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Abstract

Living conditions of patients with refractory epilepsy will be significantly improved by a successful prediction of epileptic
seizures. A proper warning impending seizure system should be resulted not only in high accuracy and low false positive
alarms but also in suitable prediction time. In this study, the mean phase coherence index was used as a reliable indicator for
identifying the pre-ictal period of 21-patient Freiburg dataset. In order to predict the seizures on-line, an adaptive Neuro-fuzzy
model named ENFM (evolving Neuro-fuzzy model) was used to classify the extracted features. The ENFM was trained by
a new class labeling method based on the temporal properties of a prediction characterized by two time intervals, seizure
prediction horizon (SPH) and seizure occurrence period (SOP), which are subsequently applied in evaluation method. It is
evident that increasing the SPH duration can be more beneficial to patients in preventing irreparable consequences of the
seizure, as well as providing adequate time to deal with the seizure. In addition, a reduction in SOP duration can reduce the
patient’s stress in SOP interval. These two theories motivated us to design Mamdani fuzzy inference system considering
sensitivity and FPR of the prediction result in order to find optimal SOP and SPH for each patient. 10-patient dataset assigned
for optimizing the fuzzy system, while the rest of data was used to test the model. The results showed that mean SOP by
6 min and mean SPH by 27 min provided the best outcome, so that last seizure as well as about 15-h inter-ictal period of
each patient were predicted on-line without false negative alarms, yielding on average 100% sensitivity, 0.13 per hour FPR,
86.95% precision and 92.5% accuracy.

Keywords On-line seizure prediction - Mamdani fuzzy inference system - Neuro-fuzzy model - Phase synchronization -
Seizure prediction horizon - Seizure occurrence period

Introduction

Epilepsy is considered as one of the most common neurolog-
ical disorders affecting the 1% of the world population which
is abnormally and spontaneously resulted from excessive
electrical discharge in the cerebral cortex [1]. For epilepsy
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several hours prior to the seizure onset that remain an open
question in epilepsy research [3—7]. The advent of high-
capacity storage caused the epileptic seizure centers to store
complete data for pre-operative monitoring. The purpose
of these centers was to test and compare the methods pre-
sented on the data set. Most of the seizure prediction results
indicate relatively poor performance of univariate measures
when they were applied to the long-term database, whereas
better results were obtained based on multivariate (bivari-
ate) measures [1, 2, 8, 9]. The multivariate measurement
of time series involves the simultaneous recording of more
than one observation over time to evaluate the relationship
between different components of a system [10]. Based on the
hypothesis suggested that seizures are generated by unusual
synchronization of neurons, many researchers are tried to
predict the seizure onset by characterizing the interaction of
different brain areas [11]. They have used bivariate measures
in order to predict seizures, such as nonlinear interdepend-
ence, phase synchronization, and the cross correlation [12,
13]. Nevertheless, combining the univariate and bivariate
nonlinear measures may improve the performance to predict
partial seizures in patients with focal neocortical and hip-
pocampal epilepsy [14].

Lack of a widely accepted methodology to evaluate and
compare seizure prediction algorithms is considered as one
of the main seizure prediction challenges. Although “seizure
prediction characteristic” approach has been introduced to
evaluate seizure prediction performance, this method is suit-
able for off-line evaluations [15]. In this approach, a time
interval after an alarm, the seizure prediction horizon (SPH)
(Fig. 1), is required to administer therapeutic intervention
or seizure warning devices effectively. Drugs or other treat-
ment strategies can be applied or the patient behaves cau-
tiously within this time interval. In addition, we expect that

Alarm

the seizure should be occurred following the prediction
horizon. However, due to chaotic natures of EEG, seizure
onset usually does not occur immediately after the SPH.
A new time interval seizure occurrence period (SOP) has
been introduced to account for the impossibility of a perfect
prediction and to allow a temporal uncertainty in the occur-
rence of prediction seizures. In addition to accurate predic-
tion defined by the occurrence of a seizure within the SOP,
two points must be considered. First, the SPH should be high
enough to provide the patient with adequate time to prepare
or prevent the occurrence of the seizure after warning alarm.
Second, the SOP should be low enough to reduce the waiting
time in order to decrease the patient’s stress [9, 16].

In this study, the interaction of different brain regions in
specific frequency bands has been quantized using long-term
intracranial EEG data, through a phase synchronous index
as a bivariate measure, and then an adaptive Neuro fuzzy
model was used for classification and prediction. A similar
method “seizure prediction characteristic” has been used to
evaluate the output of model, as in this study, the classi-
fier is trained based on the two time indices SOP and SPH,
which are subsequently used in the evaluation approach. The
output of model was evaluated by various SOP and SPH
values followed by finding optimum SOP and SPH by a set
of predetermined rules using the Mamdani fuzzy inference
system. In the following; Sect. 2, after introducing data and
preprocessing stage, proposed methodology including EEG
frequency decomposition, phase synchronization index, opti-
mal features selection, adaptive epileptic seizure prediction,
post-processing process, model evaluation and optimal SOP
and SPH selection approach are described. In Sect. 3, the
results of the implementation and performance of the seizure
prediction are presented and the final discussion and conclu-
sion are given in Sects. 4 and 5, respectively.

