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ABSTRACT

As epilepsy, the most common neurological disorder, affects millions of people, any work
elucidating aspects of the mechanisms underlying this disorder may be of valuable
importance. We have used the Phase Space Reconstruction methodology to gain insights
on the transition from the spontaneous Up/Down states network activity of ex vivo cortical
slices, considered the default cortex activity, to a steady state hypersynchronous
epileptiform state. This is a complex phenomenon, not following strict stereotypical paths
of evolution.

Our results show that the system dynamics shift long before the stable epileptic state is
observed. This is especially surprising in the case of the quiescent signal segments
analysis. This shift is characterized by a loss of complexity and an increase in the signal’s
regularity. This result may be used as a means for predicting the occurrence of the
epileptiform state, on one hand, and as confirmation of studies relating complexity to
normal brain activity, on the other.

SUBJECT AREA: Signal Processing, Computational Neuroscience, Electrophysiology

KEYWORDS: local field potential, phase space reconstruction, epilepsy, nonlinear
metrics, complexity



NEPIAHYH

KaBwg n emAnyia, n ouxvotepn VEUPOAOYIKA diatapaxr, €TnEedAlel ekaToupupia
avlpwTToug, KABe epyaacia TTou dIEPEUVA TITUXEG TWV PNXAVICUWY TTOU BpiokovTal TTiow
atré auTAV TNV dlaTapaxr, MTTOPEI va TTPOCPEPEI TTOAUTIUN BonBcia. XpNoIUOTTOINCAE TN
peBodoAoyia Avakartaokeurg Tou Xwpou Twv Pacewv yia va odnynbouue o€ pia
BabuTtepn katavonon OXETIKA ME TN METGBaon amd Tnv aubdpuntn  OIKTUOKA
dpaocTtnpIdTnTa TNG dloTaBoug katdoTtaong UP/Down o€ TOPEG @AOIOU ex Vivo, n oTroia
Bewpeital n TTPOKABOPICUEVN/TUTTIKY] dPaACTNPIOTATA TOU @QAOIOU, O€ MIO OTOBEPN
UTTEPOUYXPOVN ETTIANTITIKOMOP®N KatdoTaon. Mpdkeiral yia éva TTOAUTTAOKO QAIVOUEVO,
TTou &ev akoAouBei auoTnpd oTePeOTUTTEG BIAOPONES ECENIENG.

Ta atmroteAéopartd pag dgixvouv OTI O DUVAUIKEG TOU OUCTAMATOG PETARBGAAOVTAI TTOAU
TpIv TapatnenBei n otabepry €MANTITIKOMOP®N KaTdoTaorn. AuTo cival 1dlaitepa
ATTPOCPEVO OO0V aQOopPd OTA TUAMATA TOU ONUATOSG XWpPIS dpaoTnpidTnTa. H peTaBoAn
auTh xapakTnpiletal atrd peiwon TNG TTOAUTTAOKOTNTAG KAl alENon TG KAVOVIKOTNTAG TOU
OuoTAPATOG. To aTTOTEAEOUA QUTO PTTOPEI va XpnaoiyoTroinbei wg Péoo TTPORAEWNS TNG
ETTANTITIKOPMOPPNG KATACTAONG, APEVOG, KAl WG ETIRERAIWON MEAETWYV TTOU OCUOXETICOUV
TNV TTOAUTTAOKOTNTA PE TN QUOIOAOYIKH dpaoTNPIOTNTA TOU EYKEPAAOU, APETEPOU.

OEMATIKH TNEPIOXH: EmeEepyacia ZApatog, YToAoyioTikp  NEUpoeTIoTAWN,
HAekTpo@uaioAoyia

AE=EIZ KAEIAIA: duvapikd TOTTIKOU TTEQIOU, AVOAKATOOKEUN TOU XWPEOU TWV QACEWV,
ETANYIA, PN-YPAPUIKEG HETPIKEG, TTOAUTTAOKOTNTA
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Investigation of Transition to Epileptiform Activity through the use of Phase Space Reconstruction Methodology and Complexity

Metrics on Local Field Potential Signals
1. INTRODUCTION

1.1 Epilepsy and Electrophysiology

Epilepsy is a chronic brain disorder, characterized by recurring abnormal electrical
disturbances called seizures. Seizures can cause a variety of changes in behavior,
movements or consciousness, from brief lapses of attention, to severe shaking. Epilepsy
affects around 50 million people of all ages worldwide, making it the most common
neurological disorder according to the World Health Organization [1].

Several electrophysiology techniques, such as Electroencephalogram (EEG) and
Magnetoencephalography (MEG) are used to produce brain signals useful for studying
epilepsy. Local Field Potentials (LFP) is one of them. These potentials are usually
captured by the use of a single recording micro-electrode, or an array of micro-electrodes
placed in the extracellular space of the brain tissue. The extracellular currents produced
by synaptic activities in dendrites of pyramidal neurons are those that give rise to the LFP.
An electrode samples the average activity within an area which is typically in the range of
hundreds of micrometers to a few millimeters around it. In contrast to the EEG method
which covers a large population of neurons, LFPs are sampled from a localized population
of neurons [2]. Thus, LFPs can give insight into the local processes and dynamics of the
network, capturing an intermediate scale between the single neuron recording and wide
range recordings like the EEG [3].

The method is used both in vivo, for example during a brain surgery, and in vitro as in the
case of the present study, mostly on rodent brain slices. This method is also referred to
as an “ex vivo” method. Mice brain tissues are sliced and preserved in suitable chemical
solution, keeping their spontaneous activity for hours. The method gives comparably
good results, and thus is considered to be a useful alternative to the in vivo one [4].

LFPs have been used in several of studies concerning epilepsy aspects [5], [6].

