Nonlinear Dynamics of the Rhythmical
Activity of the Brain: Summary of the
Thesis

In this Chapter, we present a brief survey of the main resuip®sed in this dissertatién
We follow the order given in the previous Chapters and weref¢he same figures. We
also assume that the reader is familiar with the techniqtiéisear stability analysis as
well as neurophysiology.

| ntroduction

The first recording of the electrical activity of the braindige to Caton [55] in 1875. By
placing recording electrodes at the surface of the rabbit'tex, he reported “weak cur-
rents which direction varies spontaneously”. From the saxperiment in simian’s cortex
he also observedscillationsof the current. It must be emphasized that the early record-
ings of brain activity are already accompanied by the dpson of rhythmical activity. In
1929, Berger publishes the first recording of the electacélity at the level of the human
scalp, which he calls electroencephalogram (EEG). He aisesrthat the EEG displays
prominent oscillatory behavior, which may be subject to am@nt changes during the
various behavioral states.

The pioneering steps of researchers such as Du Bois Reyri@nchann, Bernstein,
led to the discovery of the cellular origin of this electlieativity in the neurons. These
cells are characterized by a resting potential, which isnta@ed by differences in the
concentration of ions, such &k, K™, between the intra- and extra-cellular space. Later,
the remarkable work of Hodgkin, Huxley and Katz [137, 1389,1840] uncovered the
mechanisms of neural excitability. They showed that thengability of several ionic
channels is voltage-dependent and that this propertyfieisuit to reproduce the excitable
behavior of neurons.

They also provided a set of differential equations [141]jochhwere deduced from
simple kinetic considerations, and which parameters witegl fio experimental data. They
succeeded to explain their experimental results usingsiti®f equations. Many of the
most recent advances in neural modeling are still basedearddkgkin-Huxley formalism.

Today, the knowledge of the physiology of neurons has ledhéounderstanding of

1A full PDF copy of the thesis (in french) is availablehdtp://cns.iaf.cnrs-gif.fr
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many other phenomena at the cellular level. However, iresgithe large amount of “mi-
croscopic” data, our understanding of “macroscopic” bpienomena, such as the collec-
tive rhythms, distributed neural activity or informaticare still poorly understood. This
suggests that the classical approach of neurophysiologhtrbe inadequate for studying
such phenomena.

The study of self-organized and collective phenomena waedd by Nicolis and Pri-
gogine [223]. These authors described how in nature a ¢mifeof particles — or cells
— interacting with simple laws could generate collectivedaor, such as rhythms, spa-
tial structurations, ... It appears that the presence ofimeer interactions between the
constituents of the system contributes to the emergencaeabf structured and coherent
behavior. These considerations have been applied to maiggital fields such as mor-
phogenesis [18, 285] or biochemical systems [114].

In parallel to the apparition of the concept of self-orgatian, a new branch of phys-
ical sciences has emerged these last decades, aiming adtwption of the various dy-
namical phenomena in natural as well as mathematical sgsténis so-called “nonlinear
physics”, “theory of dynamical systems”, or more commomgfilinear dynamics”, bases
its description of dynamical phenomena on differentialaouns and partial differential
equations. The solutions of these equations are classifiedsiationary states, limit cy-
cle oscillations, chaotic dynamics, ... The basis of th&ikta of these solutions was
introduced through notions of a geometrical character. drigular, thephase spacé
a compact representation where each axis is spanned by @peindent variable of the
system. In this space, each point constitutes a possilikefstathe system and if a sub-
set of points is stable, we call it aitractor. Among many attractors, let us recall that a
stationary state will appear as a single point, calieeld poinf a periodic oscillatory state
will be represented by a closed curve, callddrat cycle etc (cfr. refs. [37, 126, 258]).

One of the successes of this type of formalism was to eshablisappropriate frame-
work for the description of chaotic or weakly turbulent pberena. Physicists and math-
ematicians, such as Smale, Landau and Lifshitz, Lorenzl|&kaed Takens, have studied
a particular class of systems which presents an interntbiigy, and they finally intro-
duced the concept afeterministic chaasAlthough they were first conceived as models
for weak turbulence, chaotic systems were rapidly extenol@tany fields.

