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abstract
In this paper, a new dynamic model describing the epileptic seizure initiation through transition from
interictal to ictal state in a brain predisposed to epilepsy is suggested. The model follows Freeman’s
approach where the brain is viewed as a network of interconnected oscillators. The proposed nonlinear
model is experimentally motivated and relies on changes in synaptic strength in response to excitatory
spikes. This model exhibits a threshold beyond which a bifurcation toward a short-term plasticity state
occurs leading to seizure onset. A resulting explanatory assumption is that when considering epilepsy,
brain regions are characterized by abnormally low thresholds toward short-term synaptic plasticity. It is
shown by simulation that the proposed model enables some experimentally observed qualitative features
to be reproduced. Moreover, a preliminary discussion on the impact of the underlying assumptions on the
fundamental issue of seizure control is proposed through an EEG based feedback control scheme.
© 2011 Elsevier Ltd. All rights reserved.

1. Introduction
Epilepsy is the second most common neurological disorder
after stroke. It affects approximately 50 million people around
the world. Unfortunately, only 60% of cases respond to available
antiepileptic drugs (AEDs). Besides the lack of efficiency of AEDs,
they may induce unacceptable side effects and even lead to
a substantial morbidity level, especially when polypharmacy is
required (Iasemidis, 2003). This situation has triggered increasing
interest in the seizure prediction paradigm (Sackellares, 2008)
since an early anticipation of seizures may give us time to intervene
therapeutically in a much less aggressive manner (Sackellares,
2008). The ability to perform early prediction of seizure onset
relies on the assumption that a gradual transition takes place,
steering areas of the brain from one state to another. Moreover,
electroencephalogram (EEG) based prediction needs this gradual
transition to produce some specific signature of the recorded
signals. Although it is now widely accepted that all epileptic
seizures do not fit this optimistic assumption (Sackellares, 2008),
successful signal processing based prediction tools have been
developed.
Besides such data processing based achievements, a deeper
insight into the mechanisms involved can be obtained through
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dynamic phenomenological models. Such models may provide
specific characterization that makes it possible to enlarge the
subset of cases for which prediction is efficient and/or increase the
anticipation time for the already successful situations. Deriving a
simple and functional dynamic model that represents the onset of
epileptic seizures is the aim of the present contribution.
The modeling approach proposed here follows Freeman’s
suggestion (Freeman, Kozma, & Werbos, 2001) according to which,
the brain can be viewed as a network of nonlinear oscillators
of relatively low dimension (Andrzejak et al., 2001; Babloyantz
& Destexhe, 1986). Using this paradigm, it has been suggested
(da Silva et al., 2003) that these oscillators show two attractors
referred to respectively as normal steady state and paroxysmal
state. The transition from the first to the second attractor
explains the ictogenesis. Based on these ideas, a signal generator
has been developed (da Silva et al., 2003) by identifying the
attractors from recorded data and constructing ad hoc blocks (burst
generators, transition firing, etc.) leading to simulated signals that
fit astonishingly well to the true recorded EEG signal. A similar
approach has been adopted in Traub and Bibbig (2000). These
schemes however do not propose any conjecture as to the precise
mechanism that lies behind the bifurcation occurrence.
Starting from this critical point of view and the commonly
admitted idea that seizures reflect an abnormal hyper-synchronization between neuron activities (Iasemidis & Sackellares,
1996; Sackellares, 2008; Schelter et al., 2006; Schindler, Leung,
Elger, & Lehnertz, 2007b), the authors of Chakravarthy, Sabesan,
Iasemidis, and Tsakalis (2009b); Chakravarthy, Tsakalis, Sabesan,
and Iasemidis (2009a) suggest a simple and attractive model for
ictogenesis with implications on seizure control. According to this
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model, epileptic seizures result from badly compensated increases
in the synaptic strengths. More precisely, while such sudden
increases (i.e. enhancing synchrony) are suitably attenuated in a
normal brain, thanks to correctly tuned compensators, they induce
positive feedback (bursting) in brains predisposed to epilepsy that
are characterized by de-tuned compensators.
This interpretation, while quite suitable to explain the experimentally observed bursts (Litt et al., 2001) that occur during the
preictal period remains insufficient to explain the fundamental
difference between transient bursts and the established relatively
long-term seizure. In this paper, a qualitative difference is conjectured that involves the presence of low synaptic threshold for the
development of seizures.
The dynamic model proposed in this paper is based on the
following conjectures:
(1) The brain can be viewed as a network of interconnected
oscillators (Freeman et al., 2001).
(2) Seizure onset reflects an abnormal synchronization level
between neuron activities (Sackellares, 2008).
(3) In the absence of pathologies, there is a balance between
synchronization and desynchronization disorders (Schnitzler
& Gross, 2005).
(4) Synaptic strengths which support oscillator interconnection
show dynamic behavior which differs according to the frequency and amplitude of an excitation signal (GonzalezBurgos, Krimer, Urban, Barrionuevo, & Lewis, 2004; Thomson,
1997; Varela et al., 1997) and may exhibit several attractors
(Buonomano, 2000; Buonomano & Merzenich, 1995; GoldmanRakic, 1995; Hempel, Hartman, Wang, Turrigiano, & Nelson,
2000; Matveev & Wang, 2000).
(5) The normal steady state and the short-term plasticity state
may be viewed as two different attractors for the dynamic
synapse strength. Based on experimental observations (Thomson, 1997) reporting that ‘‘Once initiated by a brief high frequency spike train, facilitation (strength) was maintained at lower
frequencies’’. One may then conjecture that the high frequency
spike train gradually increases the synaptic strength (see point
(4) above) beyond a threshold where a transition is fired to the
short-term plasticity attractor, contrary to the normal state.
Once this occurs, despite the existence of a low frequency spike
train, the strength retains its high value. Again, experimental
evidence suggests that thresholds are involved in the synapse
dynamics (Wasling, Hanse, & Gustafsson, 2002). This conjecture can be viewed as a particular instantiation of the twoattractors concept described above (da Silva et al., 2003) but
applied to an interconnected network rather than to a single
neuron.
(6) Regions in a brain predisposed to epilepsy are characterized
by abnormally low synaptic thresholds from which transition
to short-term plasticity is fired.
(7) Seizures may be initiated by a spike train as suggested by
Hempel et al. (2000). This signal acts as input to the synaptic strength dynamical system (see conjecture 4 above) with
sufficiently high frequency to enhance (in brains predisposed
to epilepsy) an increasing-in-mean sequence in the synaptic
strength causing transient bursts during the preictal phase.
When the synaptic strength is beyond the threshold, transition occurs and short-term plasticity with high coupling is
achieved. Synchronization is then accelerated giving rise to
seizure onset.
In what follows, simple mathematical models of the above
conjectures are proposed. These models are then assembled in
order to produce a seizure occurrence scenario that qualitatively
reproduces experimentally observed features. For the sake of
simplicity, Rössler-like oscillators are used although specifically