1.2 The PSR method

A dynamical system is a system that evolves through time and is described by a set of
variables. At each time point, the values of this set of variables define the “state” of the
system. Thus, geometrically, we can represent the state of a dynamical system as a point
in a multi-dimensional space, the State or Phase Space. The system evolves through
time passing from one state to the next following a rule, which can be described by a set
of differential equations. If this rule is a nonlinear function of the state, the system is called
a nonlinear dynamical system [7]. By depicting each state of the system in the Phase
Space we create a trajectory that completely describes the evolution of the system
through time. In Figure 1 [8] we can see examples of one-dimensional time-series on the
left and their respective reconstructed phase space on the right.

K. Andrikos 17
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(b)

Figure 1: Phase space reconstruction patterns: (a) harmonic oscillator, (b) random oscillator, (c)
EEG data (adapted from Dawid, 2019 [8])

One of the most powerful tools used in the study of nonlinear dynamical systems is the
Phase Space Reconstruction method. Takens' Embedding Theorem [9] and the work of
other researchers like Packard [10], provide the mathematical foundation supporting the
PSR method. The power of the PSR method lies in the fact that using a one-dimensional
time series coming from our multivariable system, we can create a Reconstructed Phase
Space that, although different from the original one, preserves the dynamics of the
system.

An example of Phase Space Reconstruction is the Roessler System. The system has
three variables, namely X,y,z, and is described by the following system of differential
equations:

dx_
a7
dy
E—x+ay
Y by

P z(x —c)

Solving the system for a=0.1, b=0.1, ¢c=10.0 and initial conditions x(0)=5, y(0)=5, z(0)=1,
we get the functions x(t), y(t), z(t) depicted in Figure 2 [11].

K. Andrikos 18
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Figure 2: A solution of the Roessler System (Feldman, 2019 [11])

By representing the states of the system, that is the triplets [x(ti), y(ti), z(t)] for every time
point ti of the solution above, in a three-dimensional space, we get the Phase Space of
the particular solution shown in Figure 3 [11], which fully describes the behavior of the
system. The bold dot represents the initial conditions triplet.

5 o s
x 10 e
¥ 15 20 ’;20

Figure 3: The Phase Space of a Roessler System Solution (Feldman, 2019 [11])

Let's now assume that only one of the three solution functions is known to us through
observation/measurement, namely x(t). For each time point x(t)) of x(t) we create a triplet
[x(t), x(ti - ), X(ti - 271)], where x(t-1) and x(t-21) are T and 21 delayed versions of x(t)
respectively. This procedure is called Embedding and creates a new triplet of functions,

K. Andrikos 19
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[x(t), x(ti - T), x(ti - 27)], in the place of the original one [x(t), y(t),z(t)]. Embedding requires
an appropriate choice of the embedding dimension (m), here m=3, and the time delay (7).
In practice, T is chosen first and then m is determined. Several algorithms lead to the
choice of these parameters [12]. If we now create the phase space of these three “new”
variables we get the Reconstructed Phase Space shown in Figure 4 [11] which preserves
the dynamics of the original system [9],[10].

Figure 4: Reconstructed Phase Space of the Roessler System, (Feldman, 2019 [11])

By applying suitable metrics on this reconstructed phase space we can gain valuable
insights regarding the system’s complexity, predictability, regularity or stability [12].

Thus, through the use of a one-dimensional time series the PSR method provides us the
means to understand, characterize or even predict the behavior of a complex dynamical
system [12]. The power and effectiveness of the method has made it a frequently used
tool in a diversity of scientific fields covering engineering, economics, neuroscience and
biology among others.

1.3 Present study

Several epilepsy researchers, for example Lee [13], Sharma & Pachori [14], and Dawid
[8] have used EEG signals and the PSR method to extract features aiming to develop
classifiers that can effectively classify a given signal segment as normal, pre-ictal, or ictal.
Pre-ictal is considered to be the state of an epileptic brain before the epilepsy events
occur. Ictal is the state of an epileptic brain when epileptic seizures become its dominant
activity.

In the present study we try to gain insights into epilepsy dynamics, and more specifically,
on the transition from spontaneous brain activity to the epileptic one. The aim is not to
classify signal segments but to develop perspectives into the process of ictogenesis,
investigating the transition of the system from the spontaneous physiological activity to
the epileptic state. LFP signals from mouse brain slices are used as data. Our signals
start with the Control (spontaneous, non-epileptic activity), and include the entire
phenomenon evolution up to the emergence of epileptic events. We try to investigate the
phenomenon in its continuous and uninterrupted development. A significant difference
from previous studies is that our PSR assisted investigation of the transition to epilepsy

K. Andrikos 20
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starts from the default-spontaneous Up/Down state which is captured in the Control signal
segments.

The PSR method, suitable for nonlinear signals as in case of the LFPs, is applied to create
reconstructed phase spaces. In Figure 5, the (one-dimensional) LFP of the spontaneous-
normal activity signal of an specific experiment and the corresponding reconstructed
three-dimensional phase space are shown.

4 %107 . 1473'1'°h‘4 Control i ‘ Control Signal Attractor, 1473.1.ch4
05 .
107
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Figure 5: One-dimensional LFP signal (left) and its PSR reconstruction (right)

By applying metrics such as the Lyapunov Exponents, the Correlation Dimension and
several Entropies on the Reconstructed Phase Space, we may infer conclusions about
the regularity, the complexity, the stability, the randomness or the degree of chaotic
behavior of the system and thus gain insights about the underlying system dynamics. All
metrics chosen are met frequently in literature for the analysis of non-linear and non-
stationary signals as the LFPs we use here. The Lyapunov exponent is used to measure
the sensitivity of a system to initial conditions, a crucial indication of how chaotic or not a
system is. Correlation Dimension helps us evaluate the dimensional complexity of the
system. Entropies measure the predictability, complexity, regularity or randomness and
the stability of a system.

The PSR method was applied to three parts of the dataset:

1. The entire LFP signal recorded. This is considered to be a continuous signal starting
from the “normal”-spontaneous activity phase and ending to the epileptic (ictal) phase.

