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Abstract

Epilepsy is a neurological disorder that affects 50 million people worldwide. Some of

these patients are pharmacoresistant and continue to suffer from seizures even under

antiepileptic drugs treatment. For these patients, seizures can be potentially stopped

after a resective epilepsy surgery. Using intracranial EEG in a long-term monitoring,

clinical doctors localise by visual inspection what is believed to be the focal area

causing the epileptic seizures. This procedure is highly observer dependent and

time consuming and is carried out by highly trained neurophysiologist. Moreover,

the epilepsy surgery outcome is not always satisfactory and better tools are needed

to localise the focal area faster and in a more reliable way.

In this work, we develop a quantitative EEG method to help in the localisation

of this zone based on peri-ictal and intracranial EEG recordings. The recordings

we analyse come from 6 epilepsy patients who became seizure-free after a resective

epilepsy surgery. We applied a total of 12 signal analysis measures derived from

linear and nonlinear signal analysis. We also used the concept of surrogates which

ensures that nonlinear measures are strictly focusing on nonlinear dynamics of the

signals and it has been reported to be more specific than nonlinear signal analysis

measures in the localisation of the focal area. We further analysed the potential of

these signal analysis measures to localise the focal area for our group of patients.

Moreover, we were also interested in analysing the inter-patient variability and how

this variability could affect the performance of a binary classifier. To achieve that,

we explored the overlap between the focal and the nonfocal signals for each signal

analysis measure and for each individual patient. Subsequently, we analysed the

performance of the same signal analysis measures and the same classification task

for all our database. Finally, these signal analysis measures were also used as a

representation of each signal in a k-means clustering which divided the different

signals into disjoint subgroups. Afterwards, we analysed to which extent these

subgroup helped in the localisation of the focal area.

Interestingly, we found that the usage of surrogates is not always beneficial in the

focal-nonfocal classification of the signals. In concrete, when the focal signals were

characterised by low frequencies, the nonlinear signal analysis measures outper-



formed the surrogate corrected measures. With regard to the clustering analysis, we

only found good agreement between the groups found by the algorithm and the true

localisation of the focal area for 50% of our patients. In general, for these patients,

there was a tendency to overdetect brain areas as focal, which is a common issue in

quantitative EEG methods.

The work here presented describes how 12 signal analysis measures can characterise

the focal area in a heterogeneous epilepsy patients group. Therefore, we believe that

this can help to understand better the dynamics in the focal area and in the healthy

brain tissue.

Keywords: Signal analysis, EEG, Machine Learning, Clustering, Epilepsy



Chapter 1

Introduction

1.1 Motivation

1.1.1 Epilepsy and epilepsy surgery as treatment

Epilepsy is one of the most prevalent neurological diseases affecting 50 million people

all over the word [1] and it is characterised by an "enduring predisposition to generate

epileptic seizures and their associated consequences" [2]. These seizures are believed

to be the result of "excessive or synchronous neuronal activity in the brain" [2]. From

the people suffering from epilepsy, a 60% approximately suffer from focal epilepsy

which is characterised by the existence of a localised brain area generating seizures

[3].

The first option in the treatment of this patients is anticonvulsive drugs providing

with seizure-free outcomes in 70% of the cases [4]. The remaining patients continue

to suffer from seizures and a surgical treatment may be considered. This surgical

procedure consists in the resection or disconnection of a well-delimited brain area

generating seizures called epileptogenic zone [3]. Given the invasive nature of the

procedure, a confirmation of epilepsy and pharmacoresistance diagnosis needs to be

carried out by an expert [4]. Moreover, there is an ongoing discussion among the

literature in the field about who should be referred to epileptic surgery treatment

[5].

1



2 Chapter 1. Introduction

The presurgical evaluation of epilepsy patients aims to localise the epileptogenic

zone and ensure the preservation of the eloquent cortex from which a resection could

cause an undesirable functional loss to the patient as a side effect [3]. Therefore, a

detailed and personalised presurgical evaluation is carried out before the procedure.

Currently, there is not a single diagnosis tool that is able to unambiguously localise

this zone but different clinical evaluations can give insights about its localisation

[3]. Some of these patients only need a non-invasive evaluation before an epilepsy

surgery with techniques such as scalp electroencephalographic (EEG) recordings and

magnetic resonance imaging (MRI). It is common that the different diagnostic tools

point towards different directions without a good agreement among them. In such

cases, intracranial EEG recordings can aid in the diagnostic [6].

From these intracranial EEG recordings, clinicians can learn about the electrical

activity of the brain areas where these electrodes are placed. The type of elec-

trodes used in this intracranial EEG recordings cover a smaller area than scalp EEG

electrodes and thus, implantation schemes are personalised and based on previous

evidence collected from the non-invasive tools [3]. In addition, there exist distinct

types of intracranial electrodes and not all of them are considered equally invasive

[6]. Each electrode has a certain number of contacts which record electrical activ-

ity and we call them electrode contacts or channels. The peri-ictal activity is the

activity observed around the seizure and can be further fragmented into findings

before the seizure (preictal), findings during the seizure (ictal) and findings after

the seizure (postictal). On the other hand, interictal activity is activity observed

independently of the seizure [7]. In epilepsy patients, clinicians are able to visually

localise abnormal EEG patterns associated with the pathology. These abnormal

patterns are often called epileptiform discharges and there is no formal definition

among specialists in the field for this term [6]. The localisation of epileptiform ac-

tivity in different brain areas (irritative zone), as well as the localisation of the brain

areas where the first ictal activity is observed (seizure onset zone), can help in the

delineation of the epileptogenic zone [3].

Although the thorough analysis of all the evidence collected by the diagnosis tools

mentioned above by a highly trained neurophysiologist, sometimes the correct local-
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isation of the epileptogenic zone is not achieved completely. Due to this a completely

satisfactory outcome is not always achieved and completely seizure free outcome

only occur in 65% of the cases [4]. This fact gives rise to a spectrum of epilepsy

surgery outcomes which J Jr. Engel standardised in the so-called Engel scale. The

scale covers from a completely seizure-free outcome (Engel I) to a non-worthwhile

improvement outcome (Engel IV) [8].

Throughout this text, we refer to epileptogenic zone with the simpler term focal

area and the procedure of localising it as focus localisation. The brain areas not

belonging to this focal area are referred to as nonfocal area. Accordingly, the EEG

signals coming from the focal area are called focal signals and the ones coming from

the nonfocal area are called nonfocal signals.

1.1.2 Quantitative EEG in epileptic focus localisation

Since long now, linear and nonlinear signal analysis techniques have been applied

to EEG recordings with the aim of aiding in the diagnostics of epilepsy patients

and capture characteristics of the epileptic brain which are not detectable by visual

inspection as for example in Refs. [9, 10, 11] [12, and references therein].

In the first years, only linear signal analysis techniques were applied to these record-

ings which already found some promising results using the spectral band power and

the Hjorth parameters activity, mobility and complexity [9, 10, 11]. For instance,

in Ref. [9], they found that epilepsy patients showing interictal epileptiform activ-

ity in the EEG had an increase in slow activity and a decrease in mobility in the

hemisphere of their epileptic focus as compared to headache patients and normal

controls.

Currently, there is an extensive bibliography in the application of nonlinear signal

analysis techniques to epileptic focus localization from EEG of epilepsy patient (e.g.,

Refs. [13, 14, 15, 16, 17][12, refereces therein]).

Nonlinear signal analysis techniques, although being sensitive to nonlinear epileptic

EEG dynamics, they are not specific enough and can be influenced by stochastic

dynamics present in the EEG. To avoid this issue, nonlinear signal analysis mea-
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sures are combined with the concept of surrogates [18]. These surrogate signals are

constructed in a way that the original signal is randomised but the autocorrelation

function and the amplitude distribution of the original signal are maintained. This

construction allows testing the null hypothesis of whether our original signal was

a measurement from a linear stochastic process with some type of memory. With

this concept added to the raw nonlinear measures, a better characterization of the

epileptic brain and concretely the localisation of epileptic focus has been observed

[14].