-

Seizure Prediction Horizon (SPH)

Seizure Occurrence
Period (SOP)

Seizure Onset

Fig. 1 The schematic of the SOP and SPH intervals
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Methods
Data and preprocessing

We evaluated our seizure prediction method on the pub-
licly EEG database recorded at the Epilepsy Center of
University Hospital of Freiburg, Germany. The dataset
contains invasive long-term EEG data, recorded using a
Neurofile NT digital-video EEG system with 128 chan-
nels, a sampling rate of 256 Hz, and a 16-bit analogue-to-
digital converter [17]. Their clinical characteristics have
been summarized in Table 1. In the source dataset, a con-
firmed neurologist selected only 6 channels of EEG data-
set which three electrodes (1-3) were chosen over focal
areas and three electrodes (4—6) over non focal areas. The
EEG recordings for each patient contain separate pre-ictal
and inter-ictal datasets, the former including epileptic
seizures and at least 50 min pre-ictal samples for each
seizure and latter includes almost 24 h of EEG record-
ing without seizure activity. Before extracting features
from EEG, we used a sliding window with 20% overlap
which consists of 4096 samples (equals to 16 s). In the
preprocessing stage, then a FIR low pass filter with cutoff
frequency of 70 Hz, and order of 18 was used to eliminate
the high signal frequencies.

Decomposition of EEG frequency bands

It is necessary to calculate the instantaneous phase of signals
in order to get the phase differences of the pair channels
of signals. Phase information can be computed by various
methods, such as Fourier transform and Wavelet transform,
these methods have a trade-off between the frequency reso-
lution and the temporal resolution [18]. The Hilbert trans-
form is a well-known method for calculating the instantane-
ous phase of any signal assuming the signal contains only
one frequency component. This method cannot directly be
applied to a complex signal, i.e. EEG containing multiple
frequencies at any time, as the past application of the Hilbert
transform was restricted to single frequency signal [19, 20].
A new method called the Hilbert-Huang transform (HHT)
was introduced to solve this problem based on the combina-
tion of empirical mode decomposition (EMD) and Hilbert
transform [21]. Decomposition of EEG to frequency bands
based on Hilbert—-Huang transform will be composed in
three steps [19, 21, 22]:

1. Decompose the signal into a number of intrinsic mode
functions (IMF) using EMD. In practice, it can be shown
that this decomposition process is complete, adaptive
and local. Figure 2 depicted the IMFs of single chan-
nel EEG signal, as the first IMF contains the highest
frequency contents but last IMF incorporates the lowest
frequency contents of the signal.

Table 1 Patient characteristics

X : Patient no. Sex Age
(SP simple partial, CP complex
partial, GTC generalized tonic— 1 £ 15
3 m 14
4 f 26
5 f 16
6 f 31
7 f 42
8 f 32
9 m 44
10 m 47
11 f 10
12 f 42
13 f 22
14 f 41
15 m 31
16 f 50
17 m 28
18 f 25
19 f 28
20 m 33
21 m 13

Seizure type Seizure origin # Seizures Inter-ictal (h)
SP, CP NC 5 24
SP, CP, GTC H 3 24
SP, CP NC 5 24
SP, CP, GTC H 5 24
SP, CP, GTC NC 5 24
CP, GTC H 3 25
SP, CP, GTC H 3 24
SP, CP NC 2 24
CP, GTC NC 5 24
SP, CP, GTC H 5 24
SP, CP, GTC NC 4 24
SP, CP, GTC H 4 25
SP, CP, GTC H 2 24
CP, GTC H and NC 4 24
SP, CP, GTC H and NC 4 24
SP, CP, GTC H 5 24
SP, CP, GTC NC 5 24
SP, CP NC 5 25
SP, CP, GTC NC 4 24
SP, CP, GTC NC 5 26
SP, CP NC 5 24
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Fig.2 Decomposition of the 16-s (equal to window time) normalized filtered EEG of fifth channel recorded from patient 1 into 9 components

(IMFs) using EMD algorithm

2. Apply the Hilbert transform to each IMF to compute the
instantaneous frequency at each sample time. As shown
in Fig. 2, the EEG signal includes 9 IMFs. Hence, there
are 9 frequency components in each sample time.

3. For locating delta (0.5-4 Hz), theta (4-8 Hz), alpha
(8-13), beta (13-30) and gamma (30-70) frequency
bands, in each sample, calculates the sum of IMF whose
frequencies are assigned to the one of the frequency

@ Springer

bands. To better illustrate the characteristics of EEG fre-
quency bands, power spectrum of obtained delta, theta,
alpha, beta and gamma are shown in Fig. 3.

Phase synchronization calculation

To describe the interactions of different brain regions, the
mean phase coherence has been used as a measure of phase
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Fig.3 Power spectrum of EEG frequency bands obtained from HHT algorithm. a delta (0.5-4 Hz) b theta (4-8 Hz) ¢ alpha (8—13 Hz) d beta

(13-30 Hz) and e gamma (30-70 Hz)

synchronization in the proposed method. It characterizes the
variations of phase difference between two separate oscil-
lating systems [9, 11]. The relative phase of such two such
systems is computed as following:

@y (1) = |ngy, (1) — mepy(0)| (1)

where m and n are integers and state that the frequency
lock occurs at the specific phases of two oscillating systems
¢, (t) and ¢,(t) denoting instantaneous phase of the oscilla-
tors computed by Hilbert transform [23]. Mean phase coher-
ence of two recording channels 1 and 2 based on the relative

phase with a ratio of n:m=1:1 and a sampling rate of i, is
defined as:

1 N-1 —jo' (AN
= | — 1,1
R, ‘N E i=0 €

@

For every possible combination of different EEG record-
ing channels i and j, the mean phase coherence value related
to every pair of frequency bands f was computed for each
consecutive window. As in this research, there are 6 channels
and 5 frequency bands so 75 different values R’l;. were
extracted from each window.
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Selecting the optimal features

Most of studies claimed that considerable dynamic changes
of interaction between brain areas are always appeared on
some specific brain regions prior to the occurrence of the
seizure [9]. It is believed that among the 75 values of fea-
tures in (3), they should be properly selected in order to
predict epileptic seizures accurately otherwise the calcula-
tions become more complex and the possibility of the false
alarms increases significantly. One solution is choosing
features representing the least correlation between pre-ictal
and inter-ictal samples. To this end, the correlation coef-
ficients between features of inter-ictal samples and features
of pre-ictal samples are calculated by Spearman’s correla-
tion coefficient test before a p value is computed for each
coefficient in order to test the null hypothesis that there is
relationship between two categories. Ultimately, features
showing no significant relationship (p <0.01) are selected
as optimal features.