2. The quiescent parts of the signal. These are the baseline, parts of the signal that occur
between events and are characterized by minimal neuronal activity

3.The active parts of the signal that include events. That refers to upstates (during the
period of endogenous normal activity), or inter-ictal or SLE events that occur following the
switch to 0 Mg condition and leading to the stable epileptiform activity.

The goal of this thesis is to investigate whether there are significant changes in the
system’s dynamics on its transition from the default-spontaneous Up/Down states
network activity to the epileptiform activity.

In section 2, “MATERIALS and METHODS?” the details regarding the data used, and the
methodologies applied on them are presented. Section 3, “RESULTS and DISCUSSION”
presents our findings and discusses their significance regarding brain dynamics. Section
4 “CONCLUSION and FURTHER RESEARCH?”, summarizes our findings, and proposes
ideas to extent the present work.

K. Andrikos 21
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2. MATERIALS and METHODS

2.1 Animals

C57BI/6J mice were bred in the animal facility of the Center for Experimental Surgery of
the Biomedical Research Foundation of the Academy of Athens. The facility is registered
as a breeding and experimental facility according to the Presidential Decree of the Greek
Democracy 160/91, which harmonizes the Greek national legislation with the European
Council Directive 86/609/EEC on the protection of animals used for experimental and
other scientific purposes. The present study was approved by the Regional Veterinary
Service, in accordance to the National legal framework for the protection of animals used
for scientific purposes (reference number 2834/08-05-2013). Mice were weaned at 21
days old (do), housed in groups of 5-10, in 267 x 483 x 203 mm cages supplied with
bedding material and kept at a 12—12 dark-light schedule. Food was provided ad libitum

[4].

2.2 Slice Preparation

Coronal brain slices (400 um) were prepared from the primary somatosensory cortex of
the whiskers [i.e., barrel cortex, S1BF; anterior—posterior from Bregma (A/P): —.82 to
-1.94 mm, MedialLateral (M/L): 2.50 to 4.00 mm]. Young mice (P18-P20, male and
female) were sacrificed with cervical dislocation, and the brain was rapidly extracted and
placed in oxygenated (95% 02-5% CO2) ice-cold dissection buffer containing, in mM:
KCI 2.14; NaH2PO4. H20 1.47; NaHCO3 27; MgS04 2.2; D-Glucose 10; Sucrose 200;
and CaCl2.2H20 2; osmolarity (mean £ SD): 298 + 5 mOsm, pH: 7.4 £.2. Brain slices
were cut using a vibratome (VT 1000 S, Leica) and placed in a holding chamber with
artificial cerebrospinal fluid (ACSF) containing (in mM): NaCl 126; KCI 3.53;
NaH2P0O4.H20 1.25; NaHCO3 26; MgSO4 1; D-glucose 10 and CaCl2.2H20 2
[osmolarity (mean + SD): 317 £4 mOsm, pH: 7.4 +.2], where they were left to recover at
room temperature (RT: 24—26°C) for at least 1 h prior to recording [15].

2.3 Exvivo electrophysiology

Following a 1-h recovery, slices were transferred to a modified submerged type of
chamber (Luigs & Neumann, Ratingen Germany) coated with a layer of transparent
silicone onto which up to four slices could be pinned, to maximize yield and compare
different experimental groups under identical conditions. The slices were perfused at high
flow rates (10—15 ml/min) by means of a vacuum pump to ensure optimal oxygenation of
the cortical tissue [16]. Recordings of endogenous cortical activity were performed in “in
vivo-like” ACSF (composition same as above, but with 1 mM CaCl2) at room temperature
(RT: 24-27°C), after 1 h of incubation in the submerged chamber [17], [18], [4], [19]. After
recording spontaneous cortical activity for 20 min, temperature was raised to 32-35°C
and epileptiform activity was induced with the low Mg2+, in which the “in vivo-like” ACSF
either lacked Mg2+ ions. The slices were perfused for up to 80 min to ensure that the
pattern of epileptiform activity had stabilized. Network activity was assessed by local field
potential (LFP) recordings which were obtained from cortical layers Il/1ll of S1BF using
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low impedance (~.5 MQ) glass pipettes filled with ACSF. Pipettes were made from
borosilicate glass (1.5 mm o.d, .86 mm i.d, with inner filament) and pulled using a P-97
micropipette puller (Sutter Instrument Co., Novato, CA, USA). Recordings were obtained
in current-clamp mode with a Multiclamp 700B amplifier (Molecular Devices, San Jose,
CA, USA). LFP signals were low-pass filtered at 6 kHz (by an analog anti-aliasing filter)
and subsequently digitized at 15kHz by means of a 16-bit multi-channel interface
(InstruTECH ITC-18; HEKA Elektronic, Lambrecht, Germany). Data acquisition was
accomplished using AxoGraph X (version 1.3.5; https://axogr aph.com;
RRID:SCR_014284). The above protocols were used by Vasilopoulos et al. [15] to
produce the LFP signals used in this study.

2.4 Data analysis

The LFP signals (0-200 Hz range of the raw signal) from six (6) of the experiments
described above were analyzed. Each experiment consists of five (5) LFP segments of
the activity from acute cortical slices of mouse brain. Each recording has a duration of 20
min, a sampling rate of 15385 Hz, and is downsampled by a factor of five (5) down to
3077 Hz.

The first of these five recordings is the Control signal, which depicts the spontaneous
(normal) brain activity in the form of Up and Down states. After this first Control recording,
epileptiform activity is induced with the low Mg2+ and four more 20 min recordings are
analyzed. Usually, the slice becomes epileptic during the second or the third of these
recordings.

This whole 5x20 min signal is divided into three periods of interest, namely the Control as
stated above, the Pre-Ictal, and the Ictal (or SLA, seizure-like activity) segments.