identified oscillators (such those used in da Silva et al. (2003))
would provide better resemblance with experimental EEG signals.
Synchrony indicators have been computed according to the
multichannel approach proposed in Muller, Baier, Galka, Stephani,
and Muhle (2005). These indicators have been used for EEG
recording analysis in Schindler, Elger, and Lehnertz (2007a);
Schindler et al. (2007b).
The paper is organized as follows: First the basic equations
of the oscillator network are given (Section 2). In particular, it
is proposed that the connections between oscillators involve a
scalar representing the synaptic strength. A dynamic model for
this parameter is then given and its experimental foundation
is discussed (Section 3). The measure of synchrony proposed in
Muller et al. (2005) and used in the current paper is recalled in
Section 4. In Section 5, simulations are provided to assess the
ability of the proposed model to qualitatively exhibit seizure onset
scenarios. The sensitivity of the scenario features (duration of
the preictal phase, amplitudes of bursts, etc.) are then discussed.
Finally, an EEG based control strategy is proposed that relies
on the underlying conjectures that may help attenuating seizure
amplitudes.
2. Model of an oscillator network
Let us consider a model of a region in the brain constituted of
N identical interconnected subregions of neurons. Subregion i is
represented by a Rössler nonlinear oscillator that is governed by
the following system of ordinary differential equations:
ẋi (t ) = −ωyi (t ) − zi (t )

+

N
−



εji (η) · (xj (t ) − xi (t )) + xd (t − τi )

(1)

j=1,j̸=i

ẏi (t ) = ωxi (t ) + α yi (t )
żi (t ) = b + zi (t ) · xi (t ) − γ



(2)



(3)

where xi is the variable that represents the contribution of
subregion i to the EEG recording, that is:
VEEG =

N
−

λi · xi

(4)

i=1

while yi and zi represent internal states of the oscillator that are
necessary to produce the oscillations with a suitable degree of
complexity (Andrzejak et al., 2001; Babloyantz & Destexhe, 1986).
The coefficients λi ’ reflect the relative positions of subregions w.r.t.
the recording sensor. The term: εji (η)·(xj (t )− xi (t )) represents the
coupling effect of subregion j on subregion i. The coupling factor
εji (η) is considered to be of the following form:

