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Forecasting Generalized Epileptic Seizures from
the EEG Signal by Wavelet Analysis and
Dynamic Unsupervised Fuzzy Clustering
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Abstract—Dynamic state recognition and event-prediction are or spike-and-wave (SPW) complexes. This activity varies,
fundamental tasks in biomedical signal processing. We present depending on the type of epilepsy. It may take the form of

a new, electroencephalogram (EEG)-based, brain-state identi- 5 ~n_ ; : )
fication method which could form the basis for forecasting a 2-60-s periods of very regular and symmetric 3-Hz SPW

generalized epileptic seizure. The method relies on the existence indiScharges irabsenceor petit mal epilepsy. Thetonic-clonig

the EEG of a preseizure state, with extractable unique features, or grand malepilepsy, has 40-60-s periods with fast polyspike

a priori undefined. activity, gradually decreasing in frequency and increasing in
We exposed 25 rats to hyperbaric oxygen until the appearance amplitude (tonic phase) interrupted by slow waves (clonic

of a generalized EEG seizure. EEG segments from the preex- - .
posure, early exposure, and the period up to and including the phase), and followed by post-ictal EEG depression. Other less

seizure were processed by the fast wavelet transform. Features€gular patterns occur imyoclonic clonic, tonic, atonic, and
extracted from the wavelet coefficients were inputted to the atypical absencepilepsies [1].
unsupervised optimal fuzzy clustering (UOFC) algorithm. The EEG in the interictal periods ranges from normal,

The UOFC is useful for classifying similar discontinuous tem- ; : : o ; :
poral patterns in the semistationary EEG to a set of clusters which through isolated epileptic activity (single events or brief bursts)

may represent brain-states. The unsupervised selection of the fiding on a normal background, to an abnormal background
number of clusters overcomes the priori unknown and variable  (usually slow) with or without riding isolated epileptic activ-

number of states. The usually vague brain state transitions are ity. Other than frank paroxysmal activity such as spikes or
naturally treated by assigning each temporal pattern to one or gpyy complexes, the riding events may include single short

more fuzzy clusters, transients, such as abnormal rhythms, sub-clinical discharge
The classification succeeded in identifying several, behavior- ! y ! g

backed, EEG states such as sleep, resting, alert and activePatterns, and nonparoxysmal complexes [2]. Allusion to a
wakefulness, as well as the seizure. In 16 instances a preseizurgreictal period is sometime made, but usually as an after-
state, lasting between 0.7 and 4 min was defined. Consider-sjght. While abnormal interictal EEG patterns may sometimes
able individual variability in the number and characteristics of 1,04 just before the seizure, more often than not, the latter
the clusters may postpone the realization of an early universal . . . o
epilepsy waming. Universality may not be crucial if using a Strikes unheralded with a dramatic sharp transition of the
dynamic version of the UOFC which has been taught the in- EEG signal from its ongoing background pattern into the
dividual's normal vocabulary of EEG states and can be expected characteristic impulse-train of spikes or (SPW) complexes,
to detect unspecified new states. coincidental with the motor involvement.

Index Terms—EEG, fuzzy clustering, hyperbaric oxygen, rat, Alerting a patient and/or his attending staff to an impending

temporal pattern recognition, time-frequency analysis. epileptic seizure has obvious clinical importance. The above-
described changes in the EEG make this signal an intriguing
I. INTRODUCTION candidate for a forecaster. Yet, in spite of a massive invasion of

UMAN epil is for th t part intrinsic brai signal-processing expertise into the field of neurology, and in
€prepsy 1s, Tor the Most part, an Intrnsic ralns(_g)ite of considerable effort invested in detecting epileptic pat-

. pathology. Its maJor_mamfestanon Is the ep||e_pt|c selzul rns, an early (few minutes) and reliable universal forecaster
which may involve a discrete part of the brain (partial
has yet to be found.

or the whole cerebral mass (generalized). In the latter in- : : s _
: : ... . There is one population of individuals with intact cerebral
stance, seizures or ictal states are recurrent, with interictal

periods ranging from several minutes to many days. Ictrﬂncnon’ in which generalizegrand maitype epilepsy may be

electroencephalogram (EEG) is characterized by repetitil\péadvertentIy and reversibly induced by external means. These

