focus cortical dysplasia. The demo-
graphic information of each patient is shown in Table 1,
including age, gender, lesion site and location. The dataset
consists of the interictal iEEG recorded during two hours at
a sampling rate of 2,000 Hz. The subdural electrodes (four-
mm diameter and ten-mm distance) (UNIQUE MEDICAL
Co, Tokyo, Japan) are used to implant and cover the sur-
face over the adjacent cortex. The label (SOZ or non-SOZ)
was assigned by clinical experts after visual inspection. For
this dataset, we know the code of the subjects and the
positions of the channels. Four patients (namely patients 1,
2, 3 and 4) with SOZ channel number of 3, 3, 6, and 10,
and randomly select 3, 3, 6, and 10 non-SOZ channels, then
split the iEEG data into 20-s segments, each patient has
2,160, 2,160, 4,320, and 7,200 samples (half of SOZ and
non-SOZ). An example of SOZ and non-SOZ samples for
the Juntendo dataset is shown in Fig. 5, right panels.
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Bern-Barcelona

Fig. 5 SOZ and non-SOZ

Juntendo

samples, the sampling rate of
Bern-Barcelona is 512 Hz and
the sampling rate of Juntendo is
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Table 1 Su.ml.nary of . Patient Age Gender
demographic information of
each patient Pl 5 F
P2 6 F
P3 5 F
P4 39 F

Lt dorsal superior temporal gyrus Cortical surface

Rt dorsal middle frontal gyrus Cortical surface
Lt cingulate gyrus Bottom of sulcus

Lt dorsal superior frontal gyrus Bottom of sulcus

Experimental results

Bern-Barcelona and Juntendo dataset were used to evaluate
our proposed method. A 10-fold cross-validation strategy
was implemented for the Bern-Barcelona dataset because it
contains patients, channels, and time mixed together, we
only know the label of SOZ and non-SOZ, but not their
location or patient identification. In PU learning experi-
ments, we have 13,500 training data. Among this data,
2,142 SOZ samples (which represents the about 15.87% of
the training data) are selected as labeled data (the rest is
unlabeled data). In order to compare the performance of the
PU learning, we performed an experiment of small training
data, the model of FCNN (entropy) is used, the training
data include 1,071 SOZ and 1,071 non-SOZ samples (same
size to labeled data in PU learning) and the test data
include 1,500 samples (same size to the test data in PU
learning).

In Juntendo dataset, the number of channels is different
for each patient, hence the available samples vary among
them: 2,160 for patient 1; 2,160 for patient 2; 4,320 for
patient 3 and 7,200 for patient 4. In all the cases, half of the
samples are SOZ and the other half are non-SOZ. We use
the first 105 minutes to build the training dataset (87.5% of
the data), and the rest 15 minutes to build the test dataset
(the total recorded time was 120 minutes). In the PU
learning method, we randomly select 300, 300, 600, 1000
(for patients 1 to 4, respectively, representing again the
15.87% of the training data) labeled SOZ samples, and the
rest of the data are considered unlabeled data. Same to the
Bern-Barcelona, we performed the experiment of small
training data to compare the performance of PU learning,
the model of FCNN (entropy) is used, the training data
include 300, 300, 600, and 1,000 samples (half of SOZ and
non-SOZ) for patients 1 to 4, and the test data also used the
last 15 minutes (same to the test data in PU learning).

The classification accuracy results obtained for the two
datasets and each of the proposed models are shown in
Table 2 and Fig. 6. Due to the Bern-Barcelona dataset is
evaluated by 10-fold cross-validation, the results are
averaged twice, the first is the average of 10-fold cross-
validation, and the second is the last 10 epoch average.

Discussion

In order to reduce the workload of the clinical expert,
diagnostic aids of the SOZ classification are proposed,
based on several feature extraction methods and classifi-
cation models. In the feature extraction step, we use two
different approaches: (i) various filtering and entropy cal-
culations; and (ii) STFT. We are not only concerned by the
effect of feature extraction, but also by ensuring its medical
interpretation and making it accessible to clinical experts,
which is a key point in clinical practice. The band-pass
filters that we selected cover the physiological frequency
bands commonly used in iEEG, which are therefore well
known and accepted by clinical experts. This time we hope
to mine as much information as possible from the original
data, the features from the low-frequency to high-fre-
quency are extracted and fed into the neural network
model, allowing the model to find more effective infor-
mation from the features. On the other hand, since epilepsy
is caused by an abnormal discharge of brain cells, we use
entropy as a characteristic because of its ability to measure
the predictability of a signal, being also understandable for
clinical experts. The reason for using STFT is based on the
role of spikes in epilepsy. Because the identification of
spikes in the time domain is very complicated, we propose
to use time frequency analysis to do so. In the classification
step, we compared several typical supervised learning
methods. From the results, we can see that the more
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Table 2 Classification results,

