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Abstract. Epileptogenic localization is a critical factor for successful epilepsy surgery.
Determining the  epileptogenic  hippocampus  with  single channel intracranial
electroencephalography (iEEG) recording is beneficial to decrease the risk of infection
compared with that based on multi-channel iEEGs. Delay permutation entropy (DPE)
methodology is presented in this study to measure iEEG with different delay lag based on focal
epileptogenic zone. A total of 1600 20-s epileptic iEEG are evaluated and are used as features to
classify epileptogenic and non-epileptogenic zone. Experimental results show that the DPE
index of epileptogenic iEEG is significant lower than that of non-epileptogenic hemisphere
when delay lag ranges from 5 to 30 (p=0.01). In addition, the accuracy of identifying
epileptogenic region with the DPE index is increased when the delay lag between 5 and 25,
compared to the performance of the PE index.

Keywords: DPE, iEEG, Epileptogenic, focus localization, support vector machine.
PACS: 87.85.Ng.

INTRODUCTION

There are about 1% population in the world are diagnosed as epilepsy [1]. Patients
with drug-resistant epilepsy can turn to surgery. Therefore, how to localize the region
of seizure onset precisely is very important in the treatment. Intracranial EEG (1IEEG)
is a useful to localize the epileptogenic zone. However, epileptogenic focus
localization based on multi channels intracranial iEEG is time-consuming and
increases the risk of infection. Therefore, using one channel iEEG recording to
diagnose the seizure onset zone is an important research issue.

Many pre-surgical evaluations have been studied on epilepsy, such as magnetic
resonance imaging (MRI) [2], positron emission tomography (PET) [3] and ictal
single photon emission computed tomography (SPECT) [4]. They correctly localize
the epileptic area with approximately ~50-80% accuracy of the cases depending on the
presence or absence of a structural lesion [5-7]. Recently, Andrzejark et al. [8] has
shown that iIEEG signals from epileptogenic zone are less random, more nonlinear-
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dependent than those from non-epileptogenic area using a combined surrogate analysis
method.

This paper proposes delay permutation entropy (DPE) method to classify the
epileptogenic zone signals from non-epileptogenic zone signals based on only one
channel of iEEG signal. Permutation entropy (PE) is introduced by Bandit and Pompe
[9] to estimate the complexity of time series. PE has been applied to predicate
epileptic seizures on animal iEEG by Li et al [10]. Bruzzo et al. [11] found that PE
was poor to predict the seizure on scale EEGs but could be possible useful for
vigilance detection on epilepsy patients. The DPE improves the nonlinear detection
performance of PE on moving-average processing time series by Matilla-Garcia [12].
This paper is the first time to apply the DPE to real-world time series, especially on
epilepsy iEEG data.

This paper is organized as follows: the experimental data are briefly introduced in
the next section. The proposed DPE algorithm is showed in Section 3. Section 4
presents the experimental results. Finally, conclusions are drawn in Section 5.

THE EXPERIMENTAL DATA

The experimental data used in this paper were obtained from the public Bern-
Barcelona EEG database (http://www.dtic.upf.edu/~ralph/sc/) collected from ten
patients. The database includes two distinct sets: one comes from epileptogenic zone
(set F) and the other is recorded from brain areas that were not involved in seizure
onset (set N). The sample rate is 512 Hz if the number of record is less than 64
channels. Otherwise, it is 1024 Hz. Each data contains two signals, signal x is the
patient’s focal EEG channel and signal y is the neighboring channel of the
epileptogenic zone. Each signal in each recording has 10240 data points. The detailed
description and usage of this database can be found in [8].

This study applies two sub sets of Bern-Barcelona EEG database. The sizes of
these datasets are 100 and 1500 recordings respectively. The small set is named #50
which is a sample data used by [8], and the large set is denoted as #750 which include
recording from No. 751 to No. 1500.

THE METHODOLOGY

The procedure of the proposed method is shown in Fig.1. Note that the PE and DPE
index features are extracted separately. The SVM involves the training stage and the
testing stage, with the size of the training data equals to the size of the testing sets.
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FIGURE 1. Algorithm diagram.
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Delay Permutation Entropy Method

The DPE is an improved method for detecting nonlinear structural based on PE
method. The DPE is also a measurement for the delay lags ¢ of an epileptic EEG time

series {x,} _, . The DPE algorithm is outlined as follows [12].
1. Construct an embedded m-dimensional space X, as follows:
Xm(t)Z{XHU,XHzU,---,meU} 1<t<(n—-om+1)
2. Arrange each vector of X,, to an increasing order

Xi(t) = {xt+j] < xt+j2 Sees xt+jm}
Let 7; ={ji,J».**»jm} » then z; is a symbol of m! possible permutations of the
vector of {1,2,---,m} .

3. From i=1 to N-m calculate each x;(¢) into symbol z; .

4. Let p(x;,6) be the probability distribution of 7, .

5. Calculate the Shannon entropy of all the symbols
n—om+l1

hm,&) ==Y p(x,,8)In p(x;,6)

i=1
According to the PE algorithm in [9], PE is a special case of DPE, where o0=1.
During this study, it assigns m=4 and n=10240.