In parallel to the development of this theory, methods apgzb#o estimate key dy-
namical parameters from experimental time series. Thistdotes a very important step
for the nonlinear sciences, as these methods have alloweerify experimentally the
predictions of theoreticians [1]. In particular, these Inoels allows us to characterize
the dynamics of complex systems by analyzing experimeisii@ cecorded as a series of
measurements in time of a relevant and easily accessibbblaof the system.

The object of this thesis is to describe the different typgahigthmical activity of the
brain in the framework of nonlinear dynamics. In a first ptrg Chapter 2 describes the
different methods used in Chapter 3 to analyze various EE@mis in the framework
of nonlinear dynamics. In a second part, we introduce a mofldie brain rhythmical
activity. In Chapter 4, we present a simple model which ad&s the main cellular types
of the cerebral cortex. The stability of stationary and @aig solutions is described. In
Chapter 5, the interaction between this model and a thalasaitlator is considered. The
model is then analyzed using the methods from nonlinearmicsa Finally, in Chapter 6,



Summary i

we introduce a model of the various rhythms at the level ofttladamus, as well as their
control by the brain stem.

Methods of nonlinear dynamics

In Chapter 2, we give a brief overview of the different teciugs of nonlinear dynamics
used for analyzing a time series. This time series may berautaither from an experi-
mental measurement or from computer simulations of difféaéequations.

In Section 2.1, we describe the various techniques usetiéaeconstruction of phase
portraits from a time series. The technique of singularea@aecomposition is also briefly
introduced and its application to the construction of nieise phase portraits is empha-
sized.

We discuss the concept of self-similarity and fractal disien in Section 2.2. Differ-
ent definitions of the dimension, such as the Hausdorff dsiwern the correlation dimen-
sion, the generalized dimensions, the semilocal dimereioiithe topological dimension
are reviewed here. We discuss how the fractal dimension reaysbd to characterize a
chaotic signal and how the concept of determining the dim@rfsom a time series may
be helpful to quantify a complex signal and possibly idgmtie presence of deterministic
chaos. The requirements of these algorithms concerninigtiggh and the stationarity of
the time series are also discussed.

In Section 2.3, the algorithms for estimating the Lyapungpoments are presented.
We discuss how the concept of sensitivity to initial corahs may be used to characterize
a time series and to identify a chaotic system.

The Section 2.4 is devoted to the application of symbolicasyits in chaotic systems.
We introduce a method to obtain a symbolic sequence from e $ienies and to evaluate
the order of the Markov process associated with this seguenbis information is also
useful to characterize the dynamical complexity of theesyst

Other methods such as autocorrelation and crosscormelatiewtions, mutual infor-
mation and Fourier transforms are presented in the lagbseaaitthis Chapter.

Nonlinear dynamics of the EEG

The characterization of different types of rhythmical atyiusing human EEG recordings
constitutes the aim of the Chapter 3. The various methoas fronlinear dynamics are
applied to EEG signals in order to evaluate whether they eaddscribed in the frame-
work of nonlinear dynamics. The methods introduced in Céaptare applied here to the
EEG during various behavioral states and the reliabilityhef algorithms as well as the
biological relevance of the results are discussed.

In Section 3.1, we describe the recording and digitalizetiezhniques used for assess-
ing EEG data.

In Section 3.2, we show EEG recordings obtained during thewsa stages of sleep,
the awake state as well as during pathologies. It is seemattiadugh indisputable pe-
riodicities appear in some of these recordings, the EEGnemgdly characterized by an
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aperiodic time evolution.

The main results of Chapter 3 appear in Section 3.3. The rdsttiescribed in Chap-
ter 2 are applied to the various EEG signals and a particaipoitance is given to the
verification of the reliability of these algorithms, as wadl the role of the different param-
eters. The values obtained by different laboratories amgpawed to our results.

The power spectrum is currently used to quantify the EEG. [#7Bection 3.3.1, we
show that for an “awake eyes open” EEG, the spectral streaatithe EEG is indistin-
guishable from that of a stochastic process. On the othet, li@ansome stages, important
peaks emerge from a continuous background. We evaluatsttbhduration of the power
spectrum by measuring the spectral range of the various B#EBmMS. It appears that the
spectral range of awake eyes open or REM sleep is very broadbecomes more and
more restricted to a few peaks as the level of arousal dezsdaaccessively: awake eyes
closed, sleep stage I, sleep stage V). For pathologiesEG activity is restricted to
very few peaks.