The Control period is considered to be the one of spontaneous (non-epileptic) activity.
The Pre-Ictal is the period that starts with the application of the low Mg2+ condition and
ends when the seizure-like activity begins. It can be further divided into Pre-SD and Post-
SD segments where SD is the Spreading Depolarization wave. Finally, the Ictal period is
the one with the seizure-like activity. In the following figure (Figure 6) the whole 5x20 min
recording of one of the experiments studied is presented.

LFP signal

Control Pre-icta Ictal (SLA)

Figure 6: Whole LFP signal as recorded in one of the experiments
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All signal periods from all six experiments are sliced to 1 sec, 2 sec or 5 sec non-
overlapping segments. To each segment the Phase Space Reconstruction method is
applied with dimension dim=3 and time lag tau=13 data points.

The value of dim=3 was chosen for several reasons. Firstly, an optical representation of
the system's attractors is made possible. Secondly, the calculation of various metrics is
also optimized for a low value of dimension such as dim=3. Lastly, values of between 3
and 7 are the most commonly used in literature [8].

The value of tau=13 was the most frequent one found with the average mutual information
minima method, among all segments.

After applying the PSR method, the data is transformed to the reconstructed phase space,
that is, a series of three component (dim=3) vectors. To these vectors created, several
nonlinear metrics, most of which are derived from the dynamical systems theory, are
applied. More specifically the Lyapunov Exponent, Correlation Dimension and several
Entropies were used.

For each of the six experiments, and for each metric, the mean value of the metric was
calculated for each of the three (Control, Pre-Ictal, Ictal) or four (Control, Pre-SD, Post-
SD, Ictal) periods of interest. These six mean values for each period are statistically
compared with repeated-ANOVA test with the six mean values of the other two (or three)
periods as shown in the table that follows.

Table 1:Representation of the data groups compared with R-ANOVA

Metric A

Control

Pre-Ictal

Ictal

Experimentl

mean_C1

mean_P1

mean_|Icl

Experiment2

mean_C2

mean_P2

mean_|Ic2

Experiment3

mean_C3

mean_P3

mean_|Ic3

Experiment4

mean_C4

mean_P4

mean_|Ic4

Experiment5

mean_C5

mean_P5

mean_IcS

Experiment6

mean_C6

mean_P6

mean_Ic6

The three groups compared with R-ANOVA are the Control (mean_Cx) group, the Pre-
Ictal (mean_Px) group and the Ictal (mean_Icx) group.

We first applied the phase-space reconstruction analysis to the entire signal (including
both quiescent segments and events) for the three periods of interest:

(a) control = endogenous activity in the form of Up and Down states,

(b) pre-ictal = period between the switch to the OMg solution and the first mature ictal
events (as identified by expert users); and
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(c) ictal = period from the first SLE to the end of the recording.

The same method is applied, considering only quiescent signal segments with the
addition of 1 sec non-overlapping windows and active signal segments from each
experiment and period of interest.

The aim is to test if any of the metrics have statistically significant differences between
the signal periods of interest and if so to justify a biological explanation over them.

All calculations were done in Matlab, using Matlab’s functions and the EntropyHub toolkit
[20].

2.5 Comments on certain metrics

Before presenting the analysis results, some comments on the metrics that appear to be
of interest, are due.

Conditional entropy (CondEn): Conditional entropy and its variants are used as a
measure of predictability and regularity in a time series, as they provide a means to
guantify how much the knowledge of past values can help us predict the future ones. A
decrease in Conditional Entropy as we move from one part of the signal to the next
suggests the system becomes more predictable and regular. Porta et. al [21], applied
conditional entropy to measure regularity in sympathetic outflow time series.

Cosine Similarity Entropy (CoSiEn): The CoSIEn is a metric that assesses the structural
complexity of time series using the angular distance to calculate the similarity between
embedding vectors. CoSIEn has been demonstrated to quantify degrees of self-
correlation-based complexity in a time series rather than to quantify degrees of
uncertainty-based complexity as in the case of Sample Entropy and Fuzzy Entropy [22].
This means that a high CoSiEn value indicates a signal with increased self-correlated
complexity. Increased self-correlated complexity can be related to the emergence of
patterns and a transition to a more predictable state. Self-correlated complexity can be
linked with self-correlation or autocorrelation of a signal, but is a broader concept involving
attributes of a systems internal structure.

Spectral Entropy (SpecEn): Spectral Entropy is different compared to all other metrics
used, in the sense that it is not applied to the reconstructed phase space but to the time
series itself and more specifically to the Power Spectral Density (PSD) of the time series.
It has been used in many EEG related studies. For example, Helakari et. al [23] use
Spectral Entropy as a measure of spectral signal irregularity to study epileptiform activity.
Inouye et al. [24], were the first to use Spectral Entropy for the quantification of EEG
irregularity. A high Spectral Entropy value indicates a signal with approximately uniform
distribution of power over the various frequencies. This means that the signal is more
complex or less predictable. On the other hand, a lower Spectral Entropy suggest a more
predictable and less complex signal, as only certain frequencies dominate.

Bubble Entropy (BubblEn): As other entropies, Bubble Entropy [25] is used to measure
the regularity and the complexity of a dynamical system. A high Bubble Entropy value
indicates a signal that is unpredictable and complex. On the other hand, a decrease in
Bubble Entropy signals a transition of the system to a more ordered, predictable state.

Renyi Entropy (RenyiEn): Renyi Entropy is a generalization of the widely known and
used Shannon entropy. A smaller Renyi Entropy means that a time series is less complex
and more predictable. Variants of Renyi Entropy have been used for classification of
epileptic EEG signals [26], [27].
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All entropies used in the analysis of dynamical systems measure the complexity,
randomness, regularity or predictability of the system. Yet doing so, each utilize different
approaches, algorithms and concepts. For example, Spectral Entropy uses the frequency
domain of a signal, whereas Bubble Entropy focus on specific segments of the signal, the
“bubbles” and estimates the predictability by searching for patterns in these bubbles.