Different quantitative EEG studies are not frequently performed on a common pa-

tient cohort making it difficult to compare them. A selection of quantitative methods

to localise the epileptic focus based on EEG analysis was evaluated together in Ref.

[19]. A lack of agreement between them for some patients in the cohort was observed

This can happen due to the fact that each measure is capturing a different epileptic

pattern and there is need of more than one method to understand the complete

behaviour taking place [19].

1.1.3 Machine learning and EEG from epilepsy patients

Machine learning algorithms allow evaluating in an automatic way a set of features

which describe an observation. As previously stated, it has been seen that differ-

ent quantitative approaches react differently to the same epileptic patterns which

makes one think that different approaches may be capturing distinct aspects of the

electrical behaviour of the brain [19]. Therefore, machine learning algorithms can

aid to combine these different procedures in a single workflow and achieve a bet-

ter characterization of the underlying dynamics. Most of the literature of machine

learning on EEG epilepsy recordings depends on well-labelled data [20] [21]. These

approaches, therefore, need a considerable amount of labelled data to perform their

analysis and build a model that generalises well. In a real case scenario, sometimes it

is not possible to have all this labelled data and consequently unsupervised machine

learning methods need to be developed further.
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1.2 Objectives

In this study, we explore a group of epilepsy patients who underwent presurgical eval-

uation before an epilepsy surgery. The recordings are time continuous and include

peri-ictal brain activity. We use a total of 12 signal analysis techniques from linear

and nonlinear signal analysis theory to evaluate the underlying dynamics of signals

from different brain areas before, during and after the seizure. We also explore the

value of each individual measure to characterise the epileptic focus by averaging

for every patient over the preictal, the ictal and the postictal period independently.

Afterwards, we average over the focal and the nonfocal channels. Additionally, we

evaluate the performance of each individual signal analysis measure to classify each

signal into epileptic focus or non-epileptic focus. For this analysis, we average over

time distinguishing between the preictal, the ictal and the postictal period. Finally,

we also describe and show the results obtained when evaluating the twelve signal

analysis measures with k-means clustering algorithm, which does not make use of

explicit labels, in a time-moving window fashion.



Chapter 2

Methods

2.1 Electroencephalographic recordings

The time continuous recordings analysed throughout this work come from 6 differ-

ent patients who underwent invasive EEG monitoring prior to a resective epilepsy

surgery and who became seizure-free after the intervention (Engel I) during a follow-

up of at least 1 year (mean: 3.5 years). Five of them suffered from temporal lobe

epilepsy (TPL) and one patient suffered from parietal lobe epilepsy (PLE). The im-

plantation schemes were different for each individual patient and non-symmetrical

with respect to the left and the right hemisphere. The recordings included peri-ictal

activity with a total of 27 seizures separated in individual recordings. The length of

these recordings ranged from 335 s to 1358 s and the seizures were known to start

at time 180 s as marked by an expert EEG reader. All the recordings had already

been preselected prior to and independently from this work and we did not have

any influence on that selection. These EEG signals were recorded at a sampling

frequency of 512 Hz.

In addition to the EEG data, we were also provided with information about MRI

findings before the surgery. These findings also showed patient variability and com-

prised three patients with hippocampal sclerosis, one patient with pilocytic astrocy-

toma and two patients did not show any lesion. It is important to take into account

that although brain lesions can cause epileptic seizures not all lesions are responsible

6
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for epileptic seizures. Moreover, the resection of the complete lesion sometimes is not

enough to achieve a seizure-free outcome and that is why invasive EEG monitoring

is also used [3].

Furthermore, we had information about the "resected channels" which are the elec-

trode channels placed at brain areas resected during epilepsy surgery. This infor-

mation was also patient specific and all patients had different resected brain areas

during the intervention. Since Engel I patients do not have any more seizures after

surgery, the "resected channels" must enclose the epileptogenic zone. Therefore, we

identified the signals from the resected channels as focal and the remaining signals

as nonfocal.

2.1.1 Data pre-processing

For visual inspection purposes, the EEG signals were downsampled from a sampling

frequency of 512 Hz to 256 Hz. Prior to the downsampling process, we band-pass

filtered the data with a 4th order Butterworth high-pass filter with cut-off frequency

of 0.5 Hz and a 4th order Butterworth low-pass filter with cut-off frequency of

102 Hz to avoid aliasing phenomena. For further analysis, we downsampled the

recordings from a sampling frequency of 512 Hz to 128 Hz in a trade-off between

computational time and information loss. Before the downsampling, we used a

4th order Butterworth high-pass filter with cut-off frequency of 0.5 Hz and a 4th

order Butterworth low-pass filter with cut-off frequency of 61 Hz to avoid aliasing

phenomena.

2.1.2 Data examples

Aiming to further contextualise the reader with the nature of the data analysed, we

show in the following sections some common artifacts and features of EEG found in

the data coming from our group of patients. These artifacts and EEG features do

certainly have an impact on signal analysis measures and thus it is always important

to keep a constant contact with the data.
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EEG artifacts

Although the data we analysed in this study is very "clean", EEG signals reflect the

electric activity of a real brain and artifacts can be found in the recordings. Here

we show a selection of artifacts found through the different recordings of our patient

group.

The first artifact shown is a typical line-noise artifact (Figure 1). This artifact is

clearly contaminating most of the electrodes from 486 s to 488 s and then again

from 488.5 s to 490.5 s. To further demonstrate that this electrical activity did not

come from the brain, we show the single-sided amplitude spectrum for an exemplary

electrode (TBL01) where a clear peak at 50Hz can be observed (Figure 2).

The second artifact we are showing also affects all the electrodes of the recording

(Figure 3). It is important not to confuse this type of artifact, which commonly

appears in EEG recordings, with epileptiform activity. Unlike interictal epileptiform

activity, this type of artifact is observed at the exact same instant in all electrodes.

The following artifact only affects one channel (FORBR5) (Figure 4). It has a

rhythmical pattern which repeats itself approximately every second. Given the

rhythmicity and the frequency of this electrical activity, it is reasonable to think

that this activity resembles a heartbeat. Moreover, after the seizure, this artifact

is also visible but with a higher frequency which could reflect an increase in the

cardiac beat after a seizure (Figure 5). In addition, the artifact is only visible on

one channel and therefore, it cannot come from the heart itself, in which case all

channels would be contaminated. Thus, we conclude that this artifact is probability

coming from vain nearby the electrode and not from the heart itself.

Finally, we show a fourth common artifact observed in the recordings (Figure 6).

The morphology of this artifact is characterized by a sharp and high amplitude wave

and does not resemble EEG activity of any kind. This type of artifact appears due

to a disturbance in the electrode wires and can occur due to the manipulation of the

leads by a technician or by the sudden and strong movements of a patient. Since

we found this artifact at the beginning of an epileptic seizure, the most plausible

explanation is a sudden and strong movement of the patient caused by the imminent
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epileptic seizure.
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Figure 2: Power spectrum of a line noise artifact. A) Magnification of an exemplary
channel affected by line noise contamination. B) Single-sided amplitude spectrum of that
exemplary signal. From the single-sided amplitude spectrum one can clearly observe a peak
at 50Hz corresponding to the line noise artifact.
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EEG features

In this section, we want to familiarise the reader with common EEG features in a

brain suffering from epilepsy. This type of activity is called epileptiform discharges or

epileptiform activity and we show a selection of preictal, postictal and ictal patterns

of this nature. All the fragments shown come from EEG signals of our group of

patients.

The first figure shows the beginning of an epileptic seizure (Figure 7). It can

be observed that the seizure starts at a delimited area with a characteristic low-

amplitude high-frequency activity. These first seconds of the seizure are the ones

that clinicians use to localise the seizure onset zone and are extremely valuable for

the presurgical evaluation of the patient. Figure 8 shows the characteristic activity

of an epileptic seizure with sharp and fast changes in the voltages recorded. Here

the epileptic activity has already spread and we can observe that a broader region

is affected by the seizure than in figure 7.

