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Abstract 

The analysis of neuronal recordings is important for the understanding of the human brain.  

Epilepsy is a neurological disorder characterized by a synchronous neuronal activity in the 

brain, that causes seizures. This synchrony can also be found in seizure-free intracranial 

electroencephalographic (EEG) recordings. Using nonlinear interdependence measures we 

can characterize the dynamical interdependencies in epileptic brain. Nowadays, there are 

different methods able to identify interaction between different brain areas, such as the cross-

correlation or the linear coherence. However, these methods may not be optimal because 

they are not sensitive for nonlinear interdependence. In this thesis, we use a rank-based 

nonlinear interdependence measure (L) able to detect the direction of coupling and the 

strength between two dynamics. However, L can be affected by noise or cross-correlation 

of the underlying dynamics. To enhance the specificity of the approach, we apply a surrogate 

correction (ΔL) to test the results against a specific null hypothesis. We apply this technique 

to EEG signals measured at different spatial scales of neuronal organization (micro and 

macrocontacts), stages of the sleep-wake cycle and hemispheres. These hemispheres can be 

focal, where seizures are produced, or nonfocal, where there are no evidences of seizures. 

We first evaluate our measure with bivariate model dynamics (stochastic and deterministic), 

where ΔL demonstrates to find the correct direction of coupling. Then, we apply ΔL to 960 

seizure-free EEG signals from 3 patients. We obtain the interdependency between 

macrocontacts, between microcontacts and across macro and microcontacts. In general, 

results show higher values of interdependency for the focal hemisphere as compared to the 

nonfocal hemisphere. This high interdependency is consistent in all patients when ΔL is 

applied between macro and microcontacts. Regarding the stages of the sleep-wake cycle, the 

deepest sleep stages present more differences between focal and nonfocal hemispheres.  

In conclusion, we found that ΔL shows promising results to localise the focal hemisphere 

without the presence of seizures. This is very important since seizures are considered a health 

impairing phenomenon. A potential therapy for epilepsy patients is resecting the area that 

produces seizures performing a surgery. This thesis provides further evidence that the 

analysis of multichannel EEG recordings using nonlinear techniques can be useful for 

diagnostic purposes. 



Keywords: Signal analysis; EEG; Nonlinear Time Series Analysis; Nonlinear 

interdependence measure; Epilepsy. 
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1. Introduction  

1.1. Motivation  

1.1.1.     Electroencephalographic recordings in epilepsy patients 

Epilepsy is one of the most common neurological disorders, and about 1% of the population 

suffers from it1. The International League Against Epilepsy characterises epilepsy as an “enduring 

predisposition to generate epileptic seizures”2. An epileptic seizure is caused by “abnormal 

excessive or synchronous neuronal activity in the brain”2. Approximately 5 to 10% of people 

will have a seizure during their (see Ref. 3 and references therein).  

There are two types of seizure depending on the size and location of the affected area in the 

cerebral cortex. In focal epilepsy, seizure activity begins in one or more localized brain 

regions, the so-called seizure onset zone (SOZ). In contrast, in generalised epilepsy both 

hemispheres are affected from the beginning of the epileptic seizure3. Almost 60% of 

epilepsy patients suffer from focal epilepsy. For around 15% of these patients, medication 

does not lead to a sufficient control of their seizures4. For these patients with 

pharmacoresistant epilepsy, epilepsy surgery is a potential therapy. This intervention aims at 

rendering the patient seizure-free by resecting the brain area responsible for the occurrence 

of seizures. This aim is reached in approximately 60% of the patients undergoing epilepsy 

surgery (Ref. 4 and references therein). To plan this neurosurgery, the precise localization of 

the SOZ and the estimation of the risk of its resection is crucial. For that purpose, different 

diagnostic techniques are used5. Among these are scalp and intracranial 

electroencephalographic (EEG) recordings, this last one is analysed in this thesis. 

EEG recordings measure electrical activity of the brain that can be visually inspected by 

clinicians. Thus, they can identify epileptiform patterns from brain activity where the 

electrodes are placed. There are two ways in which we can register these recordings: 

noninvasively (scalp electrodes) and invasively (intracranial electrodes). Scalp electrodes, in 

some cases, are not suitable to identify accurately the SOZ because they are located far away 

from the deep areas of the brain. Moreover, they are affected by artefacts from the face 

muscles and eye movement. In that cases, intracranial EEG can improve the resolution. The 

resulting recordings have a better signal-to-noise ratio than scalp electrodes and a higher 

spatial and temporal resolution. Intracranial electrodes record brain activity from a very 

specific area, using different types of electrodes, such as placing them onto (subdural) or 
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going through the cortex (stereotactically implanted)6. In this thesis we analyse EEG 

recordings from stereotactically implanted electrodes composed by macro-contacts and 

micro-wires.  

EEG recordings can include ictal, that corresponds to the interval during seizures, or 

interictal activity that is, the period between seizures7. These activities present characteristic 

patterns useful to localise the SOZ. The EEG recorded during seizures is characterised by 

epileptiform discharges of high amplitudes and an elevated level of neuronal synchronization, 

whereas, during seizure-free interval only brief discharges and bursts can be observed8.  

Sometimes the visual inspection by trained clinicians and other diagnostic techniques can be 

complemented to localise the area where the seizure starts. EEG is considered to have 

nonlinear dynamics due to the nonlinearity of the complex neuronal network. To 

complement other diagnostic techniques, nonlinear analysis techniques for EEG 

quantification are used. Nonlinear time series analysis (NTSA) form a group of algorithms 

and measures used to extract features from dynamical systems9, 10. There are several 

retrospective studies where NTSA was applied to localise the SOZ from epilepsy patients 

(for example, Ref. 11, 12, 13). NTSA measures can be univariate, where algorithms are 

applied to single signals, such as the nonlinear prediction error (E) that tries to distinguish 

between stochastic and deterministic dynamics14. Both types of dynamics are present in 

epileptic brain activity14. For instance, focal signals are characterised by a deterministic 

structure, even in seizure-free intervals11. Moreover, NTSA measures can also be bivariate, 

trying to find interdependency or coupling between two dynamics. Between these measures 

we find the nonlinear interdependence measure (L), among others. These algorithms can be 

affected by noise and the results can be disturbed. For that reason, NTSA measures are 

combined with the concept of surrogates14 to enhance the ability of the algorithms for EEG 

characterization8, 11, 15.   

Throughout this thesis, we will refer to the hemisphere that contains the SOZ as focal area 

(focal hemisphere). Therefore, the area not corresponding to any focus, will be referred as 

nonfocal area (nonfocal hemisphere).   
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1.1.2.     Quantification of interdependence from pairs of signals 

The coupling between two dynamics can be reflected in signals recorded from these 

dynamics in different brain areas, characterising the epileptic process. Previous studies 

demonstrated that the interaction between the SOZ and other brain areas is higher during 

seizures due to the synchronous neuronal activity16, 17. This interaction can be measured using 

bivariate techniques based on the concept of Granger causality18, that tries to find causal 

relations between two time series (X and Y). Future values of X are predicted using past 

values of X and Y. Then, if using Y the prediction of X improves, accordingly X causes Y. 

However, it has to be taken into account that this causality can be unidirectional (X only 

causes Y) or bidirectional (Y causes X and vice versa)19. The most commonly used measures 

are cross-correlation, coherence, mutual information and approaches based on evaluating 

reconstructed state spaces, like the nonlinear interdependence measure (L)20. 

L was proposed by Chicharro and Andrzejak21 and it is a rank-based measure that is based 

on the asymmetric state similarity criterion22.  Similar approaches were compared with L  in 

Ref. 21, but L demonstrated to have better sensitivity and specificity to detect directional 

couplings. L was previously applied to EEG recordings of epilepsy patients8, 12 and to 

recordings of spiking activity of individual neurons23. In order to apply L to time series, an 

embedding space reconstruction and the Euclidean distances are calculated to find 

similarities in the reconstructed space14. Interdependence is higher in the signals recorded 

from the focal hemisphere compared with the nonfocal one8, 12. As compared to other 

measures (e.g. defined in Ref. 17), L does not only give the directionality but also the strength 

of the coupling. 

However, to assess the significance of the coupling found with L, a surrogate correction is 

needed15. These surrogates test a certain null-hypothesis about the underlying dynamics of 

the coupling.  