Lyapunov Exponent (LyapExp): The largest Lyapunov Exponent is a measure of the
convergence/divergence of nearby trajectories in a system’s phase space. The larger the
exponent the faster two close-by trajectories diverge, meaning that the system is sensitive
to initial conditions thus more chaotic and less predictable. The Lyapunov exponent has
been used to study brain signals and epilepsy in particular by lasemidis et al. [28].
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3. RESULTS and DISCUSSION

3.1 Results using the entire signal divided in three (3) time periods

We first applied the phase-space reconstruction analysis to the entire signal (including
both quiescent segments and events) for the three periods of interest:

(a) control = endogenous activity in the form of Up and Down states,

(b) pre-ictal = period between the switch to the OMg solution and the first mature ictal
events (as identified by expert users); and

(c) ictal = period from the first SLE to the end of the recording.

The results of the entire signal analysis for 2 sec and 5 sec non-overlapping windows,
are shown in Table 2.

Table 2: RANOVA results for the entire signal, 2 sec windows (left), 5 sec windows (right), 3 time

periods
RANOVA (Entire signal 2sec RANOVA (Entire signal Ssec
windows, 3 periods) Control-Preictal | Control-ictal | Pre ictal-ictal windows, 3 periods) Control-Pre ictal | Control-ictal | Pre ictal-Ictal
Metric Metric
Lyapunov Exponent N N Lyapunov Exponent N N
ICorrelation Dimension ~N I N ICorrelation Dimension ~N N
IApproximate Entropy N N IApproximate Entropy N N
iSample Entropy N N ISample Entropy N N
Fuzzy Entropy | Fuzzy Entropy
Kolmogorov Entropy N N Kolmogorov Entropy N N
Permutation Entropy | Permutation Entropy
iConditional Entropy N N N IConditional Entropy N N
Distribution Entropy ~N l Distribution Entropy N
ISpectral Entropy N N ISpectral Entropy N
Dispersion Entropy N N Dispersion Entropy ] N N
Increment Entropy Increment Entropy l
iCosine Similarity Entropy A A Cosine Similarity Entropy A A
Phase Entropy IPhase Entropy
Bubble Entropy Bubble Entropy
Renyi Entropy IRenyi Entropy
Entropy of Entropy N N Entropy of Entropy N N
lAverage Shannon Entropy b N |Average Shannon Entropy N b

The arrows indicate that there is a statistically significant difference between the two
periods mentioned on top of the column. Statistically significant differences are
considered those that resulted a p-value less than 0.05 in the R-ANOVA test. The
direction of the arrows shows a relative increase (up) or decrease (down). For example,
an arrow directed downwards in the column “Control-Pre Ictal” for a specific metric
indicates a statistically significant decrease for the metric in the Pre Ictal period, compared
to the Control one. Arrows in gray boxes with the tilt (~) are cases close to statistical
significance, that is with a p-value less than 0.10.

As the system enters a stable epileptic state (Ictal period) it becomes more regular and
predictive due to the repetition of seizure-like events. Hence, we would expect to find that
many entropy metrics decrease in the ictal period, compared to either the Control and the
pre-ictal period. This was indeed the case for the Lyapunov exponent, Correlation
Dimension and many of the Entropy metrics.

The results appear to be quite similar for the cases of the 2 sec and 5 sec windows,
indicating that most of the dominant patterns are captured inside the 2 sec window.
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Less expected were the changes in three Entropy metrics, Conditional, Spectral and
Cosine Similarity Entropies for the case of the 2 sec windows, which also showed
significant differences between the Control and the Pre-Ictal periods. This is an indication
that after the 0 Mg condition is applied, we have a shift in the system’s dynamics. The
system transits into a new state, different from the normal one captured by the Control
signal, although it does not yet exhibit clear epileptic activity.

Two of these metrics, namely Spectral Entropy and Cosine Similarity Entropy, display this
pattern also when the analysis was applied to the 5 sec window. The decrease in
Conditional and Spectral entropies can be an indication that the system’s behavior
becomes more predictable and regular. The system passes to a less complex and more
stable and repetitive state. On the other hand, the Cosine Similarity Entropy seems to
give a contradictory result as it increases instead of decreasing. However, as the CoSIiEn
computation is based on the degree of self-correlation, an increase may indicate that the
system in the ictal period displays a more repetitive behavior, which would be in
accordance with the observation of the Conditional and Spectral entropies.

3.2 Results using the entire signal divided in four (4) time periods

We next repeated the analysis by separating the pre-Ictal period in two, based on the
occurrence of the Spreading Depolarization (SD) event. This is an event that usually
occurs only once and is considered a turning point in the transition to the epileptic state.
Hence, we wanted to examine whether the various metrics could differentiate the period
before and after this event, and to do this the comparison is done between 4 time periods:
the Control period (as before), the pre-SD period (= the period from the switch to the O
Mg condition to the onset of the SD), the post-SD period (from the SD event to the onset
of SLEs), and finally the Ictal period (as before).

The results for the case of the whole signal analysis and the four (4) periods of interest,
for 2 sec and 5 sec windows are summarized in Table 3 and Table 4.
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Table 3: RANOVA results for the entire signal, 2 sec windows, 4 time periods

RANOVA Entire signal |Control -| Control - | Control-| PreSD- | PreSD - | PostSD -

2 sec windows, 4 periods | PreSD PostSD Ictal PostSD Ictal Ictal
Metric

Lyapunov Exponent N N N

Correlation Dimension N N

Approximate Entropy N N N

Sample Entropy N N N

Fuzzy Entropy

Kolmogorov Entropy N N N

Permutation Entropy

Conditional Entropy N N ~ N N

Distribution Entropy

Spectral Entropy ~ N N

Dispersion Entropy N N N

Increment Entropy

Cosine Similarity Entropy A A

Phase Entropy

Bubble Entropy

Renyi Entropy A

Entropy of Entropy N ~ N N

Average Shannon Entropy N ~ N N

Table 4: RANOVA results for the entire signal, 5 sec windows, 4 time periods

RANOVA, Entire signal | Control -| Control - | Control-| PreSD- | PreSD - | PostSD -