The following image shows an interictal epileptiform discharge (Figure 9). It is

important to note that, this type of activity is not commonly associated with clinical

symptoms and it is also not restricted to the focal area [3]. Nonetheless, a healthy

brain rarely shows this type of activity [6].

In figure 10 we show some activity of the postictal period. This pattern is common

across patients in the cohort and it is characterised by slow activity in all brain

areas. Subsequently, people refer to it as postictal slowing. This part of the epileptic

activity is not studied frequently although it has been seen that some insights about

epileptic seizures’ behaviour can be extracted from it [22].

Finally, in figure 11 we can observe high-frequency activity in channels TPL2,

TPL3, TPL4 and TBL01 at the beginning of the epileptic seizure. Until relatively

recently, this type of activity was not studied but there are already some publications

which assure the importance of high-frequency oscillations (HFO, 80Hz-500Hz) in

the delineation of the seizure onset zone [23]. Figure 12 shows a magnification of

an exemplary channel (TPL03) and the distribution of frequencies of this piece of

signal. It is clear from there that there is a considerable amount of power from
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frequencies above 80Hz [23].
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Figure 12: Power spectrum of the high frequency activity. Same as 2, but here for
high frequency activity. From the single-sided amplitude spectrum one can clearly observe
a considerably amount of power from frequencies above 80 Hz.
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2.2 Time series analysis measures

We used a total of 12 univariate EEG measures to capture the properties of the

signals xi with i = 1, ..., N samples in a quantitative way and extract features for the

evaluation of the machine learning approach. Eight of them were derived from linear

signal analysis, two from nonlinear signal analysis and two were surrogate corrected

nonlinear signal analysis measures (Table 1) We analysed the recordings making

use of a moving rectangular window which allowed us to compute each measure in

segments of 8 s length. This approach was useful to analyse the changes in the

measures throughout each recording given that our data has also ictal fragments.

Table 1: Time series analysis measures. Summary of the 12 signal analysis measures
used in this thesis.

Measure Symbol Type

Delta activity δ Linear

Theta activity θ Linear

Alpha activity α Linear

Beta activity β Linear

Gamma activity γ Linear

Mobility HM Linear

Complexity HC Linear

Decay Time Dt Linear

Amplitude-based nonlinear prediction error ε Nonlinear

Rank-based nonlinear predictability score S Nonlinear

Surrogate corrected ε SurC ε Surrogate corrected

Surrogate corrected S SurC S Surrogate corrected

2.2.1 Linear time series analysis measures

Linear time series techniques describe linear characteristics of the underlying system

and its analysis can be computed in the time domain or the frequency domain.

To do the mapping between these two domains of the signal, we used the Fourier

transform which decomposes the time series xi into a linear combination of sine and
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cosine waves with different frequencies rs with s = −N/2, ..., N/2 [24]. Therefore, to

analyse the frequency content, we used the periodogram ps of the time series which

is an estimate of the distribution of power across frequencies that can be found in

the time series [24].

Spectral band power

Since Hans Berger in 1924 made the first EEG recordings in humans and described

the so-called alpha (α) and beta (β) waves, other rhythmic waves have been detected

in EEG activity. These are gamma (γ), delta (δ) and theta (θ) waves in order

of discovery. The frequency content of these bands has proven useful in different

diagnostic settings. These measures quantify the relative amount of power in each

of the frequency bands previously mentioned and they were defined as

δr =
1

P

4Hz∑
f=0.5Hz

pf θr =
1

P

8Hz∑
f=4Hz

pf αr =
1

P

13Hz∑
f=8Hz

pf

βr =
1

P

30Hz∑
f=13Hz

pf γr =
1

P

48Hz∑
f=30Hz

pf (2.1)

where P is the total power of the time series defined as

P =

fs/2∑
f=0

pf (2.2)

where fs stands for sampling frequency.

High values of the relative power of a certain frequency band means a strong con-

tribution of the according frequency band in the signal.

Hjorth parameters

Hjorth defined three parameters: activity, mobility and complexity in the time series

[25]. The activity was defined as the standard deviation of the signal amplitudes.

Additionally, the mobility is often referred to as standard deviation of frequencies.

Finally, the complexity reflects the sharpness of the signal considering as baseline

a sine wave. Hjorth described its equivalent in the frequency domain [25]. In this
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study, we just used mobility (HM) and complexity (HC) as follows

HM =
1

P

N/2∑
s=1

pss
2 HC =

1

P

N/2∑
s=1

pss
4 (2.3)

Decay time

The autocorrelation function of a signal with non-zero mean was defined as

A(τ) =
1

(N − 1)σ2

N−τ∑
i=1

(xi − x̄)(xi−τ − x̄) (2.4)

for n = 1, ..., N − τ with x̄ mean and σ2 variance. This autocorrelation function

measures the degree of linear similarity within our signal with different time lags τ .

By definition and given a non-periodic signal, A(0) = 1 and its value decreases as τ

increases [24]. Given this, we can define the decay time (Dt) as

Dt = {τ |A(τ) < A(0)/e}min (2.5)

High values of (Dt) imply a slower decrease of A(τ) and consequently a higher

autocorrelation.

2.2.2 Nonlinear Time Series Measures

Nonlinear time series measures implemented in this work are based on the analysis

of the phase space of the system. However, since we are working with real data

extracted from a recording we do not have access to the variables of the dynam-

ics and there exists a need to estimate the state space trajectories. We did this

reconstruction by means of a delay coordinates in m dimensions as follows

xi = (xi, xi−τ , ..., xi−(m−1)τ ) (2.6)

for i = ν + 1, ..., N where ν = (m− 1)τ is the embedding window [26].

We set the parameters m to 8 dimensions and τ to 4 sampling times as done in

previous work [17, 13].
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Amplitude-based nonlinear prediction error

The amplitude-based nonlinear prediction error (ε) is a local measure of the pre-

dictability of a system by its neighbouring trajectories. To achieve this, a reference

state is selected and the capability of the neighbouring trajectories to predict the

future of that reference point is quantified [26]. We used the algorithm developed in

Ref. [13] for the computation of this measure. The first step in this algorithm is to

normalize the time series to have zero mean and unit variance. Afterwards the state

space trajectories are reconstructed using the delay coordinates approach stated at

the beginning of the section by equation 2.6. The Euclidian distance between pairs

of states is computed as follows

vi,j =

√√√√ m∑
d=1

(xi,d − xj,d)
2 (2.7)

for i, j = ν+1, ..., N . In the next step, these distances are used to choose the k near-

est neighbours from the neighbouring trajectories. Additionally, a Theiler correction

window with length T samples is applied to ensure that the nearest neighbours are

chosen from neighbour trajectories and neither future nor past states of the reference

point trajectory. Finally, the average amplitude at time j0,r + h of the k nearest

neighbours is compared to the actual amplitude of our reference at time i0+h. The

prediction error is expressed as a root-mean-square error as follows

ε =

√√√√ 1

N − ν − h

N−h∑
i0=ν

(xi0+h − 〈xj0,r+h〉)2 (2.8)

where 〈xj0,r+h〉 is the average across all k neighbours (r = 1, ..., k).

Given a deterministic system, small ε values can be expected as a common feature

of deterministic dynamics and hence the alignment of neighbouring trajectories [26].