1.2. Objectives 

The principal aim of this master thesis is to find different interdependencies between the 

focal and nonfocal hemisphere of epilepsy patients. To achieve this goal, we follow different 

steps: 
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a) Application of measure L with surrogate correction to already known model systems 

(Lorenz and Rössler dynamics and bivariate autoregressive process) to evaluate the 

performance of L in detecting the coupling between dynamics. 

b) Application of measure L with surrogate correction to EEG recordings at different 

spatial scales of neuronal organization (micro and macrocontacts). 

c) Study interdependency in awake state and in different sleep stages. 
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2. Methods 

2.1. Bivariate nonlinear time series analysis 

Bivariate nonlinear measures are useful to characterise interactions between dynamics 

originated from different recording sites. In this project, we focus on the nonlinear 

interdependence measure L that will be compared to a baseline obtained from a surrogate 

time series. 

2.1.1. Nonlinear interdependence measure  

The nonlinear interdependence measure L denotes the degree of coupling between two 

dynamics: X and Y. For the following description, we will consider X as a driving dynamics 

and Y as the response. The measure L quantifies the degree in which close states in a space 

Y maps to close states in the space X. According to the asymmetric state similarity criterion, 

although the coupling is unidirectional, it does not imply that always the driving dynamics 

causes the response. Here we will have two possible results, given that there are two 

directions: couplings from X to Y (L(X|Y)) and couplings from Y to X (L(Y|X)). First of 

all, we have to reconstruct the space using delay coordinates in each signal xi and yi for i = 

1,…N* 21.  

𝐱𝑖 = (𝑥𝑖 , 𝑥(𝑖−𝜏), … , 𝑥(𝑖−(𝑚−1)𝜏)) 

𝐲𝑖 = (𝑦𝑖 , 𝑦(𝑖−𝜏), … , 𝑦(𝑖−(𝑚−1)𝜏)) 

 

Where m and τ denote the embedding dimension and embedding delay, respectively. Now, 

the index i goes from i = 1,…,N, where N = N* - (m-1)τ. The Euclidean distance is computed 

to obtain the nearest neighbours k of the reference point, where the time indices of k are 

represented as vi,j and wi,j (j=1,…,k) of xi and yi, respectively. Values corresponding to the 

same trajectories are rejected by applying the Theiler correction with window length W 24. 

So, the points included fulfil the condition |vi,j - i|>W and |wi,j - i|>W. In order to compute 

one direction of measure L, for example L(X|Y), we have to take X as reference. Then, we 

compute the distances between xi and xwi,j and we sort them to obtain the Y-conditioned 

mean rank. We use g(xi, xwi,j) to denote the rank of distances used. 

𝐺𝑖
𝑘(𝑋|𝑌) =

1

𝑘
∑ 𝑔 (x𝑖 , x𝜔𝑖,𝑗

)

𝑘

𝑗=1

 

(1) 

(2) 
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The mean rank and minimal mean rank are obtained with Eq. 3 and 4, respectively, for X as 

a reference. The mean rank is what you expect in independent dynamics and the minimal 

mean rank is what you obtain for identical synchronization. 

                    𝐺(𝑋) =
𝑁 −(𝑚−1)𝜏

2
                                                             𝐺𝑘(𝑋) =

𝑘+1

2
   

 

This procedure is done using all points as reference, and the measure L is obtained using 

𝐿(𝑋|𝑌) =
1

𝑁 − (𝑚 − 1)𝜏
∑

𝐺(𝑋) − 𝐺𝑖
𝑘(𝑋|𝑌)

𝐺(𝑋) − 𝐺𝑘(𝑋)

𝑁−1

𝑖=(𝑚−1)𝜏

 

 

The same procedure is followed to obtain L(Y|X), only changing the reference.  

Values around L=0 are obtained for independent dynamics and the maximal value is L=1 

for identical synchronization. However, this last result can be caused by some linear 

correlations, for that reason, the concept of bivariate surrogates has to be used. 

2.1.2. The concept of surrogates 

In NTSA the concept of Monte Carlo surrogate time series is very important9. Surrogate 

time series are a random version of the original signal but maintaining some of the original 

properties and destroying others by a controlled randomization process. The distribution of 

values obtained by surrogates are used to test a certain null-hypothesis H0 of the data studied, 

that will depend on the type of surrogates selected. For instance, in NTSA surrogates are 

used to distinguish between different types of dynamics14.  

In this project, we use amplitude-adjusted bivariate surrogates15. The null hypothesis 

represented by these surrogates is that “X and Y represent a stationary bivariate linear 

stochastic correlated Gaussian process”15. The resulting surrogates have the same cross-

correlation, autocorrelation and amplitude distribution as the original time series. Any 

potential interdependence between both signals will be destroyed using bivariate surrogates15. 

In order to test H0 we compute L for the original time series and for a set of independent 

surrogates. We will reject H0 if L from the original time series is higher than the maximum 

of L obtained from surrogates. The rejection has a significance level (α). 

𝛼 =  
1

1 + 𝑞
 

(3) (4) 

(5) 

(6) 
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Where q is the number of surrogates generated.  

The generation of surrogates from the original time series is obtained from an iterative 

process, where each iteration has two steps. In the first step, we have to adjust the power 

spectrum from the periodogram of the original time series. But, the phases of the individual 

surrogates should still be random. In the second one, the amplitude distribution is restored 

in time domain. Across all iterations, deviation is reduced. However, after the iteration 

process, the autocorrelation and cross-correlation may be altered. For that reason, more 

iterations are needed. Depending on we decide to finish the iterative process, we will obtain 

either a perfect amplitude or periodogram8. 

In this thesis, 19 surrogates are calculated, to obtain a 5% of probability of rejecting H0, in 

case it would be true. However, we are not going to reject or accept H0 in this thesis for the 

EEG analysis. Instead, the obtention of 19 surrogates will be used as a baseline extracted 

from H0. Doing so, we compare the measure applied to the original time series against to the 

set of surrogates.  

2.2. Dynamics and Time Series 

With the aim to assess the coupling obtained by L, some exemplary time series are used. 

Some previous studies used them (Ref. 15, 21, 25) and are defined in sections 2.2.1, 2.2.2 and 

2.2.4. 

2.2.1. Lorenz dynamics 

The Lorenz dynamics is widely used as an example of a model system that represents 

determinism. It is chaotic, meaning that we obtain different time evolutions when different 

initial conditions are used. In order to study directional couplings using bivariate techniques, 

we can adjust the coupling strength in differential equations. 

  

 

 

Where ε denotes the coupling strength between the first Lorenz dynamics (X) and the second 

one (Y). In the case represented in Eq. 7, the coupling strength goes from X to Y, where X 

acts as a driver and Y as a response. In Figure 1 the 3 components of the Lorenz dynamics 

are shown. 

(7) 
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In order to solve the differential equation represented in Eq. 7, a Runge-Kutta algorithm of 

order four is applied. We use an integration time step of 0.03. Random initial values are set 

for a previous preallocation of 10,000 iterations. This is done to obtain an initial condition 

closer to the start of computation, obtaining 2,048 points for analysis. An array of 40 

controlled coupling strengths are set starting at 0.1 and increasing the previous value 15%, 

for Lorenz dynamics Y. In this manner, X acts as a driver dynamics and Y as a response. 

Moreover, we assign values for RX and RY in Eq. 7 for making both dynamics identical 

(RX=RY=39) and non-identical (RX=39 and RY=35). 

 

Figure 1: The three components of Lorenz dynamics. 
 

2.2.2. Rössler dynamics 

The Rössler dynamics also represents deterministic dynamics like the Lorenz, however, it is 

defined by other differential equations. 

   

 

 

Where ΩX and ΩY denote the frequency at which dynamics X and Y oscillate, respectively. 

In Figure 2 the 3 components of a Rössler dynamics are shown. 

(8) 
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In order to solve the differential equation represented in Eq. 8, the same procedure as in 

Lorenz is followed. However, using the same parameters we do not obtain enough 

oscillations to perform the analysis. For that reason, we use an integration time of 0.05 

obtaining 2,048 samples. Levels of the coupling strength are set ε=0.01,…,0.03, obtaining 40 

values equidistant for Rössler dynamics Y. We use ΩX=0.995 and ΩY=1.015 as oscillation 

frequency for the dynamics X and Y, respectively.  