. : o : . re individuals that breath oxygen at an increased ambient
high-amplitude activity, either fast (spikes), slow (Wavesgressure [hyperbaric oxygen (HBOY)], either while diving with
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the individualized pre- or interictal EEG information uporcombinations of the basic EEG rhythms. An EEG state can
which to base such an alarm. be defined by a portion of the time-series dominated by one
Apart from its practical uses, HBO provides a very valuabldythm, a particular mixture or alternation of rhythms, or the
experimental model. The animal model used in this studsequent appearance of isolated events. If we pool the values
is a chronically implanted unrestrained rat. Exposure of tled a properly chosen combination of parameters produced
experimental animal to HBO will bring about seizures after aver time by some feature extracting method, they would be
predictable mean time lag, ranging from a few hours to a feexpected to be naturally classifiable into groups representing
minutes, depending on exposure pressure [3]. Sometime dursugh states.
the 5 min preceding the first major 20-s) electrical discharge A clustering procedure allows state classification by tak-
in the EEG there is very often a state of alertness with tlwg account of past history. Unlike segmentation, clustering
animal expressing escape behavior. This fact may hint thatlassification, by making use of past data, can distinguish
preictal state (PIS) indeed exists in generalized epilepsy, whigatween “normal” state-changes and a change into a true new
is sensed by the rat but not by most patients. EEG recomstate. Notwithstanding the distinct rhythms, temporal pattern
of human subjects in whom HBO-induced seizures occurredriation in the EEG time-series is a continuum and the
are very rare. Thus, the readily available EEG records froemergence of a new state may not always be sharp. Thus,
HBO-exposed rats, up to and including the first seizure, areatiempting to classify the multidimensional space points into
good data bank to try to universally define the PIS and, by si@screte, nonoverlapping categories will leave much of the
doing, to forecast the seizure. content unclassified or classified by default. The method of
The EEG record during the PIS should be searched for &bzzy clustering overcomes this by allowing items to share
normal isolated activity as well as for nonparoxysmal changegembership in more than one category. A state could, thus,
in background activity. Indeed, a gradual change in the stdie defined not only by the cluster list representing it but also
of the cortex may be required for single events (normallyy the degree of membership in various clusters.
suppressed) to evolve into a full-blown seizure [4]. Such By not forcing a priori constraints on cluster features,
changes may be apparent from information contained intl&e unsupervised optimal fuzzy clustering (UOFC) algorithm
single derivation or only from information contained in twd31]-[32] gains flexibility to detect changes not entirely fore-
or more. seen. For instance, the number of clusters could be dictated
Both for the clinical and for the operational applicationaccording to the maximal number of different normal EEG
a universal, automated feature-extraction system is neecdates seen in the unrestrained rat. However, by allowing
which will detect the itical state (IS) with a high degree ofhe clustering procedure itself to decide, by certain validity
sensitivity and specificity. The detection should be achievediteria, on the optimal number of clusters for any given
at an early enough stage, especially in the operational arecategorization, we may guard against an artificial grouping
so that proper action may be taken in order to avert the sequences which do not include all normal rhythms and
impending seizure. A host of signal processing methods hastates. The optimal number of clusters, their spatial location,
been put forward for application to pre- or interictal EEGand the membership therein of each data point are all obtained
both for classification following parameter extraction and fdsy unsupervised learning during the classification of each
supervised pattern recognition [2], [4]-[21]. Several specifindividual case.
attempts at epilepsy prediction have been made, both orThe UOFC may be used in two ways (or their combi-
experimental animals and human epileptic patients [22]-[2%ation) for automated definition of EEG states. The first is
Of those based on sharp-transient detection, the few succesbkfulpplication to EEG sequences, which include sufficiently
ones lacked universality, being reliant on prior familiarity withong segments representing the “normal” repertoire of pat-
the individual's seizure discharge patterns [23], [26]. Somnterns (backed by behavioral signs) as well as clinical states.
attempts, which tracked nonspecific changes in backgrouAdnormal patterns or combinations, associated with chronic
activity, found them too close (a few seconds) to the seizupathology or heralding an acute pathological event, will be
to be practical [24], [27]-[29]. expected to form distinct classes. This is the means better
Since the PIS may be defined by single or short-lastirsgited for determining the usefulness of the method and is the
events as well as by dynamic changes in background activitgyain one to be described in this paper.
and since paroxysmal-like single events may appear duringlThe second means, which better serves an actual automated
states unrelated to the epileptic seizure, a signal processiogecasting device, is to have the procedure operate from the
method capable of dissecting and categorizing the patternbafginning of an exposure expected to lead to pathology, and
short EEG epochs is needed. The epochs need be short so &3 whserve the dynamics of the classification as consecutive
be sensitive to rapid transients but long enough to capture theta are being introduced. A combination of adaptive, on-line,
underlying state of the cortex. A dynamic categorizing proceskassification and the use of past information can be achieved
which takes into account all past history of the signal is vitddy applying a weighting function to the time series. An abrupt
for a forecasting process which needs to recognize a chamge considerable change in the optimal number of classes, in
in pattern not only at that time, but in the long perspective diie validity criteria of a given number of classes, and in the
all seizure-unrelated patterns. spatial shift of one or more cluster centers could, together,
We can take advantage of the fact that (patho) physiologicaginal the advent of a new state in general and of an epileptic
states of the brain are very often characterized by distirathte in particular.
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This paper is the culmination of a lengthy quest for a signa the number of patterns, add is the delay between patterns
processing tool which can best detect the PIS and forecast the S(1) S(D+1) - - S(M-1)-D+1)
seizure in experimental HBO-induced epilepsy. The general S(2) S(D+2) - - S(M-1)-D+2)
approach was to couple feature extraction with UOFC asg _ . .
the categorization tool of selected transform coefficients. This . . .
approach was found successful, using adaptive segmentation S(N) S(D+N) - - S((M—-1)-D+N)

as the feature extractor, in identifying general EEG states [30] lizat h |
as well as EEG segments containing “ significant graphoe o our realization, we chosev = 128 samples (1-s) and_
= N/2 (overlap of half of the samples between consecutive

ments,” such as epileptic bursts [21]. We have tried variod% .
prep [21] tern vectors). Such short and overlapped windows ensure

processing modes in an effort to define the PIS and forec gtt . .

. . ' . at all transient events will be completely represented and
the seizure. After failing to confirm consistent spectral chang gminant in at least one of the patterns. Yet. thev are lon
in the PIS [25] using the short fast Fourier transform (FFT P ' § y 9

. ) ) . . nough to characterize the main “rhythms” (between 2 and
we have tried adaptive segmentation by linear prediction [2 0 Hz) of the on-going EEG signal. The feature extraction
the auto-correlation function, and matching pursuit (33), ’

. . rocedure, to be described in Section II-B, was applied to the
on a single EEG channel, and also changes in co-correlat PP

Glumns of S.
and coherence functions of bi-channel signals. Although some

of the methods succeeded in forecasting seizures, we fOl@dMultiscale Decomposition by the Fast
the parameters produced by the wavelet transform of tvw velet Transform (FWT)

channels, to be superior to all others we have tried, judgeda ) . o
by the percentage of successful forecasts. The wavelet transform provides an important tool in signal

