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THESIS TITLE

ABSTRACT

Machine learning methods thrive in cases where there is a present but obscure relation
between the inputs and outputs of a mechanism. Epilepsy, one of the most common
brain disorders, is one such case. Leveraging the descriptive power signal processing
techniques along with the predictive capabilities of machine learning algorithms is,
therefore, a suitable approach to detect and predict epileptic seizures from EEG
recordings. This work presents two separate but compatible frameworks in order to
detect and predict seizures. The first framework consists of feature extraction and
classification of EEG signals decomposed with the Hilbert vibration decomposition in
order to detect seizure activity with several classifiers. Also, the performances of the
HVD method and other conventional decomposition techniques are compared. The
second framework builds upon the methodology of the first one by shifting the
classification target to pre-seizure periods to detect preictal activity and raise alarms
using a convolutional neural network and a novel post-processing algorithm. The
findings of both frameworks indicate the suitability of signal decomposition and
feature extraction with machine learning algorithms in the context. The first
framework can reliably detect epileptic seizures with classification accuracies reaching
100%. The second framework is able to predict and alert, with a mean sensitivity of
approximately 90% and false alarm rates as low as 0.02/h, therefore outperforming
other frameworks proposed in the literature, while demonstrating the effectiveness of
the HVD method along with machine learning algorithms.
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TEZ BASLIGI

OZET

Makine 6grenimi yontemleri, bir mekanizmanin girdileri ve ¢iktilar1 arasinda mevcut
ancak belirsiz bir iliskinin oldugu durumlarda 6ne ¢ikmaktadir. En yaygin beyin
bozukluklarindan biri olan epilepsi de bdyle bir durumdur. Bu nedenle, makine
O0grenme algoritmalarinin 6ngoriicii yetenekleri ile birlikte sinyal isleme tekniklerinin
aciklayicr giiclinden yararlanmak, EEG kayitlarindan epileptik nobetleri saptamak ve
tahmin etmek i¢in uygun bir yaklasimdir. Bu ¢alisma, ndbetleri tespit etmek ve tahmin
etmek icin iki ayr1 ancak uyumlu cerceve sunar. ilk gergeve, birkag smiflandirici ile
nobet aktivitesini tespit etmek i¢in Hilbert titresim ayrismasi ile ayrigtirilan EEG
sinyallerinin 0zellik ¢ikarilmasi ve smiflandirilmasindan olusur. Ayrica, HVD
yonteminin ~ performanslart  ve  diger  geleneksel ayrisma  teknikleri
karsilastirilmaktadir. Ikinci cerceve, bir evirisimli sinir ag1 ve bir post-proses
algoritmas1 kullanarak, preiktal aktiviteyi tespit etmek ve alarmlar yiikseltmek i¢in
siniflandirma hedefini nobet oncesi donemlere kaydirarak ilkinin metodolojisini
gelistirmektedir. Her iki g¢ergevenin bulgular, baglamda makine 6grenme
algoritmalart ile sinyal ayrnigmasmin ve Ozellik c¢ikarmanin uygunlugunu
gostermektedir. 1lk cerceve, %100'e ulasan smiflandirma dogruluklar ile epileptik
ndbetleri giivenilir bir sekilde tespit edeblmektedir. Ikinci cerceve, yaklasik %90'lik
bir ortalama duyarlilik ve 0.02/saate kadar diisen yanlis alarm oranlari ile 6ngdrme ve
uyarma yapabilir, bu nedenle, HVD yoOnteminin makine 6grenme algoritmalar ile
birlikte etkinligini gosterirken, literatlirde Onerilen diger ¢ercevelerden daha yiiksek
performans gosterir.
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1. INTRODUCTION

1.1 Motivation

Epilepsy is a brain disorder that is characterized by the occurrence of sudden abnormal
brain activity, which stems from excessive activation or synchronization of neurons in
a part or the entirety of the brain [1]. More than 50 million people are estimated to
suffer from epilepsy worldwide, which is approximately 8 in 1000 people, and around
half of this population experiences active epileptic seizures [2]. These seizures can
affect the patients in ways that can range from minor behavioral changes to complete
loss of consciousness and muscular control [3]. As a result, epileptic patients

experience seizure-related discomfort to varying degrees in their daily lives.

Epileptic patients were shown to be at higher risk of accidents and injuries due to the
seizure-related incidents alone [4], as well as having elevated rates of depression [5].
Children with epilepsy are reported to sustain more injuries compared to healthy
children and, therefore, to require parental supervision [6]. Risks are also more
significant with epileptic patients during pregnancy. In pregnancies where the mother
has epilepsy, are more likely to result in undesired conditions in which miscarriage or

post-partum complications occur [7].

It is, therefore, evident that epileptic seizures cause severe difficulties to the patients
and their social circles. While anti-epileptic drug (AED) administration is frequently
applied to newly diagnosed epilepsy patients, recent medical literature specifies the
success rate of complete seizure control with AEDs to be around 64%, unchanged
since 2000 [8, 9, 10]. Out of the remaining patient pool, those with drug-resistant
epilepsy, around 25%, or around 70% of patients who undergo epilepsy surgery,
achieve long-term seizure control after the procedure [11]. These ratios are promising
in the sense that approximately 90% of epilepsy patients are able to enjoy seizure

freedom with medical intervention. On the other hand, this information also means
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that around 10% of patients that experience active epileptic seizures remain

unresponsive to treatment, a population of approximately 2.5 million people.

These numbers reveal the need for alternative precautionary methods of seizure
control, one of which is the widely studied subject of epileptic seizure detection. This
working field focuses on the detection of the preictal and ictal stages, usually by
monitoring the electroencephalography (EEG) recordings of the epileptic brain [12].
With the EEG records providing high temporal solution usually with sampling rates
between 250 to 2000 Hz, the characteristics of epilepsy can be captured within

recordings, therefore making EEG the preferred method of epileptic signal recording.

With this incentive and the predictive capabilities of machine learning algorithms, the
analysis on the field of epileptic seizure detection and prediction from EEG signals

stands to yield a lot.

1.2 Epileptic Seizure Detection

Epileptic seizure detection via EEG signal decomposition has been widely studied in
recent years. A work applied a discrete wavelet transform to decompose EEG signals
and achieved an accuracy of 97% using a binary classifier. In [8], empirical mode
decomposition (EMD), which performs well in extracting sub-components from
nonlinear and nonstationary signals such as the EEG [9], is employed for decomposing
regular, ictal and interictal EEG recordings. The extracted sub-components were then
classified using a support vector machine (SVM) with a classification accuracy above
85%, where statistical features such as the mean and standard deviation are utilized.
Another work proposed using the EMD for decomposing EEG signals to differentiate
between ictal and seizure-free oscillations, which are then classified by the SVM [10].
This binary classification perspective yielded above 88% accuracy using different
kernel functions for the SVM classifier. A work with a neural network classifier, using
variance, skewness, and kurtosis as features, employed EMD, and achieved 100%
accuracy for the multi-class problem of epileptic EEG classification. Another signal
decomposition method, the Hilbert vibration decomposition (HVD), was also
proposed for the decomposition of nonlinear and nonstationary signals [11] and has

been used mainly for machine fault diagnosis [12], baseline wander removal of
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electrocardiogram signals [13] and system identification [14]. HVD has been applied
to EEG signals with the goal of detecting epileptic seizures using a least-squares SVM
classifier, where delta, theta and alpha bands of EEG are utilized, and 97.6%
classification accuracy is achieved [15]. Although both the EMD and the HVD are
frequently used signal decomposition methods, there is no widely known comparison
of the two methods on the subject of EEG signal decomposition. This work aims to
demonstrate the success of the more recent HVD working end to end with machine

learning classifiers in terms of seizure detection capabilities.

1.3 Epileptic Seizure Prediction

There have been many studies in the literature that approach the problem of epileptic
seizure prediction from EEG recordings. lasemidis & Sackellares showed that EEG
recordings on the human cortex show a chaos-order-chaos pattern while transitioning
from interictal to pre-ictal and to post-ictal states [13]. They were able to quantify the
chaos of the system by estimating the largest Lyapunov exponents over time in the
EEG recordings. Later, Mormann et al. investigated the differences in the phase
synchronization of EEG signals during interictal and pre-ictal intervals [14]. Using
mean phase coherence as the synchronization metric, they discovered a steady increase
in mean phase coherence leading to seizure onset. lasemidis et al. used their previous
findings in order to predict seizures based on the convergence of the largest Lyapunov
exponents, achieving 83% sensitivity with a false prediction rate of 0.17/h [15]. Gigola
et al. applied a wavelet-based method to estimate the accumulated energy in EEG
signals from epileptic patients [16]. Their framework predicted 12 out of 13 seizures.
Schelter et al. used tested the statistical significance of seizure prediction techniques
and have reported a mean sensitivity of 70% and a false prediction rate of 0.15/h [17].
Chisci et al. approached the problem by auto-regressive modeling EEG signals and
performed classification using a support vector machine where the classification
features were auto-regressive coefficients [18]. Their work reports 100% sensitivity
with false alarm rates as low as 0/h. Song et al. also followed a classification path in
their work, using an extreme learning machine as the classifier and sample entropy-
based features, achieving 86.47% sensitivity and 83.80% specificity [19]. Parvez &

Paul used the phase correlation between the current and reference EEG signals in order
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to identify the preictal state [20]. This approach yielded 91.95% prediction accuracy.
Yang et al. applied the classification perspective once again, using permutation
entropy extracted in a sliding window from EEG recordings. Employing the support
vector machine once again, they obtained an average sensitivity of 94% with a false
prediction rate of 0.111/h [21]. Yuan et al. have employed the Bayesian linear
discriminant analysis (BLDA) on intracranial epileptic EEG recordings using the
diffusion distance metric in order to determine preictal EEG periods, and have
achieved a sensitivity of 85.11% along with a false prediction rate of 0.08/h [22]. These
studies clearly show that epileptic seizures are preceded by changes in the human brain

that can be captured in EEG recordings and can be evaluated with specific measures.