5 sec windows, 4 periods | PreSD PostSD Ictal PostSD Ictal Ictal
Metric

Lyapunov Exponent N N N
Correlation Dimension ~N N
Approximate Entropy N N
Sample Entropy N N
Fuzzy Entropy
Kolmogorov Entropy N ~N N
Permutation Entropy
Conditional Entropy N N
Distribution Entropy
Spectral Entropy ~N ~ N ~ N
Dispersion Entropy N N
Increment Entropy
Cosine Similarity Entropy ~A A
Phase Entropy
Bubble Entropy ~ N
Renyi Entropy A
Entropy of Entropy N N
Average Shannon Entropy N N

The results show that there are no significant differences between the Control and the
pre-SD periods, or pre-SD and the post-SD periods. On the other hand, the same metrics
that showed a difference between the Control and the pre-Ictal period (in the case of the
three periods case), now show a difference between the Control and post-SD period. We
can infer that the system’s behavior changes gradually after the 0 Mg condition
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application and this change becomes more evident after the SD event. Once again there
is a similarity between the 2 sec and 5 sec window cases indicating that the critical
dynamics are evident in both time scales. This implies a consistency and stability in the
systems behavior over time, especially regarding the two time scales, and suggests that
the system’s most important dynamics are well captured within the 2 sec time windows.

3.3 Results using the guiescent segments of the signal divided in three (3) time

periods

We next decided to investigate whether transition network dynamics can be detected also
during the quiescent periods. In this case the Phase Space Reconstruction analysis was
performed selectively on the event-free segments of the recordings, ie the Down states
of the control condition and the inter-event intervals of the pre-ictal and ictal conditions.
The results of this analysis for 1 sec, 2 sec and 5 sec periods are shown in Table 5, Table
6 and Table 7. Boxplots of metrics of interest are shown in Figure 7 and Figure 8.

Table 5: RANOVA results for the quiescent periods, 1 sec windows, 3 time period

RANOVA Quiescent Periods |Control -| Control - |Pre-ictal -
1 sec windows, 3 period |Pre-ictal| Ictal Ictal

Metric
Lyapunov Exponent
Correlation Dimension
Approximate Entropy
Sample Entropy
Fuzzy Entropy
Kolmogorov Entropy
Permutation Entropy

Conditional Entropy N
Distribution Entropy
Spectral Entropy N

Dispersion Entropy
Increment Entropy
Cosine Similarity Entropy 2 A p=0.15
Phase Entropy

Bubble Entropy

Renyi Entropy

Entropy of Entropy
IAverage Shannon Entropy

We can see that three entropy metrics, namely Conditional, Spectral and the Cosine
Similarity entropies, differentiate between the Control and the Pre-Ictal period in the same
way we saw before, in the case of the entire signal analysis. In Figure 7 we can see the
significant drop in the Conditional Entropy as we pass from the Control time period to the
Pre-Ictal one. Figure 8 depicts the increase of Cosine Similarity Entropy in the Pre-Ictal
period, compared to the Control one.
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Quiescent Segments 1sec windows, 3 time periods
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Figure 7: Conditional Entropy boxplot for the quiescent periods ,1 sec windows, 3 time periods (p-
value = 0.029)

Quiescent Segments 1sec windows, 3 time periods
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Figure 8: Cosine Similarity Entropy boxplot for the downstate signal 1sec windows, 3 time periods
(p-value = 0.015)

In Table 6 the results for the quiescent periods analysis for the case of 2 sec windows
and 3 time periods are presented. As we can see the results are identical to the case of
the 1 sec windows.
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Table 6: RANOVA results for the quiescent periods, 2 sec windows, 3 time periods

RANOVA Quiescent Periods | Control - | Control - |Pre-ictal -
2 sec windows, 3 periods Pre-ictal Ictal Ictal

Metric
Lyapunov Exponent

Correlation Dimension

Approximate Entropy

Sample Entropy

Fuzzy Entropy

Kolmogorov Entropy

Permutation Entropy
Conditional Entropy N

Distribution Entropy
Spectral Entropy N

Dispersion Entropy

Increment Entropy

Cosine Similarity Entropy A
Phase Entropy

Bubble Entropy

Renyi Entropy

Entropy of Entropy

Average Shannon Entropy

Next, Table 7 summarizes the results for the quiescent periods analysis for the case of 5
sec windows and 3 time periods. For the case of the Conditional, Spectral and Cosine
Similarity entropies, the results are the same as in the cases of the 1 sec and 2 sec
windows.
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Table 7: RANOVA results for the quiescent periods signal, 5 sec windows, 3 time periods

RANOVA Quiescent Periods | Control - [Control -|Pre-ictal -

5sec windows, 3 periods Pre ictal Ictal Ictal
Metric
Lyapunov Exponent N

Correlation Dimension

Approximate Entropy

Sample Entropy

Fuzzy Entropy

Kolmogorov Entropy

Permutation Entropy

Conditional Entropy ~N p=0.07

Distribution Entropy

Spectral Entropy N

Dispersion Entropy

Increment Entropy

Cosine Similarity Entropy 2

Phase Entropy

Bubble Entropy

Renyi Entropy

Entropy of Entropy

Average Shannon Entropy
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Quiescent Segments 5sec windows, 3 time periods
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Figure 9: Lyapunov Exponent boxplot for the downstate signal,5sec windows, 3 time periods (p-
value = 0.023)

Our results show that the same three entropy metrics, that appeared in the whole signal
analysis, namely Conditional, Spectral and Cosine Similarity entropies, differentiate
between the Control and the Pre-Ictal period for the 1sec and 2sec windows case, in the
same way they did for the whole signal analysis. Furthermore, as we can see in Figure 9,
the Lyapunov exponent is also significantly different between the Control period and the
Pre-ictal period when the analysis was applied to the 5 sec window. The decrease of the
Lyapunov exponent indicates that the system becomes more predictable and less
sensitive to initial conditions.