 

 

 

 

 

 

 

 

 
 

 

Figure 2: The three components of Rössler dynamics. 

Once the representative signals are computed, we apply L to X and Y, obtaining L(X|Y) and 

L(Y|X). At the same time, we compute L for 1 surrogate for every original time series. As 

Lorenz and Rössler dynamics are sensitive to initial conditions, we compute 20 independent 

repetitions of L for the original time series and for the surrogate. Doing so, we will obtain 

20 independent values for every coupling strength and we will know the effect of ε on L. 

2.2.3. Cross-correlation conservation in Lorenz dynamics 

As mentioned in section 2.1.2. bivariate surrogates preserve the cross-correlation of the 

original time series. In this section we compute L for the original time series and surrogates 

for both directions (X to Y and Y to X) of Lorenz dynamics. Then, we make a comparison 

of 6 combinations, presented in Figure 3. The most common comparison, in order to 

evaluate H0, is the one represented with red arrows in Figure 2. The analysis presented in this 

section compares L of original times series (LO) and L of the mean of surrogates (LS) between 
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both directions and Lo with Ls of opposite direction, as represented in Figure 3 with black 

arrows. 

 

Figure 3: Comparisons performed between original and surrogate time series.  

In order to perform this analysis, we have to take into account that noise can also modify 

measure L because the asymmetry in the dynamics is affected21. For this reason, we apply 

increasing levels of Gaussian white noise, from a distribution with zero mean and unit 

variance, to the original time series (variance around 90). The level of noise (ξ) is increased 

from 0 to 5 in steps of 0.5. At the same time, as in the previous section, different levels of 

coupling strength ε are applied, this time ε=0,…,10. Thus, we will have 121 combinations of 

L with eleven levels of noise and coupling strength.  

Finally, to perform a paired statistical test (Wilcoxon signed rank test against zero median), 

we repeat this experiment 20 times. In every iteration we generate only one surrogate, and 

we obtain the mean through all iterations. Then, comparisons are performed following 

Figure 3. We apply the Bonferroni correction for multiple comparisons tests to determine 

the threshold of statistical difference. In that case, we have 121 independent tests, so the 

correction will be applied to 0.05. Thus, the differences will be statistically different for p-

values below 4.13e-04. 

 

2.2.4. Bivariate autoregressive process 

The bivariate autoregressive process (BAP) is used to generate stochastic dynamics that are 

linear correlated15. 

(
𝑥𝑛

𝑦𝑛
) = ∑ 𝐴𝑖 (

𝑥𝑛−𝑖

𝑦𝑛−𝑖
)

2

𝑖=1

+ (
𝜉𝑛

𝜂𝑛
) 

 

                𝐴1 = (
1,85 − 𝑐𝑝 𝑐𝑝

𝑐𝑝 1,76 − 𝑐𝑝
)                                     𝐴2 = (

−0,87 0
0 −0,82

)  

 

(10) 

(9) 

(11) 
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Where ξn and ηn represent white noise with zero mean and unit variance. The parameter cp 

allows to set the strength of cross-correlation, with the form cp=0.0125x1.25p with 

p=0,…,17. Figure 4 shows xn and yn for different values of cp.  

 

Figure 4: Bivariate autoregressive process with cp=0.0125 (p=0) and cp=0.5551 (p=17) for xn 
and yn. 

The same procedure as in Lorenz and Rössler dynamics is followed in this case. However, 

this time the random component that differentiates the 20 repetitions is given by ξn and ηn. 

In total, 2,048 points are analysed for each time series and one surrogate is computed for 

every value of cp. 

For the analysis of Lorenz, Rössler and bivariate autoregressive process we fix the parameters 

of L to k=5, for the number of neighbours, W=50, for the Theiler correction, m=8, for the 

embedding dimension and τ=4 for the embedding delay, as used in Ref. 21. 

2.3. Electroencephalographic recordings 

The electroencephalographic recordings used in this study (Bonn 2019 database) come from 

3 different patients who underwent invasive EEG monitoring. We know the different stages 

of the sleep-wake cycle which correspond to every moment during the recording. The 

recordings do not include any seizure episode, instead, they are from interictal periods, i.e. 

the time between consecutive seizures. Two types of contacts were used in one hybrid 

electrode (Figure 5). We have in total 8 macrocontacts and 8 microcontacts. Microcontacts 
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cover a smaller area than macrocontacts. In total there are 960 signals of 32 s that correspond 

to random samples cut from a continuous recording of the 3 patients. In total, 320 signals 

are taken from each patient: 160 focal (hemisphere containing the SOZ) and 160 nonfocal 

(seizure-free hemisphere). Regarding the stages of the sleep-wake cycle, here we analyse four: 

Awake, REM (Rapid Eye Movement) and nonREM, this last one is split in light (SS1) and 

deep (SS2) sleep. For every patient there are 80 signals for every stage of the sleep wake cycle, 

40 for the focal hemisphere and 40 for the nonfocal one. We analysed 16 seconds from the 

beginning of every signal. The sampling rate of the recording was 2048 Hz.   

2.3.1. Data pre-processing 

A band-pass filter is applied using a Butterworth low-pass filter of 4th order at 40 Hz and a 

Butterworth high-pass filter of 4th order at 0.5 Hz of cut-off frequency. In order to reduce 

the computational time, the EEG signals were downsampled from a sampling rate of 2,048 

Hz to 256 Hz. Then we have to reference our signals, and the method is different depending 

on the type contact used. For the 8 signals recorded using macrocontacts every signal is 

subtracted from its preceding one (bipolar montage). Doing that, there are 7 available signals 

coming from macrocontact recordings to work with. For the 8 signals recorded with 

microcontacts, as all of them are located at the tip of the macrocontacts, we cannot make a 

bipolar montage. For this reason, the mean of all recordings from microcontacts is subtracted 

from each signal to make the reference. 

 

Figure 5: Electrode used to obtain the recordings. It is composed by 8 macrocontacts and 7 microcontacts. 
These last are located at the tip of the macrocontacts. 

2.3.2. Data example 

Figure 6 shows an example of one of the signals. The length of the signal is of 16 s and it is 

formed by 7 signals from macrocontacts and 8 signals from microcontacts. For further 

analysis it is important to visualise the data to be analysed, in order to be critical with the 

results. These recordings do not have artefacts to be considered that can cause any distortion 
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in the analysis. This fact is because the recordings were cut to obtain 960 signals that are 

artefact-free.   

2.3.3. Application of L measure 

For every individual EEG recording, 19 surrogates are generated. Measure L is applied to 

the 7 macrocontact and the 8 microcontact recordings, for the original signal and the set of 

surrogates. Then, the mean of L from surrogates is subtracted from L of the original signal. 

Thus, we obtain a matrix of 15-by-15 for every individual recording. This result corresponds 

to the interdependence between macrocontacts, between microcontacts and both directions 

of L between macro and microcontacts.  

In order to compute the mean of all these matrices for every patient and hemisphere, we 

cannot average across all the 15-by-15 matrices. For every signal, we cannot make a 

differentiation of the exact location for the macro and microcontacts. So, it would be 

incorrect to compute the mean between signals that are recorded from different brain 

regions. Therefore, we obtain one value for the interdependencies of macro (average through 

a submatrix of 7-by-7) and microcontacts (average through a submatrix of 8-by-8) of the 

same signal. Then, we average through all the signals from the same patient and hemisphere. 

For the case of the interdependency between macro and microcontacts, for every 

macroelectrode we average through all 8 microcontacts. Doing so, we compute the mean of 

the obtained array of 7 elements (for the 7 macrocontacts) through the same patient and 

hemisphere. The final obtained matrix for patient and hemisphere will contain one value for 

the interdependence of all macrocontacts, one value for microcontacts and two arrays for L 

between 7 macrocontacts and all microcontacts (for the two directions). Then, in order to 

compare the change between focal and nonfocal signals for every patient, a similar matrix is 

obtained. This matrix is the subtraction obtained from focal and nonfocal matrices, divided 

by the standard deviation of all values. The explained results matrices are presented in Section 

3. 