1.4 Organization

This work is organized as follows:

- Section 2 describes the framework of seizure detection with machine learning
and signal decomposition while sharing findings and providing performance

comparisons of decomposition methods and machine learning classifiers.

- Section 3 describes the methodology followed in the construction and
application of the epileptic seizure prediction. The section also describes the
data preprocessing and the convolutional neural network architecture. The

findings of the prediction framework are presented in this section.
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2. SEIZURE DETECTION

In this section, a framework is proposed in order to extract features from healthy,
interictal and ictal EEG signals decomposed via EMD and Hilbert vibration
decomposition (HVD), and then to classify these signals with classifiers such as
multilayer perceptron (MLP) [6], support vector machine (SVM)[7] and random forest
(RF) [8]. The chosen classes in this section aim the differentiate the area of EEG
signals marked, shown in Figure 2.1,Error! Reference source not found. from other
sections. Then, the performances of all the decomposition method mentioned above in

detecting epileptic seizures are compared on the sample dataset from Bonn University

[9].

2.1 Related Work

It is generally challenging to differentiate epileptic seizures by manual observation
from EEG signals due to several factors, such as the length of recordings and the ratio
of ictal sections to other sections, depicted in Figure 2.1. Furthermore, Fourier based
signal processing methods are unable to sufficiently analyze EEG signals as they are
nonlinear and nonstationary by nature [10]. Therefore, methods such as empirical
mode decomposition (EMD), or more suitably to the nature of EEG signals, the
multivariate empirical mode decomposition (MEMD) are exploited when working on
epileptic EEG signals to detect epileptic seizures [11,12]. Another signal
decomposition method, the Hilbert vibration decomposition (HVD), was also
proposed for the decomposition of nonlinear and nonstationary signals [13] and has
been used mainly for machine fault diagnosis [14], baseline wander removal of

electrocardiogram signals [15] and system identification [16].
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Figure 2.1 The distribution of sections shown on several EEG recordings from the
dataset. Differently colored sections signify different stages of an epileptic seizure.
The purple rectangle depicts the aim of the classification of this section.

2.2 Data Acquisition

In this work, the publicly available dataset provided by the University of Bonn was
used [9]. The EEG signals in this dataset are presented in five sets as Z, O, N, F, and
S, each consisting of 100 signals, where Z and O contain signals from healthy patients,
N and F contain interictal signals from epilepsy patients, and S contains ictal signals.
All data have been previously undergone visual inspection to eliminate segments
contaminated by artifacts caused by muscle activity and eye movement while
constructing the dataset. The chosen data were then split into 23.6 seconds segments,
where all segments conform to the stationarity condition. The EEG signals were
sampled with 173.61 Hz and were band-pass filtered where the passband ranges from
0.53 to 40 Hz. Within the scope of this work, only Z, F, and S data sets are used as
standard, interictal, and ictal recordings. Therefore, only pre-processing for the
normalization of voltage values of EEG recordings, as shown in Equation 2.1, in order

to minimize computing time is performed.
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£(t) = M (2.1)

Xmax — Xmin

where x(t) and X(t) are the original and normalized recordings, respectively, and X,
and X4, represent the minimum and the maximum values within x(t). Using this

method of normalization, all data were scaled to the fixed range of [0,1].

2.3 Signal Decomposition

One advantage of the signal decomposition — or a necessity thereof — is the ability to
adaptively overcome the issues of a version of the Heisenberg uncertainty principle.
Remembering the Heisenberg uncertainty principle at this point is critical. In signal
decomposition, the precision that can be achieved in generating a time-frequency
representation is constrained on the basis of this definition [17]. The concept is to
either correctly allocate the frequency, but then the corresponding time frame is not

well defined, or vice versa. The decomposition methods enable the estimation of

2.3.1 Empirical mode decomposition

Empirical mode decomposition (EMD) is a data-driven signal decomposition
technique that implements a sifting algorithm in order to adaptively disintegrate the
processed signal to its AM/FM modulated subcomponents [11]. These components,
called intrinsic mode functions (IMFs), are the oscillation modes within the original
signal and, by definition, have their number of local extrema and zero crossings differ
by one at most, where their upper and lower envelopes average to approximately zero.
This property of the IMFs allows for the analysis of long recordings of EEG without
the need to worry about to the nonlinearity and non-stationarity of the signals, as IMFs
present a quasi-stationary behavior, that is, they can be assumed stationary in short
periods due to the slow-changing instantaneous frequency and instantaneous

amplitudes [18]. With the EMD, the target signal can be described as in Equation 2.2,

M
x(t) = Z C(6) +7(6) 2.2)
i=1
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where the original signal x(t) is described as the sum of the IMFs Ci(t),i = 1,...,M
and the r(t) is the residual, i.e., the final component of the signal that has no more

AM/FM subcomponents in it.

The algorithm of the EMD is of the iterative kind. A sifting process allows for an
undetermined number of energy-wise decreasing IMFs to be extracted. The steps
followed in the calculation of IMFs are given in Algorithm 2.1Error! Reference source

not found..

Algorithm 2.1: The EMD process
1. %) = x()
Find all local extrema of X(t).
Interpolate through all minima and maxima of ¥(t), respectively.
Determine the lower envelope ep,i, (£) and upper envelope e, (t).
Subtract the average of two envelopes from X(t) as:
d(t) =x(t) —1/2 (e_min (t) + e_max (t))
6. 1f d(t) satisfies the IMF conditions:
- Letr(t) = x(t) — d(t).
- Gotostep 7.
Else:
- Letx(t) = d(¢).
- Go tostep 2.
7. If the energy of r(t)< Energy threshold:
- Stop.
Else:
- Gotostep 1.

SR

In this work, the EMD algorithm is ceased so that each signal in the dataset would
yield exactly seven IMFs, as depicted in Figure 2.2. Therefore, the uncertainty of input
dimensions to the classifiers (MLP, RF, SVM), is eliminated.
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Figure 2.2 A depiction of IMFs extracted from a 23.6 s period of an EEG signal of
the dataset.

The IMFs extracted from all signals from the dataset are then used for the calculation

of the features with the process explained in Section 2.4 of this work.

2.3.2 Multivariate empirical mode decomposition

One of the main points of the EMD algorithm is the determination of the local mean
of the initial signal, which is critically dependent on the location of the extrema.

Though, this is non-trivial for the extension to multivariate signals.

The multivariate empirical mode decomposition (MEMD), a variation of the original
method, approached this problem of extrema location by estimating the right set of n-
dimensional vectors through the employment of low-difference points resulting from
quasi-Monte Carlo methods [19]. The MEMD is, by its multi-channel suitability,
naturally convenient with EEG signals, and has been previously employed on them in

various studies [20,21].
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In the MEMD method, the local mean of the multiple signals is found by taking
multiple projections of the original signal. The direction vectors of these projections

are found by the sampling of a hypersphere.

The algorithmic process of IMF calculation with the MEMD method is given in
Algorithm 2.2.

Algorithm 2.2: The MEMD process

1. Create a set of points by sampling from an n — 1 dimensional sphere surface.
2. For all k's, locate the projection p®«(£)}X_, of the original signal {x(t)}/-, on the
direction vector §§u.

Find the times {tig *} corresponding to the maximum of the projections.

Interpolate through [tig k,X(tf )] to find multiple envelope curves ek (t)}X_,.
5. For K direction vectors, calculate the average of envelopes as:

m(t) == ¥, e% ().
6. Calculate d(t) = x(t) — m(t).
7. If d(t) satisfies the IMF conditions:
- Letr(t):=x(t) —m((t)
- Gotostep 7.
Else:
- Letx(t) = d(t).
- Gotostep I.
8. If the energy of r(t) < Energy threshold:
- Stop.
Else:
- Gotostep 1.

As in the EMD implementation, the number of IMFs is once again set to exactly seven,
therefore the classifier architectures are kept stable with a set number of inputs. The
IMFs extracted from all signals from the dataset are then used for the calculation of

the features with the process explained in Section 2.4 of this work.

2.3.3 Hilbert vibration decomposition

In this work, the Hilbert Vibration Decomposition method proposed by Feldmann for
the extraction of the AM/FM modulated subcomponents from nonstationary signals
[13] is employed for feature extraction. The method relies on the calculation of the
analytic signal shown in Equation 2.3. Moreover, the frequently used method of
synchronous demodulation for the estimation of the signal envelope, therefore

avoiding the data-driven approach such as the one adopted by empirical mode
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decomposition (EMD), which is another widely used decomposition technique for
nonstationary signals. Furthermore, as shown in [22,23], the HVD method is more
suitable to narrow-band signals with frequency bands packed together, such as the
EEG signal with conventional bands stated as delta (<4 Hz), theta (47 Hz), alpha (8-
15 Hz) and beta (16-31 Hz). Another desirable aspect of the HVD is the ability to
change the low-pass filter cutoff frequency in order to change the frequency resolution
of the extracted monocomponents. Therefore it is possible to get monocomponents

that oscillate at characteristic EEG frequency bands [13].

W(t) = s(t) + js(t) = A(t)e/*® (2.3)

In Equation 2.3, W(t) is the analytic signal, ¢p(t) stands for the instantaneous phase,
do(t)/d(t) = w(t) for the instantaneous frequency and A(t) for the instantaneous
amplitudes, and §(t) (Equation 2.4) represents the Hilbert transform of the original
signal s(t)

[oe]

s(7)
4T (2.4)

s(t) =%P.V.f

— 00

where P.V. is the Cauchy principal value to avoid discontinuity. The Hilbert transform
acts as a filter that shifts the phase of s(t) by —m/2. The multicomponent signals are
expressed as a structure of multiple monocomponent vibrations, as can be seen in
Equation 2.5. The HVD method aims to estimate wy, a;, Vk that are the instantaneous

frequency and amplitude of each monocomponent.

