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ABSENCE SEIZURES AS RESETTING MECHANISMS
OF BRAIN DYNAMICS!

S.P. Nair,"’ P.I. Jukkola,* M. Quigley,*'™" A. Wilberger, att UDC 519.68+519.8+612.821:51
D.S. Shiau,’" J.C. Sackellares,”* P.M. Pardalos,” and K.M. Kelly*

To understand the increase in age-related incidence and frequency of absence seizures in the rat brain,
we investigated the effect of these seizures on brain dynamics. This paper puts forward the hypothesis
that age-related differences in the expression of absence seizures are associated with the ability of the
seizures to reset brain dynamics.
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1. INTRODUCTION

Epilepsy is one of the most common neurological disorders, second only to stroke, affecting about 0.8% of the
world’s population [1]. Although epilepsy occurs in all age groups, the highest incidences are found in infants and the
elderly. Absence epilepsy is a subtype of generalized epilepsy manifested by seizures characterized by brief periods of
impaired consciousness (absence seizures). Human absence epileptic seizures are typically associated with bursts of
generalized 3 Hz spike-wave discharges (SWDs) in the electroencephalogram (EEG). The usual duration is 3-10 sec,
ranging up to a few minutes. The level of functioning during a SWD depends in part on the duration of the seizure, and the
recovery from such episodes is usually fast, in the order of a few seconds.

Animal modeling of absence seizures has been conducted in numerous studies. The defining EEG events in rodents are
7-12 Hz generalized SWDs (Fig. 1) of variable duration with an abrupt onset and abrupt termination, which usually occurs
during passive wakefulness or sleep [2, 3]. In the previous study [4], numerous spontancous bilateral cortical 7-9 Hz
spike-wave discharges were recorded in control and brain-lesioned animals spanning an age range from 2 to 30 months. As
animals progress from mid-aged to aged periods, they can experience hundreds of absence seizures per day [5].

A central feature of epilepsy is that it is characterized by seizures that are transient in nature and occur spontaneously in a
recurrent fashion. Epilepsy has been described as a dynamical disease with pathological states characterized by the occurrence of
abnormal dynamics [6]. From a dynamical perspective, a seizure may represent self-organizing behavior in which widespread
cortical areas make an abrupt transition to an ordered state and reset to a normal state at the end of the seizure [7]. Nonlinear
time-dependencies have also been reported in the pattern of seizure occurrence, which indicate that seizures do not occur
randomly, but rather reflect determinism [8, 9].

In an effort to better understand the relationship between aging and the differential expression of SWDs, we studied the
dynamical EEG properties of the epileptic brain. The concept of “brain dynamical resetting” may provide some insights into the
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Fig. 1. A sample of a generalized SWD
recorded from a rat. The F3, C3, and P3
abbreviations refer to skull screw electrodes
overlying left frontal, central, and parietal
regions of the animal’s brain, respectively;
F4, C4, and P4 refer to the brain areas on
the right. An “F3-C3” label corresponds to an
EEG channel produced by the output of one
differential amplifier with inputs from the F3
and C3 electrodes.

mechanisms underlying increased seizure susceptibility of the aged brain. One way to quantify the effect of an event, e.g.
a seizure, is to estimate how dynamical EEG properties change after the event. A nonlinear measure that is closely related to the
rate at which information is produced, the short-term maximum Lyapunov exponent (S7L,,.), was utilized to extract a
dynamical profile of the EEG signal over time for each recording channel. This measure has been found to be useful in
capturing and predicting system (brain) dynamics associated with transitions into and out of epileptic seizures [10-15]. The
overall goal of this study was to establish a clear relationship between changes in the dynamical EEG properties of the brain
and differences in the age-related expression of SWDs.

2. STATE SPACE TOPOGRAPHY AND ANALYSIS OF iEEG

The state space portrait of a signal (time series) provides a visual representation of its evolution in a multidimensional
space over time. Its characteristics reflect the original characteristics of the signal, and ultimately the system that generates
the signal. The state space can be thought of as a collection of all possible states that a dynamical state visits during its
evolution. In general, the state space is identified with a topological manifold. A p-dimensional state space is spanned by a
set of p-dimensional “embedding vectors,” each of which defines a point in the state space, thus representing the
instantaneous state of the system.