On-line classification
The evolving neuro fuzzy model for on-line prediction

Unlike on-line approaches, off-line ones are not appropriate
for predicting long-term data due to high computational cost.
In this study, we took the advantage of evolving neuro-fuzzy
model (ENFM) for seizure prediction based on recursive
fuzzy clustering developed by Soleimani et al. [24]. The

Gath—Geva (GG) clustering as the basis for recursive fuzzy
clustering was used in the ENFM structure, since GG has
some advantages over other fuzzy clustering (e.g., k-means
algorithm, Gustafson Kessel clustering) in terms of creating
clusters in different shapes and sizes [25, 26]. The ENFM
structure is analogous to Takagi—Sugeno fuzzy models and it
has ability to adapt to changes in system behavior by adding
new neurons (fuzzy rules) or merging similar existing neu-
rons. Contrary to simple GG algorithm, cluster parameters
(e.g., cluster center and covariance matrices) of ENFM are
updated using adaptive equations. For more details, refer to
Appendix 1.

On-line training and labeling

The basis of prediction is that the interval from the time
prior to seizure onset is continuously alerted to the patient.
The length of this interval is equal to the predictive time
(P). The block diagram in Fig. 4 shows the on-line training
algorithm. Every consecutive window is labeled based on
the occurrence of a seizure p,,,, minutes later (1 for “sei-
zure”, and O for “no seizure”), yielding a sequence F[n] of
features related to n#h temporal window with corresponding
labels C[#n]. Since in on-line training the duration of pre-ictal
and inter-ictal is unknown, every such windows are labeled
0 (C[n] = 0), representing inter-ictal period, unless the
seizure to be occurred in a specific duration. In such case,
with regard to the two time characteristics specified in the
evaluation method, features (F[n]) for as long as p,,,« — Pmin
(SOP) to p,.;, (SPH) prior to seizure onset are labeled + 1
(C[n] = 1), while others are assigned 0O (see Fig. 5). Thus,
there is a p,,,,, (SOP + SPH) delay between the training data
and the test input sample, so that the ENFM is trained at the
nth window based on the input F[n — p,,,.] and the output
C[n — pyaxJ- As shown in Fig. 5, for every alarm that rises in
the color window (p,,,.« — Pmin)» the seizure onset will occur
within the SOP span following SPH interval, while alarms

Fn] e C[n]
EEG Extracting Features Classification >
(ENFM)
; P(Pmin Py Pmax)
Delay €

Fig.4 After feature extraction, the ENFM predicts seizure occurrence period (SOP) pmin minutes ahead (SPH). The model is trained at nth win-

dow based on feature F/n-pmax] and class label C[n-pmax]
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Fig.5 Labeling the ENFM Seizure
output in on-line training when
the seizure starts *
Label =1
<> .
Time
Pmin = SPH

that take place outside the color window are all considered
as false positive prediction. Therefore, the model is expected
to be properly trained for each SOP and SPH.

Post-processing

The number of false predictions should be controlled of
which too many cannot be accepted, e.g., for a seizure
warning device due to the loss of patients’ confidence. Here
a simple algorithm is proposed to minimize false predic-
tion. Although raw ENFM output is between 0 and + 1, it
is possible to set absolute value of 0 or+ 1 for each output
sample. We achieved this by moving average filter (MA fil-
ter) with different length of time window. In this algorithm,
the proposed model detects the SOP after the SPH before
calculating the mean of raw outputs in specific time win-
dow. If mean value of each window consecutively increased
four-times, then the alarm rises and it will stay on, until the
mean value consecutively decreased two-times afterward.
This algorithm which is useful in on-line processes makes
output sensitise to slope of amplitudes changes rather than
amplitudes itself.

Optimal SOP and SPH selection

As learning of the ENFM is based on SOP and SPH length,
these two intervals should be properly selected. Three terms
are critical in determining these values. First, a proper sei-
zure prediction requires high Sensitivity but low FPR [27].
Second, increasing SPH can be more beneficial to patients to
retreat to the safe place or to intervene early. Third, decreas-
ing SOP would reduce the patients’ stress and it leads to
minimize physiological disadvantages caused by potential
side effects of drugs or long term electric stimulation of
focal brain structures.

These three terms can be helpful to find unique SOP and
SPH among different intervals. To achieve that, we used
Mamdani fuzzy inference system, which is a nonlinear

Pmax = SPH + SOP

mapping that derives its output based on fuzzy reasoning
[28]. Firstly, according to three terms mentioned earlier pre-
defined rules are specified as follow:

1. If SOP is low and SPH is high and Sensitivity is high
and FPR is low then, Result will be Excellent.

2. If SOPis low and SPH is low and Sensitivity is high and
FPR is low then, Result will be Good.

3. If SOP is high and SPH is high and Sensitivity is high
and FPR is low then, Result will be Good.

4. If SOP is high and SPH is low and Sensitivity is high
and FPR is low then, Result will be Acceptable.

5. If Sensitivity is low or FPR is high then, Result will be
Poor.

Next, we need to define membership functions of fuzzy
system. According to (4) and (5), four Gaussian-type mem-
bership functions were wielded for four input variables
x = {x},%p, %3, x4 | (Sensitivity (x), FPR (x,), SOP (x3) and
SPH (x,)). Each membership function consists of two Gauss-
ian fuzzy sets, low (L) and high (H) corresponding member-
ship values y; (x) and py,(x) which defined as