εji = εjimin + εji0 · η

(5)

where εjimin and εji0 are some constant values and the scalar η
denotes the synaptic strength in the region of interest. Under
normal conditions, desynchronization is assumed to be enhanced
through the terms:
xd (t − τi );

i ∈ {1, . . . , N }

which represent the effects on the oscillator i of a dedicated
desynchronization signal xd , delayed by an amount of time τi that
depends on the subregion. For a large number of neurons, the
stochastic distribution of the delays (τi ’s) guarantees a high level
of desynchronization between neurons under normal conditions.
In our simulations, a simple sinusoidal desynchronization signal is
used together with equally distributed delays:
xd (t ) = Ad sin



2π t
Td


;

τi =

2iπ
N

.

(6)
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Fig. 1. Schematic view of the system. The feedforward based desynchronization
mechanism relies on the different neuron dependent delays affecting the
transmission of a desynchronization oscillator signal xd .

Note that the signal xd may be generated by some functionally
dedicated set of desynchronization neurons (see Fig. 1). The use
of such a signal in synchronization/desynchronization control has
been experimentally tested in Lian, Shuai, and Durand (2004) and
theoretically suggested by Rosenblum and Pikovsky (2004) and
Hauptmann, Omel‘chenko, Popovych, Maistrenko, and Tass (2007).
It is, however, worth mentioning that, while the very existence of
such a desynchronization mechanism is crucial in the proposed
model, its precise definition is not an issue in this contribution.
Moreover, the qualitative results presented here would hold if
another desynchronization mechanism were to be used. Note that
unlike the feedback desynchronization mechanism suggested by
Chakravarthy et al. (2009b,a), the one conjectured here can be
viewed as an alternative feedforward mechanism to the one studied
in Tsakalis and Iasemidis (2006). This mechanism exploits the
natural randomness of connection lengths in order to induce a
natural random distribution of the delays, leading to a simple
desynchronization mechanism that needs no computation. It is
also important to acknowledge that according to Eq. (1), this
desynchronization mechanism competes with the synchronization
that is naturally induced by the connections. The outcome of this
competition is highly dependent on the dynamics of the synaptic
strength η involved in (5). A model of this dynamic interaction is
discussed in the following section.
The use of Rössler oscillators to represent the behavior of
subregions of neurons, while justified by the correlation dimension
of EEG recordings (Andrzejak et al., 2001; Babloyantz & Destexhe,
1986), is not crucial for our qualitative conclusion. The same
comment holds as to the precise definition of the delay based
desynchronization mechanism. It is the competition between
the synchronization/desynchronization mechanisms (regardless of
their precise definitions) that is disturbed by the dynamic synaptic
strength that really matters here.
3. A dynamic model for synaptic strength
A dynamic model of a physiological mechanism must reflect
experimentally observed behaviors, at least qualitatively. Some
observed behaviors of synaptic strength, have been briefly
discussed in Section 1. They are discussed here in more detail in
order to introduce the dynamic model of synaptic strength used in
what follows.
Experimental studies (Gonzalez-Burgos et al., 2004; Thomson,
1997; Varela et al., 1997) show that the synaptic strength response
to a repetitive excitation signal heavily depends on the frequency
of excitation (Gonzalez-Burgos et al., 2004). More precisely, high
frequency excitations gradually increase the synaptic strength.
This suggests a level of dynamic inertia that prevents the synapse
from recovering its initial value before the next excitation arrives
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Fig. 2. Definition of the unforced (uexc = 0) dynamic synaptic strength for two
values ηeq = 0.1 and ηeq = 0.3 of the steady strength. The threshold is given by
ηth = 0.5 while the maximum value is given by ηmax = 1. Note that the dynamic
possess two instantaneous attractors at η = ηeq and η = ηmax with bifurcation at
the threshold η = ηth .

