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Epilepsy is one of the most common neurological diseases that has broad spectrum of debilitating medical and social
consequences. The automatic forecasting and detecting systems are vitally important, since they allow patients to
avoid dangerous activities in advance of the seizure. We present some methods of feature extraction and selection
Jor detecting the epileptiform activity in electroencephalography signals, based on the processing of a non-stationary
signal. The proposed approach is based on the application of the Discrete Wavelet Transform (DWT) and signal
processing techniques in order to create the feature vector. Afterwards, the principal component analysis and support
vector machine techniques are used in order to reduce the dimensionality of the feature vector.
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The heaviest burden of epilepsy is that people with this disease are not aware when the next sei-
zure will come. Electroencephalography (EEG) is one of the most useful techniques in order to
detect abnormalities, which attends of the epilepsy seizure. It is a safe and multifunction medical
tool that is used to localize and identify the epilepsy syndrome [1]. EEG measures the electrical
activity of brain.

Within the goal of seizure detection and prediction by the apportion of EEG signals into the
ictal (seizure) and pre-ictal (before seizure) periods, we need to solve two major tasks. One of
them is the feature extraction from EEG signal that provides reliable data for discriminative anal-
ysis. The second one is to determine the approach that will be used to solve the classification
problem with high accuracy. Here, we concentrate on the first task.

Materials and methods. The datasets presented in this article are the time series of one-
channel intracranial recordings collected from Bogomoletz Institute of Physiology in Kyiy,
Ukraine. The data are acquired at a sampling rate of 416 Hz using gold plated electrodes. The data
were recorded from fifteen laboratory rats with epilepsy, in average from 50 min to 2.5 hours for
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Fig. 1. EEG recording with seizured and non-seizured periods

one examination. The signals were filtered between 0.5 to 40 Hz and then segmented into pre-
ictal and ictal states (Fig. 1).

We divided each EEG signal into epoches (time laps), where the non-seizure and seizure
activities occurred and then shuffle them in one database. Each signal contains 10575 datapoints,
so one epoch contains 1024 points in average. Next, we extracted fifteen different features from
each allocated epoch and applied the proposed feature selection algorithm for selecting the least
number of features.

Feature extraction. First of all, the statistical features such as the minimum value, maximum
value, mean, variance, skewness, and kurtosis were calculated. Gathered data were conducted
as the stochastic variable X = (x, x,, ... x,)).

Mean value is the average value on a specific time period of EEG signal. Dispersion is cal-
culated as var (x,, x,, ... x,). The variance measures how far the signal is dispersed from the mean
value. The standard deviation shows how far the signal fluctuates from the mean. It quantifies the

quantity of variation of a set of values and is de-
v fined as the square root of the dispersion.

Skewness is a measure of the deviation of a
sample distribution from the normal distribu-
tion. Skewness determines the symmetry of the
probability density function (PDF) of the ampli-
tude of a time series. The height and sharpness of
the central peak relative to the rest of the data is
measured by kurtosis.

Hjorth parameters are the indicators of sta-

tistical properties of time-series. There are three
B Y W e Hjorth parameters: activity, mobility, and com-
0t 2 3 4 5 6 7 8 9 10 «x ’ ’

Fig. 2. The mother wavelet function (the Daube- plexity. Activity parameter can indicate the sur-
chies 5) face of the power spectrum in a frequency do-
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Fig. 3. The plot of first principal component vectors of EEG features

main. The value of activity returns a large value, if the high-frequency components of the
signal exist. It characterizes the mean power of the signal. The mobility parameter represents
the mean frequency. Complexity parameter indicates how the shape of a signal is similar to a pure
sine wave and represents a change in the frequency. For a pure sine wave, it is zero.

Discrete wavelet analysis. In a normal EEG signal, most of the power is contained within
the frequency band from 0 Hz up to 40 Hz. Different pathological and physiological processes
are reflected by the activity in different frequency ranges. Discrete Wavelet Transform (DWT)
decomposes a signal, as does a Fourier Transform, but in a way that is able to reflect both fre-
quency and temporal location properties of the signal [3].

The DWT is a decomposition of the time series. The method is computationally fast and
can be implemented by successive filter banks and thus is an important tool in the signal and im-
age processing. In context of EEG analysis, two wavelets are commonly used: the Daubechies
wavelet (Fig. 2) and Symlet wavelet [4].

Results. The principal component analysis has been implied in order to classify the EEG
epoch in two different classes — seizure and non-seizured. The PCA analysis has shown that only
five features can be used to provide a robust binary classification. Among them are complexity,
kurtosis, mean values of approximate wavelet coefficients, energy, and entropy. The results for a
3d plot of PCA vectors are shown in Fig. 3.