The reconstruction of the phase portraits show similatietween the different proce-
dures used (Section 3.3.3) and the singular value decotipotchnique (Section 3.3.4)
provides smoother trajectories. An obvious structure gegfrom these phase portraits
during some typical rhythmical activity, such as the alphgm (awake eyes closed), or
during pathologies.

In Section 3.3.5, we describe the evaluation of the coimelalimension from the
different EEG rhythms. We show that, provided sufficientecartaken concerning the
choice of the parameters of the method, reproducible iesait be obtained. The apparent
discrepancy between the results of different authors cattbbuted to an underestimation
of the dimension when using time series of a limited numbepmhts (cfr. Fig. 3.18).
However, the inherent error of this method leads us to censiht only the relative values
between different behavioral states are meaningful. Freet af EEG signals of different
individuals, we observe that, as the level of arousal of tanldecreases, the dimension
also decreases, attaining values close to 4 for the deep @tege 1V). The dimension
attains the lowest values for pathologies, which are theedbto periodic phenomena.

The evaluation of the topological dimension (Section 3.3e¥eals that, for some
pathological EEG, the dimension may take values which démenthe specific region
considered on the attractor. The evaluation of the senlitmmaelation dimension (Sec-
tion 3.3.7) shows that these EEG attractors may be decompaseseveral regions, which
corresponds to specific events in the signal, such as spikegsy ... In this case, the
semilocal correlation dimension gives an estimate of thgtaral coherence of these spe-
cific events. The relatively low semilocal dimension of tHedzspikes suggests that they
constitute a sub-dynamical system which temporal coherengigher than the remaining
parts of the system.

In Section 3.3.8, we transform the dynamics of interspikerirals of the EEG into a
sequence of symbols. The evaluation of the order of the ededdViarkov process shows
that this sequence is far from being random. The succes&@dpikes are therefore not
produced randomly but seem to obey unknown, but well-defttlyedmical laws.

Another characteristic feature of chaotic systems is theitieity to initial conditions.
As illustrated in Section 3.3.9, this sensitivity is alsaifial in EEG attractors. The spec-
trum of Lyapunov exponents was evaluated by Gallez and Bahta [106] and provides
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a quantification of this property. The positive exponentsifibconfirms the chaotic nature
of the EEG. Moreover, they could evaluate the Lyapunov dsi@nwhich confirms the
values of the correlation dimension.

As a conclusion to this Chapter we formulate the followingaeks:

1. The algorithms from nonlinear dynamics suffer from atreédy high sensitivity
to the parameters if they are badly chosen. We show that, wpphed to suffi-
ciently long and stationary time series, these methodsigeaeproducible results.
The discrepancies in the literature originate from the dsemsmall data sets [23].
However, the intrinsic variability of the values obtainegthese methods leads us
to consider the results published with great care. We thiakadur results are mean-
ingful only when comparing the relative values obtainediffecent states.

2. EEG signals appear extremely complex and aperiodicdoatdpropriate recording
conditions, these signals are assimilable to stationarygsses [20]. The dynamical
nature of the EEG appears when treating the latter as a tiness& he values of
the correlation dimension [22, 23, 25, 28, 30, 84] of the L& exponents [106],
the broad band spectra [25], the vanishing autocorrelasisnvell as symbolic dy-
namics [78] constitute serious indications for the preseofcdeterministic chaos
during some stages of the EEG. In the case of the Creutzlakiib (CJ) disease,
the signal is stationary and each of the above-mentionetadstcould be applied
successfully [28].

3. These techniques allow to classify the EEG rhythms albegtiteria of nonlinear
dynamics. A hierarchy of states emerges from this analyb$ [Following the
decreasing level of arousal, one considers successivelplowing states: awake
eyes open, REM Sleep, awake eyes closed, sleep stage jl sséege 1V and patho-
logical states. We observe that, as the level of arousakdses, the correlation di-
mension, therefore the temporal coherence of the EEG, als@dses while promi-
nent peaks progressively emerge from the power spectruniowtog the same
hierarchy, the EEG becomes closer to limit cycle oscilladjoits main frequency
decreases and its amplitude increases. The sleep stagprBseats the highest de-
gree of temporal coherence of a normal brain, with the loa@stlation dimension,
the highest amplitude and the lowest mean frequency. Hplpptit-mal seizures
show similar properties as the CJ disease.