(in the presence of high frequency excitation). This inertia has also
been highlighted by Majtanik, Dolan, and Tass (2004).
Moreover, it was noticed (Thomson, 1997) that after a
high frequency spike train increases the synaptic strength, the
strength is maintained even for future low frequency spike trains.
This suggests that, once a certain strength level (threshold) is
achieved, it is maintained, at least for a certain amount of time,
regardless of the excitation signal. This transition in behavior
is called short-term plasticity and has been studied by many
researchers (Buonomano, 2000; Hempel et al., 2000; Losonczy,
Zhang, Shigemoto, Somogyi, & Nusser, 2002; Matveev & Wang,
2000; Varela et al., 1997).
In systems theory, the establishment of this short-term
plasticity can be viewed as a bifurcation or transition between
the region of attraction of different attractors. The first (steady
state) ηeq corresponds to low efficiencies and the second (i.e. the
paroxysmal) ηmax corresponds to high efficiencies. The transition
is fired when the synaptic strength η exceeds some threshold ηth .
A simple framework enabling the above behavior to be
reproduced (regardless of the detailed equations) is depicted in
Fig. 2. This figure shows a possible definition for the dynamics
of the synaptic strength in the (η, η̇) plane in the absence of
excitation signal characteristics. More precisely, two curves are
shown for two different values of the steady state attractors ηeq =
0.1 and 0.3. For each value, the curve in the (η, η̇) shows the
derivative of η as a function of η itself. In the case where ηeq = 0.1,
it is easily shown that the dynamics admits two stable attractors,
one at η = ηeq = 0.1 (the weak efficiency attractor) and one at
η = ηmax = 1 (the strong efficiency attractor). For instance, if
η ∈ [0, 0.1[, then η̇ > 0 while if η ∈ (0.1, 0.5) then η̇ < 0. This
clearly shows that the interval [0, 0.5] is a region of attraction for
the attractor ηeq = 0.1. The same arguments can be used to show
that [0.5, 1] is a region of attraction of the attractor ηmax = 1. Note
that in this scheme, η = 0.5 is an unstable equilibrium that is of no
practical interest as an equilibrium. However, its role as a threshold
is crucial in the definition of the transition and the establishment
of the short-term plasticity.
Note that the qualitative dynamic model depicted in Fig. 2 gives
no indication on the precise mechanism by which the short-term
plasticity is ended. That is, it suggests a mechanism according to
which the attractor η = ηmax is reached but does not suggest
a mechanism to leave this attractor. As shown later, seizures
are suggested to be intimately linked to short-term plasticity.
This means that seizure onset takes place shortly after the
establishment of this short-term plasticity. The end of this phase

Author's personal copy

1186

M. Alamir et al. / Automatica 47 (2011) 1183–1192
uexc

10

uexc
10

8

8

6

6

4

4

2

2

0

0
0

200

400

600

800

1000

0

200

400

Time

600

η
1

1
0.8

0.6

0.6

0.4

0.4

0.2

0.2

0

0

-0.2

-0.2

200

400

1000

800

1000

η

0.8

0

800

Time

600

800

1000

0

200

400

Time

600

Time

Fig. 3. Temporal evolution of the dynamical model (7)–(8) under two different excitation signals uexc . Left: high frequency. Right: low frequency. Accordingly, high frequency
excitations significantly increase the synaptic strength. Beyond the threshold ηth = 0.5, short-term plasticity is reached in accordance with experimental observations.

may be linked (as suggested by Chakravarthy et al. (2009b,a)) to
many possible mechanisms responsible for the brain’s recovery
after a seizure (depletion of neurotransmitters, deactivation of
neuroreceptors, release of inhibition-oriented agents, etc.). This
lack of modeling does not impact on the aim of this contribution
which essentially concerns the modeling of the seizure onset
establishment mechanism.
Based on the above discussion, the following dynamic model for
synaptic strength is proposed:


 

η̇ = 1 − η · a1 (η − ηeq )(η − ηth ) + b1 uexc

(7)

η̇eq = −a2 ηeq + b2 (η − ηeq )

(8)

where the ai ’s and bi ’s, i = 1, 2 are positive coefficients. Note
that ηeq represents a dynamic steady state that integrates the past
evolution of η with a forgetting factor a2 . The fact that the right
hand side of (7) is multiplied by (1 − η) indicates that, beyond
the maximum value η = 1, saturation prevails and additional
excitation induces no more increase in the synaptic strength. Note
that in the absence of excitation (uexc ≡ 0) and provided that the
threshold ηth is not reached, Eq. (7) steers η − ηeq asymptotically
to 0 which according to (8) steers ηeq asymptotically to 0.
Fig. 2 provides a graphical representation of Eq. (7) for two values ηeq = 0.1 and ηeq = 0.3 with no excitation (uexc = 0). The
parameter values are a1 = 0.5, b1 = 0.005, a2 = 0.0013, b2 =
0.005 and the threshold ηth = 0.5. Fig. 3 shows the temporal
evolution of synaptic strength η under two different excitation
signals uexc . Namely, a high frequency signal (left) and low frequency signal (right). Note that in accordance with experimental facts (Gonzalez-Burgos et al., 2004), high frequency excitations
lead to an increase in the mean synaptic efficiency. It is also
observed that beyond some threshold, ηth = 0.5, a short-term
plasticity state is reached as reported by Thomson (1997). Comparison of the temporal evolution of η (at least before the transition)
shows a striking similarity with the experimental curves reported
in Thomson (1997) using rat neocortical pyramidal axons in vitro.