In the EEG analysis, the parameters used for L are: k=5, W=38, m=8 and τ=8, for a sampling 

rate of 256 Hz. The parameters W, m and τ depend on the sampling rate used. 

The results are statistically evaluated using a two-way ANOVA with factors location (focal 

vs. nonfocal hemisphere) and stages of the sleep-wake cycle (Awake, REM, SS1 and SS2) 

separately for all three patients and the two recording modalities. The recording modality 
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refers to macrocontacts, microcontacts and the combination of all microcontacts with the 

inner macrocontacts (Macrocontact 1 and 2). Then, post hoc analysis is performed between 

groups using a Mann-Whitney U-test with Bonferroni correction, to minimize the probability 

of rejecting incorrectly the H0. The Bonferroni correction was applied to 0.05 dividing by 36 

independent comparisons (3 patients, 4 stages of the sleep-wake cycle and 3 types of data). 

Thus, we consider the results as statistically significant if the p-value obtained is lower than 

0.00139. 

2.4. Materials 

The algorithm for the measure L was from Prof. Dr. Ralph Gregor Andrzejak and use in the 

paper by Marc Grau16. The generation of bivariate surrogates was obtained from12. The 

scripts that compute measure L in combination with surrogates and the obtaining of results 

were made by Anaïs Espinoso. Regarding the EEG analysis, the filters, reference of signals 

and ANOVA algorithms were from Cristina González. Finally, the script that obtains the 

EEG signal ready for analysis was made together with Cristian Galán. 

The software to compute the scripts already mentioned was MATLAB (R2018b), obtained 

with the student license from Universitat Pompeu Fabra (UPF).  

 

Figure 6: Exemplary EEG recording from the focal hemisphere from patient 3. 
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3. Results  

3.1. Bivariate model systems 

In this section we present the results of L applied to Lorenz and Rössler dynamics and the 

bivariate autoregressive process, described in section 2. 

3.1.1. Lorenz dynamics 

The measure L was applied to coupled Lorenz dynamics with increasing values of coupling 

strength ε. The driving direction is X and the response Y, where higher values of L are 

obtained for the original time series (Figure 7). This means that L was able to detect the 

correct direction of coupling LO(X|Y). This situation is observed around ε=0.62, where there 

is a significant difference between L between LO(X|Y) and LS(X|Y). While, the opposite 

direction (LO(Y|X)) and both surrogates have very similar and lower values compared with 

LO(X|Y). This suggests that for LO(X|Y) the null-hypothesis H0 is rejected, because the 

result is different from the bivariate surrogate LS(X|Y). Thus, according to H0, this direction 

is not representing a “linear stochastic correlated Gaussian process”. However, for LO(Y|X) 

we cannot reject H0 because the result is similar to LS(Y|X).  

Apart from these differences, as ε increases higher are the values of L for all four situations 

(LO(X|Y), LO(Y|X), LS(X|Y) and LS(Y|X)). For the set of coupling strength used here, with 

ε=11.58, L approaches its maximum value. This means that the dynamics are almost identical 

synchronised. For non-coupled dynamics (ε=0) there is no interdependency between 

dynamics X and Y, the mean through all computations is close to 0 (Figure 7). 

This behaviour is observed for identical coupled Lorenz dynamics (RX=RY=39, from Eq. 7), 

in Figure 7, and for non-identical (RX=39 and RY=35), in Figure 8. Higher values of LO(X|Y) 

are obtained for non-identical dynamics. In both situations, values of L<0 are possible, but 

the mean through all repetitions is close to 0 for lower values of ε. 
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Figure 7: Dependence of L on ε for identical coupled Lorenz dynamics for original times 
series Lo and surrogates Ls. Higher values of L are obtained for the original time series of 
the driving direction (X|Y). The error-bar denotes the range obtained for the 20 repetitions. In order to avoid 
overlapping between bars, different and near x positions are used for representation. The non-coupling (ε=0) and 
maximum coupling (ε= ∞) situations are represented in left and right sides with an asterisk.   

 

 

 

 

 

 

 

 

 

 

Figure 8: Same as Figure 7 but for non-identical coupled Lorenz dynamics (RX=39 and RY=35 
in Eq. 7). 
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3.1.2.  Rössler dynamics 

In Figure 9, measure L is represented for different coupling strength from 0.01 to 0.03 for 

coupled Rössler dynamics. The driving direction has higher values of L than both surrogates 

and the non-driving direction LO(Y|X) from around ε=0.021. However, with lower values 

of ε, measure L for the original time series is below the value of L from surrogates. In that 

case, there is no generalised synchronization at 1, instead, a maximum value is obtained at 

approximately around 0.85. As ε decreases, L is closer to 0. 

  

 

  

 

 

 

 

 

 

Comparing the obtained results for Lorenz and Rössler, there are some differences. First, a 

bigger range for L is observed for Rössler compared with Lorenz, meaning that the type of 

dynamics is not cleared coupled for different iterations. Secondly, LO(Y|X) has lower values 

than both surrogates in the case of Rössler dynamics. So, the cross-correlation is not equally 

preserved. And finally, the difference between LO(X|Y) with surrogates and LO(Y|X)  is 

higher in the case of Lorenz. 

3.1.3. Bivariate autoregressive process 

Figure 10 shows L for different values of cp from Eq. 10. For both directions we can observe 

that the result from LO is very similar to LS. This means that we cannot reject H0 as the result 

from the original time series is equal to the one from bivariate surrogates. Thus, we only find 

cross-correlation between X and Y. 

Figure 9: Same as Figure 7 for Rössler coupled dynamics. 
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With higher values of cp higher values of L are observed due to the increase of the coupling. 

The maximum value is obtained at around 0.8. When there is no coupling applied, the result 

obtained for L is close to 0.  

 

 

 

 

 

 

  

Figure 10: Similar values of L are obtained for the original time series (X|Y) with its own 
surrogate (b) surrogates and in the direction (Y|X) (a). Dependence of L on cp for bivariate 
autoregressive process for original times series Lo and surrogates Ls. The error-bars denote the 
range obtained for the 20 repetitions.  

3.2. Cross-correlation preservation of Lorenz dynamics 

Apart from the strength of coupling, measure L can be affected by noise (as defined in 2.2.3). 

Figure 11  represents the measure L for a coupled Lorenz dynamics for noisy-free and noisy 

situations. Intermediate levels of noise (ξ=2.5) are applied to the original time series. It can 

be observed that the difference between surrogates and measure L for the noise situation is 

lower than for the noisy-free case. However, H0 is still rejected. Moreover, the maximum 

value for the maximum coupling strength (ε=23.29) used here is not 1, instead, is around 

0.97. For ε=0 we still have values around L=0. 

Here we present the results obtained following the methodology explained in subsection 

2.2.3 and making the comparisons showed in Figure 3. In Figure 12 the result comparing L 

from both surrogates and both directions of the original time series can be seen. Similar 

representations are obtained for the other two comparisons. When LO(X|Y) is part of the 

analysis (Figure 12b), higher differences are obtained for lower levels of noise (ξ from 0 to 

1.5) and intermediate levels of coupling (ε from 3 to 8). This means that for higher levels of 

noise and coupling strength H0 cannot be rejected despite we are comparing the driving 

direction. In contrast, when LO(X|Y) is not compared, there are no big differences in L 

(Figure 12a). This behaviour was already observed in Figure 7 with LO(Y|X) and LS(Y|X), 

0 0 

(a) (b) 

cp cp 
cp cp 
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where we cannot reject H0. In this mentioned case, the cross-correlation was preserved 

because we are comparing the same direction of coupling (Y to X). Also, comparing both 

surrogates, we notice that also certain degree of cross-correlation is preserved as we are 

obtaining lower differences in L. Figure 13 depicts levels of ξ and ε where p-values are lower 

(in red) than the threshold after applying the Bonferroni correction. Greater statistical 

differences are found for LO. 