SO = ) 5() = ) a(B)cos(f wi(6)de)

- i (2.5)

It has been shown in [13] that the instantaneous amplitude A(t) and frequency w(t) of

the analytic signal shown in Equation 2.6,
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both consist of two parts, a slow oscillating part and a faster-oscillating part around it.
If certain conditions are satisfied, the fast-changing part of w(t) averages to zero,
leaving only the largest energy part to determine the instantaneous frequency value.
This central condition allows the low-pass filtering in order to average the
instantaneous frequency in order to obtain the slow oscillating component. For
envelope detection, the HVD method employs synchronous demodulation, which
estimates the quadrature and in-phase projections of the component based on a
reference frequency value, and computes the signal envelope as the sum of squares of

the previously estimated projections.

The in-phase and quadrature projections of the [t"

monocomponent signal within s(t)
with the reference frequency w, (t) are represented as in Equation 2.7 and Equation

2.8, respectively.

St=r (1) = SlAi(®)cos([ wi(t)dt + ¢y (t))]cos(w, (t)dE)
1
= S A(O)[cos(@y(D) + cos(f ((wi(8) + w, ()t + ()] 27

- 1 , (2.8)
Si=r(t) = 5 Ai(D[sin(¢:(D) — sum(f (w,(t) + w-(£))dt + ¢, ()]

where the instantaneous amplitude, frequency, and phase of the /" monocomponent

signal are A(t), w;(t) and ¢;(t) respectively.

The fast oscillating components within the projections shown in Equations 2.7 and 2.8,
which have w; # w,(t), are eliminated by employing a low-pass filter with a suitable
cut-off frequency. So, the phase -and therefore, frequency- and the amplitude of the
monocomponent signal can be estimated. The iterative approach of the HVD method

can be listed in the following steps.
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Algorithm 2.3: The HVD Process

1. Estimate the mean instantaneous frequency of the largest energy vibration
by making use of the analytic signal and low-pass filter in accordance with
this frequency.

2. Calculate the envelope by setting the instantaneous frequency of the
reference component with the largest energy as the instantaneous frequency
computed in the previous step.

3. Subtract the largest energy component sy, (t) = a (t)cos( [ wg (t)dt) from
the signal.

In order to extract seven monocomponents, each 23.6 s portion is decomposed with
the HVD method with a 4 Hz low-pass filter cutoff frequency. The decomposition is
applied to all 17 EEG channels, producing 17 X 7 = 119 subcomponents per patient
per window. All these monocomponents are used for the calculation of features
described in Section 2.4 in order to construct a comprehensive dataset to evaluate the

classifiers on.

2.4 Feature Extraction

In this work, the selected classifiers were tested using several different features
extracted from each IMF provided by the EMD and the MEMD, and each
monocomponent signal provided by the HVD. The features described below were
selected to be as simple as possible with the goal of minimizing computational

complexity.

All features were calculated using all of the monocomponents extracted from all of the
signals in the dataset, as described in Section 2.2, meaning the following features were
calculated using all subcomponent signals with the mentioned decomposition

methods.

2.4.1 Mean power frequency

Mean power frequency (MPF) is defined as a weighted sum of signal power over the

frequency axis and indicates which frequency component has the most substantial
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dominance in the signal's power spectra [24]. Mean power frequency is described as

in Equation 2.9,

1iv=1 fipi

MPF =
on 2.9

where f; and p; are the frequency value and the power of the i*" point in the Fourier

transform of the signal, whereas M is the length of the Fourier transform.

2.4.2 Skewness

Skewness is a measure of asymmetry in a distribution [25]. The dataset is symmetric
if its right side is identical to its left side of the center point. Note that the skewness of

the data itself was calculated rather than the probability distribution of the time series.

S ww %
S=VN—=5— 3 (2.10)

Q. -2z

In Equation 2.10, X; is the i*" data point in the time series and X is the average of the

entire time series.

2.4.3 Kurtosis

Kurtosis is defined as the normalized form of the fourth central moment of a
distribution [26]. Intuitively, it is described as the measure of the sharpness of the peak
of a distribution. Kurtosis represents the "peakedness" of the EEG signal, and it may
hold valuable information related to brain activity. Kurtosis is defined by the

formulation shown in Equation 2.11,
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12 2.11)

where y; represents the it" central population moment of the distribution about the

mean.

2.4.4 Variance

Variance is a measure of how spread out the data points are in a population, being the
average of the squared distances from each point to the mean [27]. In the scope of this
work, the variance is considered to be an indicator of an epileptic seizure as the EEG
signals may demonstrate increased standard deviation during and in between seizures,
which is simply the square root of the variance. The variance is given by Equation

2.12,

N
1 _
02 =5 ) & =X 2.12)
t=1

where X; is the it data point within the time series and X = p is the mean of the time

series.

2.4.5 Peak power frequency

Simply being the frequency of maximum power, peak power frequency (PPF), in the
scope of this work, can be considered as a more specific variant of MPF, again
conveying information aboutwhich frequency band of the EEG signal carries the most

power. PPF is signified in Equation 2.13.

PPF = argmax;.r,erp; (2.13)

In Equation 2.13, p; stands for the power of the signal. argmax; on the other hand,

fi€F

means the frequency in the range of Fourier transform frequencies, that maximizes p;.
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2.4.6 Spectral Shannon entropy

Shannon entropy (SEN) is defined, on average, as the minimum number of yes / no
questions in base-two, required to identify a sampled signal (Equation 2.14). SEN can
be used as a measure of diversity [28]. In the context of this work, Shannon entropy

was calculated by the Fourier transform of the signal.

N
SEN = —Zpilog 1 (2.14)
i=1

pi,i =1,2,...,N is the power value at the ith point of the Fourier transform. In this

respect, this feature has been evaluated as spectral Shannon entropy.

2.4.7 Spectral Renyi entropy

Renyi entropy (REN, Equation 2.15) is again a measure of the irregularity of an
observed system or the information obtained by observing the system in question [29].
Renyi entropy is a generalized form of Shannon entropy and is reduced to Shannon

entropy for o = 1.

N
1
— a
REN—l_alog lei (2.15)
l=

where p;,i = 1,2, ..., N is the power value at the i data point in the Fourier transform

of the signal.

2.5 Classifiers

All classifiers were presented to the features expressed in Section 2.4. The features
were organized as all the features, plus the subcomponent number (as in the order of
extraction) of all the subcomponents. The organization of the classifier input matrix X

in Equation 2.16 .
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_Al_
A,
Az
X = A4_
As (2.16)
Ag
A ]
where,
[
MPF,
Skewness;
_ | Kurtosts; _
Ai = Variance; =127
PPF;
SEN;
REN;

Also, one more type of input matrix was constructed, which containes only one type

of feature as shown in Equation

(2.17)

where F! is the feature F, which stannds for one type of feature shown in Section 2.4,
and i is the subcomponent number in the order of extraction. This enables for the
observation of each feature and its predictive capability in the context of epileptic

seizure detection.

2.5.1 Multilayer perceptron

MLP is a machine learning approach that is influenced by the human brain and its

information processing system [30]. Because of its proven success in predicting both
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continuous and discrete variables, it has found widespread use across various types of
problems in different disciplines [31]. MLP consists of neurons, which are the primary
processing elements, and neuron clusters, which are called layers. Neurons receive
input from neurons in the previous layer, process information with activation feature,
and send feedback to neurons in the next layer [32]. This transmitting process begins
with the input layer and continues until the neurons in the output layer produce

output(s).

A layer between the input and output layers is called a hidden layer, the number of
hidden layers and the number of neurons on each hidden layer, and the activation
functions are hyper-parameters that must be calculated beforehand. The output
formula for a single hidden layer and a single output feed-forward neural network can

be defined as in Equations 2.18 and 2.19,

N
s (2) (2)
9=0,(Q,_ wao0+b?) 2.18)
M
X= ) xwl+p® 2.19)
j=1 ] xj

where, ¥ is the prediction vector of the MLP model, N is the number of samples in the
data set, M is the number of features in the data set. x; is the j th feature vector, w®

are the weights between the hidden layer and the output layer, w() are the weights of
inputs connected to the hidden layer g, is the activation function of the output layer,
o, is the activation function of the neurons in the hidden layer, b® and b are the
bias vectors in the output layer and hidden layer, respectively. In this work’s MLP
models, two architectures were employed, one for using each feature separately, and
one for all of them combined. The former model structure contains 8 input nodes, who
hidden layers with 64 nodes each, and one output node, while the latter preserves the
same structure with the exception of having 56 input nodes. The sigmoid activation
function is used in all hidden and output layers. Training of a neural network is
performed by adjusting the weights between each connection, which minimizes the

difference between predictions and the actual output. Widely used backpropagation
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and batch gradient descent algorithms are employed for the training phase [33]. Figure

2.3 illustrates a trained multilayer perceptron model.

Input Layer & R* Hidden Layer € B Hidden Layer € % Output Layer € &'

Figure 2.3 The trained model of MLP classifier. The colored lines illustrate the
weights. Blue stands for negative weight values, while red signifies a positive
weight.
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2.5.2 Support vector machine

A support vector machine (SVM) is a supervised learning type classifier that draws an
optimal hyperplane to separate two classes [34]. The SVM has been widely used in

recent years in many fields.