4. An important property is suggested by these results. éfassumes that the EEG
amplitude is a good measure of the synchronization betwestical neurons, then
the nonlinear dynamical analysis provides evidences tiatricrease of synchro-
nization between neurons as the level of arousal decreasésoi accompanied by
an increase of the coherence. This indicates that when thieadommeurons augment
their tendency to fire in synchrony, they also tend to odeiltaore regularly.

During the following part of this work, we consider theseules as a contraint for
model construction. We propose a model of cortical and thedabscillatory activity,

2experimental evidences of this assumption are given in@ebt1.1
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which intend to explain the origin of the regulation of thdnecence of the global activity
of the brain.

Stability analysis of a cortical neural network

In Chapter 4, we describe the collective dynamics in a motidie cerebral cortex. In
Section 4.1, we introduce a two dimensional network of exoity and inhibitory neurons.
The equations describing each individual neuron are basdteelectrical analogue of
the membrane. The connectivity extends to the proximate aad the proportion of in-
hibitory and excitatory cells mimics that of the cerebratter. However, the connectivity
patterns are identical for each neuron (uniform conndgdivtherefore the equations re-
mains relatively simple and allow mathematical treatment.

The uniform solutions constitute the basis of our analysls.show that uniform solu-
tions are the solutions of a reduced system of two neurorsseif- and inter-connections
(Section 4.2). We calculate the fixed points of this systemh ewaluate their stability
using linear stability analysis techniques applied to yleélquations. We determine the
conditions of occurrence of periodic oscillations, whigis@s from a Hopf bifurcation
and disappear following a homoclinic bifurcation.

The stability of the fixed points of the network is consideire&ection 4.3. By the use
of Fourier transforms and from the evaluation of the stibfliontier of the system, we
can predict the stability of the uniform resting steadyestdtthe network, as a function of
size and connectivity. We show that destabilization octarrshe less densely connected
systems and for the largest sizes. Moreover, the stabiliiyeofixed points in the network
is the same as that of the reduced system of two neurons.

When destabilization of the uniform steady state occus ngtwork may show spa-
tially uniform oscillatory solutions (synchronized or ‘&t oscillations). In Section 4.4,
we introduce a method for calculating the stability of thékkascillations. We show that
for sufficiently large networks, bulk oscillations may bestable.

For networks where the steady-state solutions and bulkatszns are both unstable,
the system may show spatiotemporally non uniform solutioimsSection 4.5, we use
numerical simulations to analyze this type of dynamics. Sineulations confirm the re-
sults of the stability analysis described above. For ndta/of large number of neurons
with local connectivity, spatiotemporal chaos may appé@ais type of dynamics occurs
spontaneously for a large range of parameters. Severaégirep also suggest that the
apparition of spatiotemporal chaos might be related to habmo phenomena.

The properties of spatiotemporal chaos are described iticBet.6. We show that,
analogously to hydrodynamic turbulence, “neuronal tughag” is characterized by a loss
of spatial correlations, at least one positive Lyapunovoggnt and an increase of the
transport properties.

As a conclusion, we stress the following points:

1. The stability analysis of the uniform steady state of tbisvwork shows that the fixed
points and their stability properties are the same as thateafeduced system of two
neurons. These results can be applied to other systemslas wel
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2. The stability analysis also shows that the apparitionszil@tions in networks of
excitatory and inhibitory cells is due here to the interatietween excitatory and
inhibitory synaptic connections. To observe oscillatiadhge presence of both exci-
tation and inhibition is a necessary condition but also,angmt synaptic weights
are required.

3. For locally-connected networks of a large number of nesirbulk oscillations be-
comes unstable and spatiotemporal chaos may appear. lddf®amphasized that
this type of “turbulent” behavior appears spontaneousls system where there is
no spatial inhomogeneity.