Support Vector Machine

To measure the performance of the DPE features from sets F and N with different
delay lags o, a support vector machine (SVM) is selected to conduct the binary
classification. The SVM has been successfully used in EEG classification [13]. It can
perform both the linear space discrimination and nonlinear classification by choosing
different "kernel" functions which can be linear, polynomial kernel, radical basis
function (RBF) and sigmoid. In this paper, the SVM algorithm with RBF kernel is
implemented in R package e1071 [14].

THE EXPERIMENTAL RESULTS

To evaluate the performance of the methods in Section 3, the DPE algorithm is
implemented in C program language, while the SVM and statistical analysis are
implemented by R. The software is available at http://brain-graph.appspot.com. The
experiments include two parts: (1) analysing DPE index associated with epileptic
iIEEGs under different delay lags; (2) evaluating classification accuracy of the DPE
features by different lags on two different sizes of data sets.

Both experiments investigate the data sets #50 and #750 and the value of J ranges
from 1 to 50.

33



Statistical analysis on the relation between DPE index and o

Fig.2 shows the relation between different 0 and the DPE index associated with
channel x of epileptogenic zone iIEEG and non-epileptogenic area iEEGs on two
datasets. In order to evaluate the relation between the DPE index and 9, the value of ¢
changes from 1 to 30.
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FIGURE 2. The relation between the DPE index and 6 on iEEG channel x

To make the relation between DPE index and 0 more clear, comparison between
DPE index of epileptogenic iEEG and those of non-epileptogenic signal are employed
with the Student’s test. Two ranges of ¢ are measured based on data set #750. The first
range is 1 ~30, the statistical DPE indices between sets F and N are not significantly
different (p=0.08). The second range is 5 ~30, and the statistical difference are
considered significant (p=0.01).

Evaluating the relation between 6 and classification accuracy

This section is to investigate the relation between classification accuracy and 6
when one dimension DPE index is applied to identify the epileptogenic iEEG. Firstly,
each recorded signal x is extracted with DPE indices with ¢ from 1 to 50. For set #50,
total /00x% 50 dimensional DPE features are extracted, and for set #750, there are
1500% 50 dimensional DPE indices are also extracted. Each dimensional feature is
forwarded into a SVM to conduct classification, where the odd indices of instances are
used for training and the remaining features are used for testing. Finally, the relation
of the accuracies and 0 on two EEG data sets are obtained and illustrated in Figure 3.
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FIGURE 3. The relation between accuracy and & of DPE on iEEG channel x for the identification of
epileptogenic and nonepilptogenic

Based on Figure 3, the maximum accuracy is 0.84 for the EEG set #50 and ¢ is
selected as 21, while the maximum accuracy is 0.75 when EEG set is #750 and 0 is
assigned as 17. In addition, the accuracies are increased when ¢ is located between 5
and 25.

To be more clear, a confusion matrix between the experts scoring and automatic
classification based on PE (6=17 of DPE) is shown in Table 1. The accuracy is 66%.

TABLE 1. Classification accuracy with PE features.

Set F Set N
Set F 15 7
Set N 10 18

The confusion matrix based on the DPE index (6=21) is shown in table 2.

TABLE 2. Classification accuracy with DPE index with 0=21.

Set F Set N
Set F 22 5
Set N 3 20

The accuracy of Table 2 is 84%. According to Tables 1 and 2, the classification
accuracy based on DPE index is 18% higher than that based on PE. More importantly,
the highest accuracy based on the DPE index in this study is higher than the existing
recorded results, which is ~50-80% [5-7]. This proposed method exhibits that DPE
indices can be potentially applied in epileptogenic focus location based on the iIEEG
signals.
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CONCLUSION

In this paper, the DPE index is applied to identify the epileptogenic focus
localization. This paper is the first time to study the epileptic iEEG with DPE index.
Meanwhile, there is no researcher conducting classification with single channels iEEG
data between epileptogenic zone and non-epileptogenic brain area so far as we known.
It is found that the DPE index of epileptogenic zone iEEG is significant lower than
those in non-epileptogenic when the delay lag changes from 5 to 30 (p=0.01).

Based on the analysis of the relation between the delay lag and the DPE index, the
DPE indices are forwarded to a SVM to identify the epileptogenic zone. The
classification results show that the accuracy detecting epileptogenic with the DPE
index is increased when the delay lag is between 5 and 25 compared to that of the PE
index.

It is noted that the proposed method does not use surrogate data compared with the
study by Andrzejark et al. [8], and only one dimensional feature is enough to obtain
84% accuracy based on the DPE index with =27, which is 18% higher than that
based on the PE index. This indicates that the proposed method in this study is not
only high accuracy and also fast. Hence, the DPE index can be a potentially suitable
candidate for diagnostic protocol to identify the epileptogenic region.
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