The SVM applies classification by solving a constrained optimization problem in order
to draw a hyperplane that has the largest distance to the extreme samples in each class.
This constrained optimization problem is generally solved by employing the Lagrange
multiplier method. This aspect of the SVM enables fast and straightforward
computation of the model. However, the base method of the SVM can only draw a
linear hyperplane, meaning it may not perform well on nonlinearly separable data [35].
This problem is overcome by introducing kernel functions. These functions map the
input data to a higher dimensional space where the transformed data is linearly
separable. In other words, instead of separating the data in its original form, the SVM
can classify the function of input elements in order to perform more desirably. The
SVM uses the decision function in Equation 2.20.
f(x) = sign[ATg(x) + b] (2.20)
where g(x) is the kernel function that maps an N-dimensional input data x to a higher-
dimensional space, 4 is an N-dimensional vector of weights, and b is the bias term. 4

and b are computed by solving the constrained optimization problem

min J(A,b,e) ——+YZIe 2 (2.21)

Subject to constraints,

vi[ATg(x) +b] =1 —¢;, i=1.2,..,M (2.22)
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where {x;, y;}, are the M training pairs, y; = +1 stands for the class that x; belongs
to and e = [eq, ey, ...,ey]. Implementing the Lagrange multiplier method, the

objective function becomes as in Equation 2.23.

M
L, b,e;a) =](A,b,e) Z o [yiATg();i +b] — 1+ ¢] (2.23)

i=1

The decision function then becomes,
M

f(x) = sign[z o;yiK(x, X;) + b] (2.24)
i=1

where k(x, x;) is the more common representation of a kernel function. The kernel
functions that are implemented in this work are the linear function kernel (Equation
2.25), quadratic function kernel (Equation 2.26), Gaussian radial basis function kernel
(Equation 2.27).

k(u,v) =(u.v+1)

(2.25)
k(u,v) = By + pruTu+ BovTv + Bsu.v (2.26)
_(lu=vlf® (2.27)

k(u,v) = e ( 20° )

2.5.3 Random forest

In order to clearly understand the random forest (RF) classification, it is essential first

to clarify its weak learner, the decision tree.

2.5.3.1 Decision tree

Decision tree (DT) classifiers are trees where each node represents another feature of

the data, and each branch represents a decision rule [36]. The DT classifier is widely
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used because of its straightforward approach to classification and regression and also
the low computational demand even in higher dimensional data, from which a single
feature is tested at a time. In this work, the Classification and Regression Trees
(CART) algorithm for DT model construction is adopted, where the Gini Index is used

as a metric [37].

For any subset Sq of training dataset S, the Gini index is given by Equation 2.28.

K
6(Sq) = 1= ) (pra)’ 228)
k=1

where k is the class label for the data py , is the conditional probability of class k at

node q. From Equation 2.28, it can be seen that the Gini index reaches the minimum
0 when all observations fall in a single class, and the maximum is achieved when
observations are equally distributed among classes. Furthermore, the weighted Gini
index, or the Gini index of a subset S, resulting from the partition of data Al can be

defined as
WG(Sq, AL) = pLq(AL)G (Lq(AiL)) + (1 = pLg(AL)G(Rq(AL)) (2.29)

where Gini indices of sets L, (A‘L) and R, (A‘L) are calculated as in Equation 2.28. The
splitting function is then defined as the difference between the Gini index and the

weighted Gini index, and this function is used analogously to information gain

(Equation 2.30).
8(Sq,AL) = G(Sq) — WG(Sq, AL) (2.30)

The maximization of this function, called Gini gain, provides optimal decision

boundaries. It is therefore desirable to choose the partition A L,q as in Equation 2.31.
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A, . = max{g(S,, Al
Lq AiLEVi{g( q L)} (2‘31)

2.5.3.2 Usage of Decision Tree Forests

The random forest (RF) classifier is a combination of decision tree classifiers where
each classifier is generated using a random vector separately from the input vector,
and each tree casts a vote for the most popular class to classify an input vector [38]. In
this work, the random forest is generated for the NxM-dimensional training data x,
generating a bootstrap sample of the training data, X , by choosing N random
observations and k < M features from the original data for each DT or learner in the
ensemble. Each learner is then built via using the Gini index of the bootstrap sample

X.

The significant advantage of RF classification is that the RF classifier, as opposed to
the DT, is not prone to overfitting [8]. The RF classifier can reduce the error due to
variance and therefore provide higher classification performance on test data or

previously unobserved data.

2.5.4 K-nearest neighbors

The k Nearest Neighbours (kNN) is a non-parametric classification algorithm that, for
a given test data, calculates N distances between an N-dimensional input and the test
data point, sorts these points and, with a majority vote or a weighted vote between the
class labels of k nearest training data points, classifies the given data. The two user-
defined parameters that primarily dictate the performance of the kNN classifier is the

distance metric calculation and the parameter k, the number of neighbors to evaluate.

The kNN algorithm is advantageous in the sense that it is a simple algorithm that is
relatively straight-forward, and that it does not make any assumptions about the
underlying distribution of the data. However, it is not without problems. The kNN
algorithm is computationally expensive and with too many data points, might be slow.
Since it is also generalization-free, it stores the training data, resulting in high memory

requirements.
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The choice of k, the number for neighbors also greatly affect the algorithm
performance. Choosing a too small value of k may make the classification process
more susceptible to the effects of noise, and a large k makes the smoothing effects

more dominant, causing underfitting.

There are also many choices available for distance metrics. Examples include the
Euclidean distance, the Manhattan distance, and the Cosine distance, provided in

Equations 2.32, 2.33, 2.34, respectively.

1

N 2
D* = (Z(pi - qi)z) (2.32)
i=1

(2.33)

N
D= Z |pi — qil
=1

1P (2.34)

C=1- 1 1
CiLalpil®z Elilail®)?

There is also a weighted approach that can be followed, in which the k nearest
neighbors contribute on the final decision in proportion to their distances from the test

data point as

K (idy)

Final Decision = T, (2.35)

where [; and d; are the class label and the distance from the test point to the it"
neighbor point. In this work, the weighted Euclidean distance and the cosine distance

metrics in the kNN classifier were evaluated.
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2.5.5 10-fold cross-validation

The classifier models described were tested by a 10-fold cross-validation method. The
main purpose of this method is to get a preview of the overall performance of the
trained model over a limited number of data. The results obtained with the 10-fold
diameter verification method are less optimistic, but more realistic, than another
popular method of training and test set separation [39]. 10-fold cross-validation steps
are implemented as follows.
- The data set is divided into 10 groups.
- One of the groups is kept separate as a test set.
- The model is trained over the remaining 9 groups and an estimate is made
on the test set.
- Estimates are stored and the model is reset.
- The process is repeated until all 10 groups are used as the test set.
- Using all predictions and all real classes, the performance of the model is
measured.

The 10-fold cross-validation results obtained by classifying the features extracted with

MEMD and HVD are given in Section 2.6.

2.6 Results

2.6.1 Performance metrics

During the performance evaluations, classification accuracy (A), Precision, Recall,
and F1-Score, metrics are employed, which are given in Equations 2.36, 2.37, 2.38,

2.39, respectively.

A= TP+TN __ #of Correct Predictions
" TP+TN+FP+FN  #of Total Predictions (2.36)
.. TP (2.37)
Precision = TP T FP
TP (2.38)
Recall = TP-l-—FIV
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Precision X Recall (2.39)
Precision + Recall

F1 Score = 2 X

where a TP (true positive) corresponds to the correct identification of a test sample
from a particular class, Fn (false negative) means that the prediction is not the class
that the test sample belongs to, which is the target class. TN (true negative) happens
when predictions based on samples from classes that are not the target class, and they
are classified as a non-target class. FP (false positive) happens when the sample is

predicted wrongly as the target class [40].

2.6.2 Performance evaluation

The features kurtosis, skewness, variance, PPF, MPF, Shannon entropy, and Renyi
entropy, extracted from the subcomponents of the EEG signals decomposed by the
EMD and the HVD were fed to classifiers using 10-fold cross-validation method In
addition to these features. The classification process using binary classifiers were
performed in a one-versus-one fashion. The evaluated classifiers were the MLP, the
SVM with linear, quadratic and RBF kernels, the decision tree, the random forest, KNN
with cosine distance, and weighted kNN with Euclidean distance analysis and the
convolutional neural network. The classification accuracies, precision, recall, and F1

scores and the confusion matrices are shared in Appendix A.

2.6.3 Discussion

As can be observed from Figure A.1 through Figure A.8, the classification accuracy
of the 10-fold cross-validation is higher for those features that are extracted from the
subcomponents decomposed by the HVD (hereby referred to as the HVD features)
compared to those extracted from the subcomponents provided by the EMD and the

MEMD (hereby referred to as the EMD features and MEMD features).

For the 10-fold cross-validation, the HVD features provided higher accuracy compared
to the EMD and MEMD features with the exceptions of the variance feature with the
MLP, quadratic kernel SVM and random forest, where the EMD scored higher, and
the REN feature with the DT, where the MEMD showed better performance. The
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decision tree and the random forest achieved almost the same accuracy for the EMD,
MEMD, and HVD, in all cases. In 10-fold cross-validation, the highest accuracies are
achieved for the EMD features when the MLP was used, followed closely by the
quadratic kernel SVM and the weighted kNN classifiers. The random forest classifier,
being an ensemble of decision trees, provided higher classification accuracies
compared to its weak learner, the decision tree. This was also the case for the HVD
features, where the random forest classifier was able to add to the accuracy of the
decision tree classifier. There was no single best-performing EMD feature across all
classifiers in the 10-fold cross-validation results. The variance and REN feature
provided the highest accuracies with no substantial difference with each classifier. The
features variance and MPF consistently yielded less accuracy in MEMD than in EMD.
The cases where all features were used together for classification also provided
satisfying results across the board. It is also worth noting that the spectral SEN yielded
lower accuracy than its generalized counterpart, the spectral REN, with all classifiers,
the only exception being the weighted kNN classifier. The worst performing EMD
feature was the skewness feature for all classifiers. This is also evident from the F1
scores of skewness for EMD and MEMD, as they are the lowest among the F1 scores

of all features.

