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Abstract
The use of nonlinear signal analysis measures to characterize electroencephalographic (EEG) recordings can be key for a better understanding of the underlying brain dynamics. In neurological
disorders such as epilepsy, these dynamics are altered as result of
a disturbed coordination between neuronal populations. The aim
of this thesis is to characterize the seizure-free interval of EEG
recordings from epilepsy patients by means of nonlinear signal
analysis techniques to investigate whether this type of analysis can
contribute to the localization of the seizure onset zone, the brain
region from which initial seizure discharges can be recorded. For
this purpose, we used a surrogate-corrected nonlinear predictability
score and a surrogate-corrected nonlinear interdependence measure
to analyze all-night EEG recordings from epilepsy patients implanted with hybrid depth electrodes equipped with macro contacts
and micro wires. Our results show that the combined analysis of
macro and micro EEG recordings may help to further increase the
degree to which quantitative EEG analysis can contribute to the
diagnostics in epilepsy patients.

Keywords: Epilepsy, quantitative EEG analysis, seizure onset
zone lateralization, EEG, hybrid electrodes
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Resumen
El uso de medidas de análisis no lineales de señales para caracterizar registros electroencefalográficos (EEG) puede ser clave para
una mejor comprensión de las dinámicas cerebrales subyacentes.
En trastornos neurológicos como la epilepsia, estas dinámicas están alteradas a consecuencia de una coordinación perturbada entre
poblaciones neuronales. El objetivo de esta tesis es caracterizar
el intervalo de registros de EEG libre de crisis epilépticas de pacientes con epilepsia mediante técnicas de análisis no lineales de
señales para investigar si este tipo de análisis puede contribuir a
la localización del SOZ (en inglés, Seizure onset zone), la región
del cerebro donde se pueden registrar las descargas iniciales de las
crisis epilépticas. Con este propósito, utilizamos una puntuación
de predictibilidad no lineal corregida por sustitutos y una medida
de interdependencia no lineal corregida por sustitutos para analizar registros EEG de pacientes con epilepsia grabados durante
noches completas implantados con electrodos híbridos equipados
con macro- y microcontactos. Nuestros resultados demuestran que
el análisis combinado de macro- y micro-registros de EEG puede
ayudar a aumentar el grado en el que el análisis cuantitativo de
EEG puede contribuir al diagnóstico de pacientes con epilepsia.

Palabras claves: Epilepsia, análisis cuantitativo de EEG, lateralización de la zona de inicio de crisis, EEG, electrodos híbridos.
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Resum
L’ús de mesures d’anàlisi de senyals no lineals per la caracterització de registres encefalogràfics (EEG) pot ser clau per una
millor comprensió de les dinàmiques cerebrals subjacents. En
trastorns neurològics com l’epilèpsia, aquestes dinàmiques estan
alterades a conseqüència d’una coordinació pertorbada entre poblacions neuronals. L’objectiu d’aquesta tesi doctoral és caracteritzar
l’interval de registres EEG lliures de crisis epilèptiques en pacients
amb epilèpsia mitjançant tècniques d’anàlisi de senyals no lineals, per tal d’investigar si aquest tipus d’anàlisi pot contribuir
a la localització de la SOZ (en anglès, Seizure onset zone), la
regió del cervell on es poden registrar les primeres descàrregues
de la crisi. Amb aquesta finalitat, utilitzem una puntuació de previsibilitat no lineal corregida mitjançant substituts i una mesura
d’inter-dependència no lineal corregida per substituts per analitzar
registres EEG de pacients amb epilèpsia. Aquests han sigut enregistrats durant nits completes amb elèctrodes híbrids equipats
amb macro-i microcontactes. Els resultats obtinguts demostren que
l’anàlisi combinat de macro-i micro-registres en l’EEG pot ajudar a
augmentar el grau de contribució de l’anàlisi quantitatiu de l’EEG
dins el diagnòstic de pacients amb epilèpsia.

Paraules claus: Epilèpsia, anàlisi quantitatiu d’EEG, lateralització de la zona d’inici de crisi, EEG, elèctrodes híbrids.
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CHAPTER 1

Introduction

The characterization of signals derived from complex dynamical
systems by means of signal analysis techniques can help us to
better understand the complex dynamical processes in real-world
systems. In the last decades, different signal analysis techniques
have been widely applied in disciplines such as physiology [1–3].
Physiological activity and coordination between cells and tissues
cannot be measured directly, however they can be quantified by
applying signal analysis methods to physiological signals. These
signals change under different physiological and pathophysiological conditions [1, 4], therefore the application of signal analysis
techniques to physiological signals can provide us an advanced
characterization of many dynamics derived from complex physiological and pathological processes. The analysis of biomedical
signals such as the electrocardiogram (ECG), can reveal aspects of
the cardiovascular system and can be used to detect diabetes [5],
1

hypertension [6], and a pool of different cardiovascular pathologies
[7, 8]. On the other hand, the extraction of features from electroencephalographic (EEG) signals can be key for a better understanding
of the underlying brain dynamics in a wide range of pathological
brain states such as schizophrenia [9], autism [10], Parkinson’s
[11], or Alzheimer’s disease [12]. Particularly in epilepsy these
dynamics are altered as result of a disturbed coordination between
neuronal populations [13, 14]. The most prominent and distinctive
manifestation of this event are unprovoked epileptic seizures [15,
16]. Unprovoked seizures can lead to brain damage, permanent
impairment, or even death. For epilepsy patients that do not become seizure free on adequate drug treatment, epilepsy surgery
can be a treatment option. This surgery aims at the removal or
disconnection of the so-called seizure onset zone [17], the brain
area where initial seizure discharges can be recorded [18]. In the
majority of cases, non-invasive diagnostics including surface EEG
monitoring, imaging techniques, or neuropsychological tests are
sufficient to identify the SOZ. However, for some patients the SOZ
can be located in deep brain structures, such as the amygdala or the
hippocampus. Thus, the identification cannot achieved by means
of non-invasive diagnostics. Considering this scenario, invasive
seizure monitoring using intracranially implanted electrodes can be
indicated to unequivocally delineate the SOZ. The intracranial EEG
recordings derived from this invasive diagnostics provide unique
insights into the complex human brain. In consequence, signal
analysis measures are applied to these EEG recordings with different aims. These include seizure prediction and reliable localization
of the SOZ among others. Although seizure prediction is still far
from being achieved [19–21], these signal analysis techniques have
proven to be promising regarding the delineation of the SOZ [3, 22–
75]. In particular, different studies showed that the characterization
of the seizure-free interval of EEG recordings, often referred to as
2

interictal interval, can reveal aspects of brain dynamics without the
need to wait for seizures to occur [36–45, 47–50, 53–75]. Such
analysis can therefore help to reduce the invasive monitoring time
and minimize the patients’ risk. Different approaches have been
applied to seizure-free EEG recordings in order to localize the SOZ
[36–45, 47, 49–51, 53, 54, 56, 58–75] or to predict the surgical
outcome for individual patients [48, 49, 52, 55, 57].
One way to classify these approaches is with regard to the signal
features they are sensitive to. Linear signal analysis measures are
most suited to extract characteristics of linear dynamics, systems
in which cause and effect are proportional. Measures derived from
linear signal analysis such as spectral analysis [36–41, 68], linear
cross correlation [42, 43, 47, 64], Pearson’s cross correlation [47,
48], Spearman rank correlation coefficient [57], autocorrelation decay time [68], linear coherence [44, 45], or Granger Causality [49,
50, 53] have been used for the characterization of the seizure-free
interval of EEG recordings. Although linear signal analysis allows
the quantification of the linear properties of the signals, they are
not sensitive to certain properties of nonlinear dynamics. There
are evidences that the epileptic process is associated with strong
nonlinear deterministic structures in EEG recordings [22, 24, 61,
67, 69, 76]. Therefore, nonlinear signal analysis techniques are
needed to capture these nonlinear features, which may add relevant diagnostic information. In this context, many nonlinear signal
analysis measures have been applied to EEG recordings to extract
information about epilepsy dynamics that could not otherwise be
obtained using linear analysis [2, 77, 78]. Nonlinear signal analysis
such as nonlinear correlation [54–56], Hilbert phase synchronization [42, 43, 47, 58, 59], event phase synchronization [60], mutual
information [47], nonlinear interdependence measures [43, 61, 63,
64, 79], transfer entropy [65], symbolic transfer entropy [66], synchronization likelihood [75], nonlinear measures of predictability
3

[61, 67–69, 76], nonstationarity [61], correlation sum [70], or effective correlation dimension [71–74, 76, 80] have been applied.
Even though nonlinear techniques are sensitive to characteristics of
nonlinear dynamics, they usually lack specificity since they are also
influenced by linear properties. This lack of specificity towards
nonlinear features can be overcome by the concept of surrogates
[81, 82]. Surrogates are generated from a constrained randomization of the original signals. Only certain properties of the original
signals are preserved. Accordingly, surrogates are designed to test a
specified null hypothesis about the dynamics underlying the signals.
The surrogate corrected measures are therefore expected to be more
specific for properties of nonlinear dynamics [64, 68]. If nonlinear
signal analysis measures are corrected with surrogates with identical linear properties to analyze seizure-free EEG recordings [61,
64, 67–70, 72] or epileptic seizure activity [26, 83, 84] there is
converging evidence that increased nonlinear deterministic features
are found from EEG recorded from the SOZ, in comparison to
linear stochastic neuronal dynamics found for electrical activity
of the brain recorded outside the SOZ. Accordingly, an analysis
of intracranial EEG recordings with nonlinear surrogate corrected
measures can contribute to the localization of the SOZ.
Since Hans Berger performed in 1929 the first human scalp
EEG recording [85], neuro- and electrophysiology have continuously evolved. In 1935 Otfried Foerster reported the first electrocorticogram [86] and approximately 20 years later the intracranial
electroencephalography was introduced by Jean Talairach and Jean
Bancaud in France [87, 88]. Nowadays, the intracranial EEG electrodes develop toward smaller and more closely spaced contacts
that allow to record the local field potentials and the spiking activity
from groups of neurons and single neurons using either macro- or
micro electrodes [89]. Intracranial electrophysiological measurements in epilepsy patients can provide access to the activity of
4

single neurons [89–92]. Currently, the so-called Utah arrays [58,
93–101], and micro-wires integrated into intracranial hybrid depth
EEG electrodes can record neural activity at this micro-scale. These
hybrid depth electrodes are equipped with conventional macro contacts and micro wires protruding along the electrode shaft or from
the shaft tip [94, 102–121]. Thereby, hybrid depth electrodes record
electrical activity of the brain at two different spatial scales. Typically, micro-electrodes and micro-wires are used to study the low
[58, 94, 96–99, 101–104] and the high-frequency component [100,
104–111] of the local field potentials (LFP), and single unit activity
of neurons [93–96, 99, 101, 102, 104, 112–121]. Worrel et al. were
the first to compare the suitability of macro-electrodes and microwires recording high frequency oscillations (HFOs) in interictal
EEG recorded during slow-wave sleep with hybrid depth electrodes.
The study concluded that HFOs were better recorded with microwires [105]. Other studies showed that macro-electrodes provide
only minimal advantages over micro-wires to record events in the
low range of HFOs [110, 111], whereas micro-wires are more reliable to record HFOs in higher frequency ranges [111]. Regarding
seizure activity, different studies observed that it was detectable on
isolated micro wires before it was observed in macro electrodes
[103, 104, 122, 123]. Despite the potential importance of quantitative analysis of EEG recordings performed at different spatial
scales, a characterization of the low-frequency component of LFP
during the seizure-free interval of EEG simultaneously recorded
with macro contacts and micro wires is still missing.
We know from previous studies based exclusively on classical
intracranial EEG macro contacts, that the characterization of the
seizure-free interval by means of quantitative EEG analysis can
reveal characteristics of the brain dynamics that can contribute to
the localization of the SOZ [36–45, 47, 49–51, 53, 54, 56, 58–75].
Therefore, the question that arises at this point is whether these
5

findings carry over to EEG recordings from micro wires. And if
so, to which degree do these micro wire EEG recordings contribute
to the lateralization of the SOZ. To address these questions and
based on the results of previous studies of our group [64, 68], we
analyzed long-term EEG recordings performed with hybrid depth
electrodes equipped with conventional macro contacts and micro
wires by means of surrogate corrected nonlinear signal analysis
techniques. These intracranial EEG were recorded from patients
suffering from pharmacoresistant epilepsy that underwent invasive
epilepsy diagnostics in the Department of Epileptology at the University of Bonn (Germany). The EEG recordings were performed
during nights for which a polysomnography was used to classify
the different stages of the sleep-wake cycle and during which the
patients had no seizures (chapter 2). Thereby, in addition to the
dependence of our results on the spatial scale (macro contacts and
micro wires), we want to further investigate if the different stages
of the sleep-wake cycle play any role with regard to the lateralization of the SOZ. In chapter 3, we described the first application
of nonlinear signal analysis to such type of EEG recordings [124].
We applied a univariate surrogate corrected approach to assess the
nonrandomness in single channel EEG recordings. Considering
the results obtained for the study described on chapter 3 [124],
we extended our analysis by quantifying the interaction strength
between different brain locations (chapter 4). To do so, we used
a bivariate surrogate corrected approach to characterize the same
data that we analyzed with the univariate approach (See chapter 2).
Would the features of brain dynamics extracted by these methods
at different spatiotemporal scales contribute to the lateralization of
the SOZ?
Finally, in chapter 5 we present a public domain database. This
database consists of multichannel EEG signals selected from the
EEG recordings described in chapter 2 and analyzed in chapters 3
6

and 4. It constitutes the first freely available database containing
macro contact and micro wire EEG recordings. We evaluated the
representativeness of this database by analysing it with the nonlinear techniques previously defined and comparing these results to
those described in chapters 3 and 4.
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CHAPTER 2