Note that no time units are shown on the figure since the models developed here are qualitative and scaling is required to fit the
physiological time and strength scales.
Remark 1. It is worth noting that the proposed synaptic strength
behavior can be intimately linked to several reports relating the
excitatory synapses decrease in strength (synaptic depression)
under repeated stimulation, in order to maintain network stability
(Nelson & Turrigiano, 1998). This can be viewed as another
instantiation of the same mechanism with strength inhibitor
excitation signals.
The following section briefly recalls a measure of synchrony
(Muller et al., 2005; Schindler et al., 2007a,b) that is used in the
analysis of the simulated scenarios presented in this paper.
4. Synchrony measurement in multichannel recording
Since it is commonly recognized that epileptic seizures reveal
a high level of synchronization, the measure of synchronization
between several time series EEG recordings is a key task in epileptic
studies. Recently, a simple and powerful framework to achieve
such a task has been proposed (Muller et al., 2005) which has been
used in EEG recording analysis in Schindler et al. (2007a,b). This
technique is based on the so-called ‘‘equal-time correlation matrix’’
C that is computed over moving time windows in order to analyze
nonstationary measurement channels.
More precisely, consider M channels delivering M time series
Xi (tk ), i = 1, . . . , M, where tk = kτ are the measurement acquisition instants. Consider a time window of length Nm τ . Assume that
at some time, the center of the window is the instant tc . Then, the
element Cij (tc ) of the matrix C at instant tc is defined by:
Cij (tc ) :=

1

−

Nm k∈I(t )
c

X̃i (tk )X̃j (tk )



(9)

where I(tc ) is the set of instant indices that belong to the time window centered at tc while Nm = card(I(tc )) is the number of such
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Table 1
Parameter values used in the simulations.
Param.

Value

Param.

Value

Param.

Value

ω
α
γ

1.00
0.15
8.50
0.50

b

0.2
0.00
0.21
0.005

Ad
Td

1.00
6.00
2iπ /3
0.0013

a1

εij
εij0
b1

τi

a2

instants. The quantity X̃i (tk ) represents the normalized measurement obtained according to:
X̃i (tk ) =

Xi (tk ) − X̄i

σi

(10)

in which X̄i and σi denote the mean value and the standard deviation of the measurements captured in the time window.
Based on the above definition, when analyzing the (necessarily)
real eigenvalues of the real symmetric matrix C, two extreme
situations can be considered (assuming that the eigenvalues are
ordered according to increasing values λ1 ≤ λ2 ≤ · · · ≤ λM ):

• All the M signals are perfectly synchronized: in this case,
Cij (tc ) ≈ 1 for all i and j and the eigenvalues are:
λ1 = · · · = λM −1 = 0; λM = M .
• The M signals are perfectly desynchronized in which case,
Cij (tc ) ≈ 0 for all i ̸= j and the eigenvalues are:
λ1 = · · · = λM = 1.
All other partial synchronization frameworks correspond to some
intermediate configurations. Note that since Cii = 1, the constraint
∑M
i=1 λi = M holds regardless of the degree of synchronization.
Therefore, desynchronization amounts to reducing λM and distributing the reduced amount over the remaining eigenvalues
while synchronization concentrates all the spectra in λM .
Based on these extreme cases, it has been proposed in Schindler
et al. (2007a,b) that a measure of synchrony might be the
ratio between the last m eigenvalues to the first m eigenvalues
where m < M is some specified integer. Here, a slightly modified
(normalized) version of this proposition is adopted by defining the
level of synchrony by:


λM
1
S :=
−
.
M
M −1 ∑
M
λi
M



(11)