We fixed the analysis parameters T to 19 sampling times, k to 5 neighbours and h

to 4 sampling times as used in Ref. [13].
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Rank-based nonlinear predictability score

Like ε, also the rank-based nonlinear prediction is a local measure of predictability

(S). The source code for the rank-based nonlinear prediction error was provided

in Ref. [13]. The first implementation steps are identical to the ε which have

been described in the previous section including the embedding reconstruction of

the state space and the distance matrix between states as described in equation

2.6. Subsequently, a rank gi0,j0 is assigned to each distance from lower to highest.

The capability of the k nearest neighbours to predict the future of the dynamics is

computed making use of the ranks as follows

Ri0 =
1

k

k∑
r=1

gi0+h,j0,r+h (2.9)

For a perfect prediction capability, the k lowest would be choosen and this value RL

would be defined as

RL =
k + 1

2
(2.10)

On the other hand, for a non-predictable system the ranks of the k nearest neigh-

bours are randomly selected in a way that the Mi0 possible rank values have the

same probability of being chosen and RU
i0

is defined as

RU
i0
=

Mi0 + 1

2
(2.11)

Finally, the ranked-based nonlinear prediction score is written as follows

S =
1

N − ν − h

N−h∑
i0=1+ν

RU
i0
−Ri0

RU
i0
−RL

(2.12)

This definition of S gives values close to 1 for predictable systems whereas it has a

exected value 0 for non-predictable ones [13]. We took the same analysis parameters

k, w and h as in Ref. [13]: k = 5 neighbours, T = 19 sampling times and h = 4
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sampling times.

2.2.3 The concept of surrogates and surrogate corrected

measures

Nonlinear time series analysis measures, although being sensitive to nonlinear de-

terministic features, can also be misled by some other purely stochastic structure

in the data and give rise to wrong conclusions. For instance, a high value of S can

be obtained for a nonlinear deterministic dynamic or just a high autocorrelation

in a stochastic dynamics [18]. Aiming to avoid this false detection, the concept of

surrogates can be used to test a wide variety of null hypotheses. In this study, we

made use of the surrogate scheme described previously in Ref. [27] which generates

a randomized signal from the original one conserving the same autocorrelation and

amplitude distribution as the one from the original signal.

Nonetheless, in this thesis we do not use surrogate signals to test against a null

hypothesis but as a baseline for the nonlinear signal analysis measures [14]. Then, we

computed a total of 9 surrogates for each time window and subsequently computed

the vale of S and ε for each surrogate. Finally, we averaged over the value of S and

ε obtained for each surrogate. The surrogate corrected ε (SurC ε) and surrogate

corrected S (SurC S) are defined as

SurCε = εSUR − εEEG (2.13)

SurCS = SEEG − SSUR (2.14)

We want to remind that the polarity of ε and S is opposed and therefore we in-

troduce in equation 2.13 a (-1) factor which enforced positive values when the

surrogate signal was less predictable than the original signal for the two nonlinear

signal analysis measures.
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2.3 Performance of signal analysis results in lo-

calization of the focal area

To evaluate how well the signal analysis measures introduced in section 2.2 charac-

terize the focal area, we carried out a two steps average. First, we computed the

average for the different time series analysis techniques over the preictal, the ictal

and the postictal periods. Afetrwards, we averaged for the focal and the nonfocal

signals and we therefore obtained just one value representative of the focal and one

representative of the nonfocal area for each singal analysis technique and seizure. To

localize the focal area we made use of the fact that we knew which brain area were

resected and led to seizure-freedom for each patient. Additionally, we computed the

statistical power of our findings with a one-sided binomial test and we reported the

probability value (p-value). To do so, for each signal analysis measure, we detected

whether the focal area tended to show higher or lower values than the nonfocal

area in our group of patients. Subsequently, assuming a binomial distribution with

a 0.5 probability of success for each trial, we computed the probability of having

the observed amount of seizures showing that asymmetry with regard the focal and

the nonfocal area or a more extreme one. This probability was indeed the p-value.

The signal analysis measures showing p-values lower than 0.05 were considered as

statistical significant.

2.4 Machine learning algorithms

We are interested in distinguishing different brain areas based on the features cap-

tured by the signal analysis measures introduced in section 2.2 and evaluate what

we can learn about focus localization. To do so, we applied machine learning tech-

niques to these features extracted from the EEG recordings. We are then interested

in finding hidden patterns which help to cluster the dataset into distinct types of

groups. Here, the only knowledge used as input is the feature matrix where each

row corresponds to the twelve features extracted from one EEG signal. In other

words, each signal represented by the 12 features corresponded to a data point in a

twelve-dimensional space.
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Additionally, we had a different number of EEG signals for each patient given the

heterogeneity in the electrode implantation schemes in the cohort. Accordingly,

we analyzed the clustering profiles seizure-wise and we had a variable number of

signals to cluster for each patient. Additionally, we carried out the analysis for each

time window w and observed the evolution of the clustering solution during the

recording. In conclusion, we ended up having twelve features for each time series

and time window which we clustered using different algorithms such as k-means and

affinity propagation [28] [29]. After running several experiments we observed more

meaningful results for k-means clustering and therefore, we just show the complete

methodology and results for k-means clustering.

2.4.1 Clustering algorithm: k-means

The k-means algorithm is a clustering algorithm that partitions observations into

a preselected number of groups or clusters in an iterative way. First, each of the

clusters is represented by a random mean value that acts as a model of the cluster.

Subsequently, observations are assigned to the cluster with the nearest mean value.

Finally, the cluster’s mean value is readjusted to represent the new observations

added. This process is repeated iteratively until reaching a stable solution or a

predefined maximum number of iterations.

Notation

Let us define our feature matrix for one time window as {Y|yp}Pp=1 where P is the

number of signals to cluster and yp is a vector with F features per signal. We

will find a disjoint partition of Y into a set of K clusters C = {ci, ..., cK} with a

representative centroid µi where i = 1, ..., K. Finally, let us define d(yi, yj) which

will denote the Euclidean distance between object yi and yj and the overal mean of

the data as Ȳ .

Estimation of the number of clusters

The first step was to estimate the number of clusters with the maximum likelihood

in which our data could be partitioned [30]. However, in unspuervised learning,

although testing different values for K in an independent data set, we will always
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get a lower distance between the data points and its centroid. In other words,

increasing K will create centroids all over the feature space placing them closer to

individual data points finishing with an individual centroid per data point in the

most extreme case [31, 30].

For this reason validity indices are used. These indices evaluate the quality of the

clustering solutions by evaluating the compactness of the different clusters and the

separation between clusters. When the correct partition of the data is not available

such as in our case, we have to use external validation indices. However, there

exists a huge amount of external validation indices and choosing one is not a trivial

task. In this work, we chose Calinski-Harabasz index (ICH) since it was found to

outperform the other validation indices when using k-means algorithm in ref. [31].

The ICH was first introduced in 1974 [32] and it is defined as follows

ICH(K) =
N −K

K − 1

K∑
i=1

|ci|d(µi, Ȳ )

K∑
i=1

∑
ypεci

d(yp, µi)

(2.15)

The numerator of ICH is the interclass distance and the denominator is the intra-

cluster distance. Then, a well defined cluster is that with a high interclass distance

and a low intraclass distance which implies that the optimal number of clusters is

the K that maximizes ICH . Thus, we evaluated with ICH the solution obtained for

1 to 5 clusters and chose as the best solution the one with a maximal ICH .

Clustering

Secondly, the task consisted on deciding how to group the input points. Hence,

we wanted to estimate the probability of a each example belonging to a certain

cluster. k-means is a popular approach in clustering which formulates the problem

of clustering as an optimization problem [33]. Here, we defined a cost function G

which will be optimized for a given input Y and distance measure d. The input

Y is clustered into K disjoint clusters ci each characterized by a centroid µi. The
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complete formulation of function G is

G((Y, d), K) = min
µεX′

K∑
i=1

∑
yεci

d(y, µi)
2 (2.16)

where Y′ belongs to higher dimensional space than Y [33].

The optimization of equation 2.16 minimizes the overall distance of the data points

in a cluster to its centroid. This optimization is often computationally unfeasible

and therefore people use an iterative algorithm to make an approximation [33].

Nonetheless, we cannot ensure convergence to a global minimum and we performed

100 realisations per window with different initial centroids and used the one with

the lowest value of function G.