Epilepsy: Recording techniques and
clinical data

In this chapter we introduce the basic concepts about pre-surgical
evaluation of epilepsy as well as the clinical data analyzed in this
thesis.

2.1

Pre-surgical evaluation of epilepsy

Epilepsy is among the most common serious neurobiological disorders worldwide, affecting about 50 million people [125, 126]. It
is defined by the presence of unprovoked seizures, i.e. ”transient
occurrence of signs and/or symptoms due to abnormal excessive
or synchronous neuronal activity in the brain" [15, 16]. Approximately 30% of all patients suffering from epilepsy are resistant
to pharmacological treatment, they do not become seizure-free
on adequate drug therapy or side effects of this treatment are not
9

well tolerated [127]. Around 25 to 50% of pharmacoresistant
epilepsy patients suffer from focal epilepsy [128], meaning that
initial seizure discharges can be recorded from a localized region
in the brain [90]. For these patients, the surgical resection of this
brain area, the so-called seizure onset zone (SOZ), has proved to
be a possibility for cure, with seizure freedom rates ranging from
30 up to 80% of the patients undergoing resective epilepsy surgery
[18, 129, 130]. The best-case scenario of the surgery involves the
resection of the minimal quantity of brain tissue, which would
result in a complete seizure-free outcome [131]. Accordingly, the
goal of pre-surgical evaluation is to identify the SOZ as accurate
as possible to maximize the expected benefit for the patient and to
minimize the potential post-surgical neurological deficits that could
arise from this kind of intervention [131]. There is no gold-standard
method to outline the resection area, but a pool of diagnostic tests
whose combination is used for the planning of the surgery. In the
majority of cases, non-invasive seizure monitoring by means of
surface electrodes along with structural imaging, and its combination with other non-invasive tests are sufficient to identify the SOZ.
These techniques help in the delineation of the exact localization
and extension of the SOZ and prediction of postoperative possible
outcome. However, since the surface of the skull is separated from
some deep brain structures by different barriers, the seizure discharges of structures such as the medial temporal lobe, only become
visible in the surface EEG once they have advanced considerably.
Therefore, for approximately 10 to 20% of the patients invasive
seizure monitoring using intracranially implanted electrodes can
be indicated to reach a clinical decision about resectability [132,
133]. The cornerstone of EEG analysis and SOZ localization is the
visual inspection of electroencephalographic (EEG) recordings by
experts, performed during the pre-surgical evaluation of epilepsy
patients [24, 25]. First and foremost the experts inspect seizure
10

onsets. Then they look for epileptiform activity to identify the brain
area to be removed. This methodology is complex, highly time
consuming and oftentimes presents inter-rater variability about the
neuronal tissue to be resected [134]. Moreover, the trend toward
higher sampling rates and larger numbers of EEG signals [89],
results in enormous amount of EEG data, which cannot be assessed
efficiently by visual inspection alone [111]. Therefore, this visual
analysis of the EEG has been progressively complemented by quantitative signal analysis techniques. These techniques assess EEG
characteristics that are difficult or impossible to extract by visual
inspection alone. Accordingly, a joint characterization of EEG
recordings by visual inspection and quantitative signal analysis
techniques can contribute to the exact localization of the SOZ.

2.2

Electroencephalographic (EEG) recordings

We analyzed a total of 5 intracranial EEG night recordings from
3 patients suffering from pharmacoresistant unilateral temporal
lobe epilepsy (1 left, 2 right). Two night recordings from two
non-consecutive nights from patient A, two night recordings from
consecutive nights from patient B, and one night recording from
patient C. These recordings were performed in the Department
of Epileptology at the University of Bonn (Germany) as part of
the pre-surgical epilepsy diagnostics. These invasive recordings
were necessary since non-invasive diagnostics were not sufficient to
unequivocally localize the SOZ in these patients. The patients were
bilaterally implanted with intracranial hybrid electrodes (AdTech,
Racine, Wisconsin, USA). Implantation schemes were tailored to
each individual patient, and electrode locations were defined exclusively by clinical criteria. The total number of hybrid electrodes
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implanted for each patient is summarized in Table 2.1. Fig. 2.1 depicts one exemplary scheme of the implanted electrodes for patients
undergoing invasive pre-surgical evaluation diagnostics. The electrodes consisted of two types of contacts which recorded electrical
activity of the brain at two different spatial scales. Each electrode
was equipped with 8 cylindrical macro contacts and contained a
bundle of 9 micro wires radially spaced protruding approximately
4 mm from its tip (Fig. 2.2). Each bundle consisted of eight highimpedance recording electrodes and one low-impedance reference
electrode. The micro wires penetrate the tissue in a non-regular way
such that their final relative spatial position was different for every
bundle. EEG signals were amplified using a 256-channel Neuralynx
ATLAS system (Bozeman, Montana, USA). Micro-wires were additionally connected through head-stages to pre-amplify the signals.
After neurosurgical implantation, the placement of the electrodes
was verified by magnetic resonance imaging. After the pre-surgical
epilepsy diagnostics, all patients underwent epilepsy surgery. The
patients’ surgery outcome was classified according to Engel’s classification of postoperative outcome [128]. As inclusion criteria,
we considered only patients who had a favourable postoperative
outcome of Engel class 1 (free of disabling seizures) and Engel
class 2 (only rare disabling seizures). Accordingly, prior to our
analysis we had the information of which hemisphere contained the
SOZ, and we could use this information as ground truth to validate
our results under controlled conditions. Additionally, we included
only EEG signals which were recorded simultaneously with macro
electrodes and micro wires during nights in which no seizure took
place. The recordings had an average length of 13.6 hours per
recording (range: 11.5-14.4 hours) (see Table 2.1). Recordings
were performed prior to and independently from our study as part
of the epilepsy diagnostics in these patients. The results of this
study did not have any impact on clinical decisions, which were
12

made exclusively by clinical doctors. All patients had given written
informed consent that their clinical data may be used for research
purposes. The retrospective analysis of the EEG recordings was
approved by the Medical Institutional Review Board in Bonn.

Figure 2.1: Scheme of implanted electrodes from a patient undergoing invasive pre-surgical evaluation diagnostics. Each electrode was
equipped with 8 macro-contacts and 9 micro wires protruding from its
tip (micro-wires are not displayed in the scheme). Red dots indicate the
location of each hybrid depth electrode insertion. After implantation,
correct electrode placement was verified using magnetic resonance imaging. Abreviations: The first letters indicate the brain region where the
electrodes were implanted. A: amygdala, EC: entorhinal cortex, AH:
anterior hippocampus, MH: middle hippocampus, PHC: parahipocampal
cortex, and PH: posterior hippocampus. The last letters R and L refer to
the right and left hemisphere, respectively.
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Table 2.1: Summary of clinical data.

Patient Sex Age
No.
No.
SOZ
Surgery
Outcome
Length
Length
[y] Macro Micro
1st recording [h] 2nd recording [h]
A
F
47
12
12
L
Left SAH
2
11.51
14.38
B
F
39
12
12
R
Right ATL
2
13.98
14.42
F
20
10
10
R
Right SAH
1a
11.66
C
F: female; SOZ: Seizure onset zone; L: left; R: right; SAH: selective amygdalo-hippocampectomy
ATL: Anterior temporal lobectomy; Seizure outcome according to Engel classification [128].
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Figure 2.2: Hybrid depth electrode: (a) depth electrode with 8 clinical
macro contacts: metal segments across the electrode spaced through white
segments. (b) Zoom into the bundle of 9 micro wires at the tip of the
depth electrode.

2.3

Polysomnography (PSG)

An all-night polysomnography (PSG) recording was performed
along with the invasive EEG recording. The scoring of sleep stages
was done manually in 30 s epochs according to the criteria of
the American Academy of Sleep Medicine using the following
additional scalp electrodes: C3, C4, Cb1, Cb2, F3, F4, Fz, O1,
O2. In addition, electrooculogram (EOG), electromyogram (EMG)
and electrocardiogram (ECG) were evaluated. The PSG was used
to identify the intervals in which the patients were in the different stages of the sleep-wake cycle during the EEG recordings.
These stages are: wakefulness state (W), rapid eye movement sleep
(REM), light sleep (N1), and two slow-wave sleep states (N2 and
N3). The number of windows included for each stage of the sleepwake cycle per night of recording per patient (A 1st , A 2nd , B 1st ,
15

B 2nd , and C 1st ) is given in Table 2.2. An exemplary PSG for the
first night of recordings of patient A is displayed in Fig. 2.3.
Table 2.2: Number of analysed windows per stage of the sleep-wake
cycle

Patient
A
B
C

recording
1st
2nd
1st
2nd
1st

Number of windows
REM N1 N2 N3
457 187 571 222
301 314 631 284
136 274 610 142
339 419 577 335
211 166 547 322

W
807
1268
1292
975
1019

Total
2244
2798
2454
2645
2265

W
REM
N1
N2

0
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0

0

:0
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:0
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00
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21

:0

0

N3

Time

Figure 2.3: Exemplary polysomnography for the first night of
recordings of patient A.

2.4

Preprocessing EEG signals

A non-overlapping moving window of 16 s was used for the analysis of the EEG recordings. To reference macro EEG contacts we
used a bipolar montage since macro contacts are equally spaced
across the electrode. For bipolar montages, channels are defined
from the electric potential differences of neighbouring recording
16

contacts. For micro wire bundles the spatial position of individual
wires is fixed (See Fig. 2.2). We therefore applied an electrode-wise
reference. Here channels are defined by the difference between
the potential at individual wires and the mean potential across the
whole bundle. Subsequently, a fourth-order Butterworth band-pass
filter between 0.5 and 40 Hz was used. Forward and backward
filtering was applied in order to avoid phase distortion. Afterwards,
signals were downsampled from 2048 Hz to 256 Hz. In Fig. 2.4
we display exemplary signals from the beginning of the recording
from patient A while this patient was still awake. EEG signals
recorded with macro contacts are displayed in Fig. 2.4a, whereas
Fig. 2.4b shows channels obtained from micro wire recordings. Fig.
2.5 follows the same structure as Fig. 2.4, but shows exemplary
signals recorded during the N3 stage. In contrast to Fig. 2.4, in Fig.
2.5 we can see high-voltage spike-and-wave complexes, that do
not correspond to physiological activity, but are characteristic for
EEG recordings from epilepsy patients [135]. Windows containing
artifacts and channels predominantly affected by artifacts detected
by visual inspection were discarded from further analysis.