i =1

It is trivial to see that (11) has S = 1 for perfectly synchronized
channels while S = 0 for perfectly desynchronized channels.
5. Simulations
In this section, simulations using the proposed model are given
in order to assess its ability to produce qualitatively relevant
seizure scenarios. A simple network of N = 3 regions of neurons
is used since it is sufficient to induce the required qualitative
behavior. The values of the parameters used in the simulations are
given in Table 1. For completeness, the mechanism that is used to
end the seizure is defined as follows: once the transition to shortterm plasticity is fired (namely, as soon as the condition η > ηth is
satisfied), a counter with duration of 2500 time units is engaged.
When the counter reaches this threshold, the synaptic strength
returns exponentially to 0 and remains insensitive to excitations
for another 2500 time units.
The computation of the synchronization index S (see (11)) is
performed using a measurement acquisition period of τ = 0.3 and
a moving time window containing Nm = 200 sampling instants.
Fig. 4 shows scenarios produced by the proposed model for two
values of the synaptic dynamic model thresholds for short-term
plasticity, ηth = 0.5 (left plots) and ηth = 0.9 (right plots). The two
scenarios are simulated using the same excitation produced by
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the spike train depicted on the upper plots (duty cycle of 0.2).
The central plots show the recording that would be obtained at
the EEG sensor level according to Eq. (4). Note that when the
low threshold ηth = 0.5 is used, a train of bursts is produced that
progressively increases in intensity ending in the seizure onset.
The same excitation produces no such behavior for normal brains
characterized by normal high thresholds (ηth = 0.9). The bottom
plots show the corresponding evolution of the synchronization
index S defined by (11) for the two cases. Obviously, high
correlation exists between the EEG curves and the synchronization
index curves since high EEG voltages reflect high synchrony
between the neuron activities. Note also that despite the perfectly
periodic excitation signal, the two seizure scenarios in the left hand
plot are not perfectly identical due to the chaotic nature of the
oscillators.
Fig. 5 shows the extreme sensitivity to the value of the shortterm plasticity threshold ηth . Indeed, this figure presents the
simulation of the dynamic model under the same excitation
conditions as in Fig. 4 for two extremely close threshold values
ηth = 0.51 (left) and ηth = 0.52 (right). Note that when compared
to the simulation corresponding to ηth = 0.5 (left plots of Fig. 4),
the value ηth = 0.51 (left plots of Fig. 5) leads to a longer
preictal phase while the value ηth = 0.52 corresponds to burst
generation periods without seizure onset in accordance with some
experimental observations (Avoli, Biagini, & de Curtis, 2006).
It is worth mentioning that, in all the proposed simulations, the
excitation signal (spike train) is assumed to be perfectly periodic
(constant amplitude and constant duty cycle). It goes without
saying that an additional source of feature variance may come
from the (partially) stochastic nature of the excitation signal. In
particular, it is likely that a similar difference between left hand
and right hand plots of Fig. 5 and the left plots of Fig. 4 may be
induced by a slight change in the amplitude or the duty cycle of the
excitation signal uexc . Consequently, a dual conjecture for epileptic
specificity might be a quantitative difference in the frequency
and/or the amplitude of the excitation signal that may lead to
short-term plasticity in the synaptic dynamic that shows a normal
threshold value ηth . A more balanced statement may therefore be:
brains that are predisposed to epilepsy are characterized by
an abnormally small ratio between the short-term plasticity
threshold (ηth in our model) and the energy level contained in
the synaptic excitation signal.
Note that this last conjecture can be checked experimentally
by applying excitatory signals with various energy levels that
can be obtained by varying the amplitude and/or the duty
cycles and observing the corresponding induced plasticity and/or
synchronization levels.
Fig. 6 reproduces the evolution of the synchronization index
in the epileptic brain (ηth = 0.5) (on the top plot) together
with zoomed views in the vicinity of the first and second
seizure onsets (middle and bottom plots respectively). These plots
clearly show how the proposed model qualitatively reproduces
an experimentally assessed feature, namely the general behavior
of the synchronization index that occurs prior to seizure onset
(Mormann et al., 2003). It is worth noting, however, that this
behavior may be simply an artifact that is intimately linked to the
unavoidable moving window mechanism that is used to compute
the synchronization index. In this case, the decrease in the
synchronization index would not reflect a decrease in synchrony
itself as stated in the very title of Mormann et al. (2003). Regardless
of the interpretation, the proposed model reproduces this already
observed feature.
6. Feedback based seizure attenuation
In this section, the proposed seizure model is used as a testbed
for the implementation of a simple EEG based feedback control
strategy. The latter is based on the insight given by the qualitative
model related to the mechanisms leading to seizure onset. As
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Fig. 4. Simulation of the proposed dynamical model for two different thresholds: ηth = 0.5 (left) and ηth = 0.9 (right). Top plots show the excitation signals (identical for
the two cases). Center plots show the EEG recording according to (4). Bottom plots show the synchronization index defined according to (11). Note how the low threshold
value (as it is conjectured to be in a brain predisposed to epilepsy) may lead to seizure onset preceded by trains of bursts that progressively increase ending with the seizure
onset while the same excitation scenario has no harmful consequence on a conjectured healthy brain. Recall that the duration of the seizure onset is determined by the extra
temporization mechanism that is not related to the proposed model.
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Fig. 5. Simulation of the dynamic model under the same excitation conditions as Fig. 4 for two extremely close threshold values ηth = 0.51 (left) and ηth = 0.52 (right). Note
that when compared to the simulation corresponding to ηth = 0.5 (left plots of Fig. 4), the value ηth = 0.51 leads to a longer preictal phase while the value ηth corresponds
to burst generation periods in accordance with some experimental observations (Avoli et al., 2006).
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Fig. 6. The synchronization index evolution during the seizure scenario depicted on the left hand side of Fig. 4. These plots clearly show that the model reproduces the
experimentally observed behavior of the synchronization index prior to seizures.