10-fold cross-validation using the HVD features provided satisfying results across the
board. The usage of the HVD features enhanced the classification performance
notably. Within the HVD features, there were several instances that of perfect
classification accuracy, most frequently with the MPF and PPF features. These two
frequency-related features achieved the perfect score invariably with all classifiers.
This is most likely due to the intrinsic relationship of the HVD method’s inner
workings. The HVD is known to be more suitable to decompose narrow-band signals
with frequencies are closer together [22]. This, along with the fact that the EEG is a
narrow-band signal with its characteristic frequency bands lying in the 0-40 Hz range,
makes the matchup of EEG signals and the HVD highly preferable. This natural
suitability is even further indicated by the high classification accuracies and closer-to-
ideal scores provided by all evaluated classifiers using the HVD features in the subject
of epileptic seizure classification in comparison to the EMD and MEMD features. Not

only the frequency-based features MPF and PPF, but also the spectral Renyi entropy
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and variance features, and the combination of all features also provided accuracy
greater than 90% and F1 metrics greater than 0.9 for all classes with each classifier.
Aside from these features, the best classification performance was observed with the
MLP classifier, closely followed by the SVM variants and the random forest. The
worst-performing feature skewness yielded above 85% accuracy and above 0.8 F1

scores with this classifier.
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3. SEIZURE PREDICTION

This section focuses on the detection of the preictal stage by monitoring the
electroencephalography (EEG) recordings of the epileptic brain [41]. With the EEG
records providing high temporal solution usually with sampling rates between 250 to
2000 Hz, the characteristics of epilepsy can be captured within recordings, therefore

making EEG the preferred method of epileptic signal recording.

In this section, a system that uses the Hilbert Vibration Decomposition (HVD) for
signal decomposition, -which was shown to perform more reliably on seizure detection
in Section 2- in order to extract features from epileptic surface EEG signals, and
utilizes these features for a binary classification between preictal and non-preictal
periods and provides alarms based on the predictions, is introduced. Another goal of
this work is to evaluate the performance of traditional classification in the context of
seizure prediction, and discuss whether a classification-only approach is suitable, or a
postprocessing step such as alarm creation is beneficial in improving the overall
performance of the system. The target class for the classification process is illustrated

in Figure 3.1.
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Figure 3.1 The distribution of sections shown on several EEG recordings from the
dataset. Differently colored sections signify different stages of an epileptic seizure.
The purple rectangle depicts the aim of the classification of this section.

3.1 Related Work

There have been many studies in the literature that approach the problem of epileptic
seizure prediction from EEG recordings. lasemidis & Sackellares showed that EEG
recordings on the human cortex show a chaos-order-chaos pattern while transitioning
from interictal to pre-ictal and to post-ictal states [42]. They were able to quantify the
chaos of the system by estimating the largest Lyapunov exponents over time in the
EEG recordings. Later, Mormann et al. investigated the differences in the phase
synchronization of EEG signals during interictal and pre-ictal intervals [43]. Using
mean phase coherence as the synchronization metric, they discovered a steady increase
in mean phase coherence leading to seizure onset. lasemidis et al. used their previous
findings in order to predict seizures based on the convergence of the largest Lyapunov
exponents, achieving 83% sensitivity with a false prediction rate of 0.17/h [44]. Gigola
et al. applied a wavelet-based method to estimate the accumulated energy in EEG
signals from epileptic patients [45]. Their framework predicted 12 out of 13 seizures.

Schelter et al. used tested the statistical significance of seizure prediction techniques
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and have reported a mean sensitivity of 70% and a false prediction rate of 0.15/h [46].
Chisci et al. approached the problem by auto-regressive modeling EEG signals and
performed classification using a support vector machine where the classification
features were auto-regressive coefficients [47]. Their work reports 100% sensitivity
with false alarm rates as low as 0/h. Song et al. also followed a classification path in
their work, using an extreme learning machine as the classifier and sample entropy-
based features, achieving 86.47% sensitivity and 83.80% specificity [48]. Parvez &
Paul used the phase correlation between the current and reference EEG signals in order
to identify the preictal state [49]. This approach yielded 91.95% prediction accuracy.
Yang et al. applied the classification perspective once again, using permutation
entropy extracted in a sliding window from EEG recordings. Employing the support
vector machine once again, they obtained an average sensitivity of 94% with a false
prediction rate of 0.111/h [50]. Yuan et al. have employed the Bayesian linear
discriminant analysis (BLDA) on intracranial epileptic EEG recordings using the
diffusion distance metric in order to determine preictal EEG periods, and have
achieved a sensitivity of 85.11% along with a false prediction rate of 0.08/h [51]. These
studies clearly show that epileptic seizures are preceded by changes in the human brain

that can be captured in EEG recordings and can be evaluated with certain measures.

3.2 Data Acquisition

The data used in this work is the surface EEG recording from pediatric patients
collected in Children’s Hospital Boston [52], provided publicly on PhysioNet [53].
Within this dataset, there are continuous and non-continuous recordings from 24 cases,
where each case contains 9 to 42 multichannel EEG recordings with a total of 664
record files. These recordings are made in a 16-bit resolution at 256 Hz sampling
frequency. While most of the recordings contain 23 channels, there are also cases with
electrocardiography (ECG), or vagal nerve stimulus signals included. Figure 2 shows

an example section from the recordings from the case named as chb01.

In this work, 10 cases from the dataset are used. These cases are randomly selected
and can be listed with their labels in the original dataset as; chb01, chb02, chb07,
chb08, chb11, chb13, chbl6, chb20, chb21, and chb23. Each signal is band-stop
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filtered with a stopband of 57-63 Hz and 117-123 Hz in order to eliminate line
oscillations from the recordings. The channels used in this work are identical to the
ones used in [54]. The labeling process is defined as assigning preictal labels to a 30
minute period before all seizures. All data outside of this period is labeled as non-

preictal, creating a binary classification problem.
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Figure 3.2 A 1-minute section from the EEG recordings of chbO1 as represented on

PhysioNet.
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3.3 Decomposition Process

The HVD process in this section is applied in a window-based fashion. The sliding
windows over the signals each capture a 16 s portion of the signal, with a 50% overlap
is set. This portion is then decomposed with the HVD method with a 4 Hz low-pass
filter cutoff frequency in order to extract 7 monocomponents. The decomposition is
applied to all 17 EEG channels, producing 17 x 7 = 119 subcomponents per patient
per window. All these monocomponents are used for the calculation of features
described in Section 2.3 in order to construct a comprehensive dataset to evaluate the

classifier on.
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3.4 Feature Extraction

In order to construct process-ready data from the EEG recordings, a list of features is
calculated using the monocomponent signals extracted from the recordings using the
HVD method. In addition to the previously described features, skewness (Section
2.4.2), kurtosis (Section 2.4.3), and variance (Section 2.4.4), several new features are
included in the framework to be processed. These new features are explained in the

remainder of this section.

The features explained in this section are calculated on each subcomponent extracted
in each window of EEG signals. These features are used in order to train the neural
network classifier with the aim of distinguishing preictal EEG segments from non-

preictal ones, in a binary classification sense.

3.4.1 Sample entropy

Sample entropy (SampEn) is a modification of approximate entropy (ApEn), proposed
for the analysis of physiological time series [55]. As an entropy variant, SampEn is a
measure of complexity and self-similarity. SampEn is defined as the negative natural
logarithm of the conditional probability that two signal segments that are similar for
m points are also similar at the following data point. In SampEn, exact matches within
the signal are disregarded, removing bias within ApEn, where the measure changes
under different conditions [56]. After SampEn was first proposed, there have been
approaches in order to reduce the algorithmic complexity and the computation time of
the SampEn value. The steps taken to calculate SampEn with O(N?) complexity, as
shown in [48], are depicted in Algorithm 3.1.
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Algorithm 3.1: SampEn calculation

Result: SampEn

fori « 2to N —mdo
B[i] < 0

fori « 2toN —m—1do
Ali] < 0

fori « 2toN —m—1do
forj<i+1toN—m—1do

ifk:r?_%lx_l(lx(i+k) —x(j + k)|) <r then

B[i] < B[i] + 1
B[jl « Bljl+1
if [x(i + m) — x(j + m)| < r then
Ali] « A[i]+ 1
Aljl < A[j]1+1
i=N-m
forj<i+1toN—m—1do
ifk:T?ri(q(lx(i + k) —x(j + k)|) <r then

Bli] « B[i] + 1
B[j] « Blj]+1
B™ « 0
fori « 1to N —mdo
B™ « B™ + (B[i]/(N —m — 1))
B™ « B™/(N —m)
mem+1
AMm <0
fori <« 1toN —mdo
A™ « A™ + (A[i]/(N —m — 1))
A™ « A™ /(N —m)
SampEn < In (A™/B™)

3.4.2 Spectral power

The spectral power of EEG signals indicates the sum of the power spectral density
(PSD) of the signals. The PSD is the power values of each frequency within the signal,
and as such, it carries information regarding the status of the EEG signals. In the
context of epilepsy, the spectral power of the characteristic EEG bands is usually
investigated [57,58]. In this work, since the HVD method is used to decompose the
EEG signals, merely the power of each subcomponent is calculated. The spectral

power of each subcomponent is calculated as the logarithmic sum of the PSD.

p(n,m) = log;oY,PSD (x™™) 3.1
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In Equation 3.1, x(™™) stand for the nt"* window of the m*" subcomponent. PSD is

the power spectral density operator that estimates the PSD using Welch’s method [59].

3.4.3 Higuchi’s fractal dimension

The fractal dimension of a signal indicates the amount of self-similarity of a signal in
the time domain, and by extension, the complexity of the signal [60]. This measure is
between 1 and 2, where a dimension of 1 indicates a straight line and 2 indicates a 2-
dimensional shape, such as a square. Higuchi’s fractal dimension measure is a variant
of the fractal dimension metric [61]. It has been shown to be more suitable for the
analysis of physiological signals due to their nonlinear and nonstationary nature,
compared to other fractal dimension variants [62]. In particular, analysis of signals
captivating neuronal activity has been shown to benefit from the use of Higuchi’s
fractal dimension [63]. Higuchi’s fractal dimension was calculated for all windows of
all subcomponents extracted from the EEG signals via the HVD with the algorithm

described in [62], with the maximal scale k,,,,,, = 8.