17

Figure 2.4: Exemplary 16 s window of an EEG recorded during the
wakefulness state (W) with hybrid electrodes from patient A. (Continues on the next page.)
18

Figure 2.4: The signals were recorded with macro contacts (a) and micro
wires (b). Names of the electrodes are on the vertical axes (for a further
description of electrode names see caption of Fig. 2.1). For a better
visualization, in both panels we display only 40 channels to represent the
70 and 80 available macro and micro channels, respectively. For macro
channels we selected 4 out of the 7 channels per electrode selecting every
second channel starting from the innermost one. For micro wires we select
every second channel starting from the first channel. For this display we
applied the same references and filter settings as in our analysis. For this
particular patient A, the SOZ was in the left hemisphere.

19

Figure 2.5: Exemplary 16 s window of an EEG recorded during deep
sleep (N3) with hybrid electrodes from patient A: Same as Fig 2.4, but
for N3.
20

CHAPTER 3

Nonrandomness in single channel EEG
recordings

In this chapter we closely follow our recently study [124]: Cristina
G.B. Martínez, Johannes Niediek, Florian Mormann and Ralph
G. Andrzejak. Seizure onset zone lateralization using a nonlinear
analysis of micro versus macro electroencephalographic recordings
during seizure-free stages of the sleep-wake cycle from epilepsy
patients. Frontiers in Neurology, 11, 1057 (2020).
Andrzejak et al. applied different univariate [68] and bivariate
[64] signal analysis measures to interictal EEG recordings from
epilepsy patients and compared the accuracy of linear, nonlinear,
and surrogate corrected nonlinear approaches with regard to the
localization of the SOZ. The results of the aforementioned studies
[64, 68], in close agreement to other studies on interictal EEG
periods [61, 67, 69, 70, 72, 76], showed a substantial advantage
of the surrogate corrected approaches over linear and nonlinear
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signal analysis techniques without surrogate correction regarding
the localization of the SOZ. These studies [46, 61, 64, 67–70,
72, 76], were based on classical intracranial EEG macro contacts,
and an open question is whether a lateralization of the SOZ can
also be achieved by analysing EEG recorded at the micro-scale.
To address this concern, we retrospectively analyzed long-term
EEG recordings from epilepsy patients performed with hybrid
electrodes equipped with conventional macro contacts and micro
wires (chapter 2) with a nonlinear signal analysis technique. In
this chapter 3 we describe the first application of a nonlinear signal
analysis technique to such type of EEG recordings.

3.1

3.1.1

Univariate nonlinear time series analysis measures
Nonlinear predictability score S

We used the rank-based nonlinear predictability score (S) to analyse
our data1 . S is a measure of the predictability of a system X based
on neighbouring trajectories of its dynamics [67]. Assume that
the scalar signal x was derived from the dynamical system X
and consists of the samples xi for i = 1, ..., N . The first step to
calculate S is the state space reconstruction using delay vectors
with an embedding dimension m and time delay τ [77]:

xi = (xi , xi−τ , ..., xi−(m−1)τ )
1

(3.1)

The source code used in this paper for the computation of the nonlinear
prediction score can be found at https://www.upf.edu/web/ntsa/downloads.
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so that the index i is now restricted to i = η + 1, ..., N with
the embedding window η = (m − 1)τ . In the next step, we calculate Euclidean distances between all pairs (i, j = η + 1, ..., N ) of
embedding vectors:

vi,j

v
u m
uX
= t (xi,d − xj,d )2

(3.2)

d=1

Since subsequent steps of analysis require incrementing indices
by the prediction horizon h, we have to adjust also the upper limit
of the time indices, in this case to N − h. For each reference state
xi0 (i0 = η + 1, ..., N − h) the distances vi,j are used to find the k
nearest neighbours: {j0,r }(r=1,...,k) , which are the j indices of the k
smallest entries in the set {vi0 ,j }(j=η+1,...,N −h;|i0 −j|>W ) . Temporally
close states are thereby excluded from these nearest neighbours
by means of a Theiler correction of window length W [136]. For
calculating S, we do not evaluate signal amplitudes but rather
ranks in sorted lists of amplitude differences. For this purpose, we
calculate the distances ui,j between each pair of amplitudes xi and
xj with i, j = η + 1, ..., N :

ui,j = |xi − xj |,

(3.3)

Subsequently, the distances {ui0 ,j }j=η+1,...,N ;|i0 −j|>W are sorted
from the lowest to the highest forming a list of ranks gi0 ,j0 . The
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number of differences in this set is denoted by Mi0 . For W < i0 <
N − W + 1 we have Mi0 = N − 2W − 1. Below and above this
range Mi0 increases linearly and reaches Mi0 = N − W − 1 at
i0 = 1 and i0 = N .
To test the predictability, we determine the mean rank of the
amplitude differences between xi0 +h and the different xj0,r +h for
r = 1, . . . , k,

k

1X
Ri0 =
gi +h,j +h .
k r=1 0 0,r

(3.4)

If the signal is completely predictable, Ri0 reduces to the mean
of the k lowest ranks. This lowest boundary is independent of i0 is
denoted by:

RL =

k+1
2

(3.5)

In contrast, for no predictability, gi0+h,j0,r +h are just k random
samples taken from a uniform distribution 1, . . . , Mi0 . Hence the
expected value in this case is:

RUi0 =

Mi0 + 1
2

(3.6)

Finally, the rank-based prediction score is defined as follows:
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N-h

X RUi − Ri0
1
0
S=
N − η − h i =1+η RUi0 − RL

(3.7)

0

High values of S are obtained for signals measured from predictable dynamics, with an upper bound of 1 for periodic dynamics.
In contrast, for uncorrelated stochastic signals, S has an expected
value of zero.
In order to avoid any in-sample optimization of the parameters,
we used the same parameter setting like in Ref. [67]. However, to
account for the difference of the sampling frequencies in our study
as opposed to the one in Ref. [67] we adapted those parameters that
are in units of time. Thus, we used m = 8, τ = 8 sampling times,
k = 5, h = 8 sampling times, and W = 38 sampling times.

3.1.2

Univariate surrogate signals

Signals measured from noise-free nonlinear deterministic dynamics
are predictable and therefore lead to high values of the nonlinear
predictability score S. Accordingly, S is sensitive to deterministic dynamics. On the other hand, the autocorrelation of signals
measured from linear stochastic dynamics are also a source of
predictability reflected in high S values. Therefore, while being
sensitive, S is not specific for nonlinear deterministic dynamics
[67]. This lack of specificity is not a peculiarity of the measure
S, but affects many measures from nonlinear signal analysis. This
problem can be addressed by the concept of surrogates [81, 82],
which allows us to test different null hypotheses about the dynamics
underlying some measured signal. The particular surrogates used
in this study, commonly referred to as iterative amplitude adjusted
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surrogates [81], represent the null hypothesis that ’the dynamics is a
stationary linear stochastic correlated Gaussian process recorded
with an invertible but potentially nonlinear measurement function’
[61, 67, 81]. They are generated by a constrained ramdomization
of the original signals. The constraints are such that the surrogates
have the same amplitude distribution like the original signals, and
the surrogates’ periodogram is practically indistinguishable from
the one of the original signals [81].

3.1.3

Surrogate corrected nonlinear predictability
score ψ

We generated one surrogate signal from each signal corresponding
to a window of 16 s of an individual channel. Subsequently, we
computed the nonlinear predictability score S for each signal (SO )
and its surrogate (SS ) to determine the surrogate corrected nonlinear
predictability score as:
ψ = SO − SS .

(3.8)

The quantity SS estimates the value of the nonlinear predictability
score which would be expected if the null hypothesis was true. Accordingly, for signals measured from dynamics that are consistent
with the null hypothesis we expect SO ≈ SS and therefore ψ ≈ 0.
In contrast, for nonlinear deterministic dynamics SO > SS and
ψ > 0 should hold.

3.2

Results

We first look at results for one night from one of the three patients,
patient A. The pre-surgical epilepsy diagnostics revealed that the
SOZ was located in the left medial temporal lobe. After the surgery,
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this patient had a favourable outcome (Engel 2, see Table 2.1 for
clinical details). For patient A two non-consecutive night recordings were available for analysis. For the sake of brevity, we will
refer to the hemisphere containing the SOZ and the opposite hemisphere as focal and nonfocal hemisphere, respectively.
Fig. 3.1 & 3.2 show values of the surrogate corrected nonlinear
predictability score ψ obtained from one night recording from patient A. The polysomnography is displayed in Fig. 3.1a. Values of
ψ for the macro recordings are, in general, higher for the channels
located in the focal hemisphere as compared to the ones from the
nonfocal hemisphere (Fig. 3.1b). Apart from these differences
between the hemispheres, we find spatial gradients with regard
to the extension of individual electrodes in both hemispheres. In
general, higher values of ψ are found for the innermost channels,
which are placed in the medial temporal lobe. These gradients are
particularly strong for the MHL and PHCL electrodes. In addition,
our results do not only depend on the recording location but also
on the stages of the sleep-wake cycle. In general, higher values of
ψ are found for the period in which the patient was predominantly
in non-REM sleep as compared to the first hours of the night in
which the patient was still awake. During the REM sleep stage the
values are smaller as compared to all other stages. We also obtained
some negative ψ values. These can be caused by the nonstationarity
of the underlying signals, making them less predictable than their
surrogate.
Despite that macro and micro channels record the electrical
activity of the brain at two different spatial scales, we find some
similarities between the results for both recording modalities. In
particular, we find that, in general, values of ψ for micro channels
are higher for the focal hemisphere (Fig. 3.2b). Values are particularly high for the bundle of micro wires belonging to electrodes
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AHL and PHCL. Spatial gradients with regard to the extension
of individual electrodes cannot be tested for due to the geometry
of the micro electrodes. Concerning the dependence on the sleep
stages, we again find similarities between results for the macro
and micro channels. Values of ψ are in general higher for light
(N1) and deep sleep (N2, N3) as compared to REM sleep, and
periods when the patient was awake. For this particular night, one
macro channel from the electrode ECR (Fig. 3.1) and three micro
channels (Fig.3.2), two from electrode ECL and one from electrode
AL, were excluded from the analysis as they were predominantly
affected by artifacts. Corresponding results for the remaining 4
nights are displayed in appendix A.1 in the supplementary figures
A.1 - A.8. For these nights no channels had to be discarded from
the analysis due to artifacts.
For a further evaluation of the results, we averaged each spatiotemporal profile over time and over the electrode domain. The
averages over time were taken separately for the different stages
of the sleep-wake cycle, namely, W, REM, N1, N2, and N3. Due
to the sleep-wake cycle, windows corresponding to a certain stage
are distributed into several intervals across the night. We always included all windows from all intervals, and only windows containing
transitions between these stages were not included in the averages
(See table 2.2 for the number of windows for each sleep-wake
cycle stage in all recordings). Channels predominantly affected by
artifacts and windows showing artifacts across channels were also
discarded. For each stage of the sleep-wake cycle, the averages over
the domain of electrode contacts were made in two steps. For the
macro channels we averaged for all the macro channels belonging
to the same hybrid electrode. For the micro channels, we averaged
across the 8 wires contained in the individual bundle. In the second
step, these electrode mean values were averaged across all electrodes implanted in the same hemisphere, resulting in hemisphere
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Figure 3.1: The values of ψ are higher in the focal hemisphere as
compared to the nonfocal hemisphere and sleep-modulated for patient A. (Continues on the next page).