(xj — ()

2
He(x7) = exp —( 0 )> L J=1234 @

(5 -eat)\| .
y () = exp —<% L Jj=1234 ()

where ¢; and ¢ denote center of the low and high Gaussian
fuzzy sets and §; and 6, denote variance of the low and high
Gaussian fuzzy sets. On the other hand, four triangular func-
tions have been used as output variable membership function
(Result). Since the output of the fuzzy system belongs only
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to one of the four categories (Excellent, Good, Acceptable,
Poor), no overlap is considered between membership func-
tions. The output range of the result variable is defined from
0 up to 40. Thus, Poor, Acceptable, Good and Excellent
groups are ranged equally from O up to 10, 10 up to 20, 20
up to 30 and 30 up to 40, respectively.

The fuzzy inputs are applied to the antecedents of the
fuzzy rules. Firing strength of each rule has been calculated
through the min operator as a t-norm operation for evaluat-
ing conjunction of the 1-4 rules, similarly, max operator as
a t-conorm operation for evaluating disjunction of the fifth
rule. The implementation of the inference rules is done using
the compositional rule of inference. Then, the final output is
calculated by defuzzification using Centre of Gravity (CoG)
method by aggregation of the 5 individual output fuzzy sets
[29].

Finally, a fuzzy output was attributed for each set of SOP-
SPH. Specific SOP and SPH corresponded to the highest
fuzzy output, will be the best SOP and best SPH.

Model evaluation
Assessment of prediction result

The evaluation of seizure prediction model is possible by
two most common measures: sensitivity and specificity,
which the latter is defined in the form of false positive rate
(FPR). To obtain these two metrics, the prediction outcome
should be categorized into one of the following four subsets:

1. If C[n] = 1 and at least one seizure occurs within the
SOP duration following the SPH interval, then it is the
true positive result (TP).

2. If C[n] = 1 and any seizure does not occur within the
SOP duration following the SPH interval, then it is a
false positive result (FP).

3. If C[n] = 0 and any seizure does not occur within the
SOP duration following the SPH interval, then it is true
negative result (TN).

4. If C[n] = 0 and at least one seizure occurs within the
SOP duration following the SPH interval, then it is false
negative result (FN).

Assessment of prediction performance

It is believed that, in contrast to batched learning we can-
not divide the entire dataset into two separable segments:
in-sample and out-sample in on-line learning classifica-
tion, because each time a test sample given to the classifier
sequentially that sample turned to train sample after a fix
delay, which in this case the delay is p,,, for ENFM as is
mentioned in Sect. 2.5.2. Thus, it is expected that, initially,
the ENFM cannot make accurate prediction and it requires

@ Springer

amount of sufficient time for learning the pattern of pre-
ictal and inter-ictal. Accordingly, instead of defining training
data and test data, we defined non-evaluative segment and
evaluative segment, which the former was not considered
for model assessment and it contains approximately half of
the total dataset for each patient (10-hour inter-ictal sam-
ples as well as pre-ictal samples of the first 3 or 4 seizures)
and the latter, which contains remaining 14-hour inter-ictal
samples as well as pre-ictal samples of the last seizure, was
considered for assessment. An illustration of such segments
is given on Fig. 6.

Note that the duration of inter-ictal and pre-ictal must be
known for choosing optimal features in (3), that it contra-
dicts with on-line learning mode. To overcome this problem,
non-evaluative segment was assigned for optimal feature
selection assuming that inter-ictal and pre-ictal periods are
known (i.e. the duration of pre-ictal is at least 50 min per
seizure). On the other hand, we supposed pre-ictal and inter-
ictal periods of evaluative segment are unknown considering
for on-line prediction based on selected optimal features in
non-evaluative segment.

In Sect. 2.7, parameters of Gaussian membership func-
tions (4) and (5) have a huge impact on fuzzy output.
Subsequently, they affect the accuracy of assessment.
Choosing proper parameters is crucial in Mamdani fuzzy
inference system. However, due to lack of true positive
alarm in non-evaluative segment, it is difficult to find, yet
optimization of fuzzy system required a separate data for
learning parameters (c;, ¢y, 6, 65). We defined such data
as a fuzzy training data consisting of sensitivity and FPR
of evaluative segment of 10 patients for various range of
SOP and SPH, while other results of 11-patient evaluative
segment, which is called fuzzy test data, was evaluated
based on optimum parameters of Gaussian membership
functions.

Results
Computational settings

According to Appendix 1, in addition to cluster center and
covariance matrices, two constant threshold called 4, and
th, controlling the number of neurons (clusters) were intro-
duced in ENFM structure. The former, which determined the
novelty of new data point, performed adding neuron, while
the latter controlled it using merging the similar clusters.
This study did not focus on determining the values of #:; and
th,, as Soleimani et.al. has already achieved them. Therefore,
we sufficed to their results as th; and th, were set 0.15 and
0.5, respectively.

In order to test the concept of on-line learning, the ictal
dataset was set to a long-term inter-ictal dataset. Then, the
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Fig.6 Detail of the performance of the on-line prediction obtained
from the all EEG samples of patient 1. Assessment results of the
first half of the data did not report as predictor requires considerable

non-evaluative and evaluative segments the length of which
were about 15 h were determined for each patient. Never-
theless, depending on the duration of pre-ictal dataset and
number of seizure, the length of both segments could be
changed. The illustration of rearranging data as well as sei-
zure prediction outcome of patient 1 taking into account
10 min SOP and 20 min SPH are shown in Fig. 6. Each
output also represents of 15 min as same as MA filter order.
The statistic results for this specific patient is 0.1 per hour
FPR with no TP in non-evaluative segment and 0.14 per
hour FPR without any FN in evaluative segment. In total,
the 25% sensitivity and 0.14 per hour FPR were achieved
for patient 1.