The algorithm initialises with a random choice of µ for j = 1, ..., K, and decides

which input points belong to each ci minimizing the intra-cluster distance as follows

ci = {yεY : i = argmin
j
(d(y, µj))} (2.17)

where d(y, µj) is

d(y, µj) =

√√√√ P∑
p=1

(yp − µj)
2 (2.18)

Subsequently, the position of µj is updated as described below.

µi =
1

|ci|
∑
yεci

y (2.19)

Finally, the clusters are rearranged according to equation 2.17 and the process is

repeated until the maximum number of iterations is reached [33]. This maximum

number of iterations was fixed to 100000 in this study.
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2.4.2 Cluster labeling

k-means separates the data points into different clusters ci assigning a common label

to the data points belonging to the same group. Then, for each window w we have

K possible labels which connects each data point with a cluster forming a vector of

labels L. However, this labeling process is not consistent across time windows and

the same cluster can be assigned with a different label in the subsequent time window

making the clustering results uninterpretable. To solve this issue we implemented

a relabeling routine based on the overlap between the labels in the current window

and labels in the 10 previous windows. We defined our cost function C as follows

C(w) = min
10∑
j=1

L(w)− L(w − j) (2.20)

The function C was evaluated in an iterative process for the different permutations

of the labeling and we chose the one with the lowest C maintaining the original

clustering grouping.

2.4.3 Evaluation of signal analysis measures as classifiers

One important question we address in this thesis is the relevance of each time series

analysis measure to distinguish between the focal and the nonfocal area. To achieve

that, one can build a decision rule which predicts class A or class B depending on

whether the value of a function f(x) is above or below a threshold λ and compute

the true positive rate (TPR) and the false positive rate (FPR). If then, one considers

more than one value for λ, we can obtain different values of TPR and FPR. Then,

when we display one versus the other we obtain the receiver operating characteristic

(ROC) curve. Furthermore, in order to condense more the information given by a

ROC curve, people use the area under the curve (AUC) as an indicator of the power

of f(x) as a classifier [30]. In fact, it is well-known that the AUC can be estimated

from the overlap between the corresponding histograms of f(x) for class A and class

B.

To achieve our aim, we used this concept and evaluated the power of every signal
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analysis measure as a classifier computing the overlap between the signal analysis

measure distribution for the focal and the nonfocal signals. To build these distribu-

tions we averaged the signal analysis measures over the preictal, the ictal and the

postictal periods. We therefore had one value for each signal and period. To make

the distinction between focal and nonfocal signals, we used the "resected channels"

information which are the brain areas that achieved seizure freedom after being re-

sected. We did this analysis for a pooled distribution with all patients’ data and for

each patient individually.

To compute the overlap between the two distributions, we did not make any decision

a priori and we sistematically computed the AUC values for the case where the

focal area was characterized by higher values than the nonfocal area. Therefore,

we obtained cases for which the AUC was below 0.5. For the sake of intuitiviness

and homogeneity, we checked the number of patients for which a given AUC value

was below 0.5 and, in case we found this number to be 4 or more, we changed the

porality for all patients with the operation (1-AUC). Accordingly, we did the same

change in the polarity for the pooled distribution.

Additionally, we used a bootstrapping approach to compute the standard deviation

of the AUC [34]. The first step in this process is called resampling and it was done by

randomly sampling with replacement from the focal and the nonfocal distributions.

Here, it is key to obtain a resampled data of the same size as the original data.

Thus, we ensured that any statistic value computed from the resampled data is

not affected by the sample size [34]. Subsequently, we computed the AUC for the

resampled data. We repeated this process 100 times and reported the AUC values

as the mean value for the 100 resamples and the standard deviation across them.

2.4.4 Materials

This section is meant to clarify the origin of all the software used at this thesis. For

the time series analysis measures, the software to compute the linear measures HC ,

HM and Dt was developed specifically for this thesis by María Montano Hernán-

dez. The software for the spectral band power was a contribution of Javier Bobeda

Fernández who is a master student of the master in computational biomedical en-
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gineering. For the computation of the nonlinear measures ε and S we made use of

the source code published in Ref. [13]. Likewise, we made use of the source code for

the generation of the surrogate signals posted online by Ref. [17].

With regard to the machine learning section of our work, we used the available

resources provided by Matlab Statistics and Machine Learning Toolbox (MATLAB

2017a). The relabeling routine was implemented by María Montano Hernández.

Finally, the module used to display the EEG signals was kindly provided by Cristina

González Martínez, a PhD student at the NTSA group.
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Results

3.1 Signal analysis results

Through this section, we show the time profiles of one patient of the cohort for each

of the twelve signal analysis measures described in section 2.2. We selected this

specific patient because it represented clearer the modulations across time and brain

areas that we wanted to capture with our analysis. This patient was diagnosed with

temporal lobe epilepsy (TLE) syndrome and after the seizure remained seizure-free

(Engel I) during the follow-up of 3 years.

In figures 13 to 22 we present the resulting time profiles for the different signal

analysis measures which share common patterns among them. Firstly, we can ob-

serve a clear modulation across time with a completely different pattern during and

after the seizure. Nevertheless, these changes occur with some delay with regard

to the seizure onset which is consistent across measures. This phenomenon reflects

the electrical activity we observe at the EEG recordings and shows the delay that

exists between the first signs of ictal activity in the seizure onset time, which can

be minor and can take some time until widespread ictal activity is detected and

reflected in the measures. Secondly, we observe a homogeneous scenario when it

comes to spatial patterns in the postictal period. Here, we can relate also with the

electrical behaviour observed in the EEG recordings which is characterised by slow

waves and often called postictal slowing.

37
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The first profile shown corresponds to the δ power for one seizure (Figure 13) . In

the preictal period, we observe a predominance of δ activity in the focal area. These

findings agree with early works which report an increase in slow activity in the focal

hemisphere [9]. Additionally, we observe a drop in δ activity during the seizure but

with some delay. Lastly, after the seizure, we find a generalised increase in delta

which reflects the postictal slowing and also correlates with our observations at the

EEG recordings.

Figure 13: Time profile of δ activity. Each row represents the temporal evolution of δ
for one electrode contact. Labels in the y axis represent the electrode names and horizontal
blue lines separate them. Vertical lines mark the beginning and the end of the epileptic
seizure. The asterisks symbolize the resected brain areas during the resective epilepsy
surgery.

In the subsequent figures we show spectral power frequency ϑ, α, β and γ (Figures

14 to 17). As expected due to our previous findings in δ, we observe that ϑ, α,

β and γ are more prominent in the nonfocal area than in the focal one. Moreover,

the amount of activity contained in each frequency band decreases as we increase

frequencies. Nevertheless, although not been the most prominent activity in EEG,

these frequencies and even higher ones (80Hz-500Hz) are nowadays studied since

they have proven to be important in the localisation of the focal area [23]. Con-

cretely, during the preictal period, we can observe regions which show an increase

at DER electrode β and are related to epileptiform activity in the EEG recordings



3.1. Signal analysis results 39

(Figure 16). Finally, we want to note the increase in these frequency bands activ-

ity during the middle part of the seizure which corresponds with a high-frequency

epileptiform activity region.

Figure 14: Time profile of θ activity.Same as figure 13, but here for the θ activity.

Figure 15: Time profile of α activity. Same as figure 13, but here for the α activity.
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Figure 16: Time profile of β activity. Same as figure 13, but here for the β activity.

Figure 17: Time profile of γ activity. Same as figure 13, but here for the γ activity.

Figure 18 shows the time profile of the linear measure Dt. In the preictal fragment,

we detect a clear modulation of this measure regarding the brain areas. In the

focal area, we can see a tendency to have higher values of the Dt. This pattern

is broken once we reach the seizure and once again we can clearly detect the end

of the seizure due to an abrupt change in the behaviour of the measure. In the

postictal period, we can mainly observe high values of the Dt in all brain areas. As
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expected, these observations highly correlate with δ activity. This happens because

the predominance of low frequencies makes the autocorrelation function decay slower

and consequently we observe higher values of Dt.