Figure 3.1: (a) Polysomnography: Display of the different stages of the
sleep-wake cycle. (b) Color-scaled values of ψ for macro contacts. The
horizontal white line separates the results from electrodes located in the
left and right brain hemisphere. Horizontal black lines separate results
from macro channels belonging to individual intracranial electrodes. For
each electrode the inner- and outermost channel are displayed at the top
and bottom, respectively. Electrode names are displayed on the vertical
axes. Green lines correspond to windows containing artifacts detected by
visual inspection that were discarded from further analysis. One macro
channel and three micro channels were excluded from the analysis and
are not displayed in the profile because they predominantly contained
artifacts. Red and blue arrows at the bottom, indicate the window of EEG
recording displayed in Fig. 2.4a.

mean values.
For a statistical evaluation of the hemisphere mean values, we
applied a two-way ANOVA to check for any statistical differences
in the results of ψ with respect to location (focal vs. nonfocal hemisphere) and stages of the sleep-wake cycle (W, REM, N1, N2 and
N3) to each individual night recording and separately for macro
electrode and micro wire recordings using a significance level of
α = 0.05. Post hoc analysis between groups was made using a
Mann-Whitney U-test with Bonferroni correction for fifty comparisons (five stages of the sleep-wake cycle times two recording
modalities times five nights), thereby adjusting the significance
level from α = 0.05 to α = 0.001. Accordingly, we consider
the outcome of the Mann-Whitney U-test as significant if the test
resulted in p < 0.001. The statistical analyses were performed
for the values of each 16 s window averaged across all channels
belonging to the same electrode separately for macro and micro
electrodes.
The averaged results from the first night of patient A are displayed in Fig. 3.3 & Fig. 3.4. In these averages, ψ was almost
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Figure 3.2: The values of ψ are higher in the focal hemisphere as
compared to the nonfocal hemisphere and sleep-modulated for patient A. (Continues on the next page).

Figure 3.2: Same as Fig. 3.1 but for micro wires. In contrast to macro
channels, for micro channels the position with regard to black solid lines
cannot indicate the spatial arrangement of the channels due to the micro
electrode geometry. Red and blue arrows at the bottom, indicate the
window of EEG recording displayed in Fig. 2.4b.

exclusively higher for the focal (left) hemisphere than for the nonfocal (right) hemisphere for macro and micro EEG recordings. For
this night, we find a significant main effect of location and sleep
stage for both macro and micro electrodes. Furthermore, there is a
significant interaction between both factors with regard to ψ (Table
A.1).
In Fig. 3.3a the electrode mean ψ values from the macro contacts from the focal hemisphere are always higher than the corresponding values for the nonfocal hemisphere. In particular, except
for N3, the MHL electrode shows the highest ψ value. The hemisphere mean values are always higher for the focal side as compared
to the nonfocal side (Fig. 3.3b).
Fig. 3.4 shows the results for the micro wires. Overall, these
results show strong analogies to the findings we obtained for the
macro electrodes. With the only exception of electrodes AL and
AR for N3, we find that the electrode mean ψ values are higher for
the focal hemisphere across all stages of the sleep-wake cycle. This
difference is particularly pronounced for the electrode pairs AH
and PHC (Fig. 3.4a). Higher hemisphere mean ψ values are found
for all sleep stages in the focal side as compared to the contralateral
side (Fig. 3.4b). For the micro electrodes we find that ψ values are
negative not only for individual windows (see again Fig. 3.2) but
also for the electrode or even hemisphere mean values.
Results for a second night of patient A are shown in Fig. 3.5 &
Fig. 3.6. For this second night we obtain the same main findings
with only some exceptions. Again we find a significant effect of
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Figure 3.3: For patient A, on average ψ was higher for the focal (left)
hemisphere than for the nonfocal (right) hemisphere for macro EEG
recordings.: (a) Electrode mean ψ values in dependence on electrode,
sleep stage and hemisphere. Below each pair of bars, the label indicates
the brain region, and the left and right bar show results for the focal and
nonfocal hemisphere, respectively. Error bars show the standard error of
the mean. (b) Hemisphere mean ψ values in dependence on electrode,
sleep stage and hemisphere. The ? indicates p < 0.001.
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Figure 3.4: For patient A, on average ψ was higher for the focal (left)
hemisphere than for the nonfocal (right) hemisphere for micro EEG
recordings.: Same as Fig. 3.3 but for micro wires.
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location, sleep stage and its interaction on ψ for macro and micro
electrode recordings (Table A.1). However, for macro recordings,
the electrode MHL is no longer outstanding. Furthermore, for REM
and N3 this electrode shows lower values in the focal as compared
to the nonfocal hemisphere (Fig. 3.5a). Nonetheless, once averaged
to the hemisphere mean values, ψ is significantly higher in all sleep
stages for the focal hemisphere (Fig. 3.5b). Regarding micro wires,
results for electrode AHL continue to be the highest except for the
wakefulness state, where instead electrode ECL shows the highest
value of ψ (Fig. 3.6a). In contrast, the electrode PHC no longer
stands out from the rest. Concerning hemisphere mean values for
micro electrodes, values are always higher in the focal hemisphere
as compared to those of the opposite hemisphere (Fig. 3.6b). As a
whole, Figs. 3.3, 3.4, 3.5 & 3.6 reveal an across-night consistency
of the ψ value for the two nights of patient A.

35

a

Macro electrode mean values

0.14

Focal hemisphere (Left)
Nonfocal hemisphere (Right)

0.12
0.1
0.08
0.06
0.04
0.02
0

AH A

EC MHPHC

AH A

EC MHPHC

AH A

EC MHPHC

AH A

EC MHPHC

AH A

EC MHPHC

-0.02

Macro electrode hemisphere mean values

b
0.06
0.04
0.06
0.04
0.02
0
0

*
*

*

*
*

*
*

*
*

W

REM

N1

N2

N3

W

REM

N1

N2

N3

Figure 3.5: Results for ψ for patient A are consistent across nights
for macro EEG recordings: Same as Fig. 3.3 but for the second night
of patient A.
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Figure 3.6: Results for ψ for patient A are consistent across nights
for micro EEG recordings: Same as Fig. 3.4 but for the second night of
patient A.
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For patient B, the pre-surgical epilepsy diagnostics revealed
that the SOZ was in the right temporal lobe. The outcome of the
epilepsy surgery for this patient was favourable (Engel 2, see Table
2.1 for clinical details). For this patient two recordings from two
consecutive nights were available. In analogy to the results obtained
for both nights of patient A, for the first night of patient B, we find
both a significant main effect of location, sleep stage and interaction
between both factors on ψ for macro and micro electrodes (Fig.
3.7 & Fig. 3.8) (Table A.1). In contrast to patient A, no individual
macro electrode shows outstanding values of ψ, and in general
smaller differences between focal and nonfocal mean values are
found (Fig. 3.7a-b). In fact, for W, REM sleep, N1 we find higher
values of ψ for the nonfocal hemisphere, which is contrary to
our findings from patient A. On the other hand, for N2 and N3
hemisphere mean values for the focal side are higher than for the
contralateral side which is again analogous to results for patient A.
Although these differences are not significant for N2 (p = 0.02) for
N3 this difference becomes significant (3.7b) (Table A.2). Turning
to the results of the micro wires, in the majority of the cases, we
see that higher electrode mean ψ values are found for the focal
hemisphere (Fig. 3.8a). At the level of hemisphere mean values,
significantly higher ψ values are obtained for the focal side across
all sleep stages (Fig. 3.8b). Accordingly, for the micro wires our
results for the first night of patient B are consistent with the obtained
for the two nights of patient A. Analysing a second night of patient
B (Fig. 3.9 & Fig. 3.10) we again find across-night consistency of
our results (Figs. 3.7, 3.8, 3.9 & 3.10). The only differences with
regard to the first night of patient B are the following. We do not
get a significant effect of sleep stage (p = 0.567) on ψ for macro
electrodes (Table A.1). Furthermore, while higher ψ values for the
focal hemisphere remain not significant for N2 (p = 0.083), for N3
this difference becomes also not significant (p = 0.023) (Fig. 3.9b)
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(Table A.2).
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Figure 3.7: For patient B results for macro contacts do not help us
to localize the SOZ: Same as Fig. 3.3 but for the first night of patient B.
For patient B, the SOZ was located in the right hemisphere.
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Figure 3.8: For patient B results for micro wires can help us to localize the SOZ better than the macro electrodes: Same as Fig. 3.4 but for
the first night of patient B. For patient B, the SOZ was located in the right
hemisphere.
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Figure 3.9: In analogy to patient A, results for patient B are consistent across nights for macro EEG recordings: Same as Fig. 3.3 but for
the first night of patient B. For patient B, the SOZ was located in the right
hemisphere.
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Figure 3.10: In analogy to patient A, results for patient B are consistent across nights for micro EEG recordings: Same as Fig. 3.4but for
the second night of patient B.
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Figure 3.11: For patient C results for macro electrodes can help us
to localize the SOZ: Same structure as fig. 3.3 but for patient C. For
patient C, the SOZ was located in the right hemisphere.
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Figure 3.12: For patient C results for macro electrodes can help us
to localize the SOZ better than the micro wires: Same structure as fig.
3.4 but for patient C. For patient C, the SOZ was located in the right
hemisphere.
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Pre-surgical epilepsy diagnostics for patient C showed that the
SOZ was in the right medial temporal lobe. After the epilepsy
surgery, patient C had a favorable outcome (Engel 1a, see Table
2.1 for clinical details). For this patient only a recording of one
night was available. For this recording we obtain no significant
effect of sleep stage on ψ (p = 0.144) for micro electrodes. In
contrast, in analogy to our findings for patient A and patient B,
we find a significant main effect of location, and an interaction
between location and sleep stage (Fig. 3.11 & Fig. 3.12) (Table
A.1). For the micro electrode mean values, there is a substantial
variability across stages of the sleep-wake cycle and different electrodes, and no systematic difference between focal and nonfocal
values can be discerned (Fig. 3.12a). Nevertheless, for W, N2, and
N3 the hemisphere mean values are significantly higher in the focal
hemisphere as compared to the nonfocal hemisphere (Fig. 3.12b)
(Table A.2). Concerning macro electrodes, a significant main effect
of location, sleep stage and the interaction between both factors
is found (Table A.1). In the majority, electrode mean values for
the focal hemisphere are higher as compared to the contralateral
electrodes. The exceptions are found among the results for N2 and
electrode A (Fig. 3.11a). The hemisphere mean ψ values for the
macro electrodes in the focal side are significantly higher than the
ones for the nonfocal side across all sleep stages (Fig. 3.11b). This
finding of higher values for the focal hemisphere is again in good
agreement to the findings for both nights of patient A. In order
to test for consistencies in a quantitative way across nights and
patients, more intracranial EEG night recordings would be needed.
When we pool the results across all three patients and five
nights, we have 140 comparisons between the focal and nonfocal
hemisphere on the level of electrodes (five stages of the sleep-wake
cycle times five electrodes times two nights of patient A and five
stages of the sleep-wake cycle times six electrodes times 2 and 1
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nights of patient B and C, respectively). In this study we do not
aim at a precise localization of the SOZ, but for a lateralization of
the focal hemisphere. Higher values for the electrodes in the focal
hemisphere are found in 95 and 93 comparisons for macro electrodes and micro wires, respectively. This corresponds to 67.9%
and 66.4%, respectively. This is higher than the chance level of
50%, which would be obtained by randomly selecting one of the
two hemispheres as the focal one. Under the assumption that the
different comparisons are independent, the probability of obtaining
these or even higher percentages by chance are p = 1.4 × 10−5
for macro and p = 6.3 × 10−5 for micro electrode mean values.
At the level of hemisphere mean values, we have 25 comparisons
(five stages of the sleep-wake cycle times five nights). We get 19
(76.0%) and 23 (92.0%) times higher focal values for macro electrodes and micro wires, respectively. The probabilities of obtaining
these or even higher percentages by chance are p = 7.3 × 10−3 and
p = 9.7 × 10−6 for macro and micro hemisphere mean values, respectively. In particular, for sleep stages N2 and N3 the hemisphere
mean values are always higher for the focal side for both recording
modalities.