4. The bifurcation diagram of the network shows a structerg gimilar to the reduced
system of two neurons (Fig. 4.35). This property greatlylitates the search for
oscillatory solutions in the network, because they alwgysear in the same range
of parameters as in the reduced system.

Spatiotemporal chaos appears as one of the most reprégemyge of spontaneous
dynamics in networks of a large number of neurons. In the @mg part of this work,
we will assume that spatiotemporal chaos constitutes thetapeous state of the cerebral
cortex. This state will be refereed as “desynchronized”.

Synchronization of cortical neurons

In Chapter 5, we describe the properties of synchronizati@network of cortical neu-
rons submitted to a periodic input. Such a system repretiemthalamo-cortical interac-
tion during the various behavioral states. As describeckertiSn 5.1, we assume that the
various rhythms of the cortex are the result of oscillatatyvéy in the thalamus, which is
communicated to the cortex via thalamo-cortical connestiolrhe experimental basis of
this model are discussed in Section 5.1.1.

The cortex is represented by the model described in Chapaed4he two-variable
model of Rose and Hindmarsh [250] is used as the thalamitaisci Field potentials are
calculated from the network according to the formalism ohiz[227].

The properties of the synchronization of the network arecilesd in Section 5.2.
Before the onset of the oscillator, the network displaysydelronized type of behavior.
As the thalamic oscillation sets in, although a small mityasf cortical neurons have been
chosen to receive connections from the thalamic oscill&ttervast majority of the cortical
neurons may be entrained into coherent behavior.

In a first step, we describe the spatial properties of thereymization for two basic
frequencies of the thalamic oscillator (Section 5.2.1 a&ots of the system indicate that
during synchronization, the activity of the network “pudsbetween depolarized and hy-
perpolarized states at a frequency close to the thalangaémcy. However, although the
system shows an obvious increase of spatial coherence cethfmathe desynchronized
state, the activity patterns still remain chaotic.

From the comparison of the two different thalamic frequeaavith cross-correlation
functions, a remarkable property appears. The sloweshliaigms seem to induce syn-
chronized activity which is spatially the most coherent.
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The temporal properties of this system are described in@e6t2.2. In this case, we
use the average membrane potential and the field potentiailsh both represent a global
activity of the network. Taken as a function of time, thesgaldes may be considered as
time series and the methods of Chapter 2 can be used. Thegyayartential and the field
potentials indicates an aperiodic activity with some pdidties. The higher amplitude
for the slow thalamic oscillations indicates that the degvésynchronization is higher.
The evaluation of the correlation dimension and of the Lysgwexponents indicates that
these aperiodic activity stem from deterministic chaosrdédwer, the dimension is lower
for the slow rhythm.

In Section 5.2.3, we investigate the role of the thalamiquency on the coherence
of the collective oscillations in the cortex. The corredatidimension is evaluated for
thalamic oscillations of various frequencies. We show thatdimension increases ap-
proximately linearly with the thalamic frequency.

Field potentials of the network are compared to the EEG ini@e&.2.4. We show
that at the onset of the thalamic oscillator large amplitosigllations appear, in a manner
similar to the onset of synchronized rhythms in the EEG.

As a conclusion to this Chapter, we discuss the followingnsoi

1. The model presented here considers the collective rtg/thennetwork representing
the cerebral cortex. Two main hypotheses constitute this béashis model. First,
we assume the cortical rhythms depend on the presence ofaipenput from
the thalamus. Although experimental evidence [271] suggeparticipation of the
cortex as the generator of some of these rhythms, numeradsnees indicate an
essential role for the thalamus [272]. Second, we assunaptir@aneous dynamics
of the cortex is desynchronized in the absence of the thalasdillator.

2. As thalamic oscillations set in, the cortical activityeistrained into more coherent
behavior [79]. Although cortical neurons are more phas&dd, the global activity
has the properties of spatiotemporal chaos. The averag#yaof the system shows
deterministic chaos of rather low dimensionality. Therefahe periodic activity
communicated by the thalamus to the cortex seems to inctbasspatiotemporal
coherence but the system remains chaotic.

3. The frequency of the thalamic oscillations appears assaargial element in the
control of the spatiotemporal coherence of cortical attip@0]. The slower rhythms
induce greater spatial coherence in the electrical agtofitcortical neurons. The
correlation dimension, which measures the temporal colceref the system, is
shown to increase linearly with the frequency of the thataosicillator.