Since we developed a patient-specific seizure predictor,
the ENFM has been applied individually for each patient
with different SOPs and SPHs (5, 10, 15, 20, 25, 30 min for
both durations), so that SOP and SPH were varied from 5 to
30 min for entire patients except for patients 11 and 15. In
those cases, SOP and SPH were changed from 10 to 60 min.

Analyses of fuzzy system parameters

As mentioned in Sect. 2.8.2, best prediction result can be
achieved only by setting optimum values of ¢;, ¢y, 6, and
6y Since there are four fuzzy system inputs, four different
values have been defined for each of them. Note that all

time to learn the pattern of pre-ictal and inter-ictal samples as well as
selecting optimal features, but the rest of the data including the pre-
ictal of the last seizure is devoted for evaluation

optimum ¢, , ¢y, which are further discussed in Sect. 4.2, are
obtained based on the clinical knowledge. For calculating 6,
and 6y, firstly, the fuzzy system parameters were set by
default values (¢, (1) =¢;(2)=0,6,(1) =0, cy(1) = 100,
8,(1)=25,5,(2) = 0.13,¢5(2) = 1,6,,(2) = 0.3,¢,(3) = ¢, (4)
=5.6,(3) = 6,(4) = 5,(3) = 6,(4) = 7., (3) = ¢,(4) = 30).
Secondly, the fuzzy system was designed based on the
default parameters. Then, all sensitivities, FPRs, SOPs and
SPHs obtained from fuzzy training data are given to fuzzy
system which subsequently provides the highest possible
fuzzy outcome (Result) for each patient as well as best sen-
sitivity, FPR, SOP and SPH. Following taking average from
obtained values, the same process repeated for different 6;
and 6, as it can be seen from Fig. 7, the variation of mean
best sensitivity, mean best FPR, mean best SOP and mean
best SPH accounted for different 6, (j) and 6,() (j = 1:4).
Note that all variables were normalized so we can observe
the variations with the same scale. We then analyzed the
data by looking for §; and &, that lead to the highest Result.
Although this approach seems logic, fuzzy system does not
always provide best sensitivity, best FPR, best SOP or best
SPH, because the model is fitted by the default parameters.
As a result, the fuzzy system cannot be optimized. Since
there were not a specific §, or 6, leading to the highest sen-
sitivity and SPH as well as the lowest FPR and SOP at the
same value, instead of considering best Result, we had
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Fig.7 Showing the variation of best Result (fuzzy system outcome),
best sensitivity, best FPR, best SOP and best SPH chosen by fuzzy
system for various choice of variance of all Gaussian membership
functions: a low fuzzy set of input 1 b high fuzzy set of input 1 ¢
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prioritized each of them, so that sensitivity outweighed FPR,
while FPR outweighed both SPH and SOP. Alternatively
stated, it is irrational that seizure predictor accurately pre-
dicted the TN at the cost of missing the TP. In Fig. 7a, for
example, sensitivity peaked at 48, while FPR reached a nor-
malized value by 0.95 at the same value, so we obtained
6; (1) = 48. On the other hand, in Fig. 7f, it can be seen that
sensitivity reached maximum and both FPR and SOP bot-
tomed out at value of 8, so we set 6,;(3) = 8, but at cost of
decreasing SPH duration. Eventually, the optimum param-
eters of fuzzy system were obtained based on similar analy-
ses, so that input fuzzy membership functions were estab-
lished according to optimum values of Table 2. In addition,
the illustration of designed membership functions can be
seen in Fig. 8.

Performance of the seizure predictor

Having designed optimum fuzzy system, we evaluated the
fuzzy test data. The summary of prediction result for fuzzy
training data and fuzzy test data are shown in Tables 3 and
4, respectively. All results were categorized whether into
time characteristic results or statistic results. On average,
optimal SOP by 6 min and optimal SPH by 18 min as well
as 100% sensitivity and 0.12 per hour FPR were obtained
for the fuzzy training data. Interestingly, similar results
were achieved for fuzzy test data with no FN along with
best SOP by 6 min, best SPH by 27 min and 0.13 per hour
FPR, however increasing mean of optimal SPH is derived
from patients 11 and 15 with best SPH by 60.

According to time characteristic results of Tables 3 and
4, we also reported the best SOP and best SPH in another
way with defining the interval of [SPH SPH + SOP] indicat-
ing the seizure activity expected to be occurred following
the alarm raised successfully. It is clear that all the predic-
tion times, which are defined as an interval between the first
true positive alarm and seizure onset, are within the [SPH
SPH + SOP]. This can be also deduced from Fig. 9 that
reveals the outputs of seizure prediction model in evaluative

Table 2 Optimal values of fuzzy system parameters

Mamdani param- Optimum Mamdani param- Optimum values
eter setting values eter setting

c (D 0 8. (1) 48

cy(l) 100 6y(1) 10

. (2) 0 6,.(2) 0.08

cy(2) 6(2) 0.35

c,(3) 5 6,.(3) 6

cy(3) 30 64(3) 8

c (4) 5 6,.(4) 6

cy(4) 30 oy (4) 8

segment of fuzzy test data, so that duration between the first
TP of each patient and seizure onset is equal to corresponded
prediction time reported in Table 4. As shown in Fig. 9, in
order to compensate the imbalance of pre-ictal and inter-ictal
samples, the length of evaluative segments was changed for
each patient. This variation cause difference in total number
of predictor outputs for each patient. To control it, we set
different MA filter’s orders, as they are reported in Table 4.