The results of applying the “static” classification mode of"@lysis and feature extraction [19], [20], [34], [35]. It pro-

records from 25 animal exposures and the “dynamic” modlices a good local representation of the signal in both the

on five of the same, make us believe that a PIS does exi8t€ domain and the frequency domain. Unlike the Fourier
in this model and is amenable to detection and definitioH.anSform’ which is global and provides a description of the

While the attainment of the desired automated forecaster Herall regularity of signals, the wavelet transform looks for
the model, and certainly in wider clinical usage, will nee e spatial distribution of singularities. This transform suits

further refinement of the method, we believe that it is a pal e_EEG signal which is not staﬂonary by its natu_re, has time-
. variant frequency content, and contains normal singular events
well worth pursuing.

such as thé-complexes and sleep spindles, as well as abnor-
Il. METHODS mal ones such as spikes and SPW'’s. The wavelet transform can

accommodate transients in contrast to the Fourier transform
A. Data Acquisition which assumes signal stationarity.

HBO-induced generalized seizures were obtained by ex-In this paper, the FWT, proposed by Mallat and Zhong [34],

posing laboratory rats implanted with chronic surface corticHl applied (for details, see Appendix A). Each column of the

electrodes to pure oxygen in a pressure chamber. Rats Wté%e series matri$' is de_composed Into an orthogonal set.of
: ) . wayeforms that are the dilations, translations, and modulations
at least four days post operative, resting-unanesthetized a : . .
. : of a single biphasic wavelet (mother wavelet). The FWT
unrestrained. Two bipolar channels of EEG, fronto-frontal and . . X
. . I : with the simple biphasic mother wavelet was chosen because
parieto-parietal, were amplified, filtered to pass between

. the latter fits the biphasic nature of the EEG signal and the
and 30 Hz(-6 dB/octave), notch-filtered at 50 Heg-20 epileptic complexes (see Fig. 1), and in practice showed better

d][S/octave), gnd. recordid 0?] patp))er a;pd taF’e' Afterfa per%%ults than other common wavelet bases that we tested. The
Of accustomization to the chamber, five minutes of contr avelet transform is computed by convolving the sigial

EEG, preathmg oxygen at normal pressure, were _recordg\ﬁth these dilated wavelets. The wavelets’ coefficients of the
Recording was halted for five minutes of compression t0 Jitferent scales TyS,j = 1,---,J (J is the number of

atm-abs pressure, and then resumed until the appearance O'%E%?es), offer a compact representation of the EEG signal, as
chart paper of the first majdr>20 s) seizure which promptedgeep, in Fig. 1.

decompression. Some animals were exposed twice, after gne number of scales should be chosen by the spectral
period of at least three days. content of the signal. It has been demonstrated [35] that
The replayed tape recordings were digitized at a sampliggales higher than the first five (roughly conforming to the
rate of 128 Hz. Four-minutes of control (C) EEG, four minutegrincipal EEG rhythms) do not add significant information
of early pressure exposure, and the last five minutes prigiout the EEG signal. For each scale, the statistical values
to and including the seizure were divided into consecuti§ the moments of variance (energy), skewness, and curtosis
1-s epochs. In some short exposures, the pressure (P) anthe wavelet coefficients are computed. Also computed are
preseizure (PS) periods were continuous. the correlations between wavelet coefficients of each and the
The epoch-divided sections of each channel of the EEdther scales. In addition to the above statistics, the number
signalS(n),n =1, ---,(M —1)- D+ N were arranged as theof extrema (zero crossings) per unit time in the transform,
columns (pattern vectors) of av x A/ matrix S, whereN is which contains other relevant information about the signal,
the dimension (number of samples) of each pattern vedfor, are obtained (Fig. 1) and added to the list of possible inputs
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would succeed in categorizing the observed states including
the preictal (the last 4-5 min prior to the seizure).

The clustering is utilized in order to find matching groups
within the features matrix. When clustering temporal patterns
of the EEG signal, we obtain a nonuniform selection of
similar patterns which may allude to different bioelectrical
states of the brain. Studying the dynamics of these states
may help predict the evolution of the bioelectrical brain
activity. Clustering of the coefficients was performed by
UOFC, as introduced by Gath and Geva [31], [32], which
partitions the data by a combination of the fuzzymeans
[36] and maximum-likelihood estimation (MLE) algorithms.
The superiority of the fuzzy:-means algorithm, with respect
to speed of convergence, is realized by having it compute the

>

SCALE NUMBER
N w

-

o

40 60 80

SAMPE NUMBER cluste_zr centers. These are then_fed as initial values for the MLE
algorithm which better deals with unequal cluster features.

@ The advantage of the UOFC algorithm is the unsupervised
initialization of cluster prototypes, and the criteria for the
number of clusters based on performance measures for cluster

5 \V/m Sal I s W validity using fuzzy hypervolume and density functions. It

performs well in a situation of large variability of cluster
shapes, densities, and number of data points in each cluster.
The general scheme of the UOFC algorithm is iterated for an
increasing number of clusters in the data set, calculating a new
partition of the data set and computing performance measures
in each run, until the optimal number of clusters is obtained
(see Appendix B for details)

1) Choose the initial cluster prototype at the mean location

of all data patterns.

Calculate a new partition of the data set by the following

two phases:

a) cluster with fuzzyk-means with an Euclidean dis-
tance function.