3.3

Discussion

Our results show prominent variability with regard to the recording
modalities and across patients. For patient A, increased focal ψ
values were obtained for both macro and micro EEG recordings
across all stages of the sleep-wake cycle. For patient B, this was
found only for the micro EEG recordings. In contrast, for this
patient’s macro EEG recordings, increased nonfocal ψ values or
non-significant differences were found. For the macro EEG recordings of patient C, we found increased focal ψ values across all
stages of the sleep-wake cycle. For the micro EEG recordings this
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was found for wakefulness, N2 and N3 only. There are various
factors that can contribute to these differences in the results across
patients. These include interictal epileptiform activity [64, 137],
levels of medications [138], or proximity of the various electrodes
to the exact site of the seizure onset zone in the individual patients.
When we pooled the results across all three patients and five
nights, we found that the values of ψ were higher for the hemisphere
containing the SOZ, as compared to the contralateral hemisphere
for 95 and 93 comparisons for macro and micro electrodes out of
140, respectively. This represents a correct lateralization of the
SOZ for the 67.9% (95 of 140) of the macro electrodes and a 66.4%
(93 of 140) of the micro wires. In contrast, when we pooled at
the level of hemisphere mean values, the accuracy regarding the
lateralization of the SOZ using micro wire recordings (92.0%) (23
of 25) was better as compared to the accuracy using macro contacts
(76.0%) (19 of 25). This combined analysis of macro contacts and
micro wires may therefore help to further improve the degree to
which quantitative EEG analysis can contribute to the diagnostics
in epilepsy patients.
Regarding the stages of the sleep-wake cycle, the ψ values for
non-REM sleep were often found to be higher than for the awake
state. Typically, the smallest values were found for REM sleep.
N1 and N2 are known to increase the generalized spike-wave discharges and N3 activates mainly interictal spikes [102, 137, 139,
140]. On the other hand, waking state and REM sleep inhibit interictal activity [137]. Previous studies that used nonlinear signal
analysis measures in combinations with surrogates [64, 70, 72, 76]
showed that more prominent indications of nonlinear deterministic
structures can be caused by interictal epileptiform activity. Our
measure is neither completely independent from this type of activity, nor fully determined by it. Prominent interictal epileptiform
activity will likely be picked up by our technique, but also more
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subtle characteristics that may go unnoticed by visual inspection
as confirmed by a pre-analysis of exemplary data. It can therefore
be conjectured that the modulation of ψ values reflects the variability of interictal epileptiform activity across different stages of the
sleep-wake cycle. Furthermore, this variability can be explained by
factors such as the level of anti-seizure medications [138].
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CHAPTER 4

Interdependencies between different
brain regions

As stated in the Introduction, one way to classify signal analysis
techniques is with regard to the signal features they are sensitive to
(i.e. linear and nonlinear). However, another way of classification
is related to the number of dynamics that these approaches characterize. While univariate measures estimate features of individual
dynamics (analysis of individual EEG signals) [68, 69], bivariate
measures are able to detect interactions between dynamics sampled simultaneously at two different sites (analysis of pairs of EEG
signals) [64, 84, 141]. In chapter 3 we analysed the nonrandomness of single channel EEG recorded at the macro- and microscale
during different stages of the sleep wake cycle with a univariate
nonlinear signal analysis measure, the surrogate-corrected nonlinear predictability score ψ. Our study showed that different values of
ψ were obtained for the EEG signals recorded from the hemisphere
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containing the SOZ as compared to the EEG signals recorded
from contralateral hemisphere. These differences may indicate that
the focal signals have a higher degree of nonlinear deterministic
structure than the nonfocal EEG and furthermore can potentially
contribute to the lateralization of the SOZ.
In recent years, epilepsy has been postulated as a network
disease. This means that the interplay of different brain regions
-neuronal populations within and outside the SOZ- is key for the
generation of seizure activity [13, 142–144]. Univariate signal
analysis methods are not suited to characterize these interactions.
Therefore, the application of bivariate quantitative signal analysis
techniques to EEG recordings from epilepsy patients can contribute
to a better understanding of the epileptic process. Different linear
[42–45, 47–50, 53, 57, 64], and nonlinear bivariate signal analysis
measures [42, 43, 47, 54–56, 58–66, 70, 75] have been applied
to the seizure free interval of EEG recordings of epilepsy patients
in order to study the interactions between different brain areas.
Some of these measures, such as mutual information [47], Pearson’s cross correlation [47, 48], or cross-correlation [47, 48], detect
the strength of the interactions between different dynamics (symmetric measures). In addition, measures such as Granger Causality
[49, 50, 53], transfer entropy [65], symbolic transfer entropy [66],
or the so-called nonlinear interdependence measures [43, 61, 63,
64] are also capable to detect the direction of these interrelations
(directed measures). Nonlinear interdependence measures quantify
the degree to which similar states of one dynamics are mapped to
similar states of the other dynamics by using the state space similarity criterion [63, 145–148]. Different nonlinear interdependence
measures applied to EEG data from epilepsy patients showed that
a lateralization of the SOZ can be achieved through the analysis of
ictal [29] and interictal EEG recordings [43, 61, 63, 64, 79]. Some
other studies on ictal periods found strong nonlinear interdepen50

dencies at the beginning and at the end of the seizures [29, 43, 63,
149].
In this chapter, motivated by the network-based nature of epilepsy,
we want to assess if the findings from the analysis of individual
EEG channels, carries over to the simultaneous analysis of pairs
of EEG channels. Previous studies of our group showed that the
analysis of intracranial seizure-free EEG recordings from the brain
by means of a surrogate corrected bivariate measure, helped in the
lateraliation of the SOZ [61, 64]. Therefore, we analyze pairings of
EEG signals recorded from the focal and nonfocal hemisphere with
hybrid depth electrodes (chapter 2) using the nonlinear interdependence measure L [146] in combination with bivariate surrogates
[82]. We want to answer two main questions: Can the quantification of interaction strength between different brain regions help us
to lateralize the SOZ? And furthermore, can this lateralization be
achieved by the analysis of EEG recorded with micro wires?

4.1

4.1.1

Bivariate nonlinear time series analysis measures
Nonlinear interdependence measure L

The nonlinear interdependence measure (L) [146] 1 aims to detect the direction and degree to which two dynamics X and Y
are coupled. It quantifies the degree to which close states of Y
are mapped to close states of X and vice versa. To calculate the
interdependence from X −→ Y , we compute L(X|Y ) by quantifying the degree to which closeness in Y implies closeness in
X. Assume we derived scalar signals x and y from dynami1

The source code for the computation of L can be found at
https://www.upf.edu/web/ntsa/downloads.
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cal systems X and Y , respectively. Signals x and y consist of
the samples xi and yi for i = 1, ..., N . The first step of analysis is the reconstruction of the state space using delay vectors
xi = (xi , xi−τ , ..., xi−(m−1)τ ), yi = (yi , yi−τ , ..., yi−(m−1)τ ) with
embedding dimension m and time delay τ . The index i is now
restricted to i = (m − 1)τ + 1, ..., N . The time indices of the k
spatially nearest neighbours of xi and yi are denoted by υi,j and
wi,j , for j = 1, ..., k, respectively. To obtain the k nearest neighbours of the reference point, the Euclidean distances between all
pairs of embedding vectors are computed and temporary nearest
neighbours are discarded by means of a Theiler correction of window length W [150], where time indices within |υi,j − i| ≤ W
and |wi,j − i| ≤ W are excluded. We compute all the distances between xi and all xi6=j and sort them in an ascending list of distances
which ranks are denoted by gi,j . The Y -conditioned mean rank is
P
Gki (X|Y ) = k1 kj=1 gi,wi,j . And L(X|Y ) is defined as follows:

1
L(X|Y ) =
N − (m − 1)τ

N
X
i=(m−1)τ +1

G(X) − Gki (X|Y )
(4.1)
G(X) − Gk (X)

where the mean and minimal mean rank of the distances are
denoted as G(X) = N2 and Gk (X) = k+1
, respectively. To quan2
tify the degree to which closeness in X implies closeness in Y we
calculate the interdependence from Y −→ X by exchanging the
roles of X and Y computing L(Y |X).
For identical synchronization between dynamics X and Y , we obtain L(X|Y ) = L(Y |X) = 1, whereas for independent dynamics,
the expected value is zero for both L(X|Y ) and L(Y |X). In our
study we define L = (L(X|Y ) + L(Y |X)) /2 for the characterization of the strength of the coupling, in contrast to previous studies
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[29, 151] that analyzed the predominant direction of interaction
between the X and Y dynamics. To avoid any in-sample optimization of the parameters we used m = 5, τ = 5, k = 5, and W = 15
as in Refs. [29, 151].

4.1.2

Bivariate surrogate signals

Nonlinear signal analysis measures are influenced by linear correlations of the analyzed signals. High values of L do not necessarily
imply a high level of nonlinear interdependence between signals
but can instead reflect the cross-correlation of the signals x and
y [64]. Hence, nonlinear signal analysis measures are not fully
specific for properties of nonlinear coupled dynamics. This fact
can lead to incorrect conclusions [67]. To address this problem, the
concept of surrogates [82] can be used to estimate a baseline to test
whether the signals were measured from a linear stochastic correlated process. In this study, we used amplitude-adjusted bivariate
surrogates [82]. These surrogates represent the null hypothesis that
’X and Y joinlty represent a stationary bivariate linear stochastic correlated Gaussian process. The measurement functions by
which x and y were derived from the dynamics are invertible but
potentially nonlinear. The autocorrelation, cross-correlation, mean,
and variance of the underlying Gaussian process are such that the
measurement results in the autocorrelation, cross-correlation, and
amplitude distribution of the observed time series’ [61, 64]. These
amplitude-adjusted bivariate surrogates are constructed such that
each pair of surrogates has the same cross-correlation, autocorrelation, and amplitude distribution as the original signals x and y,
but is otherwise random. Any potential signatures of nonlinear
interdependence in x and y are destroyed by the use of bivariate
surrogates [152].
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4.1.3

Surrogate corrected nonlinear interdependence
measure Γ

We generated one realisation of a pair of surrogate signals xs and
ys for each pair of signals x and y. 2 Subsequently, we computed
the interdependence measure for each pair of signals x and y (L)
and for their corresponding surrogates xs and ys (Ls ). Then, the
surrogate corrected nonlinear interdependence measure is defined
as:

Γ = L − Ls

(4.2)

The quantity Ls estimates the value of the nonlinear interdependence measure which would be expected if the null hypothesis was
true. Accordingly, for signals measured from dynamics that are
consistent with the null hypothesis we expect L ≈ Ls and therefore
Γ ≈ 0. In contrast, for coupled dynamics L > Ls and Γ > 0
should hold.

4.2

Results

We start by showing an exemplary window of Γ results along with
the exemplary window of EEG underlying these calculations (Fig.
4.1). Fig. 4.1a shows an example of Γ values for EEG recorded
with macro contacts from patient A. For patient A, the SOZ was
located in the left hemisphere. For this example, the EEG recorded
from the focal hemisphere shows higher values of interdependence
2