In Table 5, the performance of the proposed approach was
compared with some of the recent studies evaluated with
the seizure prediction characteristic method. The values of
SOP, SPH, sensitivity and FPR reported in those studies
were given as inputs to the designed fuzzy inference sys-
tem. Generally, SOP and SPH were considered to be 5 up to
30 min, whereas it can be seen that some of studies found
the SOP and SPH out of this range. Thus, we extended the
range of input variables (SOP and SPH) from 0 up to 60 min
without changing the pattern of membership functions just
for evaluating those studies. Finally, fuzzy system outcomes
confirm the superiority of the proposed method over other
studies.

Further analyses were implemented by surveying num-
ber of features for each patient. Following feature selec-
tion described in Sect. 2.7, we achieved the mean number
of features by 9.71 in total. In addition, a test statistic was
performed to notice that whether any different relationship
between number of features and fuzzy system outcome is
likely to be due to chance or not. The result showed that no
significant relationship existed with respect to 0.05 signifi-
cance level (p=0.6). Details are shown in Fig. 10.

Confining the SOP and SPH

Among the different SOPs and SPHs, not all of them eventu-
ate desired results. Recognizing the proper range of SOP and
SPH can be effective in reducing the size of fuzzy system
inputs, so that fuzzy system particularly focused on finding
the best SOP and SPH in a limited time zone. For exam-
ple, fuzzy system output of 4 patients for each pair of SOP
and SPH are displayed in Fig. 11 It is clear that the certain
time zone represents appropriate Result (Acceptable, Good,
Excellent), so we can therefore estimate the suitable dura-
tion of SOP and SPH. We also did the same analysis for
other patients as if the approximate suitable ranges of SOP
and SPH are shown in Fig. 12 As a result, the SOP from
5 to 18 min and SPH from 11 to 25 min were obtained on
average.

Performance metrics
Despite of strong imbalance between inter-ictal and pre-

ictal samples, sensitivity and FPR are still valid meas-
ures, because sensitivity evaluates the predictor only based
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Fig.8 Schematic of optimum membership functions of inputs and output of the fuzzy system. a input 1. sensitivity b input 2. FPR ¢ input 3.

SOP d input 4. SPH e output. Result

on pre-ictal samples, and FPR evaluates only based on
inter-ictal samples, but this is not true for other statistical
measures such precision and accuracy. A better interpreta-
tion can be explained by confusion matrix as it was com-
puted with respect to TP, TN, FP and FN obtained from
results of total fuzzy test data (see Fig. 13). The imbalance
between non-seizure class including 806 predictor output
and seizure class comprising only 20 predictor outputs
is evident. However, the problem of misclassified class
is being solved by normalizing the developed confusion
matrix with respect to size of each class. As can be seen
in Fig. 13b, all the elements were changed to a same scale.
Now we can calculate precision and accuracy considering

@ Springer

normalized confusion matrix, as if mean value of recall,
FPR, precision and accuracy are summarized in Table 6.

Discussion
Importance of finding suitable SOP and SPH

This study attempts to solve the challenge in selecting SOP
and SPH, which varies for each patient and the type of epi-
lepsy. Statistically, high value of sensitivity and low value
of FPR obtained by different SOP and SPH represent good
result. Clinically they may not good, though, because there
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Table 3 Prediction results on fuzzy train data

Patient Time characteristic result Statistic result
Best SOP  Best SPH  Expected Prediction Time window Sensitivity (%) FPR (per h) Fuzzy outcome
(min) (min) seizure onset  time (min) of MA filter
1 10 30 [30 40] 32 15 100 0.12 Good (25.19)
2 5 5 [510] 8 10 100 0.17 Good (20.15)
3 5 30 [30 35] 30 15 100 0.08 Good (28.33)
4 10 15 [1525] 24 15 100 0.09 Good (26.35)
5 5 10 [10 15] 13 15 100 0.1 Good (25.87)
6 5 25 [25 30] 28 15 100 0.09 Good (27.32)
7 5 30 [30 35] 33 10 100 0.05 Good (28.97)
8 5 5 [5 10] 5 100 0.18 Acceptable (18.21)
9 5 5 [5 10] 8 15 100 0.22 Acceptable (12.23)
10 5 20 [20 25] 25 15 100 0.1 Good (26.67)
Average 6 18 100 0.12 Good (23.92)
Table 4 Prediction results on fuzzy test data
Patient Time characteristic result Statistic result
Best SOP  Best SPH  Expected Prediction Time window Sensitivity (%) FPR (per h) Fuzzy outcome
(min) (min) seizure onset  time (min) of MA filter
11 10 60 [60 70] 61 5 100 0.17 Good (21.02)
12 5 20 [20 25] 22 15 100 0.19 Acceptable (17.64)
13 25 [25 30] 27 5 100 0.15 Good (22.78)
14 5 20 [20 25] 22 15 100 0.09 Good (27.07)
15 10 60 [60 70] 65 10 100 0.18 Acceptable (19.51)
16 5 15 [1520] 18 10 100 0.15 Good (23.36)
17 5 20 [20 25] 25 15 100 0.13 Good (25.04)
18 5 15 [1520] 16 15 100 0.07 Good (26.87)
19 5 15 [1520] 19 5 100 0.12 Good (25.66)
20 5 15 [1520] 17 10 100 0.16 Good (22.22)
21 10 30 [30 40] 32 15 100 0.09 Good (27.16)
Average 6 27 100 0.13 Good (23.48)

are literally certain prerequisites that must be followed and
met before making decision on prediction result. By consid-
ering several rules, we used Mamdani fuzzy inference logic
to determine the optimal SPH and SOP duration for each
patient, so that the medical attention can be promptly given
to the patient improving the quality of life and reducing the
stress and anxiety for each patient. Ultimately, the proposed
method must accurately predict SPH and reduce the dura-
tion of SOP as close to true seizure occurrence as possible.