=
=

-~
;

SCALE NUMBER
N

-

2)

60 80 100 120
SAMPLE NUMBER

(b)

40

Fig. 1. Examples of wavelet transforms of 1-s EEG epochs. The original
signal is shown at the bottom of each panel and above it are the successive
scales of the wavelet coefficients. It is evident that the transform involves 3
differentiation and progressive smoothing. The major peaks (zero crossings4)
of the signal) which survived the thresholding process are also marked. These
peaks are sufficient to reconstruct the relevant time-frequency content of the
original signal. (a) An awake state withrhythm (30 Hz) riding or¥ rhythm
(6-7 Hz). Thes rhythm is picked-up by the first scale only, the sloweby 5)
scales 3 and 4. Events such as the steep rise of the&hirave are evident

on all scales but scale 5 seems superfluous. (b) A fully developed seizure with
5-Hz SPW complexes. Information about the spike is contained in scale 1,6
which only detects the steep rise of the wave. Details of the spike are gradually
lost as the downward slopes of the wave are being picked up at higher scales.

b) cluster with fuzzy K-means with an exponential
distance function; a fuzzy modification of the MLE.

Calculate performance measures for cluster validity.
Add another cluster prototype equally distant (with a
large given number of standard deviations) from all data
points.

If the number of clusters is smaller than a predecided
maximum of clusters, go to Step 2).

Else, stop and choose the optimal partition by the
performance-measure criteria.

Applying wavelet analysis to baseline EEG stretches of
many animals, then tracking clustering-optimization criteria

to the clustering. These statistical values then serve as E
extracted features to form the column vectors of fhex M
feature matrixX r for the UOFC algorithm.

prendix B) as cluster number progressively increased and,
finally, partitioning stretches that included the seizure with dif-
ferent numbers of clusters, showed that the optimal partitioning

for accommodating the normal as well as the epileptic EEG

C. The Unsupervised Optimal Fuzzy
Clustering (UOFC) Algorithm

The X features matrix can be directly used as the in-
put to the clustering procedure or can be reduced by the
Karhunen—-Loeve transform (KLT) [37]. Each column of this

states, is obtained by the number of clusters which maximizes
the average density (AD) criterion, plus one or sometimes two

optimal number of clusters — arg{lrif}X{VAD (K)}} +1

matrix is an input pattern to the clustering algorithm. The nuriccordingly, we added one to the global maximum of the
ber and nature of the coefficients chosen for the clustering waagerage density criterion to obtain the optimal number of
determined by trial and error, searching for the minimum thatusters for partitioning the EEG-data of each exposure.
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tonic-clonic motor involvement would usually ensue after 2—3
EEG Signals Rearrangement min.

Out of 25 exposed animals, one did not have a seizure
throughout 65 min (at this time, the exposure was terminated
due to early signs of pulmonary oxygen toxicity). The group’s
mean seizure timéTs) at this pressure was 16.6 min, the
range being 7 to 55 min. Eight of the rats did not show obvious

Feature Extraction

(S‘aﬁstcica' I\ﬁ{“m}\s Claléulaﬁons’ visual signs in the EEG during the PIS (Table II).

orrelation Analysis, . . . .
Spectrum Esﬁmatyion, The wavelet coefficients, which when fed to the clustering
Time-Frequency Decomposition) procedure gave the best definition of normal and pathological

states and the highest percent of PIS definition, were the
combined variances (energies) of the first four scales of the
two channels (eight parameters in all). In some animals,

Feature Selection and Reduction by mainly for technical reasons, single-channel variances gave
Principal Componcnt Analysis (PCA) slightly better results but for the most part, no channel alone
could reach as clear a definition of the PIS as could their

J combination. Transient (mainly movement) artifacts, which

tended to concentrate at the PIS when the animal was very
active, could influence classification. The 25 recordings we
have picked were as artifact-free as practically possible, in
at least one channel. These artifacts may be part of the
reason why single-channel parameters sometimes performed
Dynamic State Recognition and Identification better than dual-channel. Other coefficients, which when added
or substituted for the variances, sometimes improved PIS
identification, were the number of extrema, the mean energy
per peak (variance divided by the number of extrema), and
the intrachannel correlation of scales 1 and 3. Since in other

Unsupervised Fuzzy Clustering

Epileptic Events Detection and Forecasting

by the Dynamic State Identification instances prediction was worse or gltogether I.ost, thg final
outcome did not warrant their inclusion in a universal input
to the UOFC.

Fig. 2. Block diagram of the procedure of unsupervised fuzzy clustering in . . . .
forecasting epileptic events from EEG signals. Back arrows signify optional F19- 3(a) shows a three (out of eight)-dimensional (3-D)

re-selection and/or reverting to other methods of feature extraction, apdesentation of a five-cluster classification of all points in a
reduction by the results of clustering and/or state recognition. concatenated stretch of EEG, with each point connected to
the center of the cluster in which it has the highest degree of
) ) . ) membership. The centers are surrounded by ellipses, the radii

We also used this optimal NUMbEK oyiimar) in @ pilot  of which are the standard deviations of the point distances in
attempt at dynamic tracking of the clustering process. Instegfh ihree dimensions. Since most of the background energy

of feeding all data points at once, the classificatiokt.imal  content of the awake-state EEG resides in the low-amplitude
clusters was initialized on the first 2.5 min (300 patterH@991

) igher frequencies, with the high-amplitude single events
vectors) and then proceeded at consecutive steps of 30-s g rather rare, the clustering usually proceeded in order

pattern vectors)-long stretches of signal. The temporal changgscreasing variances of all scales. In this case, there being
in the posmon_ of c_Iust_er centers and in the magnitude of the aiher lengthy sequence of a high-amplitude sleep state
average density criterion were then followed. which lasted the entire control period, its representative cluster

Fig. 2 is a flow chart of the complete procedure. number 2 (see below) stands outside this order.