Model Bern-Barcelona Juntendo P1 ~ Juntendo P2 Juntendo P3  Juntendo P4
accuracy [%] over last 10
epochs (Mean + Standard SVM (Entropy) 80.81 £ 1.60  85.56 65.56 81.30 92.44
deviation, best result in bold)
FCNN (Entropy) 80.06 + 1.58 91.67 £ 093 78.04 +£0.97 80.44 +2.10 90.52 + 0.16
CNN (Entropy) 83.80 + 0.11 93.89 £ 0.65 81.37 £ 097 89.11 £ 091 94.66 + 0.29
CNN (STFT) 88.14 £ 0.12 96.74 + 3.77 91.52 + 1.10 81.80 £ 0.82 93.76 + 0.95
PU & FCNN (Entropy) 76.91 & 0.22 87.02 = 1.20 74.31 & 4.10 79.00 + 1.59 87.20 4+ 0.22
Small training data 70.61 £ 0.18 71.70 £ 3.16 61.15 £ 1.68 73.11 £+ 0.20 84.60 + 0.18
Fig. 6 Illustrative experimental 10
results (Bern-Barcelona and ‘I
each patient in Juntendo) 08l . . [
1 1l
In 1§
3
< 04/
Bl Bern-Barcelona
. .I I Jjuntendo Patient-1
0.2 B juntendo Patient-2
HEE juntendo Patient-3
I juntendo Patient-4
0.0

SVM (Entropy)

complex network model (CNN) shows better performance,
almost regardless of the features extracted from the signals.

Supervised learning relies on high-quality labeled data,
but the iEEG annotation is time-consuming, difficult and
experience-based work. In particular, some data require
multiple clinical experts to spend more time discussing and
voting to make the final diagnosis. In order to further
reduce the workload of clinical experts, we introduce the
PU learning model to reduce the requirements for data
annotation. By using the PU learning model, only part of
SOZ data annotation is required. Compared with the
commonly used supervised learning, the PU learning
model can improve the work of data annotation. Table 3 is
a comparison of supervised learning and PU learning
methods, as shown in the table, PU learning can reduce the
amount of annotation data, and due to the annotated sample
being freely chosen, hard sample annotation also can be
avoided. To investigate the effect of the PU strategy, we

FCNN (Entropy)

CNN (Entropy) CNN (STFT)  PU & FCNN (Entropy) Small training data

run another experiment in which we used FCNN (Entropy)
as a classifier, training with the same amount of data used
in the PU & FCNN (Entropy) case, but now using only
labeled data and not unlabeled data (i.e., we didn’t use the
PU strategy). This experiment is the same as FCNN
(Entropy) in Table 2, but using a small dataset for training.
To discuss the results, let’s focus on a single case, the
Bern-Barcelona dataset. We can see in Table 2 that using
all the available data we have the best result, as expected
(80.06%). But we can also see that using PU strategy with
only 15.9% of labeled data from SOZ class, we obtain a
very good result (76.91%), with a small drop in accuracy of
about 3.15%. Finally, using the same 15.9% of training
data and testing in the same conditions as before (but now
without using PU), the accuracy drops significantly to
70.61%, which is about 10% lower than the first case and
6% lower than using the PU strategy. Similar effect can be
observed in all the subjects of the Juntento dataset.

Table 3 Comparison of method performance in the SOZ and non-SOZ iEEG data classification

Annotation Ratio (%)

Avoids Hard Sample Accuracy (%)

Reference Method

Acharya et al. (2019) Bispectrum, LS-SVM 100

Borowska (2021) Lempel-Ziv, LS-SVM 100

Gupta and Pachori (2019) EMD, LS-SVM 100

Proposed STFT, CNN 100
Entropy, FCNN 100
Entropy, FCNN & PU 15.87

87.93
86

83.12
88.14
80.06
76.91

N X % %X % %
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Therefore, thanks to PU we can train a classifier using a
small amount of labeled data (SOZ signal) and a large
amount of unlabeled data (SOZ and non-SOZ signal)
keeping reasonable and useful classification results and
reducing the workload of clinical experts.

Although the proposed methods exhibits expected per-
formance, there are still some limitations. The proposed
method cannot be used in a patient-independent setting
which is important for real clinical data application. For
each patient, we still need clinical experts to perform part
of the data annotation. By using PU learning we can further
reduce the annotation workload of clinical experts, but at
the same time, it has some shortcomings. PU learning
needs to know the proportion of the positive data in the
unlabeled data and the error of this proportion value affects
the classification performance. This will limit the practical
application of the method. Due to the difficulty of data
collection and annotation, in the experiment, we can only
evaluate the proposed method with limited patient data. In
this article, we propose methods to classify the SOZ and
non-SOZ data and return the classification results to clin-
ical experts as an auxiliary basis for diagnosis. But the
classification result is an intermediate process for clinical
experts to identify the SOZ, if most of the segment samples
classified as SOZ are appear in some channels, those
channels will have a greater probability of being identified
as SOZ. In this way, the classification results can help the
clinical experts to identify the SOZ channels.

Conclusion

In this article, we propose methods to classify the SOZ and
non-SOZ data. In the feature extraction, filtering with
entropy calculation and STFT are used. In the classifica-
tion, various models (SVM, FCNN and CNN) are used as
the classifier and from the experimental results our method
obtained the best result compared with other published
works. In order to further reduce the annotation workload
and difficulty of clinical experts, we introduce the PU
learning for SOZ data classification, by using PU learning,
only a small part of SOZ data is required to be annotated.
For data that is difficult to diagnose, it can be processed as
unlabeled data, thereby reducing the difficulty of data
annotation. The proposed methods are evaluated using two
datasets. As can be seen from the experimental results, the
classification result obtained by the different methods is as
expected. In the PU learning results, only 15.9% of labeled
data from the SOZ class are used, the model obtain a very
good result (76.91%). Compared to supervised learning,
the result has a small drop in accuracy of about 3.15%.
Compares to the supervise learning model with 15.9% of
training data, the PU learning shows a better classification

result. PU learning provides us with an opportunity to use a
small amount of labeled data for SOZ and non-SOZ
classification.
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