According to Tables 3 and 4, the Good fuzzy output for
most patients indicated that the inputs of fuzzy system cor-
responded to desired conditions such as low SOP, high SPH,
high sensitivity and low FPR. Particularly, patient 7 among
the all patients had the lowest optimal SOP and FPR along

with the highest optimal SPH and sensitivity, consequently,
output of fuzzy system reached the highest value by 28.33.
On the other hand, it can be seen that patients 8, 9, 12 and
15 got Acceptable result. The reason for lower value of
Result is mainly because FPR related to those patients were
lower than others, while sensitivity stayed the same at 100%.
Apart from that not only the best SOP and the best SPH
were detected but also we simply specified the approximate
suitable SOP and SPH for each patient in a more extensive
range with the help of fuzzy system output without consider-
ing values of FPR and sensitivity. As we expected the result
showed higher range of suitable SPH compare to range of
suitable SOP (see Fig. 12).
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Table 5 Comparison of our approach with other approaches evaluated on Freiburg EEG database

Authors Year Measure SOP SPH Sensitivity (%) FPR Fuzzy group (score)
Winterhalderet 2006 Phase synchronization 10 min 60 0.15 Poor (5.04)
min
Shao-Hang Hung 2010 Wavelet-correlation di- mension 18 s 60 min 86.96 0.25 Poor (6.88)
Shufang Li 2013 Spike rate 10s 72.70 0.1 Poor (7.17)
min
Yang Zheng 2014 Phase synchronization 10 min 85 0.15 Acceptable (14.3)
min
Yanli Zhang 2014 Higuchi fractal dimension 2 min 86.95 0.2 Poor (9.82)
min
Ardalan Aarabi 2017 Nonlinear features 10s 92.90 0.09 Acceptable (10.49)
min
Our approach 2019 Phase synchronization 27 100 0.13 Good (23.48)
min min

Effect of fuzzy system parameters on prediction

This study proved that outcome of fuzzy model entirely
depended on fuzzy membership functions controlled by
centers and variances described in Sect. 3.1.1. Gaussian
functions’ center actually limited the input range, which
were explicitly defined for sensitivity with ¢;(1) = 0 and
¢y (1) = 100, and for FPR with ¢;(2) = O and c;(2) = 1. The
only problem is the range of SOP (x;) and SPH (x,). One
could argue that they could be obtained by considering
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patients’ safety and citing to other studies. For example,
as the patient needs an early seizure warning of 3 to 5 min,
we then set the minimum SPH of 5 min (¢, (4) =5) [6,
30, 31]. When the seizure prediction method works well,
a much smaller SOP may be eligible (for example, for a
seizure warning device) [6]. Therefore, the minimum SOP
period is also set to 5 min (¢;(3) = 5). In addition, half an
hour SOP is also reasonable, if the treatment effect lasts
for this period, in which maximum SOP is set to 30 min
(cy(3) = 30). For example, this is usually expected for
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antiepileptic drugs (AEDs) [6]. Finally, unlike Aarabi
et al., Baghdadi et al., Arthurs et al. and Zhang et al., it is
strongly argued that maximum SPH should be extended
as possible in order to provide enough time for possible
strategies to prevent the irreparable consequences of sei-
zure, for example, a patient who is driving on a highway
or swimming in a pool requires more time to escape from
such dangerous situations when the impending seizure is
likely to occurred [14, 22, 30, 32]. As a result, maximum
SPH is set to 30 min (cy(4) = 30), which seems an ade-
quate time for patient to behave more efficiently.

Further analysis showed that good result could be
achieved through the specific variances of input member-
ship function, so we can conclude that center and variance
of input fuzzy membership functions play a significant role
in selecting SOP and SPH. On the other hand, achieving

@ Springer

perfect results in both fuzzy training dataset and fuzzy test
dataset indicated that the designed fuzzy system has the
ability in providing with satisfying result from the unseen
data.

Overcoming high number of features

In spite of the fact the source EEG channels decreased
from 128 to 6 channels, bivariate measures gave rise 75
features of mean phase coherence for each 16 s time win-
dow. These high dimensional features are not practical
in on-line prediction, but this number declined to maxi-
mum 20 features for patient 8§ and minimum 4 features for
patient 9 per window indicating the proposed selection
method coped with the high number of features. However,
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Table 6 Averaged results of prediction on two-type data: fuzzy train
data and fuzzy test data

Statistical measure Fuzzy train data Fuzzy test data

Sensitivity 100 100
FPR 0.12 0.13
Precision 87.85 86.95
Accuracy 93.08 92.5

result also showed that prediction performance did not
depend on the number of features.