It is rather obvious that many points share membership
in more than one cluster. This fuzziness of the clusters is
qguantified in Fig. 3(b), which, for each successive point in

During the control period in the chamber and during thédae time series, plots the degree of membership in each of
HBO exposure, animals alternated between states of sletyg clusters (the space between twaxis integers equals
restful wakefulness, attentive alertness, as well as groomid$0% membership). While there are sequences with a clear
sniff-searching, and other active states. In many instancpsedominance of a certain cluster, there are others with points
single or groups of spikes, usually accompanied by facigharing membership in as many as four different clusters.
or other muscle twitches, were seen in the EEG during theMatching periods with a temporal preponderance of a given
PIS. Yet, in others the electric seizure seems to spring “outdfister (a time sequence of consecutive points having close
the blue (or rather gray).” During the first electric dischargégp 100% membership in this cluster) to their counterparts
the animal appeared immobile and dazed, similaalisence in the original signal, we found that in most animals such
type petit mal seizures in humans. If the exposure were nqteriods could be correlated with a distinct behavioral and
terminated at this stage, a massigeand mal seizure with electroencephalographic state, in at least one channel. An ex-

I1l. RESULTS
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Fig. 3. EEG states (of a rat) categorized by the combined wavelet transform and the UOFC procedure. (a) Clustering results: A 3-D projectiorusfex five-cl
partitioning of a concatenated EEG stretch. The actual partitioning is based on the variances (energies) of the first four wavelet scales of tweEEE(®ha
Degree of membership as a function of time: Thexis is the cluster number from (a), the space between integers being equal to 100% memberstijaxiche

is time in seconds. Bold vertical lines mark the borders of (from left to right) two control segments (C1 and C2), two segments at early and midssareof pre

exposure (P1 and P2) ,and lastly, two preseizure segments (PS1 and PS2). Beginning of seizure (as located by a human expert) is marked by a bolder line at

710s, in PS2. (c) Corresponding States: Single-channel 1-s epochs of the original signal. The first five epoch numbers correspond to the neatobimgpetust
in (a) and (b). The additional last two epochs (6 and 7) include single events which divide their membership between two clusters (see text foipsitatg. des

ample is presented in Fig. 3(c), which illustrates representative
single-channel 1-s epochs, taken from periods with a clear

predominance of a given clustdr=

or sniff-searching with theta rhythm (625 s, PS2); &nd the
seizure state with 6-7-s SPW complexes.

frequently observed points.

resting wakefulness with
alpha rhythm (at 45 s, C12; = sleep with high-amplitude delta
rhythm (at 225 s, C2)3 = attentive alertness with dominant
low-amplitude beta rhythm (500 s, PSZ)= active grooming

2)

3)
Fig. 3 serves as a representative example of several other

1) Almost invariably, the beginning of the seizure, as

determined visually by an expert, was very precisely 4)

detected by the clustering process, as evident from a

sharp transition between different clusters. Most often,
as is the case in Fig. 3, the transition was into a new
cluster altogether, or even into a succession of new
clusters which followed stages in the development of

the seizure.

The cluster(s) which hosted the seizure was(were) the
one(s) with the highest mean energy.

Sharp transitions from light sleep to an awake state
were also precisely detected. A brief awakening episode
(switch from cluster 2 to 1 and back) seen in Fig. 3 at

40 s, in C1, demonstrates this point.

Occasionally, epochs which were strongly clustered to-
gether with the seizure were observed prior to its ini-
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CLUSTER CENTERS AND STANDARD DEVIATIONS OF 13 ANIMALS. SMALL ANDTQEIG_E'I\IIE NuMBERS ARE CAUSED BY NORMALIZATION TO ZERO MEAN AND ONE SD
CLUSTER # SCALE 1 SCALE 2 SCALE 3 SCALE 4
1 -0.19+0.18 | -0.46£0.28 -0.73£0.32 -0.63£0.22
7 0.028+£0.17 |[-0.064 £021 |-0.068+0.40 | -0.06+0.17
3 0.17 £ 0.29 0.20+0.35 0.35+032 034+0.52
4 0.32+0.30 0.70 £0.64 1.00 £0.85 0.89+0.85
5 279+ 1.49 4.61+2.77 450+3.17 3.15+ 191
TABLE I

SUMMARY OF PIS IDENTIFICATION AND SEIZURE FORECASTING

Rat No. | Name Seizure- Visual | Optimal | PIS class | Definition | Forecasting
time (min) | signs class No by: time (min)
1 eps2 20 - 5 - - -
2 eps3 26 + 4 - - -
3 eps4 13 + 4 2,4 EE 2.5
4 epsS 9.5 + 5 4 EE+BG * 1.5
5 eps6 14.5 - 5 4 BG* 4
6 eps7 18 + 5 4,5 EE+BG 4.5
7 eps8 16 + 5 EE+BG 25
8 epsSb 55 + 8 1,2 EE+BG 2
9 epsl0 14 - 5 - - -
10 epsll 13 - 7 5 BG 42
11 epsl2 10 + 6 34 BG* 2
12 epsl3 10 + 8 4 EE ** 3
13 epsls 17 + 5 5 EE 4
14 epsl6 9.8 + 5 5 EE 3
15 epsl7 13.5 + 5 5 EE+BG 4.5
16 epsl7b 10 + 4 4 EE 3
17 epsl8 7 - 5 - - -
18 eps19 16.5 + 5 3 EE™" 1.5
19 eps20 19 + 5 4 EE 0.7
20 eps21 23 + 5 4 EE 1.5
21 eps22 14.5 + 8 - - -
22 eps23 28 - 8 4 BG 4.2
23 eps28 53 + 5 4 EE 25
24 eps29 65(-) - 4 - - -
25 eps32 18.5 - 8 7 EE+BG 4
PIS CLASS The cluster number(s) by which PIS was detected.
EE Epileptic events.
BG Background activity.
* Nonspecific background alertness, mos#lyrhythm (epochs of same class seen in other segments).
ki Nonepileptic events (mainly sleep spindles in the control period) included in same class.