3.4 Results using the gquiescent segments of the signal divided in four (4) time

periods

Results for the quiescent segments analysis with 1 sec windows and four periods the
results are shown in Table 8. Boxplots for the Conditional Entropy and Cosine Similarity
Entropy are shown in Figure 10 and Figure 11 respectively.
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Table 8: RANOVA results for the quiescent segments signal, 1 sec windows, 4 time periods

RANOVA Quiescent Periods |Control -| Control - | Control - | PreSD - | PreSD - | PostSD -
1 sec windows, 4 periods PreSD PostSD Ictal PostSD Ictal Ictal

Metric
Lyapunov Exponent
Correlation Dimension
Approximate Entropy
Sample Entropy
Fuzzy Entropy
Kolmogorov Entropy
Permutation Entropy

Conditional Entropy N
Distribution Entropy
Spectral Entropy ~ N p=0.075

Dispersion Entropy
Increment Entropy
Cosine Similarity Entropy 2
Phase Entropy

Bubble Entropy

Renyi Entropy

Entropy of Entropy
Average Shannon Entropy

We can see in Table 8 that when, by dividing the Pre-Ictal period to Pre-SD and Post-SD
periods, Conditional and Cosine Similarity Entropies give us significant differences
between the Control and the Post-SD period, similar to those we saw in the case of the
three time periods between the Control and the Pre-Ictal periods. It seems that the
differentiations we had between the Control and the Pre-Ictal periods are mostly due to
dynamics’ changes occurring during the Post-SD part of the Pre-Ictal period.
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Quiescent Segments 1sec windows, 4 time periods
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Figure 10: Conditional Entropy boxplot for the quiescent segments of the LFP signal (1 sec

windows, 4 time periods, p-value = 0.049)
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Figure 11: Cosine Similarity Entropy boxplot for the quiescent segments (1 sec windows, 4 time
periods, p-value = 0.045)

Both Conditional and Cosine Similarity Entropies boxplots of Figures 10 and 11 depict
the differentiation between the Control and the Post-SD periods. As in other cases we
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may observe a tendency of “compensation” during the Ictal period.

The results for the quiescent segments analysis with 2 sec windows and four periods are
shown in Table 9.

Table 9: RANOVA results for the quiescent segments, 2 sec windows, 4 time periods

RANOVA Quiescent Periods| Control - | Control - [Control -| PreSD - |PreSD -|PostSD -
2 sec window, 4 periods PreSD PostSD Ictal PostSD | Ictal Ictal

Metric
Lyapunov Exponent
Correlation Dimension
Approximate Entropy
Sample Entropy
Fuzzy Entropy
Kolmogorov Entropy
Permutation Entropy

Conditional Entropy ~N p=0.063 N
Distribution Entropy
Spectral Entropy ~\ p=0.087

Dispersion Entropy
Increment Entropy
Cosine Similarity Entropy ~A p=0.058
Phase Entropy

Bubble Entropy

Renyi Entropy

Entropy of Entropy
Average Shannon Entropy

The results for the 2 sec windows are almost identical to those of the 1 sec windows we
saw before. It seems the dynamics of the system do not differentiate between these two
time scales.

The results for the quiescent segments analysis with 5 sec windows and four periods the
results are shown in Table 10.
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Table 10: RANOVA results for the quiescent segments, 5 sec windows, 4 time periods

RANOVA Quiescent Periods | Control - Control - |Control -| PreSD - | PreSD - |PostSD -
5 sec, 4 periods PreSD PostSD Ictal | PostSD | Ictal Ictal
Metric
Lyapunov Exponent N N p=0.068

Correlation Dimension
Approximate Entropy
Sample Entropy
Fuzzy Entropy
Kolmogorov Entropy
Permutation Entropy

Conditional Entropy N p=0.12
Distribution Entropy
Spectral Entropy N p=0.094

Dispersion Entropy
Increment Entropy
Cosine Similarity Entropy A p=0.057
Phase Entropy

Bubble Entropy

Renyi Entropy

Entropy of Entropy
IAverage Shannon Entropy

For the case of the 5 sec windows, only the Lyapunov Exponent differentiates significantly
between the Control and the Pre-SD periods. The corresponding boxplot is shown in
Figure 12.
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Quiescent Segments 5sec windows, 4 time periods
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Figure 12: Lyapunov Exponent boxplot for the quiescent segments (5 sec windows, 4 time

periods, p-value = 0.030)

This result is identical to the 5 sec and three time periods we saw before. The decrease
of the Lyapunov exponent indicates that the system becomes more predictable and less
sensitive to initial conditions.

Summarizing the results for the quiescent segments we can infer that after the application
of the 0 Mg condition the system transits to a simpler, more predictable and repetitive
state. It becomes more stable and less chaotic.

3.5 Results using the active segments of the signal divided in four (4) time periods

As a final step we applied the Phase Space Reconstruction analysis selectively only to
the segments that include LFP events (either Up states in the control period, or interictal,
SD or SLE events during the transition periods). Table 11 illustrates the results for 1 sec
windows and four time periods. In Figure 12, the boxplot for Bubble Entropy is depicted.
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Table 11: RANOVA results for the active segments of the signal, 1 sec windows, 4 time periods

RANOVA Active Segments, |Control -| Control - | Control - | PreSD - | PreSD - | PostSD -
1 sec windows, 4 periods | PreSD | PostSD Ictal PostSD Ictal Ictal

Metric

Lyapunov Exponent
Correlation Dimension
Approximate Entropy
Sample Entropy
Fuzzy Entropy
Kolmogorov Entropy
Permutation Entropy
Conditional Entropy
Distribution Entropy
Spectral Entropy
Dispersion Entropy
Increment Entropy
Cosine Similarity Entropy

Phase Entropy N
Bubble Entropy N N N
Renyi Entropy N

Entropy of Entropy
Average Shannon
Entropy

Active Segments 1sec windows, 4 time periods
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Figure 13: Bubble Entropy boxplot for the active segments of the signal (1 sec windows, 4 time
periods, p-value Control-PreSD = 0.049, p-value Control-PostSD = 0,0052, p-value PreSD-PostSD =
0.048)

Bubble Entropy is of particular interest here as it is differentiated significantly between the
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Control-PreSD, Control-PostSD and PreSD-PostSD periods.