Improving the efficiency of ENFM

ENFM, which incorporates a recursive fuzzy clustering, is
a powerful nonlinear neural network that was proposed by
Soleimani et al. [24]. Although this classifier was designed
for on-line application and especially for seizure prediction,
it is not compatible with long term EEG databases to pre-
dict seizure activities, since they contain very few pre-ictal
samples whereas most of samples are inter-ictal. Hence,

L 0
Seizure Non-Seizure
Predicted Label

(b)

classifier may gradually loose the capable of detecting pre-
ictal patterns following a long inter-ictal patterns. Soleimani
et al. suggested that in order to compensate the unbalanced
classes, method of surrogate data should be used to gener-
ate new pre-ictal samples by perturbing the available data
points. However, in addition to questioning validity of the
prediction performance, this approach leads to perturbing
the phase of the Fourier transform of the real data points,
and pre-ictal period cannot be properly identified by mean
phase coherence. Here we overcame this problem by intro-
ducing two delays (P . Pmin) 10to the feedback training of
ENFM instead of defining a fix delay (P), so that SOP and
SPH were applied to train the ENFM without adding artifi-
cial samples to the actual data (see Fig. 4).

Comparisons to other seizure prediction methods

The proposed fuzzy system not only is capable of finding
best SOP and SPH per case but also can be applied for eval-
uating the prediction performance. So this privilege gave
us an opportunity to consider the results of other studies.
According to Table 5, our method got higher fuzzy output
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than the others. The major reason for this superiority is that
the fuzzy system outcome strongly depends on sensitivity
and FPR. For example, SOP by 18 s and SPH by 60 min are
perfect choices for Hung et al., but, the evaluation does not
justify 0.25 of FPR [33]. Likewise, Li et al. and Winterhal-
deret et al. got poor outcome mainly because of low sensitiv-
ity (72.7 and 60%) [5, 27]. On the other hand, Yang Zheng
et al. and Aarabi et al. achieved rather good sensitivity and
FPR, as a result higher fuzzy outcome they got [9, 14].

Conclusion

In this study, a new patient-specific model has been pre-
sented for on-line prediction of epileptic seizures. To this
end, the interaction of different brain regions was obtained
through the phase synchronization of the EEG channels pairs
in specific frequency domains. The mean phase coherence
was applied to distinguish between pre-ictal and inter-ictal
period. Optimal features were then extracted by the Spear-
man’s correlation coefficient test to minimize complexity of
the calculation. Finally, a recursive extension of Gath-Geva
clustering algorithm called ENFM (evolving neuro-fuzzy
model) was applied to predict epileptic seizures. In addition,
a novel evaluation method based on Mamdani fuzzy infer-
ence system is proposed to select optimal SOP and SPH for
each patient. This optimization algorithm can also be used
to evaluate other research achievements, as result showed
the superiority of the proposed method over other studies.
The results also showed that for the mean SOP by 6 min and
mean SPH by 27 min, which seem reasonable durations for
security of epileptic patients, sensitivity, FPR, precision and
accuracy were obtained by 100%, 0.13 per hour, 86.95% and
92.5%, respectively.

Finally, in the context of present neuroscience knowledge,
the length of pre-ictal period is unclear and varies from
seizure to other seizure [3]. This variation may affect the
results when a constant SOP and SPH were considered for
the whole EEG. The future work therefore will be devoted to
designing an adaptive SOP and SPH optimization algorithm
to improve the performance of this epileptic seizure predic-
tion model. In summary, this approach can be used for home
care applications for which a seizure warning system can be
designed that predicts safe time zone and warning time zone
with high accuracy.
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Appendix

Brief introduction of evolving neuro-fuzzy model
(ENFM)

Basically, ENFM is a single-layer neural network that output
of each neuron is weighed by a membership value which is
obtained by recursive Gath-Geva clustering (RGG). Suppose
that X is the input vector and w; is the weight vector of the ith
neuron. The output of each neuron is calculated as

_ T
xX= [l,xl,xz, ..,xn] s
_ T
w; [wi(]’ iy ’win] >
— Tz
Yi = ;X (6)

where n is the number of input variables. Note that the
weight vector is computed recursively by least squares algo-
rithm (RLS). If we say u; is the membership value of each
neuron with the total of C neurons, then the output of the
ENFM is computed as

C
F=D wy, )
=1

Generally, in RGG clustering the following objective func-
tion must be minimized:

=3

i=1 j

0
ul.zjd,.j ®)
=1

The membership value and distance of the jth data point to
the ith cluster (u, d;;) with respect to the prior probability of
the ith cluster (K), are estimated as:

det(Y;) I -
d; = Texp(%(xj—,u,-) Z (xj—Mi)> )

i

(1/d;)

W= 7 (10)
' Zzil (l/dij)
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where y; and ), are the mean and covariance of the ith clus-
ter. These two parameters calculated through the iterative
equations with respect to new data point (x) and its member-
ship value to the ith cluster. Updating 4; and ), are given as

X—p 2
N+ i 12)

l

W=+

NS L T
i (Sreomear) o
N* =N+ (14

l L

where superscripts +and — denote current and past values,
respectively. Equation (14) shows that the sum of member-
ship values related to the ith cluster, also computed recur-
sively. Every time X given to the model, a novelty value is
calculated for each cluster as defined

-1

M; = exp —%(fc - y[)T Z ()? - ,u,»)

i

as)

If the maximum novelty value is less than a threshold
called thl, another cluster is added with center of X and
diagonal matrix as covariance of new cluster.

Furthermore, in order to control the number of clusters,
a merging criteria between mth cluster and nth cluster is
computed as

-1
Smn = exp _%(ﬂn_ﬂm)Tz (ﬂn_”m)

m

(16)

To find similar clusters, S,,, and S,,, must be obtained.
If they are more than a threshold value th2, mth cluster
and nth cluster will be merged, and the parameters of new

cluster estimated as follows:

N,=N, +N, a7
w, = Nm:um +Nniun 18
k N, +N, (18)

(N3 +2N2N, + N,N*) ¥,

+(N3? +2N?N,, + N,N2) Y, .

+(N2N,, + N,N2 ) (1 = ) (1 = Hy)
(19)

1

(N, +N,)
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