 

 

 

 

 

 

 

 

 

Figure 11: When noise is applied differences with the results of L for surrogates and for 
original times series are lower for L(X|Y). Same as Figure 7 but for coupled Lorenz dynamics and only 
L(X|Y) is represented for noisy-free and with noise of ξ = 2.5.  
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Figure 12: Surrogates from different directions show similar levels of L measure, preserving 
cross-correlation. Dependence of ΔL on ε and ξ for Lorenz dynamics comparing both 
surrogates (left) and both original measures (right) between them. The mean across 20 repetitions 
is shown. No big differences are observed for surrogates but they are observed when Lo(X|Y) is part of the analysis. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 13: Greater statistical differences are found when the driving direction is involved in 
the comparison. The significance level of Figure 12 using a Wilcoxon signed rank test (paired 
test) is shown. Red colour indicates the rejection of H0 whereas in white the acceptance. 
Significance is observed when Lo(X|Y) is part of the analysis. 
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Figure 14 shows differences in measure L for all combinations presented in Figure 3. Every 

curve represents a certain noise level. The driving direction is correctly identified when it is 

compared against LS(X|Y), LO(Y|X) and LS(Y|X). The same behaviour as Figure 12b is 

observed. Also, when the both surrogates and LO(Y|X) are compared, differences are 

distributed around 0 for all levels of coupling and noise.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 14: Higher differences are observed in L when the difference is determined for LO(X|Y) 
against either LO(Y|X), LS(X|Y) or LS(Y|X). Dependence of ΔL on ε and ξ for all combinations 
of Lorenz dynamics. From blue to yellow indicate increasing noise levels. In the first row, where Lo(X|Y) is involved, 
when noise increases, lower is ΔL. Moreover, when ε increases ΔL begin to increase until a maximum, and then it 
decreases. In the second we do not observe that behaviour just mentioned.  
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3.3. EEG recordings 

In this section, we show the results of L with the correction of 19 surrogates (ΔL) for Bonn 

2019 database. As explained in section 2.3.3, we obtain different matrices where L is applied 

between all macro (M) and microcontacts (m) for every patient and hemisphere.  

3.3.1. Individual time frames 

From Figure 15 to Figure 23 we show EEG time series and the interdependency matrix from 

some of the 960 signals analysed. For every patient we choose one signal that has values of 

ΔL close to the mean of the signals corresponding to one hemisphere. We will refer to that 

signal as typical. Moreover, we select one signal that has some ΔL values different from the 

rest of signals for every hemisphere. We introduce that signal as outstanding.  

For patient 1, the typical signal is obtained from the nonfocal hemisphere (Figure 15). We 

found that the mean frequency seems to be higher for the EEG recordings from 

macrocontacts than from microcontacts. The interdependency values are quite dispersed 

among all contacts for that specific case. The outstanding case for the focal hemisphere 

(Figure 16) has higher values of ΔL for M1 with all microcontacts. If we look at the signal, 

in the recordings from microcontacts there are some slow oscillations with high amplitude. 

Close to that periods, in the EEG from macrocontacts there are fast oscillations that could 

cause such interdependency. Moreover, interdependency between outer macrocontacts (M5, 

M6 and M7) is negative. For the example of the nonfocal hemisphere (Figure 17) we observe 

a pronounced interdependency among all microcontacts. Looking at the signal, there is a 

high number of oscillations with low frequency that could produce such interdependency. 

In patient 2, for the typical case in the focal hemisphere (Figure 18) demonstrates to have 

different interdependencies among all contacts. For EEG recordings from macrocontacts 

we observe less oscillations than in patient 1. The activity from microcontacts is flatter with 

some oscillations at the beginning. The outstanding case for the focal hemisphere (Figure 

19) has big negative values of ΔL between microcontacts. Looking at the corresponding 

signals, the activity has low amplitude except from one sudden oscillation that could affect 

the dynamics of the time series. Last, the outstanding case for the nonfocal hemisphere 

(Figure 20) demonstrate to have high ΔL values for microcontacts m3 and m4. However, in 

both signals we do not find any indication for such interdependency. 
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Finally, for patient 3 we select a typical result of ΔL from the focal hemisphere (Figure 21). 

EEG recordings from macro and microcontacts have the same amount of oscillations and 

the interdependencies obtained are quite different. In the outstanding case for the focal 

hemisphere (Figure 22) we found high values of ΔL between microcontacts and M1, M2 and 

M3. The corresponding signals from macrocontacts have fast oscillations when in the EEG 

recordings from microcontacts there are some slow fluctuations. Moreover, because of this 

last behaviour, the interdependencies between microcontacts are higher compared to the 

typical case. The last example corresponds to an outstanding case of the nonfocal hemisphere 

(Figure 23). Here, high values of ΔL are found between microcontacts. The corresponding 

signals have lower amplitudes except for a period of 2 s where there are high amplitude 

oscillations.  
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Figure 15: Results of surrogate corrected L for a signal recorded from the nonfocal hemisphere of 
patient 1 for a typical case. Amplitudes for EEG recordings from macroelectrodes range from -200 to 200 μV. For 
EEG recordings from microelectrodes range from -500 to 500 μV. 
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Figure 16: Same as Fig. 15 but for an outstanding case for patient 1 and focal hemisphere. 
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Figure 17: Same as Fig. 15 but for an outstanding case for patient 1 and nonfocal hemisphere. 
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Figure 18: Same as Fig. 15 but for a typical case for patient 2 and focal hemisphere. 
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Figure 19: Same as Fig. 15 but for an outstanding case for patient 2 and focal hemisphere. 
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Figure 20: Same as Fig. 15 but for a common case for patient 2 and nonfocal hemisphere. 
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Figure 21: Same as Fig. 15 but for a typical case for patient 3 and focal hemisphere. 
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Figure 22: Same as Fig. 15 but for an outstanding case for patient 3 and focal hemisphere. 
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Figure 23: Same as Fig. 15 but for an outstanding case for patient 3 and nonfocal hemisphere. 
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3.3.2. Entire data base 

In this subsection we obtain averaged results of the signals obtained from every individual 

patient. These results are shown in Figs. 24, 25 and 26.  

For patient 1 higher values of ΔL are obtained in general for the focal hemisphere (Figure 

24a) as compared to the nonfocal (Figure 24b). Looking at the difference between focal and 

nonfocal hemisphere (Figure 24c), there are higher values of interdependency for 

macrocontacts than for microcontacts. Moreover, notice that higher values are obtained for 

the interaction of microcontacts with macrocontacts that are spatially close to microcontacts 

(M1, M2, M3 and M4). In contrast, for the interaction with macrocontacts that are located 

outer from the deepest areas of the brain (M5, M6 and M7), values closer to zero or negative 

values are found. 

In patient 2, we also find more interdependency in general for the focal hemisphere (Figure 

25a) than in the nonfocal (Figure 25b). From Figure 25c it can be seen that macrocontacts 

have higher ΔL in the focal hemisphere than in the nonfocal one. In contrast to patient 1, 

microcontacts have more interdependency for the focal hemisphere. Following the same 

behaviour as found for patient 1, higher interdependencies are found in the interaction 

between microcontacts and the inner macrocontacts. 

Finally, in patient 3, as in the two previous patients, the focal hemisphere (Figure 26a) 

presents higher values of ΔL than the nonfocal one (Figure 26b). This patient, unlike patient 

1 and 2, has higher interdependency for all modalities in the focal hemisphere (Figure 26c). 

Moreover, this effect is also found for the interaction between microcontacts and inner 

macrocontacts. 

A statistical evaluation of what is shown in Figs. 24-26 follows in the description of Figs. 27-

29. 

Differences between hemispheres across all stages of the sleep-wake cycle for each individual 

patient are shown in Figs. 27-29. In Figure 27 the value for ΔL in macroelectrodes is 

represented, where every box plot corresponds to the value of 40 signals. For patient 1, there 

is a significant effect of location and stage of the sleep-wake cycle on ΔL, but there is no 

interaction of both factors. After applying the post hoc evaluation, we find significant 

differences between hemispheres in the awake stage. Also, between focal and nonfocal 
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signals in general, without any distinction on the sleep-wake cycle. Regarding patient 2, we 

do not find any significant effect on ΔL. We do not find significant differences between 

hemispheres in any situation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 24: Mean of ΔL through all signals corresponding to patient 1, for focal and nonfocal 
hemisphere, and for the different contacts. The mean of all macrocontacts is shown in the big box, then in 
every row and column is observed the mean of each macroelectrode with the mean of all microcontacts and the mean of 
all microcontacts in the lower-right box. The last graphic shows the normalized difference between the focal and nonfocal 
hemisphere, calculated as the difference between the average values obtained for the two hemispheres. 
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Figure 25: Same as Figure 24, but here for patient 2. 
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Figure 26: Same as Figure 24, but here for patient 3. 