3.5 Convolutional Neural Network Architecture

Convolutional neural networks (CNNs) have been first proposed for, and ever since
have been widely used within the area of image classification [64,65]. The convolution
and pooling layers unique to the CNN provide the neural network architecture with the
ability to extract their own features, which are then simply fed to fully connected
neural network classifier. This particular ability has been inspired by the human visual
system. In contrast to the 2-dimensional CNNs architecture used primarily for image

classification, this work utilizes the 1-dimensional version of the CNNs architecture.

In CNNs, usually, three types of layers are present: convolution layers, pooling layers
and fully connected (dense) layers. In convolution layers, many kernel matrices with
the same number of dimensions slide over the input matrix with a determined step size,
which results in convolution. These kernels are often randomly generated and layer
adjusted with backpropagation methods. Although the convolution operation reduces
the length of the input matrix, pooling layers reduce this length even further. Pooling

layers scan over their inputs with certain window sizes and output the greatest value
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in every step. This way the so-called most significant value is used and data sizes are

further reduced. After a series of convolution and pooling layers, the traditional fully

connected neural network classifier decides to which class the input belongs [66]. Fig.

1 illustrates the commonly used CNN architecture.
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Figure 3.3 Common CNN architecture

In this work, the CNN is designed to contain five convolution layers, five pooling

layers, and two fully connected layers. The inputs to the CNN classifier are provided

as

- SubcompNo. SubcompNo. ... SubcompNo. 7
Variance, Variance, . Variancey
Skewness; Skewness, Skewnessy
Kurtosis, Kurtosis, Kurtosisy
SampEn, SampEn, . SampEny

SpectalPower; SpectalPower, *°° SpectalPowery
Higuchi, Higuchi, o Higuchiy

(3.2)

where N is the number of sub-signals, i.e., monocomponents. So, for the HVD, the

input to the CNN consists of a 7 X 7 matrix since N is equal to 7.

Due to the large class imbalance problem between preictal and non-preictal classes,

class weights are introduced into the classification process. The class weights are
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chosen to balance the number of samples in each class from the perspective of the

classifier. Weights are calculated as in Equation 3.3.

_ o m
AL ——— (3.3)

In Equation 3.3, w; represents the class weight of class i. m; stands for the number of
samples belonging to class i, and m;+ stands for the number of samples from outside
of the class i. By using such weights, the CNN classifier is made to perceive the

number of observations from both classes as equal.

The input matrices were fed to the CNN in batches of 20, and the weights, biases and
kernel coefficients were adjusted over 50 epochs using backpropagation. At every
layer except for the output layer, Rectified Linear Unit (ReLu) activation function is
used. The output layer was assigned a Softmax activation function. The loss function,
the measure of error between output labels and predictions, were chosen to be

categorical cross-entropy, which is defined as in Equation 3.4.

N C
1
L(®) = _NZ Z lyiECClog Pmodet[Vi € Ccl (3.4)

i=1c=1

Here, i stands for the number of training example and ¢ for categories. The term

1, e, is the indicator function of the i" observation belonging to the ct* category.

Vi
This model structure was tested on the dataset by the means of 10-fold cross validation.
10-fold cross validation has the primary purpose of giving a preview of sorts on how

the model performs in general, extrapolating from a limited dataset [39].

The classifier is cross validated on the data from all the patients, and the features are
independent of the patient identity. Therefore it is ensured there is no way the classifier
to learn which data belongs to which patient, thus making the process non-patient

specific.
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3.6 Post-processing for Alerts

For sounding the alert of an incoming seizure, a sliding window on the predictions is
used. Here, the window size is chosen as 30 predictions with no overlap, therefore,
combined with the window length of the feature extraction stage, limiting the seizure

prediction horizon to a minimum of § x 30 = 240 seconds, or 4 minutes.

The approach for the creation of the alerts is frequency-based. For every 30
predictions, the number of preictal predictions (1) counted and divided by 30 in order
to limit the values to the range of [0,1]. After that, a threshold of 0.9 is set in order to
decide when to raise the alarm. This threshold is chosen based on empirical
observations of the frequency values seen in all cases. In other words, when 27 out of

30 predictions are preictal, an alert is given.

However, this approach sounds the alarm very frequently, especially within preictal
periods. Therefore, a time limit is imposed on the algorithm where after an alarm is
raised, it cannot be raised again. By this practice, the “spamming” of alerts is
prevented, thus a real system that epileptic patients can use in their daily lives is
approximated. This period of silence is chosen as 1200 seconds for this work, by
observation of the intervals between seizures and the frequency of alerts. The alerts
raised by the algorithm with and without the silent period are illustrated in Figure 3.4

on the features extracted from the first monocomponent of chb01 recordings.
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Figure 3.4 The features extracted from the first HVD subcomponent of chb01. The
red points signify the windows predicted as preictal by the CNN. The green lines
indicate the seizure onsets. Blue lines indicate the point where an alarm is raised. (a)
Alarms raised on chb0O1 with no silent period. It is seen to become frequent during
preictal periods. (b) Alarms raised on chb01 with the silent period. The silent period
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can be seen to stop the alarm spam while also covering all three seizures for this
patient.

3.7 Results

In order to measure the generalization performance of the proposed method across
patients, the method was applied to all patients it the same manner, which is to extract
features by sliding windows and decomposition via HVD, and 10-fold cross-validation
of the CNN classifier. The sensitivity and the specificity metrics are calculated for

every patient after acquiring predictions from cross-validation.

As can be seen from Table 3.1, the proposed non-patient specific method performed
below the conventional thresholds. Especially in chb11 and chb19, 0 sensitivity is
observed, which means there were no correct preictal predictions by the CNN
classifier. The only patient which the classifier can be said to perform well on is chb01,

where reasonable sensitivity is achieved.

Table 3.1 Classification sensitivity and specificity of the patients. True positives are
counted as the correct prediction as preictal.

Patient | % Sensitivity | % Specificity
chb01 70.3 85.3
chb02 6.3 56.3
chb07 17.3 53.4
chb08 27.3 50.6
chb11 0 71.3
chb13 5.2 52.8
chb16 20.8 46.7
chb20 16.2 80.3
chb21 11.2 40.1
chb23 243 54.6

It is worth noticing that even with the class weight implementation, the classification
process alone cannot successfully differentiate between preictal and non-preictal EEG
signals. It is believed that this problem is originating from the fact that epileptic EEG
recording from different patients is not similar in preictal stages, meaning that the
change in a single feature of an epileptic EEG segment from one patient is not the same

in a segment from another. For example, let us consider the features extracted from the
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first monocomponents of the recordings of patients chb01 and chb23, given in Figure

3.5

In Figure 3.5(a), it is seen that for the first monocomponent of chb01, there is a
difference from the interictal segments that are observable, especially in spectral power
and Higuchi’s fractal dimension features. This change makes the interictal and preictal
segments classifiable even to the naked eye. However, in Figure 3.5(b), it is seen that
the same changes do not occur preictally for patient chb01. The preictal differences
for this case are not manually observable but likely more subtle. This makes the
classification process harder, especially in the case where the classifier is not provided
information on the identity of the patient. In this work’s non-patient specific method,
as it was aimed to classify the preictal stages from all patients simultaneously, the
classifier is exposed to both of these sections, and more, with the same label, where
evidently, very little similarity is present. This difference in preictal trends are also
seen in the classification scores in Table 1. The sensitivity of chb01 is 70.3%, which
is the highest achieved, while the sensitivity of chb23 is 24.3%. The same case can be
made with all other patients. The observable preictal trend of chb01 is not seen in other
patients. When the fact that many different types of epilepsy can trigger seizures in
many different regions of or the entirety of the brain, this is not an unusual finding
[1,67]. In addition to this, patients with an identified type of epilepsy can experience
different types of seizures [68]. These observations previously made in the field of
epilepsy are an indication that a non-patient specific algorithm may not be able to
discern the preictal patterns from EEG signals of the patients. Furthermore, the
localization of the EEG channels also affects the classification performance

concerning epileptic seizures.
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Figure 3.5 The features extracted from the first HVD subcomponent of (a) chbO1 and
(b) chb23. Green lines indicate the seizure onsets, and magenta sections indicate the
signal points labeled as preictal.
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In Figure 3.6, the classification sensitivity of epileptic seizures for different channels
is illustrated. In Figure 3.6(a) it can be seen that most of the information related to
preictal brain activity is contained in the parietal-occipital region of the patient’s brain,
with some preictal activity dominantly seen in the frontal and temporal lobes. Figure
3.6(b), it can be observed that the preictal activity is mostly contained to the right
frontal cortex, but still minimally observed in the entire brain. Figure 3.6(c) shows that
there is no discernible preictal activity in the entire cortex with the exceptions of the
left temporal, right parietal and the right frontal-temporal regions, the latter conveying
the most information. All three patients displayed in Figure 3.6 show preictal activity

that is clear to the classifier in differing regions of the brain.
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Figure 3.6 The classification sensitivity heatmaps from different channels of (a)
chb01, (b) chb08 and (c) chb16. All 7 HVD subcomponents have been used for this
classification process.

All these factors, namely the type of epilepsy, the type of the seizures and the focal
brain region, differ among patients. This makes a non-patient specific classification
that, within the context of non-patient specific seizure process is non-trivially
challenging. Therefore, it is conculed from the predictions with the HVD, it is not
practical to rely on pure machine learning classifiers, and instead robust
pre/postprocessing is needed. This can be seen in Table 3.2, with the sensitivity scores

after alerting algorithm is applied. These results are critically indicative of the
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performance improvement available with the use of additional methods to traditional

classification.