4. As for EEG recordings (see Chapter 6), the evaluationetdnrelation dimension,
the spectral range and the amplitude of the field potentil@i&s to establish a clas-
sification of the different rhythmical states of the moddl][8It appears that in the
absence of pacemaker activity, the system is of low amgittd of high dimen-
sion. These properties resemble to those of the beta rhytHREM sleep. In the
presence of the pacemaker, the model show oscillationgi@usamplitude. These
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properties are similar to those of the alpha rhythm. For glasemaker oscillations,
the amplitude is higher, the spectral range smaller, andithension is the lowest.
These properties have been encountered before for thewslts (sleep stage V).
However, although it is clear that EEG rhythm are more comfilan the rhythms

of this simple model, there exists clear dynamical anakbetween this model and
the real networks of neurons.

5. A more serious question arise about the nature of EEG.iakhough EEG stems
from the electrical activity of a very large number of splyiaistributed and in-
terconnected neurons, the exact relationship betweergtbiml activity and the
cellular events is not yet completely elucidated. Thewefibe nature of the dy-
namics assessed from the EEG, although related to theaatients, does not say
much about the exact nature of distributed activities atcélkilar level. Granted
that the underlying dynamics of the EEG is governed by datestic chaos, it is
important to understand the meaning of this finding at théaarevel. From a dy-
namical point of view, it is tempting to suggest that the @as behavioral states of
the human cortex follows dynamics similar to the one depiateour model. Thus
the temporal chaos seen from time series analysis could endnifestation of
spatiotemporal-like chaotic activity at the cortical leveow dimensional chaotic
attractors would then arise when larger and larger patcheswonal population
synchronize for longer and longer times.

We must keep in mind that the main parameter of this modeki$rédquency of thala-
mic oscillations. The thalamus is considered here as a siogdillator. A more satisfying
model of the thalamo-cortical interaction necessitate®eeralaborate model of the cere-
bral cortex and of the thalamus which takes into accountetieular activating system.
The dynamics of the thalamic oscillations is more specifiadscribed in Chapter 6.

Oscillatory modes of the thalamus

In Chapter 6, we focus on the oscillatory properties of thedaimus. Contrary to the
other Chapters, where the main approach was to assess litigelproperties of neural
systems, we consider here the intrinsic properties of thatartical (TC) neurons, briefly
reviewed in Section 6.1.

Several models of the oscillatory behavior of thalamocaft{TC) neurons are intro-
duced and are based on recently published voltage-clanapod@ttrinsic ionic conduc-
tances. A Hodgkin-Huxley-type kinetic scheme is used ferthv-thresholdCa?" current
I+, the anomalous rectifig, the various voltage-dependdft currents designated glob-
ally asly, and theCa?*-dependenk + currentlkcq. Some simulations are performed in
the presence of the falsta™-K *-mediated action potentials. The kinetic models for these
currents are described in Section 6.2.

In Section 6.3, we describe the various types of oscillafppperties of this model
of TC neurons. The combination of the various currents issictared step by step and
the properties are compared to experimental data. The rasifts can be summarized as
follows:



X Nonlinear Dynamics of the Rhythmical Activity of the Brain

1. The association dff with the leakage current gives to the TC cell the ability to
generate a low-threshold spike in response to the releage ifrhibition. These
two currents may account for the two modes of firing of TC cdblsrst firing and
repetitive firing (Section 6.3.1).

2. The combination ofr with I, and the leakage current produces spontaneous oscil-
lations of the membrane potential. These so-called pacentacillations possess
voltage-dependent properties very close to those seenT@meurons. Moreover,
the simulation shows that the oscillatory process is magelyerated by the activa-
tion variables oty (Section 6.3.2).

3. For slower time constants, the interaction of the sameents leads to the produc-
tion of spindle-like oscillations. These oscillations &ssed on the coexistence be-
tween a stable stationary state and limit cycle oscillatidiowever, the properties
of these oscillations does not match experimental datai(®eg.3.3).