Figure 18: Time profile of Dt. Same as figure 13, but here for Dt.

In figures 19 and 20 we present the time profile for HM and HC . The behaviour

correlates well with our findings with other measures. The focal area is characterised

by a decrease in HM and HC as expected due to the slow activity we observe in the

focal area. However, the HC has a less homogeneous pattern throughout time and

shows windows with sudden increases. During the seizure, we can observe an increase

in HM at some brain areas and after the seizure, again a decrease in HM and HC

occurs.
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Figure 19: Time profile of HM . Same as figure 13, but here for HM .

Figure 20: Time profile of HC.Same as figure 13, but here for HC .

In figure 21, we can observe the time profile for the nonlinear measure ε for one

seizure. During the preictal state, we can clearly appreciate a more predictable

behaviour in the focal area. However, it is true that surrounding contacts of the

electrodes placed in the focal area, also show a high predictability. Thus, it is

reasonable to think that ε is sensitive to the localisation of the focal area but not

specific to it. Moving forward in time, we can already observe a slight decrease in
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the predictability before the seizure onset at t = 148s. Predictability rises again

from 208s to 224s where the seizure is affecting mainly the focal area. Nevertheless,

once the seizure has completely spread predictability drops again until the end of

the seizure marked with the second vertical line. Finally, from the profile of ε we

can detect the end of the seizure accurately giving rise to a completely new pattern.

Through this last period, we can detect the effect of the postictal slowing present in

all electrodes and characterised by a highly predictable signal.

Figure 21: Time profile of ε. Same as figure 13, but here for ε.

In figure 22, we show the time profile of the nonlinear measure S. As expected, since

both measures are indicators of the predictability of the signal, we perceive a high

correlation between them. We want to remind that the polarity of predictability of

S and ε is opposed.
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Figure 22: Time profile of S. Same as figure 13, but here for S.

Finally, in figures 23 and 24 we present the time profile for the surrogate correction

of the two nonlinear measures ε and S. We observe some modulation across brain

areas although not being as clear as in the raw ε and S due to the small differences

between the signal and the surrogate signal in most of the cases. Nevertheless, after

a closer look, one can identify higher values for the surrogate corrected measures in

the focal area before and after the seizure more specifically than in figures 22 and

21.
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Figure 23: Time profile of SurC ε Same as figure 13, but here for SurC ε.

Figure 24: Time profile of SurC S. Same as figure 13, but here for SurC S.

3.2 Performance of signal analysis results in lo-

calization of the focal area

In section 3.1, we showed a detailed analysis of the time profile of all time series

analysis measures of one patient. Nonetheless, not all seizures have a time and
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spatial profile as clear as the one shown. To further analyse how each of the 12

measures represents the focal and the nonfocal area, we computed the mean value

for the focal and the nonfocal signals before, during and after the seizure. To further

evaluate the statistical significance of the asymmetry with regard to the focal and

the nonfocal area, we used a binomial test and we report this values in table 2. In

section 2.3 we already explained in detail this procedure.

From this table we extract three representative examples: SurC S as a statistical

significant measure (Figure 25 A), Dt as poor performer measure (Figure 25 C) and

δ as an intermediate one (Figure 25 B) for the preictal period. The asymmetry with

regard to the focal and the nonfocal area is exhibited in the three examples although

only SurC S shows enough consistency across patients and seizures for this selection

of measures. In addition, it is evident, even for SurC S, the high inter-patient and

inter-seizure variability.

Figure 25: Mean values of three exemplary measures in the focal and non focal
area for the preictal period. A) Mean values for the focal (blue) and the nonfocal
(yellow) area. The notation of the x label PatXSzX stands for Patient X seizure X. B)
Same as A, but for δ. C) Same as A, but for SurC S.

In this thesis, we further explore to which extent our 12 signal analysis measures

can capture some kind of asymmetry between the focal and the nonfocal area during

the seizure and after the seizure. We want to note that these periods have not been

as studied as the preictal period for most of the measures here used. In the ictal
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period, we find that the nonlinear measure S shows statistical significance while its

surrogate corrected version did not. This is in disagreement with previous work that

emphasised the importance to focus on nonlinearity by using surrogate corrected

measures [14, 13, 17, 35]. However, these studies discarded any data recorded in the

peri-ictal period as well as fragments which contained artifacts.

In the postictal period, we also find an interesting pattern regarding the nonlinear

measures SurC ε and SurC S (Figure 26). Although they both are nonlinear mea-

sures of the predictability of a signal, we find that the results obtained for SurC ε

and SurC S completely differ for some of the patients. These findings enhance the

work reported in Ref. [13] where these two measures were compared.

Figure 26: Mean values of SurC ε and SurC S in the focal and non focal area
for the postictal period. A) Sames as figure 25 A, but here for SurC S. B) Same as
figure 25 A, but here for SurC ε.
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Table 2: p-values for all measures. Summary of the p-values before, during and after
the seizure for all the signal analysis measures included in the thesis. We highlight in bold
the p-value of the measures that show statistical significance.

Measure preictal ictal postictal
δ 0.06 0.25 0.06
θ 0.12 0.03 0.10
α 0.12 0.01 0.001
β 0.01 0.06 0.13
γ 0.22 0.50 0.35

HM 0.12 0.12 0.50
HC 0.01 0.35 0.50
Dt 0.35 0.35 0.22
ε 0.12 0.12 0.15
S 0.06 0.01 0.35

SurC ε 0.06 0.12 0.03
SurC S 0.01 0.12 0.22

Finally, we unexpectedly find statistical significance for some measures that are not

commonly used for focal area localisation. These findings could be caused by the

fact that in our data we have more seizures for some of the patients than for others

and thus are over-represented.

3.3 Evaluation of signal analysis measures as clas-

sifiers

As mentioned before, we want to determine the relevance of the different signal

analysis measures when differentiating between focal and nonfocal areas of the

brain. Moreover, in section 3.2 we observed a high inter-patient variability which

we will analyse further throughout this section. A more extended explanation of the

methodology used in this section is explained in section 2.4.3.

From table 3 to 8, we show the AUC for the focal and nonfocal signals distributions

patient-wise while in table 9 we show the AUC for the pooled distribution. The

AUC values for the patient-wise case show a maximum standard deviation of ± 0.07

whereas the pooled distributions show a maximum standard deviation of ± 0.02.

Clearly, the performance of all signal analysis measures is significantly reduced when

we try to find a general rule to classify the focal and the nonfocal signals. To further
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explain this observation, we examined the AUC results for each individual patient.

From this analysis, we observe that when δ activity and consequently the Dt, given

its high correlation with δ, show a good performance in the classification task,

surrogate corrected measures do not perform well and are in fact outperformed by the

raw nonlinear measures. In such cases, it seems clear that focusing on nonlinearity

does not help in the localisation of the focal area for our group of patients (pattern

A). This pattern is observed in the preictal period in patients 4 and 7 (Tables 4 and

5). We additionally find the opposed case where we observe a poor performance

by δ and the Dt and consequently the surrogate corrected measures do improve the

characterization of the focal area as compared to the raw nonlinear measures for

which the performance is rather poor (pattern B). This pattern can be observed in

patients 2 and 15 (Tables 3 and 7).

This pattern was not followed by patient 13 which shows a better performance to

characterise the focal area in the postictal period than in the preictal period. In

addition, patient 16 is an extremely untypical patient which shows good performance

for almost all signal analysis measures in the preictal period. We discarded the

possibility of an artifact contaminating the focal signals and causing that extremely

good performance by visual inspection of the EEG recordings of patient 16.

To better illustrate these findings, we show the focal and nonfocal signals distribu-

tions for patient 2 (pattern B), patient 4 (pattern A) and patient 13 (no pattern)

before the seizure and for four exemplary measures (Figures 27 to 29).

Finally, in figure 30 we show the focal and nonfocal distributions of patient 16 for

the SurC ε and the SurC S in the postictal period. Here, as we already observed in

section 3.2, we can detect clearly the different behaviour that show these two mea-

sures between them although both being a nonlinear measure of the predictability.