tiation. Such epochs were seen either during the Ptation. To make the point, the me#&a-SD) of four out of
(with isolated spikes or with “mini-seizures”) or elsethe eight coordinates are listed, the second-channel data being
in the control period, associated with sleep patternswuch the same.
In the latter case, they could easily be differentiated Since on each successive cluster there is a rather uniform
when considering group membership. Epoch numberificrease in the variances of all four scales, it would seem at
in Fig. 3(c) is from PS2 (at 600 s) showing theta rhythrfirst sight that classification is made according to a general
with an isolated spike. This epoch shares membersliiftrease in signal energy (amplitude). However, this is not
in the seizure (5) and in the active state (4) classestrictly the case, as the signal’'s autocorrelation coefficients
Epoch number 7 is from the sleeping state (at 20 s, CRardly performed as well in defining the EEG states. Except
showing an isolated sleep spindle; it shares memberslidp cluster 5, which shows significant spatial separation, there
in classes 5 and 2. is considerable overlap of the other clusters. It is also evident
Table | lists the intersubject variability in the spatial posithat intersubject variation is quite high.

tion of the cluster centers of 13 animals with a five-cluster Table Il is a grand summary of the exposure outcome,

classification. It, thus, gives a measure of the signal-contguattern-vector selection, cluster-number optimization, and PIS

uniformity and, thereby, of the universality of state classifidentification in all experimental animals. One can see from
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the table that the optimal number of clusters (as obtained from «10°  eps4.fe9 AVERAGE PARTITION DENSITY
adding one or two to the global peak of the average partition 5f——=
density criterion) was most frequently five, with a range from 5
three to seven. Table Il shows that in 16 out of 25 animals
a PIS ranging in time between 0.7 and 4.5 min was uniquelﬁ'5 '
defined, either by the appearance of a distinct new cluster,1---/~ ------

'
'
|
|
|
0
y
h
'
'
H
v
'
'
'
|

or by a new combination of membership-sharing in two orgs|,Z---1------ R s R S I N
more clusters. 1 > 3 4 5 6 - 8 9
Fig. 4 shows a case in which the PIS was identified by NUMBER OF CLUSTERS

a combination of nonspecific background activity and the
appearance of sporadic epileptic activity. The upper panel
shows the value of the average partition density Criterion
computed for a 1-9 cluster partitioning. The peak at three
. e 500 ~

clusters calls for an optimal partitioning to four clusters. The |
middle and bottom panels are the same as in Fig. 3. In the
lower panel, several transitions from light sleep (class 3) to
attentive wakefulness (class 1) are seen throughout. From thé
middle of PS1, an active awake state (class 2) appears and
begins to dominate in PS2. At the same time, many single and
groups of spikes, including a mini-seizure at 710 s, are evident
as dense epochs in the emerging class 4, which later is seef§ 4
to also include the seizure (at 760 s). Sparse epochs classifie
in Fig. 4 also appear in C1-P2, but always in the backgroundg
of the sleeping state. From PS1 onwards, they spring from the‘é’
awake and active states. A 2.5-min PIS is thereby defined. 231

Another glance at Table | will show that the cluster numbers 00 100 200 300 400 500 800 700
which identified the PIS by the occurrence of single events TIME [Sec]

are high (either the last or the last but one), Slgmfymgi . 4. PIS definition by appearance of epileptic activity. The plot in the

high-amplitude events. As mentioned earlier, the Seizur@%er panel has the average partition density criterion inithexis and
proper were always contained in the highest energy cluster(s)nber of clusters in th& axis. Scales of the middle and bottom panels are
Identification of the PIS by a change in background activi e same as in Fig. 3(a) and (b), respectively, but only the centers and the
. D-ellipses of the point distances are shown. From the middle of S1, many
was often based on lower cluster numbers and varied betweggie and groups of spikes, including a mini-seizure at 710 s, are evident as
animals. An example in which the PIS is defined by a changedense epochs with 100% membership in class 4, which later is seen to also
background activity is shown in Fig. 5. In this case, the anim#@flude the seizure (at 760 s).
was awake throughout. No visual signs of epileptic activity
were observed prior to seizure onset, which occurred at 789 time passes and consecutive epochs are added. Even in the
s, in PS2. The optimal clustering criterion called for a sevethree visible dimensions, centers 3, 4, and 5 show considerable
cluster partitioning. Clusters 6 and 7, containing epochs wigipatial shifts, probably in correlation with the gradual estab-
the highest energies are uniquely associated with the seizlishment of a class-5 PIS at 550 s in PS1, as seen in the lower
The next cluster down, number 5, which gains importang@nel. The seizure started a few seconds after the end of PS2.
starting from the middle of PS1 and which was not associated
with any distinct rhythms, clearly defines a 2-min long PIS. V. DISCUSSION

In three instances the PIS was apparently defined nonspgcifThe problematics of epilepsy forecasting are evident from

ically, mostly as a state of dominant theta rhythm. In sifo earcity of works devoted to this aspect amongst the

animals the PIS could not be defined, as portrayed in Fig. G, ,nqance of published material concerned with epileptic-
Anillustration of the dynamic version of the method is g'Verbattern recognition. They stem from two main reasons
in Fig. 7. Determining the optimal number of clusters was first ' '

performed in the manner described for all previous exposuresl) The apparent chaotic behavior of the preepileptic state
by presenting the UOFC with all pattern-vectors at once. A Which very abruptly and unexpectedly switches into the
peak at 4 prompted a partitioning to five classes. Next, the ~9eneralized seizure. This is in marked contrast to the
evolution of the average partition density criterion value with ~ ransition between most of the normal states, with the
time was followed by starting a five-cluster partitioning on __ notable exception of sudden awakening. _
300 vectors (2.5 min) and then adding 60 vectors (0.5 min) at2) When alarming single events do appear in the PIS, their
a time, until the final value was arrived at when all the vectors ~ €mplates show individual variability in both form and
were supplied. This is shown in the upper panel of Fig. 7. The ~ timing, thus, complicating supervised learning.