Bubble Entropy is used to measure regularity and complexity in a time series. It was
introduced by Manis et al. [25] as a very stable and descriptive metric, especially for
analyzing physiology signals as heart rate ones. As shown in the boxplot of Figure 13 we
have a gradual decrease in Bubble Entropy moving from the Control period to the Pre-
SD and Post-SD periods. This decrease is firstly an indication of a dynamics’ change
between the time periods considered. Secondly, this dynamics change seems to include
active segments that become more repetitive and predictable as time evolves. This
graduate loss in complexity appears to be compensated by a short of “correction” in the
epileptic period, an indication in favor of theories that consider the seizure like activity as
correction response to previous loss of normal functionality. Phase Entropy and Renyi
Entropy also point out a difference between the Control and the Post-SD events in the
same sense.

3.6 Discussion

In all conditions examined (entire signal, quiescent segments, or active segments
analysis), we observe that there are metrics that differentiate significantly between the
Control and the Pre-Ictal periods. This was especially surprising in the case of the
guiescent segment analysis, as such signals are usually considered trivial baseline
signals of reduced interest.

These differences indicate important shifts in the dynamics of the system, even in the
absence of observable activity. In all cases, these differences suggest that as the system
leaves the default, spontaneous activity period and enters a state that will eventually lead
to epilepsy, its behavior becomes gradually more regular, repetitive and predictable. We
can infer that the system, on its way to epilepsy, undergoes a period, during which, it
exhibits a less complex, less chaotic, and more regular and stable behavior. The
identification of this gradual loss of complexity shown by the reduction in the values of the
entropies discussed, could be used as a means of predicting epilepsy.

The Spreading Depolarization wave, is an event considered crucial for epilepsy, as its
emergence signifies an almost certain transition to epilepsy. Our results, with the
exception of those regarding the active periods (events) analysis, did not show significant
importance of the SD event to the system’s dynamics.

The observed reduction in entropy values when passing from the Control to the Pre-Ictal
period can be attributed to a change from the complex dynamics of the normal brain
behavior to that of a less complex, more regular and stable brain state. One could
speculate that a disorganization of the brain dynamics that leads to loss of complexity,
and increase of regularity, could eventually lead to the excess dynamics of epilepsy.
Furthermore, our results include indications supporting theories that favor the epileptic
state as an effort of correction on earlier alterations in brain’s default dynamics [29].
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4. CONCLUSION and FURTHER RESEARCH

The aim of this thesis is to study the transition from the default-spontaneous Up/Down
states activity to the epileptiform activity using the reconstructed phase space
methodology (PSR) and several non-linear metrics. As the brain activity evolves through
time, starting from the spontaneous brain activity in the form of Up/Down states (Control
period) and ending up in the stable epileptic state (Ictal or Seizure Like Activity period),
we investigate for indications of changes in the complex dynamics of the underlying
system.

Indeed, our results show that such changes do occur and are evident not only when
examining the entire signal in its continuity but also when investigating the quiescent
segments of the signal, and the active segments (i.e. events) of the signal. These
changes are observed not only between the Pre-ictal and the Ictal periods as expected,
but also between the Control and the Pre-ictal periods, a result that was not expected.
Especially the quiescent segments case, is of particular interest, as such segments are
considered in the relevant field literature of less importance regarding their contribution
to the overall system dynamics.

Further work could aim at increasing the size of the data set. The data set used consists
of six experiments on wild type mice. In several cases, metric comparisons between
different time periods were found to be near statistical importance, that is with p-value
larger than 0.05 but less than 0.10. A study on a larger dataset may provide more reliable
conclusions. Moreover, one can use sliding windows instead of non-overlapping ones
used here. Another issue of interest would be to compare the results of this study with
results drawn from a data set consisting of mutant mice. It would be of interest to examine
whether LFPs coming from these mice reveal similar patterns in the dynamics and
behavior of the system as the wild-type ones. Another aspect of interest is that some of
the experiments were not eventually led to epilepsy. One could investigate the factors
that prevented the anticipated phenomenon development as also the corresponding
emerged dynamics. Lastly, in our case the 0 Mg protocol is used to induce epilepsy. An
investigation of whether, other epilepsy induction protocols such as the 4AP one, would
produce results similar to ours or not, is of interest.
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6. APPENDIX

The Matlab scripts used, as well as the data from one of the experiments can be found
here: https://zenodo.org/records/10719854

Scriptl loads the mat files and calculates the metrics for each time window for the entire
signal of each of the five 20min long recordings. It stores the results in an excel file. The
results in these excel files, for the case of the last four 20min recordings, are manually
rearranged in the Pre-Ictal (or PreSD, PostSD) and Ictal periods, depending on when the
first seizure like event emerges (and when the SD event occurs for the case of the four
period analysis). Then the average values (for each metric) are computed for each time
period of interest, for each experiment. The results are stored in a new excel file which is
the input of Script2.

Script2 takes as input an excel file containing the mean values of each metric for each of
the periods of interest (Control, Pre-Ictal, Ictal) for each the six experiments, as stated
above, and performs RANOVA tests between these periods.

For the case of the quiescent or the active parts analysis, specific, appropriate in each
case parts of the signal, are chosen instead of the entire signal. The rest of the analysis
proceeds as before.

For further information and access to the data used please contact:

Skaliora Lab, Brain Electrophysiology, Center of Basic Research, Biomedical
Foundation of the Academy of Athens (BRFAA), iskaliora@bioacademy.qgr
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