4. Addition of Iy, gives rise to spindle-like oscillations in a range of partengalues
compatible with experimental data. The voltage-depenel@fichese oscillations
agree well with experimental data. Moreover, blockage efribninactivating<™
current transforms the spindle-like oscillations into graaker oscillations. This
constitutes a testable prediction of the model (Sectiorp.3

5. The mechanisms of the spindle-like oscillations arestigated by treatind}, acti-
vation as a parameter. We have found that a subcritical Hidfdation underlies
the alternance between silent periods and oscillatoryogsyiwhich characterizes
the spindle sequence (Section 6.3.4).

6. The same type of oscillations are observeg ifs substituted by th€a?* -dependent
K+ currentlcq. Pacemaker and spindle-like oscillations have very sirpilaper-
ties in the presence of this current (Section 6.3.5).

7. The transition between these oscillating states canliie\ad by modulation off,.
In this case, for increasing strength, the cell is shown to be either in a hyperpolar-
ized resting state, in an oscillating state, show spinitkedscillations or enter into
a depolarized resting state. The mechanism of the coegstagtween these states
is investigated using (Section 6.3.6).

After this investigation of the properties of single thalameurons, we introduce in
Section 6.4 a model of the thalamic reticular (RE) nucleughenbasis of the intrinsic
properties described Section 6.3. However, as RE neurgreaapelectrophysiologically
close to TC cells, we describe these cells by a formalismwvg the two current$r and
Ilh. These RE neurons are incorporated into a network with liotabitory connections,
which mimics that of the RE nucleus [272].

The properties of such a network are those of a multi-frequeacemaker. First, spa-
tiotemporally coherent oscillatory activity can be ob&dnn this system. The oscillations
are of a frequency comparable to that of the isolated cetlos@, for increasing values of
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oh, rhythms of increasing frequency can be observed in thear&twror too small or too
high values ofy,, the system shows a resting state.

In conclusion, we investigate the dynamical properties GfCElls by a combination
of numerical and dynamical analysis. The various currgnt,, and an outward current
which may be eithely or Ik jc4, are responsible for the coexistence between several oscil
latory states. By treating the slow curréptas a parameter, we show the dynamical basis
of these oscillatory states. This allows to suggest thevatig role for each current [82].

1. The low-threshold calcium current;, has been shown to be responsible to burst
firing. The same current also appears to have a determinanrte production of
pacemaker oscillations.

2. The anomalous rectifiéf contributes to the genesis of pacemaker oscillations and
to spindle-like oscillations.

3. Adepolarization-activated slow outward current, whitight be muscarinic;a?"-
dependentl(c4), or any other type of noninactivating potassium curreldyes I,
to participate actively in the generation of spindle-lilgeitlations.

4. 1, has also a determinant role in the control of the type of [zoily state of the TC
cell by the brain stem. For increasihgstrength, the model show the TC neuron
is either in a hyperpolarized resting state, in an osailtatitate, exhibit spindle-like
oscillations or enter into a depolarized resting state.

5. Our simulations also show that decreasing the depoteteactivated slow outward
current may transform spindle-like oscillations into paeder oscillations. If this
prediction reveals to be correct, it gives a second potiepdithway for the control
of the state of thalamic neurons.

6. The model of the RE nucleus indicates that from a netwosket@&n neurons which
possess the two currents andly, various types of collective oscillatory behavior
can be observed [81]. The most important property of thisesgss the remarkably
efficient control of these oscillatory states by the modafabf a single conduc-
tance gn. Modulating this parameter entrains transitions betwestirrg states (“re-
lay”), slow oscillations or fast oscillations. In TC celthjs parameter was shown to
be under the influence of brain stem afferents [213]. If thespnce of this current
is confirmed in RE cells, our model shows that the brain stessggses, vig, a
simple and efficient way to control thalamic rhythms.

Conclusions

We give here a brief summary of the conclusions outlined iafgér 7. We discuss first the
approach used through this study. Then, we compare thesedihined in the model to
the properties of the EEG. Finally, we give a summary of tleddgjical and physiological

implications of our results as well as their relation withireunt hypotheses.
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Approach used

In this study, we have used recent methods from nonlineaardyes to analyze and quan-
tify the various rhythmical activity of the EEG and of a modélthalamo-cortical inter-
actions. These methods give access to the phase space openmental system and
this provided a quantitative ground for the comparison leetwmodel and experimental
data. The apparition of these methods constitutes therefnrevent of a considerable
importance for the construction and analysis of models.