The source code for the computation of the bivariate surrogates can be found
at https://www.upf.edu/web/ntsa/downloads.
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for individual channels as compared to EEG recorded from the
nonfocal hemisphere. In particular, the highest Γ values across
pairings of channels are found for electrodes PHL and MHL. Both
electrodes are located in the focal hemisphere. In contrast, the
lowest Γ values across pairings of channels, are found for the
combination of PHL with an electrode located in the nonfocal
hemisphere, electrode AHR. The EEG recorded with electrodes
PHL and MHL exhibit an oscillatory pattern with the presence of
spikes that differs from the EEG recorded with electrodes AHR
and AR (Fig. 4.1b). Since this interictal epileptiform activity is
picked up by our technique, the average of Γ between electrodes
PHL and AHR, and PHL and AR is lower than the average of Γ
between PHL and MHL.
Fig. 4.2 follows the same structure as Fig. 4.1 but for the EEG
recorded with micro wires. Common to Fig. 4.1 and Fig. 4.2,
is that EEG recorded from the focal hemisphere, shows a higher
degree of interdependence, as compared to EEG recorded from
the nonfocal hemisphere. However, for EEG recorded with micro
wires (Fig. 4.2), this difference is much stronger as compared to
EEG recorded with macro contacts (Fig. 4.1). Analogously to the
previous example, the highest degree of interdependence is found
for EEG recorded from electrodes located in the focal hemisphere,
MHL and AHL. For this example, the lowest Γ mean value is found
for EEG recorded from electrodes located in the focal and nonfocal
hemisphere, i.e. MHL and AHR.
So far, we have shown the results for exemplary windows of
EEG recorded either with macro contacts (Fig. 4.1) or with micro
wires (Fig. 4.2). For further evaluation of the results, we average
the values of Γ over the time domain. In chapter 3, we saw that the
different stages of the sleep wake cycle did not show a big influence
with regard to the lateralization of the SOZ, therefore the averages
for this chapter are taken across all EEG windows separately for
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Figure 4.1: Snapshot of the color-scaled values of Γ along with the
exemplary EEG window of 16 s underlying the analysis recorded
from patient A with macro contacts: (Continues on the next page).
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Figure 4.1: (a) Color-scaled values of Γ for EEG recorded with macro
contacts. The horizontal and vertical solid black lines separate results
from electrodes located in the nonfocal (NF) and focal (F) brain hemisphere. The horizontal and vertical dotted black lines separate contacts
belonging to individual intracranial electrodes. For each electrode on
the vertical axis, the inner- to outermost channel is displayed from top
to bottom. For the horizontal axis, this arrangement is from left to right.
Electrode names are displayed in the vertical and horizontal axis. The
electrode highlighted in blue, in combination with the electrodes highlighted in green and magenta, indicate the pair of intracranial electrodes
with the highest and lowest Γ mean value across all macro channels
belonging to the electrode, respectively. The electrode highlighted in
blue, in combination with the electrode highlighted in black, indicates an
exemplary random selected pair of intracranial electrodes depicted here
for comparison purposes. (b) Exemplary window of the EEG underlying the results in the panel above recorded with macro contacts. For a
better visualization, we display 4 electrodes to represent the 10 available
electrodes for this patient. Vertical blue, green, magenta and black lines
along the vertical axis correspond to the electrodes highlighted in the
panel above. For this panel, the inner- to outermost channel is displayed
from top to bottom.
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Figure 4.2: Same as Fig. 4.1 but for micro wires. In contrast to macro
channels, for micro channels the position with regard to black dotted
lines cannot indicate the spatial arrangement of the channels due to micro
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electrode geometry.

each night. The averaged results of Γ for the first night of patient
A are displayed in Fig. 4.3. Results for the remaining nights are
available in the appendix A.2 in the supplementary figures A.9,
A.10, A.11, and A.12. Common to Fig. 4.3a and Fig. 4.3b is that
higher interdependencies are found within the same hemispheres
as compared to results derived from EEG recorded from both hemispheres. In particular, the values of Γ are, in general, higher for
the EEG recorded within the focal hemisphere as compared to the
EEG recorded from the nonfocal hemisphere. This holds true for
both, macro and micro EEG recordings. As for the examples of individual windows, Γ values for the EEG recorded within the focal
hemisphere are much higher for micro EEG recordings in comparison to the values from macro EEG recordings. Furthermore,
the presence of high values of Γ away from the diagonal, reflects
that high interdependencies are not only found within channels
belonging to the same electrode, but also across different electrodes
located in different anatomical substructures.
Once averaged over the time domain, we make a second step of
averaging over the electrode domain. For each recording modality,
we averaged separately across Γ values calculated for channels
from the nonfocal hemisphere (upper left 5 × 5 quadrants), for
those from the focal hemisphere (lower right 5 × 5 quadrants) and
for those across both hemispheres (lower left 5 × 5 quadrants or
upper right 5 × 5 quadrants, recall that our matrix is symmetric and
the average across both groups of quadrants therefore results in the
same value). A post hoc analysis to check for statistical differences
in the results of Γ between groups was performed using a MannWhitney U-test with Bonferroni correction for 30 comparisons
(five nights times two recording modalities times three different
combinations of recording locations), adjusting the significant level
from α = 0.05 to α = 1.7 × 10−3 (Table A.3). The averaged
results for the three patients and five nights are displayed in Fig.
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4.4. Each panel corresponds to one night recording. As described
in the Introduction of this chapter 4, the epileptic process is related
to an elevated degree of neuronal synchronization, therefore Γ
values across pairings of EEG channels recorded from the focal
hemisphere, are expected to be higher as compared to values of Γ
across pairings of EEG channels recorded from the contralateral
hemisphere. Taking this into account, a correct lateralization of the
SOZ is found for all nights (Fig. 4.4a-e) for EEG signals recorded
using micro wires. For these recordings, the highest Γ value is
always obtained for signals recorded within the focal hemisphere.
In contrast, for signals recorded with macro contacts, the correct
lateralization of the SOZ is found for the first and second night of
patient A (fig. 4.4a and fig. 4.4b) and the first night of patient C
(fig. 4.4a). The exception is given by the first and second night of
patient B (fig. 4.4b and fig. 4.4c), where the highest Γ value is
found for signals recorded within the nonfocal hemisphere.

4.3

Discussion

In this chapter, we applied a nonlinear signal analysis measure to
detect nonlinear interdependence in EEG recordings from epilepsy
patients performed with hybrid depth electrodes. As mentioned before, the epileptic process, modulates the synchronization between
neurons that for pairs of signals can result in strong nonlinear interdependence values. Our study showed differences in dynamical
properties of brain electrical activity between different recording
regions and recording modalities. These differences in the results
of Γ between hemispheres and recording modality indicate that the
signals recorded from the focal hemisphere have a higher degree
of interdependence as compared with the ones recorded from the
nonfocal hemisphere. Furthermore, these differences are better
detected when EEG signals are recorded with micro wires. This
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Figure 4.3: Color-scaled values of Γ averaged across all-night EEG
recordings are higher in the focal hemisphere as compared to Γ values from the nonfocal hemisphere for the first night of patient A for
macro contacts and micro wires. (a) Color-scaled values of Γ for macro
contacts averaged across all EEG windows. (b) Same as panel (a) but for
micro wires. The organization of both panels follows the same structure
as Figs. 4.1a and 4.2a.

can be due to the fact, that macro contacts record not only local
but also remote interactions between neurons. For the micro wire
recordings, fewer neurons contribute to the measured potentials
reducing the number of degrees of freedom that are introduced
in the analysis, optimizing the reconstruction of the underlying
dynamics.
Following previous studies of our group [64], these results
suggest that the epileptic process imposes certain constraints that
are reflected by high interdependence values in the EEG. The
results of this chapter are relevant, since our study represents one
of the first applications of nonlinear signal analysis techniques to
such type of EEG recordings [124]. In particular, this is the first
61

A-2

A-1
0.02 (a)

0.01

*
*

(b)

*
* *

*

* *

*

*

*

*

0
Ma

Mi

Ma

B-1
0.02 (c)

(d)

*
0.01

Mi

B-2

*
* *

*

*

*

* *

*

*

*

0
Ma

Mi

Ma

Mi

C-1
0.02 (e)

*
0.01

*

*

*

*

*
0
Ma
NF-NF

Mi
NF-F

F-F

Figure 4.4: Values of Γ are always higher for the focal hemisphere
as compared to Γ values for the nonfocal hemisphere for signals
recorded with micro wires. (a-e) Results of Γ for the 3 patients and 5
nights. Each row corresponds to the results for the different night recordings for each patient. The different bar colours indicate the brain region
where signals were recorded: nonfocal (NF) and/or focal (F) hemisphere.
For each panel, the subgroups of bars on the left and right hand sides,
correspond to results from signals recorded using macro contacts (Ma)
and micro wires (Mi), respectively. Each bar height corresponds to the
mean value of Γ across all macro contacts or micro wires contained in
the underlying combination of the analysed electrodes and across all the
windows belonging to the same night. Error bars show the standard error
of the mean. The asterisks indicate significant difference between groups
(p < 1.7 × 10−3 ).
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application of a bivariate nonlinear signal analysis measures to EEG
recorded with hybrid depth electrodes. The good performance of
our method extracting information from the seizure-free interval to
determine the hemisphere containing the SOZ could potentially be
helpful in the pre-surgical evaluation of epilepsy patients without
the need to observe actual seizures.
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CHAPTER 5

Public domain Database

5.1

Usefulness and necessity of a public
domain database

According to the American Physical Society ’The success and credibility of science are anchored in the willingness of scientists to
expose their ideas and results to independent testing and replication
by others. This requires the open exchange of data, procedures and
materials’.1 A remarkable concept of this statement is the aspect
of replication by others commonly referred to as "reproducible
research" [153]. This reproducibility can only be achieved through
accessible data to the whole scientific community. The data used
in quantitative epilepsy research remains largely at the acquiring
institutions. This limits epilepsy research in two ways: it narrows
the applicability of the research and limits the ability to validate re1

See https://www.aps.org/policy/statements/99_6.cfm for more information.
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sults [154]. Furthermore, the comparison of experimental methods
in a robust fashion becomes difficult since their testing on the same
data is challenging [155–157]. Thereby open access databases are
needed to allow scientists to test their analysis methods in different
and diverse types of data.
Some examples of the currently available scalp EEG databases
are: The eeg.pl database [158] which contains continuous EEG
recordings from 23 pediatric patients suffering from pharmacoresistant epilepsy. The patients underwent pre-surgical epilepsy diagnosis at the Warsaw Memorial Child Hospital, Poland. Data consists
on continuous interictal EEG recordings of 20 to 70 minutes length
[159]. The Children’s Hospital Boston - Massachusetts Institute
of Technology database (CHB-MIT) [160] that includes data from
23 pediatric patients. Due to their pharmacoresistant epilepsy, they
underwent pre-surgical epilepsy diagnostics at the Children’s Hospital Boston, USA. This dataset contains 844 hours of continuously
recorded seizure free EEG, and 163 seizures. The EEG data is divided in records of one hour [161, 162], and the Temple University
EEG Corpus (TUH-EEG) [163] the world’s largest publicly available database of clinical scalp EEG data. The TUH-EEG database
is an ongoing data collection project that counts 14 years of clinical
EEG data collected at the Temple University Hospital, Philadelphia,
USA. The total duration summed over all EEG channels results in
a total of more than 29 years of EEG data [164].
Although scalp EEG has been a key instrument in epilepsy
research and diagnosis, some characteristics of the EEG signals are
missed by routine scalp EEG recordings. Surface electrodes are separated from the brain by different barriers. In contrast, intracranial
EEG records the electrical activity of the brain without interferences [18, 165]. Therefore, intracranial recordings offer a unique
view of the complex brain dynamics. In particular, intracranial
EEG recordings from epilepsy patients allow the characterization
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of the spatiotemporal dynamics of the epileptogenic process. Intracranial EEG databases are publicly available to a much lesser
extent as compared to the scalp EEG databases. One of the first online available intracranial EEG databases is the Bonn Database [76,
166]. Since its publication in 2001, the number of citations to its
related publication has yearly increased accounting for more than
1950. 2 This highlights the growing interest for studies on this type
of EEG data and the necessity of such public domain databases.
The Bonn Database [166] contains 5 groups of 100 single channel
EEG segments with an individual length of 23.6 s. These segments
were cut out from continuous multichannel EEG recordings. Two
groups contain EEG recorded during the seizure free interval. The
difference between these groups relies on the origin of the signals.
For one group the EEG was recorded from the hemisphere containing the SOZ, whereas the other group contains EEG recorded
from the contralateral hemisphere. A third group contains seizure
activity. The EEG contained in these three groups was performed
during the pre-surgical epilepsy diagnosis of 5 patients suffering
from pharmacoresistant epilepsy at the Department of Epileptology
at the University of Bonn, Germany. The remaining two groups include scalp EEG from 5 healthy volunteers [76]. Further examples
of intracranial EEG databases that can be found in the literature
are: The Bern-Barcelona database [167], which contains 7500 pairs
of signals with a length of 20 s. All pairs were selected and cut
out from EEG recordings from 5 epilepsy patients that underwent
long-term intracranial EEG recordings at the Department of Neurology at the University of Bern, Switzerland. One half of the
pairings were cut out from the EEG recorded from the hemisphere
containing the SOZ while the other half were collected from the
EEG recordings from the contralateral hemisphere [61]. The Mayo
Clinic database [168], which contains EEG segments of the seizure
2

Source: Google scholar. Online: accessed 6 July 2020
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free interval and seizure activity from 12 intracranial EEG datasets.
Eight datasets were selected from patients with pharmacoresistant epilepsy undergoing intracranial EEG monitoring at Mayo
Clinic Rochester, Minnesota, USA. The remaining datasets were
collected from EEG recordings of dogs with naturally-occurring
epilepsy. Clips of 1 s length were selected and organized into testing and training data [169]. The collaborative, cloud-based ieee.org
platform [170] which hosts over 1200 datasets of imaging data
combined with continuous scalp and intracranial EEG from both
animals and patients. Data is controlled by registration, and access
to data is controlled by the data contributors [171, 172]. Lastly, the
Epilepsiae database [173] for which the amount of data exceeds
previous databases by more than an order of magnitude. It contains
long-term EEG recordings of 275 patients with a mean duration
of 165 h. Data is available for a fee of 3000 e [174]. The ieeg.org
platform and the Epilepsae project efforts have contributed to the
collaborative epilepsy research community, but the complexity of
the first one and the size and costs of the second, resulted in a more
frequent use of the freely available data sources of smaller size with
more limited data, as compared to the aforementioned ones [154,
164].
Despite the potential importance of quantitative analysis of EEG
recorded simultaneously with macro contacts and micro wires, a
freely available database of EEG recorded with hybrid depth electrodes is still missing. Therefore, the aim of this chapter is to
overcome this lack and increase the number and impact of accessible and reproducible databases to the scientific community. This is
in line with a key goal of the Maria de Maeztu Strategic Research
Program which partly funded this thesis. The Maria de Maeztu
Strategic Research Program promotes data-driven knowledge extraction research, impulses synergies across research impact, and
supports a transition to sustainable research aligned with open
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science principles.