 

Finally, for patient 3, a significant effect is observed for the hemisphere on ΔL for 

macrocontacts. After the post hoc evaluation, ΔL demonstrates to have significant 

differences between hemispheres only in the awake stage.  

The same analysis is performed for microcontacts, the results are presented in Figure 28. In 

patient 1 a significant effect is found on ΔL for sleep-stages when ANOVA is performed. 

For this set of signals, we do not find a significant Mann-Whitney U-test between 
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hemispheres for any stage. For patient 2, we do not find any significant effect on ΔL. After 

applying post hoc analysis, only significant differences are found when we compare all results 

from focal and nonfocal hemisphere. Lastly, for patient 3, the main effect on ΔL is from 

hemisphere and for stages of the sleep-wake cycle, but not for the interaction between them. 

No significant differences are identified when the post hoc analysis is used. 

Finally, ANOVA and Mann-Whitney U-test are applied for the interdependence obtained 

between all microcontacts and the deepest macrocontacts (M1 and M2), as Figure 29 shows. 

Sleep stages and hemispheres demonstrate to influence ΔL in patient 1. But only significant 

differences in both hemispheres are found in SS1 and in the general comparison between 

focal and nonfocal hemispheres. For patient 2, similar as for the previous patient, values of 

ΔL are affected by hemispheres, sleep stages and for the interaction between both factors. 

After applying the Bonferroni correction (24 degrees of freedom as mentioned in 2.3.3), 

significant differences between hemisphere are found in SS2 and with all signals together. In 

the last patient, number 3, we found an effect only of sleep stages on ΔL. However, in that 

case, we did not identify significant differences between hemispheres with the post hoc 

analysis in any sleep stage and neither for all signals together. 

A summary of the Mann-Whitney U-test analysis can be found in Table 1. P-values can be 

found in the Appendix. 

 

Table 1: In general, focal hemisphere has higher values of ΔL than nonfocal hemisphere. 
Symbolic table to denote if focal has higher mean value of ΔL (+) or lower (-) than nonfocal hemisphere for the different 
patients, stages of the sleep wake-cycle and the combination of all signals (All categories). An asterisk points out if the 
difference is significant by the Mann-Whitney U-test.  
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As mentioned in section 1.1.1, the use of surrogates combined with L enhance the specificity 

of the approach. Table 2 shows the same information as Table 1 but without surrogate 

correction. In a greater number of occasions, as compared with Table 1, nonfocal 

hemisphere has higher mean value than the focal hemisphere. Thus, surrogate correction 

proves to show better results, as previous studies has found before8, 11, 12. 

Table 2: When surrogate corrected is not applied in L, focal hemisphere does not always have 
higher values as compared to the nonfocal.  

 

 

 

 

 

 

 

 

 

 



39 
 

 

 

 

Figure 27: Box plot distribution of ΔL for patients 1, 2 and 3 regarding hemispheres and 
stages of the sleep-wake cycle: AW (Awake), REM, SS1 (Sleep Stage 1) and SS2 (Sleep Stage 
2) for Macrocontacts. All indicates the distribution regarding hemispheres for all the 
recordings. Box plots display distribution, where boxes contain data between the first and third quartile. The red 
line inside the box indicates the median of the distribution and the whiskers show variability outside the upper and 
lower quartiles. The red crosses are outliers. The black asterisk indicates p-value<0.00139 between focal and nonfocal 
hemisphere. 



40 
 

 

 

 

Figure 28: Same as Figure 27 for ΔL in microcontacts. 
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Figure 29: Same as Figure 27 for ΔL for the mean of microcontacts and macrocontact 1 (M1) 
and macrocontact 2 (M2). 
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We make a differentiation between inner and outer macrocontacts, because in the previous 

matrices results (Figs. 14-16) we are obtaining the mean through all seven macrocontacts. 

We consider as inner contacts M1 and M2 and for outer we choose M6 and M7. Figure 30 

shows the results for all three patients, where the normalized difference of ΔL between focal 

and nonfocal hemispheres is represented. Notice that the results are different across patients. 

Patient 1 has higher interdependency for inner contacts than for the outer ones. Regarding 

patient 2, ΔL is also higher for inner macrocontacts but less than in the previous patient. 

Finally, in patient 3 the results are totally different, and we found more interdependency in 

outer contacts. However, in all three patients the interdependency between micro and 

macrocontacts is higher with the inner contacts.  
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Figure 30: We found differences between inner and outer Macrocontacts. Same as Figure 24c 
differentiating inner and outer Macrocontacts, M1-M2 and M6-M7, respectively. 
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4. Discussion 
 

In this thesis we have applied a nonlinear method which aims to detect interdependence 

between dynamics by the analysis of signals measured from them. We have applied this 

technique to EEG seizure-free recordings from three patients who underwent presurgical 

epilepsy diagnosis. These recordings were obtained with electrodes composed by 

macrocontacts and microcontacts, these lasts located at the tip of macrocontacts. As we have 

different contacts distributed at different brain locations, we were able to find 

interdependencies between them. The cross-correlation and noise can affect the results 

obtained by the nonlinear interdependence measure (L). To enhance the specificity of the 

measure, we applied a surrogate correction (ΔL).  

Before applying this method to real data, we tested it for bivariate model dynamics. In these 

models we know a priori the results expected for ΔL, in case our measure does what it is 

supposed to do. The model systems used, in which we expect some interdependence, were 

Lorenz (section 3.1.1) and Rössler (section 3.1.2) dynamics. In both cases, measure L was 

able to detect that coupling from X to Y. When L from the original time series (LO) is 

different from the mean of the set of surrogates (LS) from its own direction (when LO>LS), 

there are evidences that we can reject the null hypothesis H0. The bivariate surrogates 

represent the null hypothesis H0 where “X and Y jointly represent a stationary bivariate linear 

stochastic correlated Gaussian process”8. For Rössler we found that for some coupling 

strengths LO is lower than LS. So, we cannot say that the result of L from the original time 

series must be higher than L from the mean of surrogates. At that point we must consider 

that Rössler has more periodic components than Lorenz and could be that L does not behave 

in the same way for such periodicity. Moreover, we should consider that both Rössler 

dynamics analysed have different mean frequency. Finally, we apply ΔL with a bivariate 

autoregressive process (section 3.1.3). Here we obtain similar results for Lo and LS, meaning 

that we cannot reject H0 as we only find cross-correlation. Thus, measure L performs 

correctly when the dynamics do not have any coupling. Similar applications and results of L 

can be found in Ref. 15, with some other bivariate model dynamics.  

Notice that H0 is formed of some different suppositions of the dynamics. Thus, we could 

reject H0 with some significance level because the dynamics are nonstationary. So, if any of 

these assumptions is not complied, we could reject H0 and we cannot prove nonlinear 
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interdependence. Also, if we accept H0 this does not imply that H0 is true. As we saw in 3.2, 

when noise is applied to coupled dynamics, the difference between LO and LS is significantly 

reduced. This issue was also observed in Ref. 21, where different levels of noise were applied 

in Lorenz dynamics. So, with higher levels of noise we could accept H0 despite there is some 

interdependence. Thus, the conclusions of nonlinear interdependence cannot be extracted 

only from this analysis. Another feature that we obtain in subsection 3.2 is that bivariate 

surrogates preserve the cross-correlation between X and Y of the original time series. But 

this cross-correlation is not only conserved between LO and LS of the driving direction, also 

between the other comparisons showed in Figure 3. 

Looking at the results of section 3.3.2, in all three patients ΔL shows higher values for EEG 

recordings from the focal than the nonfocal hemisphere. This is in agreement with previous 

studies were surrogate correction was8 or was not used17, 26, 27. This means that in the focal 

hemisphere different signals originated from specific contacts drive other signals during 

seizure-free periods. It is very important to work with EEG recordings that do not include 

any seizure, as this phenomena is considered health impairing12. Regarding the result of 

macro and microcontacts separately, in every patient we obtained different results. What is 

in common in all patients is that ΔL is higher in the focal hemisphere for microcontacts and 

the inner macrocontacts (M1 and M2 mostly). Looking at the exemplary signals (Figure 16 

to Figure 23), as the inner macrocontacts are spatially close to the microcontacts, there are 

some behaviours that are analogous. This could be the reason for such interdependency, 

where the dynamics closer to one focal brain area drive others that pertain to a focal 

hemisphere. Thus, in focal hemisphere we find synchronisation between different brain 

locations. 