Table 3.2 Alarm sensitivity and false alarm rate of the patients. True positives are
counted as the alarms raised within 120 minutes before a seizure.

Patient % Sensitivity False Alarm/h
chb01 100 0.03
chb02 71.4 0.05
chb07 87.5 0.14
chb08 90 0.08
chb11 100 0.05
chb13 100 0.02
chb16 100 0.03
chb20 100 0.06
chb21 80 0.15
chb23 69.2 0.20

Mean 89.81 0.081

After the alerting process, the alarm sensitivity has shown at minimum 29.7%
improvement for chb01, and at maximum 100% improvement for chb11. This drastic
improvement of sensitivity, shows that even though the classification sensitivity can
be considered low, or the number of correct predictions are not within a desirable
range, the placement of the correct predictions are more frequently than not correct.
Let us observe the predictions and alert placement of chb01 on the features of the first

extracted subcomponent.

In Figure 3.7, the preictal predictions can be seen to be spread throughout the entire
signal but the preictal stages, which accounts for 0% classification sensitivity.
However, it is seen that even though the classifier gives no correct preictal predictions,
the alarm algorithm provides four alerts within the accepted 120-minute range
preceding seizure onsets, while providing only two false alarms during interictal

periods.
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Figure 3.7 The alerts and classifier predictions for chb1 illustrated on the features of
the first subcomponent. Red points signify the preictal predictions by the classifier.
The green vertical lines indicate seizure onsets and the blue vertical lines indicate
alarms raised.

This indicates that even though the classifier performance alone cannot determine the
correct preictal points, the frequency increase of the preictal predictions above the 0.9
thresholds still occurs towards, but not during, the preictal periods, therefore enabling
the alarm algorithm to provide high sensitivity with low false alarm rate. This
phenomenon likely stems from the fact that the non-patient specific classification
approach imposes the decision criteria learned from the observations of other patients
onto chb11 in this example, therefore increasing the frequency of the preictal
predictions outside of the zone labeled as preictal, therefore further indication to the
notion that the classification alone may not provide high-performance seizure
prediction, but together with a suitable postprocessing technique making correct

seizure predictions is possible.

Furthermore, the epileptic seizure prediction performance of the framework proposed
in this work is compared to other studies that employ various methods in order to
achieve the same goal (Table 3.3). As can be seen in Table 3.3, the proposed
framework was able to outperform other studies that utilize the same performance

criteria. This framework can be seen to deliver higher sensitivity and lower false alarm
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rates with the exception of [51], where the false alarm rates are equal. However, the
proposed framework delivers an approximately 4% increase in the sensitivity metric.
Therefore it is safe to say that the postprocessing step used in the presented framework
does indeed increment upon the results that are previously reported in the literature

concerning the prediction of epileptic seizures from EEG signals.

Table 3.3 Performance comparison between the methods of this work and other
similar studies in the literature.

References Sensitivity (%) False Alarm Rate/h
[15] 83 0.17
[17] 70 0.15
[18] - 0.41
[22] 85.11 0.08
[34] 75.8 0.10
This Study 89.81 0.08
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4. CONCLUSION

This thesis addressed two different but complementary mechanisms for identifying
and forecasting seizures. The first method consists of the extraction and analysis of
EEG signals decomposed with Hilbert vibration decomposition in order to detect
seizure activity with several classifiers. The results of the HVD process and other
popular decomposition methods are also compared The second approach expands on
the technique of the first one by moving the classification goal to pre-seizure times in
order to detect pre-seizure behavior and raise alarms using a convolutional neural

network and a novel post-processing algorithm.

In the first framework, the classification of the epileptic states of the signals with the
features extracted from the sub-signals of EEG signals obtained by HVD, EMD and
MEMD methods. Signals from classes healthy, ictal and interictal are separated into
sub-components and the attributes calculated from these sub-components are classified
using MLP, SVM, RF, and kNN classifiers. In the results, higher metrics and
classification accuracies were observed in the classification of HVD extracted features
compared to MEMD and EMD extracted features. Therefore, the HVD method
manifests itself as a reliable candidate in addition to the more common methods within

the decomposition and analysis of epileptic EEG signals.

In the second framework, we have designed, applied, and demonstrated an epileptic
seizure prediction system that extracts features from the subcomponents of EEG
recordings from the CHB-MIT database presented on PhysioNet by employing the
HVD, and uses these features for the binary classification as preictal or non-preictal
with an CNN classifier. After the classification is done, a frequency-based alarm
algorithm is used for alerting an oncoming epileptic seizure. This approach is shown
to surpass the performances of other methods reported in the literature. The
performance of the HVD method in epileptic seizure prediction is also shown in this

study. The classification performance, in the conventional sense, was undesirable due
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to the fact that many different factors affect the preictal trends across different patients.
However, with a supporting alarm algorithm, correct seizure predictions were made.
This shows that a single classifier may not be able to handle the intrinsic complexity
of the problem of seizure detection, but a suitable postprocessing algorithm may build
upon the classification performance and provide satisfactory sensitivity and false
alarm rates. With the approach followed in this framework, a superior success is
captured in epileptic seizure prediction; thus, a potential foundation to a robust and
reliable epileptic seizure warning system which can be utilized in future studies is

demonstrated.
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APPENDIX

Results of 10-fold cross validation with all classifiers are provided in this section.
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Figure A.1 10-fold cross-validation accuracies of the classification process with MLP
classifier
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Linear SVM
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Figure A.2 10-fold cross validation accuracies of classification process with linear
kernel SVM classifier
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Figure A.3 10-fold cross validation accuracies of classification process with quadratic
kernel SVM classifier
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RBF SVM
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Figure A.4 10-fold cross validation accuracies of classification process with RBF
kernel SVM classifier
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Figure A.5 10-fold cross validation accuracies of the classification process with DT
classifier
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Figure A.6 10-fold cross validation accuracies of classification process with RF
classifier
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Figure A.7 10-fold cross validation accuracies of classification process Cosine
distance kNN classifier
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Figure A.8 10-fold cross validation accuracies of classification process with weighted
Euclidean distance kNN classifier
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Table A.1 MLP classification metrics of all classes

MLP EMD HVD
zZ 5} B z S B
2 P 0.53 0.45 0.82 0.82 0.85 0.99
§ R 0.48 0.50 0.81 0.85 0.83 0.97
2 F1 0.51 0.47 0.81 0.83 0.84 0.98
ﬁ P 0.40 0.41 0.66 0.80 0.96 0.80
§ R 0.39 0.43 0.63 0.80 0.95 0.81
% F1 0.39 0.42 0.64 0.80 0.95 0.81
P 0.65 0.67 0.82 1.00 1.00 1.00
E R 0.66 0.69 0.79 1.00 1.00 1.00
[Fil 0.66 0.68 0.81 1.00 1.00 1.00
P 0.55 0.54 0.77 1.00 1.00 1.00
E R 0.64 0.52 0.68 1.00 1.00 1.00
F1 0.59 0.53 0.72 1.00 1.00 1.00
3 P 0.83 0.82 0.90 0.96 0.96 0.97
.E R 0.75 0.89 0.92 0.95 0.96 0.98
S F1 0.79 0.86 0.91 0.95 0.96 0.98
P 0.83 0.82 0.90 0.96 0.96 0.97
E R 0.75 0.89 0.92 0.95 0.96 0.98
[Fil 0.79 0.86 0.91 0.95 0.96 0.98
P 0.93 0.88 0.97 0.97 0.98 1.00
E R 0.91 0.91 0.96 1.00 0.98 0.97
F1 0.92 0.90 0.96 0.99 0.98 0.98
P 0.92 0.88 0.94 0.99 1.00 0.97
= R 0.85 0.94 0.94 0.98 0.98 1.00
F1 0.88 0.91 0.94 0.98 0.99 0.99

Table A.2 Linear SVM classification metrics of all classes

Linear SVM EMD HVD
z S F z S F
2 P 0.54 0.47 0.80 0.87 0.90 0.99
g R 0.45 0.57 0.79 0.91 0.84 0.92
2 F1 0.51 0.51 0.81 0.81 0.91 0.93
2 P 0.47 0.37 0.72 0.77 1.00 0.78
H R 0.39 0.42 0.67 0.85 0.97 0.74
2 F1 0.32 0.42 0.61 0.75 0.95 0.87
P 0.63 0.61 0.81 1.00 1.00 1.00
§ R 0.66 0.76 0.79 1.00 1.00 1.00
F1 0.66 0.62 0.88 1.00 1.00 1.00
P 0.48 0.58 0.71 1.00 1.00 1.00
a R 0.65 0.54 0.66 1.00 1.00 1.00
F1 0.62 0.47 0.68 1.00 1.00 1.00
g P 0.86 0.75 0.87 0.91 0.91 1.00
kS R 0.80 0.96 0.89 0.95 0.98 1.00
S F1 0.84 0.79 0.92 0.95 0.98 0.97
P 0.87 0.87 0.86 0.97 0.91 0.93
g R 0.76 0.93 0.99 0.99 0.93 0.97
F1 0.86 0.79 0.89 0.98 0.90 0.99
P 0.95 0.92 0.95 1.00 1.00 1.00
E R 0.98 0.84 0.99 1.00 0.91 0.93
F1 0.93 0.95 1.00 0.98 0.97 0.99
P 0.97 0.95 0.95 1.00 1.00 0.93
= R 0.84 0.93 0.95 0.96 0.93 1.00
F1 0.90 0.95 1.00 1.00 0.95 0.95
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Table A.3 Quadratic SVM classification metrics of all classes