We also detect this pattern in patient 2 and in patient 4.
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Table 3: AUC for patient 2. Summary of the patient 2 AUC values before, during and
after the seizure for all the signal analysis measures.

Measure AUC preictal AUC ictal AUC postictal
δ 0.34 0.62 0.46
θ 0.31 0.41 0.42
α 0.45 0.72 0.54
β 0.35 0.52 0.53
γ 0.68 0.68 0.57

HM 0.31 0.64 0.53
HC 0.41 0.59 0.53
Dt 0.34 0.60 0.33
ε 0.43 0.75 0.40
S 0.60 0.76 0.55

SurCε 0.75 0.70 0.59
SurC S 0.87 0.75 0.79

Table 4: AUC for patient 4. Sames as table 3, but for patient 4

Measure AUC preictal AUC ictal AUC postictal
δ 0.75 0.62 0.58
θ 0.70 0.42 0.63
α 0.82 0.67 0.51
β 0.65 0.33 0.52
γ 0.52 0.58 0.51

HM 0.56 0.46 0.51
HC 0.54 0.52 0.52
Dt 0.73 0.68 0.60
ε 0.78 0.68 0.68
S 0.79 0.70 0.59

SurCε 0.51 0.39 0.63
SurC S 0.63 0.43 0.56
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Table 5: AUC for patient 7. Sames as table 3, but for patient 7.

Measure AUC preictal AUC ictal AUC postictal
δ 0.77 0.63 0.77
θ 0.56 0.47 0.65
α 0.84 0.72 0.80
β 0.70 0.51 0.29
γ 0.33 0.31 0.31

HM 0.69 0.31 0.26
HC 0.69 0.26 0.29
Dt 0.80 0.67 0.78
ε 0.72 0.67 0.70
S 0.73 0.70 0.72

SurCε 0.53 0.62 0.59
SurC S 0.51 0.66 0.43

Table 6: AUC for patient 13. Sames as table 3, but for patient 13.

Measure AUC preictal AUC ictal AUC postictal
δ 0.58 0.16 0.66
θ 0.69 0.67 0.89
α 0.27 0.11 0.79
β 0.44 0.85 0.53
γ 0.63 0.72 0.72

HM 0.40 0.76 0.71
HC 0.43 0.62 0.72
Dt 0.60 0.35 0.90
ε 0.35 0.37 0.72
S 0.36 0.41 0.79

SurCε 0.51 0.85 0.85
SurC S 0.32 0.85 0.23
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Table 7: AUC for patient 15. Sames as table 3, but for patient 15.

Measure AUC preictal AUC ictal AUC postictal
δ 0.29 0.41 0.29
θ 0.22 0.76 0.30
α 0.38 0.60 0.34
β 0.51 0.36 0.73
γ 0.56 0.53 0.86

HM 0.44 0.63 0.82
HC 0.49 0.69 0.75
Dt 0.22 0.39 0.37
ε 0.33 0.36 0.31
S 0.41 0.36 0.30

SurCε 0.61 0.57 0.46
SurC S 0.69 0.56 0.66

Table 8: AUC for patient 16. Sames as table 3, but for patient 16.

Measure AUC preictal AUC ictal AUC postictal
δ 0.91 0.17 0.58
θ 0.93 0.79 0.66
α 0.92 0.18 0.54
β 0.84 0.79 0.49
γ 0.16 0.61 0.50

HM 0.87 0.65 0.56
HC 0.85 0.39 0.50
Dt 0.88 0.32 0.61
ε 0.93 0.63 0.56
S 0.93 0.74 0.64

SurCε 0.92 0.83 0.68
SurC S 0.88 0.93 0.81
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Table 9: AUC for all patients. Sames as table 3, but for all patients. In general AUC
did not show values significatly higher than chance level (0.5) reflecting the difficult task
of epileptic focus localization.

Measure AUC preictal AUC ictal AUC postictal
δ 0.65 0.44 0.58
θ 0.53 0.65 0.62
α 0.63 0.44 0.58
β 0.61 0.53 0.47
γ 0.44 0.54 0.50

HM 0.40 0.54 0.48
HC 0.42 0.51 0.51
Dt 0.62 0.52 0.63
ε 0.64 0.40 0.56
S 0.66 0.61 0.59

SurCε 0.60 0.69 0.68
SurC S 0.65 0.69 0.57

Figure 27: Exemplary probability distributions of patient 2 for the focal and the
nonfocal signals before the seizure. A) Probability distribution for the focal (blue)
and nonfocal (orange) of δ. B) Probability distribution for the focal (blue) and nonfocal
(orange) of Dt. C) Probability distribution for the focal (blue) and nonfocal (orange) of
S. D) Probability distribution for the focal (blue) and nonfocal (orange) of SurC S.
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Figure 28: Exemplary probability distributions of patient 4 for the focal and the
nonfocal signals before the seizure. Same as figure 27, but here for patient 4.

Figure 29: Exemplary probability distributions of patient 13 for the focal and
the nonfocal signals before the seizure. Same as figure 27, but here for patient 13.
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Figure 30: Surrogate corrected probability distributions of patient 16 for the
focal and the nonfocal signals after the seizure. A) Probability distribution for
the focal (blue) and nonfocal (orange) of SurC ε. B) Probability distribution for the focal
(blue) and nonfocal (orange) of SurC S.

3.4 Clustering profiles

After analysing how the different signal analysis measures characterise the focal area

and how well these measures can distinguish between the focal and the nonfocal sig-

nals, we observed a high inter-patient variability and we described different patterns

within our group of patients. In this section, we aim to summarise the information

provided by the different signal analysis measures in labels represented by colours

that distinguish between different behaviours of the signals represented by our mea-

sures. Therefore, we used a clustering algorithm (k-means) to generate this labels

window by window and patient-wise. Although this was based on a well-founded

hypothesis, we did not find extremely meaningful results and here we just show the

results for patient 2, patient 13, patient 15 and patient 16 for which we could extract

some kind of pattern.

In figure 31, we observe the clustering profile for the first seizure of patient 2. In

the first place, we can observe a clear modulation of the clusters across time. The

seizure, as we already observed for the raw signal analysis measures, is reflected with

some delay and is characterised by the formation of more clusters. While after the

seizure we mainly observe a predominant cluster, before the seizure, we can only

observe two clusters which delineate the focal area surprisingly well. Additionally,

we can clearly observe a maintained label for the TPL and DEL resected channels,

marked by asterisks, during the preictal period and, despite finding some spurious

invasions to the focal cluster, we can conclude that there exists a more uniform



56 Chapter 3. Results

pattern for the TPL and DEL resected channels. However, our method is not able

to detect TBL channels as being located near to the focal area.

Figure 31: Clustering profiles of the first seizure of patient 2. The different colours
of the figure represents the label associated with each channel along time. Each section
separated by horizontal white lines represent the different contacts of an electrode channel
named in the labels of the y axis. Vertical lines mark the beginning and the end of the
epileptic seizure. The asterisks symbolize the resected brain areas during the resective
epilepsy surgery.

In figure 32, we observe a behaviour that differs from the one shown in figure 31.

Before the seizure, we do not find a good delineation of the focal area whereas during

the seizure the focal area belongs to the dark blue cluster. We find, as before, a

tendency to detect as the focal area a more extensive area than the one delimited

by the clinicians. After the seizure, we find a tendency of all brain areas to belong

to the same cluster.
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Figure 32: Clustering profiles of the first seizure of patient 13. Same as 31, but
here for patient 13.

Finally, in figures 33 and 34 we show the clustering time profiles for patient 15 and

patient 16 respectively. These two patients show great differences between them. In

patient 15, we cannot observe the characterization of the focal area by the clustering.