suggested in Chakravarthy et al. (2009b,a), it is not possible to
completely assess whether electrical stimulations may provide
complete seizure prevention or may be used as an add-on to AED
treatment. The effects of such stimulations on the long-term brain
function are still to be studied. A feedback scheme that is based on
a parsimonious use of such stimulation can be of great interest.
The starting point is to accept that seizures are enhanced by a
disturbed balance between two opposing mechanisms: one aiming
at desynchronizing the network of oscillators while the other
enhances an increase in synchrony after a dynamic increase in the
synapse strength leading to short-term plasticity. Based on this
conjecture, two straightforward solutions to restore the balance
between these mechanisms can be considered:
(1) The first, proposed in Chakravarthy et al. (2009b,a), is
oriented toward a decrease of the synaptic strength by injecting
opposite terms, k′ji (xi − xj ), to compensate for the abnormally
high terms kji (xj − xi ) contained in the network equations (see
(1)). These stimulations are fired as soon as measurements of the
correlation between xi and xj are higher than some predefined
threshold reflecting normal operation values. The implementation
of this solution shows higher complexity when compared to the
proposed one since it needs the precise individual knowledge of xi
and xj (of which only a joint contribution can be measured through
EEG sensors) in order to compute their correlation and to send
the opposite signals ±k′ji (xi − xj ) to xi and xj . Note however that
when such individual measurements are accessible, more efficient
results can be expected.
(2) In order to restore the balance between desynchronization/synchronization tasks, rather than weakening the synchronization, one may try to enforce the desynchronization task. This
can be accomplished by imitating the conjectured mechanism of
the delayed feedforwarded desynchronization signal whose amplitude is monitored as a feedback to the amplitude of the EEG recording. The advantage of this mechanism is that precise knowledge of
the individual signals xi and xj is not required. Moreover, as suggested by the conjectured model, the EEG recording is sufficient to
detect the beginning of the seizures (through the transient bursts)

and can therefore be used to fire the additional desynchronization
mechanism. By relying on the intensity of the EEG recording, the
proposed solution differs from the one suggested in Tsakalis and
Iasemidis (2006) which relies on elaborated seizure precursor like
coupling or synchronization. This is because individual EEG recordings are not assumed here to be available and therefore, only the
total EEG recording is measured according to Eq. (4).
The idea is depicted in Fig. 7. It can be seen that an additional
desynchronization mechanism is added to the original network of
Fig. 1. More precisely, the network is decomposed into Na regions
and differently phased signals are sent to each of these regions
(when the feedback mechanism is fired as shown later on).
Assume that each oscillator in our example represents the
contribution of a region. The feedback term ui is now to be added
to the right hand side of Eq. (1):
ẋi (t ) = −ωyi (t ) − zi (t ) + +xd (t − τi ) + ui

+

N
−


εji (η) · (xj (t ) − xi (t ))



j=1,j̸=i

+ ui =

N
−

αqi · xF (t − τi′ ).

q=1

Let the matrix A := {αqi }iq define the relative positions of
the actuators (providing the electrical stimulations) w.r.t. the
oscillators and a fading rate according to which a given actuator
acts on distant neurons. In our simple 3 oscillator example, this can
be approximately given by:


A :=

1

ϵ
ϵ

ϵ
1

ϵ


ϵ
ϵ ;

ϵ < 1.