5.2

Data selection and database

For the present study, we included segments of long-term intracranial EEG recordings performed simultaneously with macro contacts and micro wires. For a further description of these recordings,
please refer to section 2.2. After visual inspection for artifacts, 960
multichannel EEG signals of 32 s duration were selected and cut
out from the long-term EEG data. No clinical selection criteria such
as the presence or absence of epileptiform activity were applied. In
order to avoid possible bias, the origin of the signals (patient, channel, window) was not stored. Four sets (denoted W, REM, SS1,
and SS2) each containing 240 multichannel EEG signals, were
composed. For each set, 120 multichannel EEG segments were
selected from EEG recorded from the hemisphere containing the
SOZ, i.e, the focal hemisphere. Analogously, 120 multichannel
EEG recordings were selected from the EEG recorded from the
contralateral hemisphere, i.e., the nonfocal hemisphere. The names
of the sets coincide with the phase of the sleep-wake cycle in which
the EEG signals were recorded, namely, wakefulness state (W),
rapid eye movement sleep (REM), light sleep (SS1), and slow-wave
sleep states (SS2). To prevent an excess of complexity, slow-wave
sleep stages N2 and N3 described in section 2.3 were merged into
set SS2. The preprocessing was the same as in section 2.4. A
moving window of 16 s with no overlap was used to analyse the
signals. Exemplary windows of multichannel signals recorded from
the focal and nonfocal hemisphere are displayed in Fig. 5.1 and
Fig. 5.2, respectively.
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Figure 5.1: Exemplary 16 s window of a multichannel EEG signal
recorded from the focal hemisphere with hybrid electrodes. (Continues on the next page).
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Figure 5.1: From top to bottom, EEG recorded using macro contacts
(Ma. 1-7) and micro wires (Mi. 1-8). For macro contacts the inner- and
outermost channels are displayed from top to bottom. For micro wires the
position cannot indicate the spatial arrangement of the channels due to the
micro electrode geometry. For this display we applied the same references
and filter settings as in our analysis. For a better visualisation, we display
16 s to represent the available 32 s of multichannel EEG recording. Ticks
at the abscissa are each distant by 250 µV .

5.3

Representativeness of the database

To assess if the database constitutes a representative sample of the
long-term EEG recordings, we performed the same analysis as in
chapter 3 and chapter 4.

5.3.1

Nonrandomness

In order to test the nonrandomness of the EEG recordings, we
followed the analysis carried out in chapter 3. See sections 3.1.1
- 3.1.3 for a detailed description of the methods. We used the
nonlinear predictability score S [67] and univariate surrogates [81].
We applied the same parameter setting as in section 3.1.1 [67]. We
computed S for windows of 16 s, separately for the 15 channels
contained on each multichannel EEG signal (So ), and for a pool of
19 univariate surrogate signals generated from each channel. Then,
the mean value of S across all surrogates was calculated (Ss ). The
surrogate corrected nonlinear predictability score (ψ) is calculated
following Eq. 3.8 defined in section 3.1.3.
Fig. 5.3 shows the results of ψ for the exemplary signals displayed in Fig. 5.1 and Fig. 5.2. The mean value across all EEG
channels was higher for signals recorded from the focal hemisphere
(Fig. 5.3a) as compared to signals recorded from the nonfocal
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Figure 5.2: Exemplary 16 s window of a multichannel EEG signal recorded from the nonfocal hemisphere with hybrid electrodes:
Same as Fig. 5.1 but recorded from the nonfocal hemisphere.
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hemisphere (Fig. 5.3b).
Focal signal

Nonfocal signal

a

b

0.1

0.05

0
1 2 3 4 5 6 7 1 2 3 4 5 6 7 8

Ma

1 2 3 4 5 6 7 1 2 3 4 5 6 7 8

Ma

Mi

Mi

Figure 5.3: Results of the surrogate corrected nonlinear predictability score (ψ) for exemplary focal and nonfocal signals: (a): Values of
ψ for the exemplary EEG signal shown in Fig. 5.1. Horizontal red line
represents the mean value of ψ across all 15 channels of the multichannel
EEG signal. Vertical dotted green line divides the results of ψ for macroand micro channels. The numbering of the ordinate corresponds to the
top to bottom order of the channels in Fig. 5.1. (b): Same as (a) but for
Fig. 5.2.

The ψ values obtained from the exemplary signals (Fig. 5.1 and
Fig. 5.2) showed variability with regard to the different channels
(Fig. 5.3). The highest values of ψ were found for signals in which
isolated epileptiform activity events were repeated over time giving
the signal an overall oscillatory stationary appearance (cf. channels
Ma.1, Mi.2, Mi.6, and Mi.8 in Fig. 5.1 and Fig. 5.3a).
To evaluate the nonrandomness of the whole database, we performed an averaging. We averaged separately across the values of
ψ obtained for channels recorded with macro contacts (Ma.1-7) and
channels recorded with micro wires (Mi.1-8), individually for the
different sets (namely W, REM, SS1 and SS2) and independently
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for the focal and the nonfocal signals. For a statistical evaluation
of the results, we applied a Mann-Whitney U-test with Bonferroni
correction for 8 comparisons (four stages of the sleep-wake cycle
times two recording modalities) adjusting the significant level from
of α = 0.05 to α = 6.3 × 10−3 (Table A.4). Fig. 5.4 shows the
values of ψ for the first window of EEG recordings. Corresponding
results for the second window of the recordings are displayed in
the supplementary figure A.13 in the appendix A.3. These results
are consistent with the results of chapter 3, where higher values of
ψ were found for signals recorded from the focal hemisphere.
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Figure 5.4: The surrogate corrected nonlinear predictability score
(ψ) has higher values for focal signals as compared to nonfocal signals for EEG recorded in wakefulness state and nonREM sleep: Values of the surrogate corrected nonlinear predictability score (ψ) for focal
and non-focal EEG signals, sleep stages and recording technique for the
first window of the multichannel EEG recordings database. (a): Results of
ψ for EEG recorded using macro contacts. (b): Same as (a) but for micro
wires. n.s. indicates no significant difference; asterisks indicate significant
difference between focal and non-focal signals (p ≤ 6.3 × 10−3 ).
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5.3.2

Nonlinear interdependence

To characterize the nonlinear interdependence of the EEG recordings we followed the analysis described in chapter 4. See sections
4.1.1 - 4.1.3 for a detailed description of the methods. We used
the nonlinear interdependence measure L [146] and bivariate surrogates [82]. The computation of L was done for windows of 16
s, for each of all possible combinations of pairs of channels for
each multichannel signal (Lo ) and for the 19 bivariate surrogate
signals generated for each pairing. Afterwards, we calculated the
mean value of L across the set of 19 bivariate surrogates (Ls ). Subsequently, we calculated the surrogate corrected interdependence
measure (Γ ) following the Eq. 4.2 defined in section 4.1.3.
Fig. 5.5 shows the results of Γ for the exemplary signals displayed in Fig. 5.1 and Fig. 5.2. Higher values of Γ were found for
signals recorded from the focal hemisphere (Fig. 5.5a) as compared
to signals recorded from the nonfocal hemisphere (Fig. 5.5b).
Particularly high Γ values were found for pairings of channels
recorded with micro wires (cf. pairings of channels Mi.1-Mi.2,
Mi.2-Mi-7 Mi.4-Mi.7, Mi-5-Mi-7, in Fig. 5.1 and Fig. 5.5a).
Channels with high values of Γ exhibited an oscillatory pattern,
that may result in high degree of synchrony, and can have an impact
on Γ values.
This study was designed to assess the representativeness of the
selected data base, therefore, although in Fig. 5.5 we showed the Γ
values between macro contacts and micro wires, in the following
we restricted ourselves to the study of interdependencies between
different channels of macro recordings and different channels of
micro recordings, disregarding the interdependence across both
types of recordings. In order to evaluate the nonlinear interdependence of the whole database, we made a two steps averaging. In
a first step, we averaged over the electrode domain, we averaged
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Figure 5.5: Results of the surrogate corrected nonlinear interdependence measure (Γ ) for exemplary focal and nonfocal signals: (a):
Values of Γ for the exemplary EEG signals shown in Fig. 5.1. The numbering of the ordinate and the abscissa corresponds to the top to bottom
order of the channels in Fig. 5.1. (b): Same as (a) but for Fig.5.2.

across all values of Γ obtained for pairings of macro electrodes
and micro wires separately. In a second step, we averaged over the
time domain, separately for each set of the database, namely, W,
REM, SS1, and SS2 individually for focal and nonfocal signals.
Subsequently, we carried out the same statistical analysis as in
section 5.3.1 (Table A.4). Fig. 5.6 shows the values of Γ for the
first window of EEG recordings. Corresponding results for the
second window of the recordings are displayed in the supplementary figure A.14 in the appendix A.3. In general, higher values of
Γ were found for focal signals as compared to nonfocal signals.
Exceptions are given by set SS1 for macro electrodes and set REM
for micro electrodes. However, these results are consistent with
those reported in chapter 4, where the highest interdependencies
were found for signals recorded with micro wires from the focal
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hemisphere.
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Figure 5.6: The surrogate corrected interdependence measure (Γ )
has higher values for focal signals as compared to nonfocalsignals for
micro EEG recordings across all stages of the sleep wake cycle:Values
of the surrogate corrected interdependence measure (Γ ) for focal and nonfocal EEG signals, sleep stages and recording technique for the first
window of the multichannel EEG recordings database. (a): Results of Γ
for EEG recorded using macro contacts. (b): Same as (a) but for micro
wires. n.s. indicates no significant difference; asterisks indicate significant
difference between focal and non-focal signals (p ≤ 6.3 × 10−3 ).

5.4

Discussion

In this chapter we presented and evaluated a database of EEG
recordings performed with hybrid depth electrodes. The results
for the nonrandomness and nonlinear interdependence tests are
consistent with those reported in chapter 3 and chapter 4, respectively. These results prove that the selected database constitutes
a representative sample of the long-term EEG recordings. This
database addresses successfully two problems at the same time, it
beats the challenge of large file sizes from EEG including macro
contact and micro wire EEG recordings [154] and represents the
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first freely available database of EEG recorded with hybrid depth
electrodes. This database has already been used in research activities of our group [175] and has the potential to be consolidated as
corner stone in the epilepsy research field. This chapter contributes
to the transition to open science that the Maria de Maeztu Strategic
Research Program promotes 3 .