Quadratic SVM EMD HVD
z s F z s F
2 P 0.55 0.45 0.77 0.82 0.96 1.00
2 R 0.44 0.60 0.74 0.85 0.88 0.86
2 F1 0.53 0.56 0.79 0.74 0.92 0.95
2 P 0.47 0.41 0.74 0.77 1.00 0.83
5 R 0.40 0.36 0.64 0.84 0.94 0.81
2 F1 0.30 0.34 0.58 0.76 0.97 0.92
P 0.66 0.55 0.86 1.00 1.00 1.00
§ R 0.72 0.78 0.75 1.00 1.00 1.00
F1 0.70 0.69 0.84 1.00 1.00 1.00
P 0.42 0.63 0.71 1.00 1.00 1.00
a R 0.59 0.47 0.68 1.00 1.00 1.00
F1 0.55 0.47 0.64 1.00 1.00 1.00
g P 0.93 0.69 0.91 0.88 0.89 1.00
s R 0.77 0.94 0.94 0.94 1.00 1.00
S F1 0.88 0.86 0.91 1.00 1.00 1.00
P 0.94 0.91 0.92 0.96 0.90 0.92
g R 0.77 0.85 0.96 0.99 1.00 0.91
F1 0.82 0.77 0.91 1.00 0.95 0.96
P 1.00 0.87 0.95 0.99 0.96 1.00
E R 1.00 0.81 1.00 1.00 0.90 0.87
F1 0.97 0.96 1.00 0.95 0.95 0.93
P 0.98 0.96 1.00 1.00 1.00 0.99
= R 0.87 0.95 0.98 0.91 0.95 1.00
F1 0.90 0.98 0.96 0.94 1.00 0.94
Table A.4 RBF SVM classification metrics of all classes
RBF SVM EMD HVD
z S F z S F
2 P 0.49 0.39 0.73 0.78 0.94 1.00
g R 0.49 0.58 0.75 0.89 0.86 0.87
2 F1 0.59 0.57 0.77 0.76 0.96 0.90
2 P 0.51 0.45 0.73 0.79 0.94 0.76
S R 0.35 0.40 0.58 0.80 0.86 0.84
2 F1 0.24 0.27 0.65 0.69 0.94 0.96
P 0.60 0.62 0.82 1.00 1.00 1.00
§ R 0.68 0.84 0.82 1.00 1.00 1.00
F1 0.69 0.65 0.85 1.00 1.00 1.00
P 0.50 0.70 0.75 1.00 1.00 1.00
& R 0.60 0.43 0.62 1.00 1.00 1.00
F1 0.62 0.43 0.69 1.00 1.00 1.00
g P 0.92 0.72 0.96 0.84 0.92 1.00
kS R 0.78 0.96 0.93 0.94 1.00 1.00
S F1 0.95 0.82 0.95 0.98 1.00 1.00
P 0.88 0.90 0.85 0.92 0.87 0.90
g R 0.79 0.93 0.91 0.98 0.92 0.91
F1 0.84 0.77 0.86 0.97 0.92 1.00
P 1.00 0.94 0.92 0.92 0.94 1.00
E R 1.00 0.88 1.00 1.00 0.95 0.87
F1 0.95 1.00 1.00 0.95 0.91 1.00
P 1.00 1.00 0.99 1.00 1.00 0.97
= R 0.89 1.00 0.92 0.91 0.97 1.00
F1 0.94 1.00 0.96 0.90 1.00 0.89
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Table A.5 DT classification metrics of all classes

ot EMD HVD
z S F z S F
2 P 051 037 0.80 0.80 0.99 1.00
£ R 0.49 0.59 0.70 0.89 0.93 0.93
2 F1 0.58 0.55 0.82 0.77 0.95 0.85
2 P 0.50 0.42 0.75 0.74 0.98 0.74
s R 030 038 051 0.81 0.81 0.87
& F1 0.28 0.31 0.59 0.66 1.00 1.00
P 0.59 0.62 0.89 1.00 1.00 1.00
E R 0.64 0.86 0.75 1.00 1.00 1.00
F1 0.63 0.66 0.85 1.00 1.00 1.00
P 0.43 0.75 0.79 1.00 1.00 1.00
a R 0.54 037 0.59 1.00 1.00 1.00
F1 0.60 0.48 0.68 1.00 1.00 1.00
g P 0.90 0.74 0.89 0.88 0.86 1.00
g R 0.84 0.99 0.96 0.87 1.00 0.99
s F1 0.97 0.83 0.95 0.92 1.00 1.00
P 0.84 0.96 0.83 0.90 0.94 0.98
g R 0.77 0.92 0.85 0.98 0.94 0.84
F1 0.81 0.69 0.89 0.93 0.89 0.98
P 1.00 0.98 0.85 0.87 0.97 1.00
£ R 1.00 0.83 1.00 1.00 0.91 0.86
F1 1.00 1.00 1.00 0.93 0.86 1.00
P 1.00 1.00 0.97 1.00 1.00 0.91
= R 0.85 0.98 0.97 0.84 1.00 1.00
F1 0.87 1.00 0.99 0.87 1.00 0.91

Table A.6 RF classification metrics of all classes

. EMD HVD
z S F z s F
2 P 0.71 0.80 0.72 0.92 0.97 0.94
g R 0.73 0.86 0.65 0.94 0.98 0.91
2 F1 0.72 0.83 0.68 0.93 0.98 0.92
2 P 0.49 0.57 0.38 0.78 0.76 0.76
H R 0.52 0.51 0.40 0.85 0.77 0.68
2 F1 0.50 0.54 0.39 0.81 0.77 0.72
. P 0.87 0.80 0.88 1.00 1.00 1.00
= R 0.89 0.85 0.81 1.00 1.00 1.00
F1 0.88 0.83 0.84 1.00 1.00 1.00
P 0.80 0.68 0.68 1.00 1.00 1.00
& R 0.78 0.69 0.68 1.00 1.00 1.00
F1 0.79 0.68 0.68 1.00 1.00 1.00
g P 0.89 0.93 0.95 0.94 0.96 1.00
kS R 0.92 0.92 0.93 0.98 0.95 0.97
S F1 0.91 0.92 0.94 0.96 0.95 0.98
P 0.75 0.69 0.93 0.96 0.96 0.96
g R 0.80 0.66 0.91 0.99 0.94 0.95
F1 0.77 0.68 0.92 0.98 0.95 0.95
P 0.92 0.91 0.96 0.96 0.94 0.98
£ R 0.95 0.88 0.96 0.99 0.95 0.94
F1 0.94 0.89 0.96 0.98 0.95 0.96
P 0.86 0.91 0.92 0.97 0.98 0.99
= R 0.90 0.88 0.90 0.99 0.97 0.98
F1 0.88 0.89 0.91 0.98 0.97 0.98
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Table A.7 Cosine kNN classification metrics of all classes

Cos kNN EMD HVD
z S F z S F
2 P 0.50 033 0.92 0.87 0.99 1.00
£ R 0.56 0.70 0.73 0.95 0.88 1.00
2 F1 0.54 0.45 0.79 0.87 0.98 0.94
2 P 0.51 0.34 0.76 0.84 0.88 0.78
s R 0.26 0.40 0.45 0.82 071 0.96
& F1 0.27 0.23 0.57 0.72 1.00 1.00
P 0.72 0.48 0.85 1.00 1.00 1.00
E R 0.52 0.86 077 1.00 1.00 1.00
F1 0.64 0.75 0.76 1.00 1.00 1.00
P 0.32 0.74 0.80 1.00 1.00 1.00
a R 0.53 0.38 058 1.00 1.00 1.00
F1 0.66 0.39 0.67 1.00 1.00 1.00
g P 1.00 0.86 0.88 0.81 0.91 1.00
g R 0.82 0.94 0.92 0.92 1.00 1.00
s F1 1.00 0.77 1.00 0.85 1.00 0.96
P 0.71 0.95 0.94 0.92 0.88 1.00
g R 0.81 0.96 0.81 1.00 0.95 0.89
F1 0.78 0.68 0.94 0.91 0.92 0.90
P 1.00 1.00 0.79 0.92 1.00 1.00
£ R 1.00 0.84 1.00 1.00 0.81 0.84
F1 1.00 1.00 0.95 1.00 0.86 0.93
P 1.00 1.00 0.90 1.00 1.00 0.91
= R 0.90 0.96 0.91 0.83 1.00 1.00
F1 1.00 0.99 0.90 0.87 1.00 0.87

Table A.8 Weighted kNN classification metrics of all classes

w-kNN EMD HVD
z S F z S F
2 P 0.45 0.32 0.97 0.82 1.00 1.00
§ R 0.49 0.67 0.77 1.00 0.86 1.00
2 F1 0.47 0.51 0.82 0.91 0.97 0.89
ﬁ P 0.56 0.39 0.80 0.86 0.94 0.79
§ R 0.20 0.36 0.43 0.83 0.66 0.98
% [Fil 0.30 0.18 0.64 0.66 1.00 1.00
P 0.71 0.48 0.86 1.00 1.00 1.00
%. R 0.60 0.91 0.80 1.00 1.00 1.00
F1 0.69 0.82 0.74 1.00 1.00 1.00
P 0.27 0.69 0.82 1.00 1.00 1.00
a R 0.56 0.32 0.64 1.00 1.00 1.00
F1 0.73 0.38 0.61 1.00 1.00 1.00
3 P 1.00 0.91 0.92 0.75 0.84 1.00
.§ R 0.75 0.99 0.99 0.98 1.00 1.00
Y [Fil 1.00 0.73 1.00 0.90 1.00 0.94
P 0.65 0.90 0.96 0.88 0.86 1.00
E R 0.87 0.93 0.83 0.96 0.99 0.83
F1 0.82 0.65 0.93 0.85 0.89 0.89
P 1.00 1.00 0.77 0.92 1.00 1.00
E R 0.94 0.87 1.00 1.00 0.87 0.85
F1 1.00 1.00 0.91 1.00 0.84 0.99
P 1.00 1.00 0.84 0.98 1.00 0.99
= R 0.97 1.00 0.90 0.84 0.98 1.00
[Fil 1.00 1.00 0.89 0.89 1.00 0.89
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