We have always put emphasis to ensure the stability of ouitsasy using numerous
values of the parameters. Different schemes of connectixete used in the model of the
cortex, and different kinetic schemes were taken for moddhalamic currents.

Granted the great variability which usually characteriEgdogical systems, the pa-
rameters and the feedback or activation functions estuoinfitam experiments may be
subject to several different interpretations. Therefdres of great importance to prove
that a given model is not sensitive to the particular chofagtese functions and parame-
ters. If the solutions are still observed from small chanigéise structure of the equations,
then these solutions astructurally stableg/126]. This important property is sometimes
neglected in the modeling approach in biology. Presentingadled “computer models”
without taking care of the structural stability of the rdsus$ of poor value.

In addition to structural stability, which concerns thebdity of the solutions in the
framework of a specific model, it is essential to ensure thiglitsa of the model in the
biological context. An efficient mean is to search for prédits which could be tested ex-
perimentally. This approach constitutes the basis of tiveldpment of most of the areas
in physical sciences, which have progressed through tleeaiction between experimen-
talist's observations and theoretician’s predictionsar@@ed the important development of
biological modeling studies, we could assist to a simil&anseio in neurophysiology in
the next decades.

Comparison between the model and EEG data

During some behavioral states, the EEG seems to obey cltdyotamics of rather low
dimension. It is remarkable to observe that very few degoédseeedom characterize a
signal generated by millions of variables. We note herettiasame property is observed
in the model. Some 500 differential equations also give taslow dimensional chaos.
This property might be due to the process of averaging.

The comparison between the nonlinear properties of EE@Egmhows that their tem-
poral coherence seems to be related to the level of arousia¢ dfrain. The synchroniza-
tion of neurons is therefore accompanied by the apparitionare periodic activity. This
property is also encountered in the model, were we showtikatibst synchronized states
corresponds to spatiotemporal chaos with a more regulalosndimensional activity.

The physiological role of chaos was investigated by manfi@st We consider here
chaos as an observable property of the collective activitihe brain and we use this
property as a constraint to model construction. From theahaee could show a similar
hierarchy of rhythmical states as that observed from EE®/aisa desynchronized states
are of low amplitude and are high dimensional. The synclzexhrhythms are character-
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ized by periodicities in the average activity and by a low ension. The slow rhythms
appear as the lowest dimensional, while the amplitude di¢fepotentials is the highest.

Physiological role of the thalamocortical rhythms

Atthe cellular level, the origin of the rhythmical activityay be twofold. First, oscillations
may arise from the interaction between excitatory and iibdn processes, such as in our
model of the cortex. Second, rhythmical activity may apgdedowing the interplay of
voltage-dependent conductances, such as in TC cells. $ncHse, oscillations are an
intrinsic property of the neuron.

Still at the cellular level, we could show that the modulatad a single conductance is
sufficient to control the spectrum of oscillatory stateshaf thalamic neurons. The same
conductance also appears to control tlegjuencyof oscillatory states in a network of
thalamic reticular neurons. As this conductance is knowbetwegulated by brain stem
afferents, this property allows the control of the osailigt state of the thalamus by a
simple and efficient way.

This modulation of the frequency of the thalamus by the bsaéém may serve as the
basis of the control of the different rhythmical activitieSthe brain during the various
behavioral states. As suggested by our model, the frequeinitye external pacemaker
(thalamus) seems to have a determinant role in regulatiaigo$emporal coherence at the
cortical level. Since the model of the thalamic reticulacleus suggests that the pace-
maker frequency can be regulated by brain stem affererdgsettwo models put together
give a possible scenario for the control of cortical coheedny a single parameter.

The coherence of collective oscillations may play an imgatrphysiological role. As
suggested by Buzsaki [54], highly synchronized activitygimibe involved in the rein-
forcement of synaptic weights in the hippocampus. If thisesoe also holds for the entire
cerebral cortex, then the slow synchronized rhythms, saatelia waves, could provide
the basis of the stabilization of information acquired dgrihe awake state.
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