value for a five-class partitioning stays rather low and beginsThe method we describe, uses wavelet analysis and fuzzy
to climb appreciably after ten minutes. The middle panel alustering, both of which are efficient in unsupervised learning.
Fig. 7 shows the dynamic tracking of cluster-center positiom3screte clustering has been used to separate epileptic spikes

250

100”100 150

eps4.fed FINAL CLASSES
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Fig. 5. PIS definition by change in background activity. Panels as in Fig. Big. 6. PIS not defined. Panels as in Fig. 5. Unanticipated seizure at 730
Optimal partitioning to seven classes. Animal awake throughout exposure. §loin S2.

distinct epileptic activity seen before the seizure, at 740 s in PS2. Classes 6

and 7 are uniquely associated with the seizure. Class 5 defines the PIS very

specifically, and forecasts the seizure two minutes before its onset.

The suitability and effectiveness of the method as

and waves from the background activity [11], wavelet analyss forecaster should be assessed in terms of specificity,
has been used to extract epileptic elements for inputs to>@Sitivity, and universality. As mentioned above, specificity
neural network [20] and fuzzy clustering has been used Y@S rather good, especially when considering not only the
conjunction with adaptive segmentation to sort and identijf€dominant class of each state but also the degree of
epileptic transients [21] . The combination we present, spedfiémbership in each of the classes. By so doing, PIS’s of
ically aimed at forecasting generalized epilepsy, has, to duost of the_ anlmgls could be uniguely defined. The wide
knowledge, never been used before. Although intended a§2g9€ Of seizure time lags (Table Il) ensures that it is the
forecaster, the method, in fact, turned out to be an excellfiS rather than a certain HBO-exposure time which is being
automated identifier of EEG states, including the 1S whicefined. We did not have enough nonseizing animals from
was classified as such upon the appearance of the first S[ymgch to further evaluate false positives. In the one animal
or SPW in the impulse train of the seizure. Also, isolated singfghich did not seize, a small number of classes (three) was
epileptic events, occurring in the PIS, were readily identifiedletected, all representing normal EEG states.
and the epochs containing them were either uniquely classified®s for sensitivity, we believe that with the obvious limita-
or else, jointly with the IS. tions of surface recordings and the small number of electrodes,
Although nonepileptic single events, such as sleep spind@mne animal’s PIS’s are bound to be missed. We have previ-
and k-complexes, often caused their host epochs (usuallyously reported on an increase in the two-channel correlation
the preexposure control period) to be classified together withefficient as an identifier of the PIS in the same experimental
the PIS or even to be included in the seizure category (Fig. B)pdel [38]. This forecaster was not very specific, but quite
they could, for the most part, be dismissed by taking accountgsfnsitive. Multichannel correlation combined with wavelet
the underlying state, since in this experimental model seizuiggale energy could improve this aspect. Adding other features
never sprang from the sleeping state. Further separationexfracted by related methods (such as the exponential distri-
nonepileptic from preepileptic and epileptic epochs could Wmition [19]), other central nervous system electrical activity
achieved by first classifying all points by one pattern vectgsuch as evoked potentials), and even extra-cerebral biological
(variance), and then trying to split “suspicious” clusters by the&ignals (such as heart-rate variability) as inputs to the fuzzy
same or by another vector. clustering process, could further improve sensitivity.



1214 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 45, NO. 10, OCTOBER 1998

«10°  eps15.ft5 AVERAGE PARTITION DENSITY deep recording sites for detecting such changes, recent ex-
L T s s o s s perimental evidence of generalized seizure initiation points
04 o e e e s e e e i e st to coincidental or even precedent cortical involvement [42].
12 T /) The latter favor the chances of early detection from surface
Y DREREY A B O AR A R R R R R R recording, thereby complying with the required noninvasivity
L R B S e e e of most applications.
8-2 RV AR D 2 In summary, we present a method which seems particularly
12345678 91011121314151617181920212223242526

suitable for an accurate and reliable identification of bioelectric
TIME [x30Sec] states of the cerebral cortex, whether from the background
EEG activity and/or from a preponderance of spontaneous
single events. The method will also detect either sharp or
gradual transitions between states and in some instances, as in
the current example of epilepsy, may provide a timely warning
for the emergence of generalized pathology, from seemingly
subtle changes in the physiological state of the cortex.
At this stage, the method utilizes unsupervised fuzzy clus-
tering which is fed very few parameters derived from feature
150 120 extraction by wavelet transform of two EEG channels. Adding
eps15.ft5 FINAL CLASSES more channels to the feature-extracting process and more

130

w8 parameters, derived from other bioelectric signals, to the
@ clustering process should increase the forecasting power of this
54 method. Other candidates for applying the method as a warn-
p ing device could be impending psychotic states—detrimental
‘% 2 effects of hypoxia in pilots and loss of vigilance in drivers—as
°, , ‘ . ‘ ) ‘ ‘ well as extra-cerebral pathologies such as heart attack, based
0 100 200 300 400 500 600 700 on heart-rate variability.
TIME [Sec]
Fig. 7. Dynamic version of UOFC. (top) The evolution with time of the APPENDIX A
value of the average partition density Criterion. TXieaxis is a time scale with THE FWT