For the assessment of a performed algorithm, we compared the results with those of the con-
vensional correlation-based feature selection algorithm. The first detectable discharges often
occur with frequencies of about 15 Hz. This discharge frequency decreases during the ictal pe-
riod, whereas the amplitude increases. The decrement of the discharge frequency is crucial to
identify these patterns as epileptic. A minimum ictal phase of five seconds and a minimum in-
ter-ictal phase of ten seconds are assumed. We observed that the proposed algorithm provides a
classification accuracy of 77.6 % and sensitivity of 85.7 %. Those results show a similar accuracy
with a smaller number of features. Our results indicate that seizure events in a rat model can be
detected with high accuracy using the stationary wavelet analysis. The true positive rate of 78 %
and true negative rate of 86 % of the proposed algorithm are commonly considered as good enough
for different practical applications. The proposed algorithm may be applied to a further develop-
ment of seizure prediction techniques.
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BUALIEHHA XAPAKTEPUCTUYHUNX I[TAPAMETPIB
EJJEKTPOEHILEDQAJIOTPADGIYHOI'O CUTHAJLY
JIJId 3A1AUT BIHAPHOT KITACU®DIKAIIT ENIJIEIITUYHMX CTAHIB

Enisencisa — oxHe 3 HalIIONIMPEHININX HEBPOJIOTIYHUX 3aXBOPIOBAHD, SIKe MA€ IIUPOKUIL CIIEKTP KOIHITUBHUX
Ta COMiaJbHUX MPOSBiB. Y TpeACTaBJeHill cTarTi 3aCTOCOBAHO METOAM BUAIJIECHHS Ta BiAGOPY CTATUCTUUHUX
03HaK iHTPaKpaHiaJbHOTO eJeKTpoeHIiedasorpadiaHoro CUTHaAIY IS BUSABJIEHHS €MiJIeNTUIHOT aKTUBHOCTI
Ta ii paHHBOI AIArHOCTHKY. 3anpONOHOBAHUN TTi/Xi[A 6a3yE€ThCs HA 3aCTOCYBAHHI JIUCKPETHOTO BEHBJIET-TIepe-
TBOPEHHS Ta MeToax 00POOKU CUTHAJIIB /IS CTBOPEHHS BEKTOpa 03HAK. MeTo/I TOJIOBHUX KOMITOHEHT Ta METO/I
OIIOPHUX BEKTOPIB BUKOPUCTAHO [JIs1 3MEHIICHH PO3MIPHOCTI BEKTOPa 03HAK Ta OinapHoi kaacudikamii. 3a pe-
3yJIbTaTaMi pOOOTH BEKTOP 3 TPUHAAIATH KOMIIOHEHT GYJIO 3MEHIIEHO 10 BEKTOPa 3 I'sITH KOMIIOHEHT 31 30e-
pPeskeHHsIM crenndivHOCTI Ta Yy TAUBOCTI Kiaacubikalrii.

Kmouogi cnosa: erexmpoenyedanozpama, éetigiem-nepemeopenis, eniienmuymi namepuu, 6eKmop 03Hax.
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BBIIEJIEHME XAPAKTEPUCTNYECKUX ITAPAMETPOB
IJIEKTPOOHIEQAJIOTPAONYECKOTO CUTHAJIA 1JI 3AIAYU
BUHAPHOWM KJIACCUDUKAIINN SNUJIEITTUYECKX COCTOAHUI

INuUIencus — OfHO M3 CaMbIX PACHPOCTPAHEHHBIX HEBPOJOTUUECKUX 3a00JI€BaHNH, KOTOPOE UMEET MIMPOKUIL
CIEKTP KOTHUTUBHBIX W COITMATBHBIX MTPOSBIEHUN. B rpeicTaBieH ol cTaThe MPUMEHEHBI METO/TbI BBIJIEJICHUS 1
oT6Opa CTAaTUCTHYECKUX TIPUBHAKOB MHTPAKPAHUAIBHOTO dieKTpoaHIedatorpahuueckoro curtaia ais ooHa-
DPYIKEHUS SMUJIETITUYECKON aKTUBHOCTU WM ee PaHHEH MUarHOCTUKU. IIpesioskeHHbIi MOIX0/I OCHOBAH HA TIPU-
MEHEHUU JUCKPETHOTO BEHBJIET-IPeoOpasoBanus u MeToaax 00paboTKU CUTHAIOB JJTsl CO3/AHUST BEKTOPA TIPH-
3HAKOB. MeTO/I TJIABHBIX KOMIIOHEHT U METOJI OMTOPHBIX BEKTOPOB MPUMEHEHBI TSI YMEHBIICHUS Pa3MEPHOCTU
BEKTOpA MPU3HAKOB 1 OMHApHON Kiaccudukanuu. [To pesyabratam paboThl BEKTOP U3 TPUHAAIATH KOMIIOHEHT
GBI YMEHBIIIEH 10 BEKTOPA M3 MSATH KOMIIOHEHT C COXPaHEHHEM CIEeIU(UIYHOCTH U YyBCTBUTENBHOCTH KJIAacC-
ndukanun

Kantoueevie cnosa: snexmposnyedanozpamma, 6eiieaem-npeoopasoeanus, SNULenmuieckue nammephsl, 6eKmop
NPUHAKo8
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