3

The Database described in this
https://www.upf.edu/web/ntsa/downloads.
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CHAPTER 6

Conclusion

In this thesis, we applied uni- and bivarite nonlinear signal analysis
techniques [67, 146] in combination with surrogates [81, 82] to
long-term intracranial seizure-free EEG recordings from epilepsy
patients. These recordings were performed with hybrid depth electrodes which are composed by a combination of macro contacts
and micro wires. It extends previous studies that characterized
the seizure-free interval, which were exclusively based on macro
contacts [3, 22–29, 31–57, 59–75]. While some of these studies
including EEG recordings performed with macro contacts rely on
big samples sizes (e.g. [28, 47–49, 55, 69]), studies based on both
macro contacts and micro wires typically include a lower number
of patients [98, 100, 104, 105, 121] because of the limited number of patients in which these combined recordings are performed.
Leading beyond the sample size, this thesis represents the first
application of nonlinear signal analysis techniques to such type of
EEG recordings [124]. In chapter 3, we showed differences be79

tween the nonrandomness of single channel EEG recordings with
regard to the hemisphere they were recorded from. The higher ψ
values found for the hemisphere containing the SOZ indicated that
the focal signals have a higher degree of nonlinear deterministic
structure than the nonfocal EEG. In chapter 4, the higher values of
Γ found for the EEG recordings from the hemisphere containing
the SOZ indicated a higher degree of synchronization between neurons within the focal hemisphere as compared to the contralateral
hemisphere. The results of both chapters provided evidences that
increased nonlinear deterministic features are found from the EEG
recorded from the hemisphere containing the SOZ, as compared to
linear stochastic neuronal features found for the EEG recorded from
the contralateral hemisphere. These results are in agreement with
previous studies which showed that the epileptic process induces or
enhances nonlinear deterministic structures in EEG recordings [22,
24, 61, 67–70, 72, 76, 124]. The differences between the values
computed from the focal and nonfocal hemisphere allowed us to
lateralize the SOZ in an ensemble of pharmacoresistant epilepsy
patients. However, the performance with regard to the lateralization of the SOZ obtained in the present thesis is weaker than in
previous studies of our group based only on macro contacts [64,
68, 69]. We attribute this discrepancy to the fact that invasive EEG
recordings are nowadays used only for more complicated cases as
compared to the patient groups from earlier studies. Therefore, a
lateralization of the SOZ in these patients by means of quantitative
EEG analysis is also more challenging. On the other hand, the
results of the surrogate corrected nonlinear predictability score (ψ)
(chapter 3) and the surrogate corrected nonlinear interdependence
measure (Γ ) (chapter 4) obtained for the micro wire recordings
at the hemisphere level, outperformed the results obtained for the
macro electrodes. Therefore, one of the main contributions of this
thesis is to establish that the information obtained from the analysis
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of classical macro EEG contacts can be complemented by the one
of micro wire EEG recordings [124].
The number of night recordings included in this study is limited
(5 recordings from 3 patients). Further analysis including more
uni-, bi- as well as multivariate signal analysis techniques on bigger
sample sizes will be needed to further substantiate our conclusions.
Moreover, EEG recordings including seizure activity should also
be analyzed. As pointed out in chapter 3, our methods can be
influenced by interictal epileptiform activity. In order to detect
these characteristic epilepsy signatures in the EEG recordings, a
preliminary analysis of exemplary EEG data has been carried out.
However, a more subtle visual inspection of the whole data should
be performed.
Some ideas for future studies can be extracted from this thesis.
In chapter 4 we have characterized the interaction strength between
different brain regions. However, the comprehensive study of the
direction of interaction between different brain regions as judged
by EEG recorded simultaneously with macro contacts and micro
wires is lacking. During the development of this thesis, in order to
look for true positive lateralitzations of the SOZ, we have analysed
EEG recordings from epilepsy patients with a favourable surgical
outcome (i.e. Engel 1-2). Nevertheless, having true negative lateralization of the SOZ by the analysis of EEG recordings from
patients with a not favourable outcome (i.e. Engel 4) could add supplementary information to our study. Finally and most important,
it remains to be determined if a precise localization of the SOZ by
means of signal analysis techniques, instead of only a lateralization
is feasible. For this purpose, the exact location of the electrodes
with regard to the SOZ would be needed. A precise localization of
the SOZ may require a combination of various uni-, bi, and multivariate surrogate corrected, linear and nonlinear signal analysis
techniques. Some of the potential developments pointed out before,
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can be carried out by the analysis of the database created in chapter
5. This database consists of multichannel EEG signals selected
from the EEG recordings described in the chapter 2. It constitutes
the first freely available database containing macro contact and
micro wire EEG recordings. The further analysis of these recordings would help to consolidate signal analysis techniques in the
presurgical diagnostics in epilepsy patients.
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Appendix
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Supplementary material chapter 3
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Supplementary figure A.1: The values of ψ are higher in the focal hemisphere as compared to the nonfocal hemisphere and sleepmodulated for patient A for EEG recorded with macro contacts:
Same as Fig 3.1 for the second night of recordings of patient A.
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Supplementary figure A.2: The values of ψ are higher in the focal hemisphere as compared to the nonfocal hemisphere and sleepmodulated for patient A for EEG recorded with micro wires: Same
as Fig 3.2 for the second night of recordings of patient A.
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Supplementary figure A.3: Results of ψ for the first night of EEG
recorded with macro contacts for patient B: Same as Suppl. Fig. A.1

86

Supplementary figure A.4: Results of ψ for the first night of EEG
recorded with micro wires for patient B: Same as Suppl. Fig. A.2
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Supplementary figure A.5: Results of ψ for the second night of EEG
recorded with macro contacts for patient B: Same as Suppl. Fig. A.1
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Supplementary figure A.6: Results of ψ for the second night of EEG
recorded with micro wires for patient B: Same as Suppl. Fig. A.2
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Supplementary figure A.7: Results of ψ for the first night of EEG
recorded with macro contacts for patient C: Same as Suppl. Fig. A.1
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Supplementary figure A.8: Results of ψ for the first night of EEG
recorded with micro wires for patient C: Same as Suppl. Fig. A.2
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H

1st night
Pat. A
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−50
p < 10−100

2nd night
Pat. A
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−50
p < 10−10

p-values
1st night
Pat. B
p < 10−10
p < 10−100
p < 10−100
p < 10−100
p < 10−10
p < 10−50

2nd night
Pat. B
n.s.
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−100

1st night
Pat. C
p < 10−100
n.s.
p < 10−100
p < 10−100
p < 10−100
p < 10−10

Table A.1: p-values of the two-way ANOVA to test for statistical differences in the results of ψ with respect to location
(focal vs. nonfocal hemisphere) and stages of the sleep-wake cycle (W, REM, N1, N2, and N3) for macro and micro
recordings. n.s. indicates no significant difference.

Factor
Location
Sleep-wake
cycle stage
Interaction

Recording
technique
macro
micro
macro
micro
macro
micro
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C - 1st

B - 2nd

B - 1st

A - 2nd

Patient and
night recording
A - 1st

Recording
technique
macro
micro
macro
micro
macro
micro
macro
micro
macro
micro

REM
p < 10−10
p < 10−100
p < 10−10
p < 10−50
p < 10−10
p < 10−10
p < 10−10
p < 10−3
p < 10−50
p < 10−10

W
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−3
p < 10−3
p < 10−10
p < 10−10
p < 10−100
p < 10−10

p < 10−50
p < 10−100
p < 10−100
p < 10−100
p < 10−10
p < 10−10
p < 10−10
p < 10−3
p < 10−10
n.s.

p-values
N1
p < 10−100
p < 10−100
p < 10−100
p < 10−100
n.s.
p < 10−50
n.s.
p < 10−50
p < 10−10
p < 10−10

N2

p < 10−10
p < 10−50
p < 10−10
p < 10−10
p < 10−10
p < 10−50
n.s.
p < 10−10
p < 10−100
p < 10−10

N3

Table A.2: p-values of the Mann-Whitney U-test with Bonferroni correction for fifty comparisons. n.s. indicates no
significant difference.
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Supplementary figure A.9: Color-scaled values of Γ averaged across
all-night EEG recordings are higher in the focal hemisphere as compared to the nonfocal hemisphere for the second night of patient A
for macro contacts and micro wires. (a) Color-scaled values of Γ for
macro contacts averaged across all EEG windows . (b) Same as panel (a)
but for micro wires. The organization of both panels follows the same
structure as Figs. 4.1a and 4.2a.
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Supplementary figure A.10: Color-scaled values of Γ averaged
across all-night EEG for the first night of patient B for macro contacts and micro wires. (a) Color-scaled values of Γ for macro contacts
averaged across all EEG windows. (b) Same as panel (a) but for micro
wires. The organization of both panels follows the same structure as Figs.
4.1a and 4.2a.
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Supplementary figure A.12: Color-scaled values of Γ averaged
across all-night EEG for the first night of patient C for macro contacts and micro wires. (a) Color-scaled values of Γ for macro contacts
averaged across all EEG windows. (b) Same as panel (a) but for micro
wires. The organization of both panels follows the same structure as Figs.
4.1a and 4.2a.
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Supplementary figure A.11: Color-scaled values of Γ averaged
across all-night EEG for the second night of patient B for macro
contacts and micro wires. (a) Color-scaled values of Γ for macro contacts averaged across all EEG windows. (b) Same as panel (a) but for
micro wires. The organization of both panels follows the same structure
as Figs. 4.1a and 4.2a.
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Table A.3: p-values of the Mann-Whitney U-test with Bonferroni correction for thirty comparisons to check for differences in the results of Γ
between groups.

Patient and
night recording
A - 1st
A - 2nd
B - 1st
B - 2nd
C - 1st

Recording
technique
macro
micro
macro
micro
macro
micro
macro
micro
macro
micro

NF-NF vs.
NF-F
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−10
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p-values
NF-F vs.
F-F
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−100
p < 10−100

NF-NF vs.
F-F
p < 10−50
p < 10−100
p < 10−50
p < 10−100
p < 10−50
p < 10−100
p < 10−10
p < 10−100
p < 10−10
p < 10−100
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b

*

*

*
*
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W
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W

REM
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Supplementary figure A.13: Values of the surrogate corrected nonlinear predictability score (ψ) for focal and non-focal EEG signals,
stages of the sleep-wake cycle and recording technique for the second window of the multichannel EEG recordings database: Same as
Fig. 5.4 but for the second window of the multichannel EEG database. n.s.
indicates no significant difference; asterisks indicate significant difference
between focal and non-focal signals (p ≤ 6.3 × 10−3 ).
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Macro electrodes

a

0.03

Micro electrodes

b

Focal hemisphere
NonFocal hemisphere

0.025

*
*
*

0.02
0.015

n.s

n.s

n.s

SS1

SS2

n.s

n.s
0.01
0.005
0
W

REM

Sleep Stages

W

REM

SS1

SS2
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Supplementary figure A.14: Values the surrogate corrected interdependence method (Γ ) for focal and non-focal EEG signals, sleep
stages and recording technique for the second window of the multichannel EEG recordings database: Same as Fig. 5.6 but for the second
window of the multichannel EEG database.n.s. indicates no significant
difference; asterisks indicate significant difference between focal and
non-focal signals (p ≤ 6.3 × 10−3 ).
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Table A.4: p-values of the Mann-Whitney U-test with Bonferroni correction for thirty comparisons to check for differences in the results of ψ
between group. n.s. indicates no significant difference.

Window
1st
2nd

Recording
technique
macro
micro
macro
micro

W
p < 0.006
p < 0.006
p < 0.006
p < 0.006

p-values
REM
SS1
n.s.
n.s.
n.s.
p < 0.006

SS2

p < 0.006
p < 0.006
p < 0.006
p < 0.006

p < 0.006
p < 0.006
p < 0.006
p < 0.006

Table A.5: p-values of the Mann-Whitney U-test with Bonferroni correction for thirty comparisons to check for differences in the results of Γ
between groups. n.s. indicates no significant difference.

Window
1st
2nd

Recording
technique
macro
micro
macro
micro

W
n.s.
p < 0.006
n.s.
p < 0.006
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p-values
REM
SS1
n.s.
n.s.
n.s.
n.s.

n.s.
p < 0.006
n.s.
p < 0.006

SS2
n.s.
p < 0.006
n.s.
p < 0.006
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