In the EEG recordings analysed we also have the information of the polysomnography and 

we know the stages of the sleep-wake cycle associated to every signal. We found that the 

stages of the sleep-wake cycle have an effect on ΔL. The deepest sleep stages show that the 

focal hemisphere has higher values of ΔL than the nonfocal hemisphere more often. 

Previous studies found that seizures and interictal epileptiform discharges are facilitated by 

nonREM sleep28. When any distinction regarding sleep stage is applied, we find significant 

differences between hemispheres for microcontacts and inner macrocontacts for patient 1 

and 2.  
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In Figure 30 we made a differentiation between inner and outer macrocontacts. In patient 1 

and 2 we found more interdependency in inner contacts. But, in patient 3, we found higher 

ΔL for outer contacts. In Ref. 29 the phase synchrony of delta and theta rhythm of EEG 

recordings from epilepsy patients was analysed. In this study, 10 contacts were used. Some 

of them were located in the hippocampus and some other in the entorhinal cortex. More 

synchronization was found between contacts that were in the same brain region. In our case, 

we found similar behaviour of ΔL between contacts located inner or outer the deepest areas 

of the brain. Meaning that signals are different depending on the brain area that generates 

them. 

The nonlinear interdependence measure with surrogate correction (ΔL) demonstrates to be 

a useful tool for diagnostic purposes. We were able to detect the focal hemisphere because 

higher interdependencies were found. Such interdependency indicates that in interictal 

processes different brain regions maps to other locations. In comparison with univariate 

methods, such as the nonlinear prediction error11, bivariate methods can detect extra 

information about the underlying dynamics. For example, in our specific case, the 

interdependence between micro and macrocontacts. Nonetheless, we must consider that the 

rejection of H0 of bivariate surrogates is not sufficient to conclude any nonlinear 

interdependency. Moreover, only using ΔL we are not aware of some nonstationarities that 

could be present in EEG signals. In fact, because of the antiepileptic medication reduction, 

in interictal EEG recordings we can find some nonstationary behaviours30, 8. Furthermore, 

as we did not find a clear result of Rössler dynamics, we have to look carefully the results of 

ΔL when some periodicity in the EEG is found.  For future studies, it could be convenient 

to use a stationarity test as presented in Ref. 12. Moreover, to extract more robust 

conclusions, it is necessary to analyse more patients and to know the exact location of the 

electrodes used. Doing that, a complete information about interdependency between brain 

locations in epilepsy patients can be identified.  

 

 

 

 



46 
 

 



47 
 

5. List of figures 

Figure 1: The three components of Lorenz dynamics. ............................................................... 8 

Figure 2: The three components of Rössler dynamics. ............................................................... 9 

Figure 3: Comparisons performed between original and surrogate time series. .................... 10 

Figure 4: Bivariate autoregressive process with cp=0.0125 (p=0) and cp=0.5551 (p=17) for 

xn and yn. ........................................................................................................................................... 11 

Figure 5: Electrode used to obtain the recordings. It is composed by 8 macrocontacts and 7 

microcontacts. These last are located at the tip of the macrocontacts. .................................. 12 

Figure 6: Exemplary EEG recording from the focal hemisphere from patient 3. ................ 14 

Figure 7: Dependence of L on ε for identical coupled Lorenz dynamics for original times 

series Lo and surrogates Ls. Higher values of L are obtained for the original time series of 

the driving direction (X|Y). .......................................................................................................... 16 

Figure 8: Same as Figure 7 but for non-identical coupled Lorenz dynamics (RX=39 and 

RY=35 in Eq. 7). .............................................................................................................................. 16 

Figure 9: Same as Figure 7 for Rössler coupled dynamics. ....................................................... 17 

Figure 10: Similar values of L are obtained for the original time series (X|Y) with its own 

surrogate (right) surrogates and in the direction (Y|X) (left). Dependence of L on cp for 

bivariate autoregressive process for original times series Lo and surrogates Ls. ................... 18 

Figure 11: When noise is applied differences with the results of L for surrogates and for 

original times series are lower for L(X|Y) .................................................................................. 19 

Figure 12: Surrogates from different directions show similar levels of L measure, preserving 

cross-correlation. Dependence of ΔL on ε and ξ for Lorenz dynamics comparing both 

surrogates (left) and both original measures (right) between them ......................................... 20 

Figure 13: Greater statistical differences are found when the driving direction is involved in 

the comparison. The significance level of Figure 12 using a Wilcoxon signed rank test (paired 

test) is shown. Red colour indicates the rejection of H0 whereas in white the acceptance .. 20 

Figure 14: Higher differences are observed in ΔL when the difference is determined for 

LO(X|Y) against either LO(Y|X), LS(X|Y) or LS(Y|X). Dependence of ΔL on ε and ξ for all 

combinations of Lorenz dynamics ............................................................................................... 21 

Figure 15: Exemplary common results of surrogate corrected L for a signal recorded from 

the nonfocal hemisphere of patient 1. ......................................................................................... 24 

Figure 16: Exemplary outstanding signal for patient 1 and focal hemisphere. ...................... 25 

file:///E:/TFM/Template_draft_TFM_Anaïs.docx%23_Toc13334449
file:///E:/TFM/Template_draft_TFM_Anaïs.docx%23_Toc13334454
file:///E:/TFM/Template_draft_TFM_Anaïs.docx%23_Toc13334454
file:///E:/TFM/Template_draft_TFM_Anaïs.docx%23_Toc13334454
file:///E:/TFM/Template_draft_TFM_Anaïs.docx%23_Toc13334455
file:///E:/TFM/Template_draft_TFM_Anaïs.docx%23_Toc13334455


48 
 

Figure 17: Exemplary outstanding signal for patient 1 and nonfocal hemisphere. ............... 26 

Figure 18: Exemplary common signal for patient 2 and focal hemisphere. ........................... 27 

Figure 19: Exemplary outstanding signal for patient 2 and focal hemisphere. ...................... 28 

Figure 20: Exemplary outstanding signal for patient 2 and nonfocal hemisphere. ............... 29 

Figure 21: Exemplary common signal for patient 3 and focal hemisphere. ........................... 30 

Figure 22: Exemplary outstanding signal for patient 3 and focal hemisphere. ...................... 31 

Figure 23: Exemplary outstanding signal for patient 3 and nonfocal hemisphere. ............... 32 

Figure 24: Mean of ΔL through all signals corresponding to patient 1, for focal and nonfocal 

hemisphere, and for the different contacts ................................................................................. 34 

Figure 25: Same as Figure 24, but here for patient 2 ................................................................. 35 

Figure 26: Same as Figure 24, but here for patient 3 ................................................................. 36 

Figure 27: Box plot distribution of ΔL for patients 1, 2 and 3 regarding hemispheres and 

stages of the sleep-wake cycle: AW (Awake), REM, SS1 (Sleep Stage 1) and SS2 (Sleep Stage 

2) for Macrocontacts. All indicates the distribution regarding hemispheres for all the 

recordings. ........................................................................................................................................ 39 

Figure 28: Same as Figure 27 for ΔL in microcontacts. ............................................................ 40 

Figure 29: Same as Figure 27 for ΔL for the mean of microcontacts and macrocontact 1 (M1) 

and macrocontact 2 (M2). .............................................................................................................. 41 

Figure 30: We found differences between inner and outer Macrocontacts ........................... 42 

file:///E:/TFM/Template_draft_TFM_Anaïs.docx%23_Toc13334470


49 
 

6. Bibliography 

1. Stafstrom, C. E. & Carmant, L. Seizures and Epilepsy : An Overview for 
Neuroscientists. Cold Spring Harb Perspecti Med 5, a022426 (2015). 