30-s units. (middle) Scales are similar to previous figures, but the movement ) ) )
of each cluster center is followed after each time unit, startingaatd ending ~ Any function 8(¢) whose integral is equal to one and that

at z. (bottom) Similar to previous figures, the seizure started a few secor@@nverges to zero at infinity is called a smoothing function. In
after the end of PS2. . . .
our casef(t) is chosen to be a Gaussian function. kt)
_ _ _ denote the first derivative @f(¢) (which results in a biphasic
The universality of the PIS, even for unrestrained ratgaveform). By definition, the functioi(t) can be considered

seizure was also visually foreseen, the PIS was uniformps the dilation by scaling factar of the functions(t)
defined as a state of relatively high energy in all wavelet-

scale transforms of the two EEG channels (Tables | and II). Pa(t) = 1¢<E>
In the rest, no distinct change in background can as yet a \a

be associated with this state. Intersubject variability in PBhe wavelet transform is computed by convolving the signal
features could be circumvented by resorting to the method §fwith these dilated wavelets. To allow fast numerical imple-
dynamic tracking of the centers during the exposure and lyentations, the scale is varied along the dyadic sequence
presenting the UOFC with an expanded preexposure peri@d). The wavelet transfornds; S(¢) is defined by

in order to better establish the individual normal pattern ' 6o

repertoire. Dynamic clustering as presented by the example T73;5(t) = S(¢)" (27425 )(t) = S()* <2f 2J)(t)

in Fig. 7 is also a step toward true forecasting in real time. dt
Its advantage is the continuous evaluation of incoming new :211(5*9%.)@).
data in the light of the cumulative past history of a particular dt

exposure, or any other time- series. Removing the constrainfldfe wavelet function(¢) can be characterized by the discrete
a predetermined number of clusters, or allowing the UOFC fitters, H (low-pass) andZ (high-pass) [34], where the low-
find the optimum number on a stretch of normal EEG, coujsass filter H is a product of the Gaussiaf(t), and the
add the emergence of a new cluster to the list of indicatdnggh-pass filterG is a product of its derivative. The discrete
of pathology. Alternatively, when enough experimental arfilters H,;,G,; can be obtained by placin(e’ — 1) zeros
clinical data has been processed, certain universal clusteesween each of the coefficients of the filters. The transfer
may emerge and form the basis for supervised learning function of these filters ar#f (2w) andG(2’w). The wavelets
a set of rules. corresponding to each scale can be obtained by convoluting
While modern notions of deep (limbic, thalamic) origingdhe appropriate filters. The transform of five scales of an ictal
of generalized seizures [39]-[41] would suggest preferrétEG epoch is shown in Fig. 1.
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The discrete wavelet transform of a signal can be estimated4) If
using the FWT proposed by Mallat and Zhong [34]. At each
scalej the wavelets’ coefficients,;,, f and the smoothed
signal O,;1S for the next scalej + 1 are calculated. For

Iriaxﬂum — (previous u;)|| > ¢
i

scale zeroj = 0, the signalS is used as the smoothed signal. go to Step 2).
The algorithm proposed is In the UOFC a modification of this algorithm is used in two
j=0 phases to account for normally distributed clusters with large

variability of covariance matrix (shape, size, and density) and

Opi§ =8 number of patterns. In the first phase, the fuzgymean
While (5<.J) algorithm is performed with Euclidean distance function
1
S = 058G P(pyz) = (o1 — )" (Pr— )]
Ois1§ — OJ St The final cluster centers of the first phase are used as the initial
2(; . ’ centroids for the second phase. In the second phase, a fuzzy
cen

modification of the MLE is utilized, by using the following
where .J is the total number of scales and the constant exponential distance function in the fuzzg-mean algorithm:

compensates for the discretization errors. 1/2
ST (. C107Y) o
APPENDIX B Sk
THE UOFC ALGORITHM . exp |:(Pk —z)TFt e (py - xi)} where
The partitioning stage [Step 2)] of the UOFC algorithm ;M
is a combination of modified fuzzy-mean algorithm and Sp = — - Z“’”
MLE [36]. The basic fuzzy{-mean algorithm is derived from M =

minimization, with respect &, a set of cluster centers, abd  is the sum of memberships within theh cluster, which consist
a membership matrix, of a fuzzy version of the least-squargfthe a priori probability of selecting théth cluster and

function M
Zuki(Pk —x;) - (py, — )"
M K F _ J=1
Jq(UaP):ZZUZi'dQ(PkJi) k=

M
i=1 k=1 E Uki
i=1

where u;; is the degree of membership of the data pattefd the fuzzy covariance matrix of thieth cluster. By applying

z; in the kth cluster,z; in the ith (temporal) pattern, the these two phases, the robustness of the fukzyean algo-

ith column in theX data matrix,p,, is the center of theith rithm with the Euclidean distance function is used for finding
cluster,d?(p,,, ;) is the square of the distance (Euclidean ¢ feasible initial partition, and the adaptiveness of the fuzzy
any other distance function) betwean and p,, M is the modification of the MLE is utilized to refine the partition for
number of data patterns, add is the number of clusters in @ large variability of cluster shapes, densities, and number of
the current partition. The parametg(commonly set to two) data points in each cluster. Note that other distance functions
is the weighting exponent far,; and controls the “fuzziness” can be used according to the intrinsic characteristic of the data.

of the resulting clusters [36]. The basi€-mean clustering In Step 3) the following performance measures for cluster

algorithm includes the following steps: validity are calculated:
1) Choose primary centroids (prototypes),k = 1,---, 1) The fuzzy hypervolume criterion is calculated by
K. vay(K) = Zp=1 hr, where the hypervolume of the
2) Calculate the degree of membership; of all data kth cluster is defined by, = [det(F7)]*/2.
patterns in all clusters by 2) The partition density is calculated bypp(K) =
p MaD (Cimr Sk/Thoy -
[6527} 3) The average density is calculated byp(K) =
Uki = I (:L.“pk) 1/( _1) . (1/k) Eﬁ:l (Sk/hk)
Z 1 ¢ The UOFC algorithm is terminated when the performance
— | d*(zi,p;) measures for cluster validity reach their best value.
J=
3) Calculate the new set of cluster centers from REFERENCES
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