Instead of that, before the seizure, we observe that electrodes TPL, TLBAL, TER

and TEL (temporal lobe electrodes) tend to belong to the dark blue cluster while

FZTL, FPL, and ForbL electrodes (frontal lobe electrodes) tend to belong to the

light blue cluster. This means we are just separating the electrical activity into the

two brain lobes recorded. On the other hand, patient 16 constitutes an untypical

example where the patterns formed by the clusters are extremely well delimited.

As in previous examples, the clustering tends to group in the focal cluster a more

extensive area than it should. For this patient, the seizure is also detectable with

some delay by an increase in the number of clusters. After the seizure, in figure 34

as well as in figure 33, we observe a tendency to form a single cluster.
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Figure 33: Clustering profiles of the first seizure of patient 15. Same as 31, but
here for patient 15.

Figure 34: Clustering profiles of the first seizure of patient 16. Same as 31, but
here for patient 16.
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Discussion

We studied a total of 27 seizures from 6 epilepsy patients who underwent intracranial

EEG monitoring as part of the presurgical evaluation of resective epilepsy surgery.

To analyse these time continuous recordings we performed a moving window anal-

ysis of 12 univariate signal analysis measures derived from linear, nonlinear signal

analysis techniques and surrogate corrected measures. These surrogate corrected

measures were used to ensure that nonlinear signal analysis techniques detect only

nonlinear dynamics. In the first part, we inspected the capability to characterise the

epileptic focus of the individual signal analysis techniques for each of the 27 seizures.

From these results, we observed a high inter-patient and inter-seizure variability of

the mean values of the signal analysis measures. Moreover, the asymmetries pre-

sented by the surrogate corrected measures with regard to the focal and the nonfocal

area were not as significant as in previous work such as for instance in Ref. [14].

Nonetheless, it needs to be mentioned that this previous study worked with a more

homogeneous group of patients where all patients had a diagnosis of ”classical” uni-

lateral mesial temporal lobe epilepsy with signs of hippocampal sclerosis in the MRI.

Moreover, the electrode’s implantation scheme was completely symmetric and the

same for all patients in the study. In this sense our data set is much richer since the

implantation schemes, the MRI lesion findings and the epilepsy syndrome was not

the same for all patients. However, that does the task of distinguishing the focal

area much more challenging. In addition, here in this thesis, we try to distinguish

the focal area with a higher spatial resolution since we had the information about

59
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the exact electrode channels that were resected during epilepsy surgery. In Ref. [14]

the distinction was done at the electrode level.

For the same reason, we also find the linear measure δ less significant than in [9]

and [14]. In fact, in Ref. [9], delta was only able to correctly localise the focal

area with regard to the brain hemisphere and used scalp EEG electrodes instead of

intracranial EEG electrodes such as in our study. Still, although not being statisti-

cally significant, we correctly localise the focal area in 18 out of 27 seizures finding

more δ in the focal signals than in the nonfocal ones.

Another interesting pattern we observe from this first analysis is the behaviour of

the surrogate corrected ε as compared to the surrogate corrected S in the postictal

period. We find that although both are nonlinear measures of the predictability and

come from very similar notions, they show different results for patient 2, patient 4

and patient 16. In fact, patient 2, patient 4 and patient 16 show a more predictable

behaviour in the nonfocal area than in the focal area as measured by SurC ε while

the SurC S show that the focal area is more predictable than the nonfocal area.

These findings enhance the results obtained by Ref. [13] which already pointed out

differences in the results obtained by S and ε.

Given the high inter-patient variability we observed in our first analysis, one may

argue that these measures would not be useful to build a general decision rule for

a big cohort of epilepsy patients. Therefore, we wanted to further understand this

inter-patient variability and describe some kind of pattern for our group of patients.

With this aim, in the second part of our work, we evaluated the capability of the

12 signal analysis measures to correctly classify the focal and the nonfocal signals

in a patient-wise analysis and for a pooled analysis of all patients. This was done

by quantifying the overlap between the distributions of these measures for the focal

and the nonfocal signals. For this evaluation, we also used a bootstrap scheme to

provide the deviation of this overlap. As expected already from our previous results,

we find that the performance of our signal analysis measures to classify the focal

and the nonfocal area drops for the pooled distribution. In addition, we were able to

detect an interesting pattern for our data set. In the preictal period, we found that

when the linear measures δ activity and Dt perform well, the raw nonlinear measures
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ε and S outperformed its surrogate corrected version. On the other hand, we also

observe the opposite pattern: when δ power and the Dt show a poor performance,

surrogate corrected measures help in the characterization of the focal area. This

finding suggests that the concept of surrogates may not always be beneficial to

localise the focal area and arises the necessity to further consider the importance of

surrogates when analysing seizure-free recordings that has been emphasised before

[35, 17]. Besides, as in our previous analysis, we were able to find opposed results,

in the postictal period and for three of the patients in our cohort, for the SurC ε and

SurC S. The SurC ε distribution was less predictable for the focal signals while the

SurC S distribution was more predictable for the focal area. As stated before that

further demonstrates that ε and S are indeed different although both come from

similar notions [13].

For the whole cohort focal and nonfocal distributions’ case, we also find worse clas-

sification performance for the ε and S measures than the one reported by Ref. [13].

As an explanation to this fact, we can refer to the work by Ref. [16], which brings to

light the difference in the results obtained by quantitative EEG methodologies when

applied to the seizure onset zone and the epileptogenic zone. The epileptogenic zone

although containing the seizure onset zone, can be more extensive that the seizure

onset zone and therefore the resection of the seizure onset zone does not always

provide with seizure-free outcomes [3]. In ref. [13] focal signals were extracted

from brain areas where first epileptic activity was observed i.e. seizure onset zone,

whereas here we consider as focal signals the areas of the brain that after resection

leads to seizure-freedom i.e. epileptogenic zone. Also, as mentioned early, the cohort

here studied is very heterogeneous and therefore the task of differentiating the focal

area is much more challenging.

Finally, we wanted to use clustering algorithms to find nontrivial configurations of

the 12 signal analysis measures which could help in the delineation of the focal

area. For that, we clustered the recordings window by window leaving the number

of clusters as a free parameter with k-means algorithm. This method found good

agreement with the clinical decision for 3 of the patients analysed in this study.

Still, we observe a general tendency to detect as the focal area a broader region than
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the one that was resected. This is indeed a common issue in quantitative EEG [19].

Additionally, we did not find a trivial relationship between the increase in the number

of clusters and the raw EEG recordings. We suspect that some of these spurious

increases in the number of clusters are caused by the use of a rectangular window in

our moving window analysis. It is well known, that discontinuity problems can arise

given the assumption of periodicity when translating the signal to the frequency

domain. It can also be the case that they are reflecting some behaviour which is

not visually noticeable. Lastly, for patient 15 we found that our signal analysis

measures were not able to correctly cluster the focal area but did represent in some

way the different brain areas that the electrodes covered: the temporal lobe and

the frontal lobe. This is one of the problems of using unsupervised learning since

it can be the case that the signal analysis measures we use in this study are better

at distinguishing between two different brain areas than to distinguish between the

focal and the nonfocal area.

As future work, we envision the possibility of increasing the collection of signal

analysis measures used for the clustering. For instance in ref. [21], the authors

applied entropy measures to EEG recordings in a classification task achieving a

classification accuracy of 87%. Moreover, we restricted our analysis to univari-

ate signal analysis measures but in ref. [17] it was found that focal signals were

more nonlinear-dependent. Therefore, bivariate and even multivariate signal analy-

sis measures could be considered. It would also be interesting to analyse the different

spatial and temporal patterns of the clustering profiles in a leave-one-out analysis

removing one of the measures and observing the remaining pattern. Ultimately,

clustering algorithms suffer from the so-called curse of dimensionality which causes

data points to distance from each other as more dimensions are added [30]. As it can

be imagined, this problem makes the performance of clustering algorithms decrease

when including new descriptors of a data point. To avoid that, a feature extraction

method such as independent component analysis or principal component analysis

could be included in the methodology workflow proposed in this thesis [30].
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