2. Fisher, R. S. et al. ILAE OFFICIAL REPORT A practical clinical definition of 
epilepsy. Epilepsia 55, 475–482 (2014). 

3. Devinsky, O., Vezzani, A., Jette, N., Curtis, M. De & Perucca, P. Epilepsy. Nat. Rev. 
Dis. Prim. 4, 18024 (2018). 

4. Rosenow, F. & Lu, H. Presurgical evaluation of epilepsy. Brain 124, 1683–1700 (2001). 

5. Setoain, X. et al. PET y SPECT en la epilepsia. Rev. Esp. Med. Nucl. Imagen Mol. 33, 
165–174 (2014). 

6. Noachtar, S. & Rémi, J. Epilepsy & Behavior The role of EEG in epilepsy : A critical 
review. Epilepsy Behav. 15, 22–33 (2009). 

7. Mula, M. & Monaco, F. Ictal and peri-ictal psychopathology. Behav. Neurol. 24, 21–25 
(2011). 

8. Andrzejak, R. G., Chicharro, D., Lehnertz, K. & Mormann, F. Using bivariate signal 
analysis to characterize the epileptic focus: The benefit of surrogates. Phys. Rev. E 83, 
046203 (2011). 

9. Kantz, H. & Schreiber, T. Nonlinear time series analysis. (Cambridge University Press, 
2003). 

10. Andrzejak, R. G. et al. The epileptic process as nonlinear deterministic dynamics in a 
stochastic environment: An evaluation on mesial temporal lobe epilepsy. Epilepsy Res. 
44, 129–140 (2001). 

11. Andrzejak, R. G. et al. Improved spatial characterization of the epileptic brain by 
focusing on nonlinearity. Epilepsy Res. 69, 30–44 (2006). 

12. Andrzejak, R. G., Schindler, K. & Rummel, C. Nonrandomness, nonlinear 
dependence, and nonstationarity of electroencephalographic recordings from epilepsy 
patients. Phys. Rev. E 86, 046206 (2012). 

13. Naro, D., Rummel, C., Schindler, K. & Andrzejak, R. G. Detecting determinism with 
improved sensitivity in time series: Rank-based nonlinear predictability score. Phys. 
Rev. E 90, 032913 (2014). 

14. Andrzejak, R. G. Non Linear Time Series Analysis in a Nutshell. in Epilepsy: The 
Intersection of Neurosciences, Biology, Mathematics, Engineering and Physics (eds. Osorio, I., 
Zaveri, H., Frei, M. & Arthurs, S.) 125–138 (CRC Press, 2011). 

15. Andrzejak, R. G., Kraskov, A., Stögbauer, H., Mormann, F. & Kreuz, T. Bivariate 
surrogate techniques: Necessity, strengths, and caveats. Phys. Rev. E 68, 066202 (2003). 

16. Leguia, M. G. et al. Inferring directed networks using a rank-based connectivity 
measure. Phys. Rev. E 99, 012319 (2019). 

17. Lehnertz, K. & Dickten, H. Assessing directionality and strength of coupling through 

symbolic analysis : an application to epilepsy patients. Philos. Trans. A. Math. Phys. Eng. 
Sci. 373, 20140094 (2015). 



50 
 

18. Granger, C. W. J. Investigating Causal Relations by Econometric Models and Cross-
spectral Methods. Econom. J. Econom. Soc. 37, 424–438 (1969). 

19. Coben, R. & Mohammad-Rezazadeh, I. Neural Connectivity in Epilepsy as Measured 
by Granger Causality. Front. Hum. Neurosci. 9, 194 (2015). 

20. Arnhold, J., Grassberger, P., Lehnertz, K. & Elger, C. E. A robust method for 
detecting interdependences: Application to intracranially recorded EEG. Phys. D 
Nonlinear Phenom. 134, 419–430 (1999). 

21. Chicharro, D. & Andrzejak, R. G. Reliable detection of directional couplings using 
rank statistics. Phys. Rev. E 80, 026217 (2009). 

22. Schiff, S. J., So, P., Chang, T., Burke, R. E. & Sauer, T. Detecting dynamical 
interdependence and generalized synchrony through mutual prediction in a neural 
ensemble. Phys. Rev. E 54, 6708–6724 (1996). 

23. Malvestio, I., Kreuz, T. & Andrzejak, R. G. Robustness and versatility of a nonlinear 
interdependence method for directional coupling detection from spike trains. Phys. 
Rev. E 96, 1–11 (2017). 

24. Theiler, J. Spurious dimension from correlation algorithms applied to limited time-
series data. Phys. Rev. A 34, 2427–2432 (1986). 

25. Laiou, P. & Andrzejak, R. G. Coupling strength versus coupling impact in 
nonidentical bidirectionally coupled dynamics. Phys. Rev. E 95, 012210 (2017). 

26. Ben-Jacob, E., Boccaletti, S., Pomyalov, A., Procaccia, I. & Towle, V. L. Detecting 
and localizing the foci in human epileptic seizures. Chaos An Interdiscip. J. Nonlinear Sci. 
17, 043113 (2007). 

27. Rummel, C., Müller, M., Baier, G., Amor, F. & Schindler, K. Analyzing spatio-
temporal patterns of genuine cross-correlations. J. Neurosci. Methods 191, 94–100 
(2010). 

28. Minecan, D., Natarajan, A., Marzec, M. & Malow, B. Relationship of epileptic seizures 
to sleep stage and sleep depth. Sleep 25, 56–61 (2002). 

29. Mormann, F. et al. Independent delta/theta rhythms in the human hippocampus and 
entorhinal cortex. Front. Hum. Neurosci. 2, 3 (2008). 

30. Lehnertz, K. & Elger, C. E. Neuronal complexity loss in temporal lobe epilepsy: 
effects of carbamazepine on the dynamics of the epileptogenic focus. Electroencephalogr. 
Clin. Neurophysiol. 10, 376–380 (1997). 

 

 

 

 

 

 

 

 



51 
 

7. Appendix 

In this Annex we present the two-way ANOVA tables (from Table i to Table iii) from 

subsection 3.3.2. Also, the p-values obtained from the Mann-Whitney U-test (Table iv). 

Table i: p-values of two-way ANOVA for Macroelectrodes. P-values lower than 0.0055 are represented 
in green, in red otherwise.  

Patient Sleep stage Hemisphere 
Sleep stage x 
Hemisphere 

1 9.48E-09 3.96E-06 1.85E-01 

2 3.46E-02 1.59E-01 4.23E-01 

3 3.56E-13 1.94E-02 7.90E-03 
 

Table ii: p-values of two-way ANOVA for microelectrodes. P-values lower than 0.0055 are represented 
in green, in red otherwise. 

Patient Sleep stage Hemisphere 
Sleep stage x 
Hemisphere 

1 5.28E-15 5.18E-01 8.84E-01 

2 5.73E-03 1.27E-02 5.58E-02 

3 1.11E-05 4.59E-03 7.00E-01 
 

Table iii: p-values of two-way ANOVA for microelectrodes and inner Macroelectrodes 
(Macroelectrode 1 and 2). P-values lower than 0.0055 are represented in green, in red otherwise. 

Patient Sleep stage Hemisphere 
Sleep stage x 
Hemisphere 

1 6.36E-06 1.95E-04 2.23E-01 

2 4.00E-06 2.12E-06 4.52E-04 

3 1.08E-11 1.52E-02 2.64E-02 
 

Table iv: p-values of Mann-Whitney U-test regarding patient, type of data and stage of the 
sleep-wake stage (or all categories together). P-values lower than 0.0014 are represented in green, in red 
otherwise. 

Type of data Patient AW REM SS1 SS2 All 

MACRO 

1 6.13E-05 1.45E-01 2.07E-02 1.48E-01 3.49E-06 

2 6.20E-01 2.31E-01 4.91E-01 3.43E-01 8.50E-01 

3 1.16E-04 1.48E-01 5.29E-01 6.00E-01 2.89E-02 

micro 

1 7.99E-01 7.99E-01 5.54E-01 8.97E-01 9.27E-01 

2 9.58E-01 3.00E-02 8.41E-02 3.72E-03 1.29E-03 

3 1.92E-01 2.06E-01 1.13E-01 4.22E-01 2.45E-02 

micro-M1 and 
M2 

1 2.06E-01 3.73E-01 2.91E-04 6.97E-02 4.34E-04 

2 1.92E-01 3.72E-02 3.29E-01 2.72E-06 5.15E-06 

3 4.44E-01 5.67E-01 5.49E-02 6.69E-01 7.04E-02 
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