(12)

1

This indicates that the actuators are positioned exactly at each
oscillator location. The signal xF (see Fig. 7) and the delays may be
given by:
xF (t ) = V (t ) · sin



2π t
T


+φ ;

τq′ =

2qπ
Na

(13)
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where T is the fundamental period of the signals while φ is some
arbitrarily chosen phase that is used here to take into account the
fact that the true phase of the natural mechanism (which is taken
equal to 0 according to Eq. (6)) is a priori unknown to the controller.
The amplitude V (·) is updated according to the following rule:
V (tk+1 ) :=



Vmax

θ · V (tk )

if VEEG (tk ) > V EEG
otherwise

(14)

where 0 < θ < 1 and

• tk = kτc denotes the control updating instants.
• Vmax is a maximum intensity considered to be a fraction of
Fig. 7. Network scheme that incorporates the additional (feedback) desynchronization enhancement mechanism. A signal xF is sent with region dependent delays
τi′ . In order to enforce the conjectured natural desynchronization mechanism.

Fig. 8. Schematic view of the proposed feedback. The intensity of the additional
desynchronization signal is monitored by the comparison between EEG recording
and a predefined threshold (see (14)). The desynchronization signal xF defined by
(13) is then sent to the different subregions with different delays in order to enhance
desynchronization.

the maximum amplitude of a single oscillator under normal
conditions. This is chosen in order for the proposed mechanism
to help prevent synchronization without being a major source
of energy injected into the oscillator network.
• θ < 1 is a forgetting factor that aims at steering V to 0 in the
absence of repetitive high level burst activity.
• V EEG is some threshold above which the EEG recording is
declared to be in a preictal phase. Clearly, (14) shows that this
event fires a step in the value of V leading to desynchronizationoriented electrical stimulation. The value of V EEG can be
estimated based on past seizure occurrences as it has a strong
likelihood to be patient dependent.
Fig. 8 shows a schematic view of the proposed feedback structure. Note that the scheme describes the feedback structure
dedicated to one zone associated with a single EEG recording
sensor. If several regions are instrumented, the scheme may
be duplicated into several parallel feedback loops. Comparison
between the control-free scenario and the evolution under the
proposed control scheme is shown on Fig. 9. The following control
parameters have been used in the feedback controller: θ = 0.95,
Vmax = 5, V EEG = 20 and φ = π /6.
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Fig. 9. Comparison between the control-free behavior (left) and the behavior under the proposed feedback control (right). Note how desynchronization-oriented
stimulations divide the amplitude of the seizure related EEG recording by a factor of 2. The reduction in the synchronization index is roughly equal to 3 (the number
of regions). Note that because of the oversimplified structure of our network (3 oscillators) only qualitative insight can be claimed. Quantitative conclusions need larger
networks to be studied.
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The simulations suggest that desynchronization-oriented stimulations may drastically reduce the signal level collected at the
sensor level reflecting a corresponding reduction in synchrony.
This decrease in synchrony concerns both the preliminary bursts
and the seizure that is reached after short-term plasticity establishment. It is a fact however that the feedback, while reducing
the seizure amplitude does not suppress it completely because
of the external stimulation. This suggests that a combination of
the proposed strategy together with an inhibitory action on the
synapse strength can be expected to achieve seizure avoidance.
It is worth noting, however, that only qualitative results can be
claimed. Quantitative conclusions need further investigation on
larger networks. In particular, a combination between the two
above cited strategies (reducing synaptic strength and enhancing desynchronization) can probably be expected to achieve better seizure avoidance. A trade-off is certainly to be found based on
practical and health related considerations.
7. Conclusion
In this paper, a new dynamic model has been proposed for
seizure onset in brains predisposed to epilepsy. In this model,
the brain is modeled as a network of nonlinear oscillators each
representing a specific brain region. The assumption that underlies
the proposed model is that epileptic activity is induced by a high
level of synchrony that is due to a disturbed balance between
two opposing mechanisms: A basic functional desynchronization
mechanism and a synaptic based synchronization mechanism. The
latter is strongly enhanced in brains affected by epilepsy, due to
the abnormally low ratio between the synaptic threshold toward
short-term plasticity and the level of energy contained in an
exciting spike train. Almost every assumption used in the proposed
model is related to experimentally assessed features.
The simulations demonstrate the ability of the proposed model
to produce qualitatively relevant behaviors (interictal bursts,
seizure onset, high sensitivity, behavior of the synchronization
index prior to seizures onset).
Although the purpose of this paper is to develop a deeper
understanding of the mechanisms that underlie an epileptic
seizure, a preliminary investigation into possible feedback control
strategies has also been proposed. The proposed feedback is based
only on EEG measurements and aims at enforcing the conjectured
desynchronization mechanism by injecting geographically dephased excitation signals. This strategy shows promising results in
reducing seizure severity although deeper investigation is required
on more realistic networks. Combining the proposed strategy with
other existing control schemes that aim at reducing the synaptic
strength also requires further investigation.
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