2.1. State Space Reconstruction. The theoretical basis for the relationship between a signal and its state space
representation generated by earlier work [16, 17] was developed from the Whitney embedding theorem [18]. A state space
portrait is created by treating each time-dependent variable of the system as a component of a vector in a multidimensional
space. Each vector in the state space represents an instantaneous state of the system. These time-dependent vectors are
plotted sequentially in the state space to represent the evolution of the state of the system over time. For many systems, this
graphical mapping creates an object confined over time to a sub-region of the state space. The geometrical properties of
these confined objects, called “attractors,” provide information about the global state of the system. The vector
reconstruction is achieved as follows:

X =(0),x(t+7),...,x(t + (p=1))}

where x(¢) is the value at time #; 7 is a fixed time increment; and p is the embedding dimension. Every instantancous
state of the system is therefore represented by the vector X, which defines a point in the p-dimensional state space. The
intracranial EEG (iEEG), being the output of a multidimensional system, has both spatial and temporal statistical
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Fig. 2. (a) Ictal segment of a filtered iEEG recorded from the hippocampus of
a rat, (b) Reconstructed iEEG segment in 3-D state space.

properties. Components of the brain (neurons) are densely interconnected and there exists an inherent relation between
the iEEG recorded from one site and the activity at other sites. This makes the iEEG a multivariate time series. The
state space reconstruction of the iEEG signal in a three-dimensional state space (Fig. 2) was done using the method of
delays [17].

2.2. Embedding Parameters for iEEG Reconstruction. An accurate representation of the system in a state space
depends upon making appropriate choices of the embedding dimension p and time delay 7. The choice of p for experimental
data such as ours is not a straightforward issue. According to Takens [17], if 4 is the fractal dimension of the attractor in a
state space, the embedding dimension p should be at least equal to 2d +1 in order to correctly reconstruct the attractor.
Therefore, one of the first steps in characterizing the properties of a system is to estimate the fractal dimension of the
attractor. The dimension helps to determine the position of a point on the attractor to within a certain degree of accuracy. In
addition, it provides a lower limit to the number of variables necessary to model the system.

To ensure that the ictal (seizure) dynamics were captured, we calculated the fractal dimension and the time delay from
the iEEG recorded during the ictal period. For any attractor, the dimension can be estimated by looking at the manner in
which the number of points within a sphere of radius r scales as the radius shrinks to zero. The geometric relevance of this
observation is that the volume occupied by a sphere of radius 7 in the dimension d behaves as % . The correlation function or
correlation integral C(7) measures the probability that two vectors on the attractor, selected at random, lie within a distance »
of each other. This function of two variables is an invariant on the attractor, but it has become conventional to look only at
the variation of this quantity when r is small. In that limit, it is assumed that

c(ry=rf,

defining the generalized fractal dimension d when it exists. From the above equation, d can be estimated in the limiting

case as
d = lim 28C]
r—0 log[7]
In practice, we need to compute C(r) for a range of small » over which we can argue that the function log [C(7)] is
dlog[C(r)]

linear in log[r] and then select the linear-like slope over the range. Figure 3 shows a plot of dloglr]
og[r

versus log [7] for an
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Fig. 3. Derivative of the correlation function calculated for a rat iEEG ictal
segment (2000 points) created from vector spaces of dimension p=6, 7, 8, and 9,
with respect to In (r). Consistency is observed in a broad range of In () with

slopes that lie in a range of values from 2 to 4.

ictal segment where C(r) denotes the correlation integral and r represents the attractor size. The curves correspond to
different values of the embedding dimension (p = 6, 7, 8, and 9) and a time delay of 15 msec. The objective is to find a
“middle” region in log[7] where the derivative (slope) is consistent. The figure illustrates the difficulties in establishing a
clean, unsullied value of the correlation dimension for experimental data.

Therefore, following the values used in human studies, we have used an embedding dimension p = 7 for the reconstruction
of the phase space. This value of p may be too small for the construction of a state space that can reconstruct all interictal
attractors of the brain, but it should be adequate for detection of the transition of the brain toward the ictal stage if the epileptic
attractor is active in its space prior to the occurrence of the epileptic seizure.

The embedding delay parameter T should be small enough to capture the shortest change (i.e., highest frequency
component) present in the data, but should also be large enough to generate (with the method of delays) the maximum
possible independence between the components of the vectors in the state space. These two conditions are usually addressed
by selecting 7 as the first minimum of the mutual information between the components of the vectors in the state space or as
the first zero of the time-domain autocorrelation function of the data [19]. Theoretically, because the time span (p —1)x 7 of
each vector in the state space represents the duration of a state of the system, (p —1)x v should be at most equal to the period of
the maximum (or dominant) frequency component in the data. For example, a sine wave (or a limit cycle) has v = 1, then a
p=2x1+1=31s needed for the embedding, and (p—1)xt should be equal to the period of the sine wave. Such a value of 7
would then correspond to the Nyquist sampling of the sine wave in the time domain. In the case of the epileptic attractor, the
highest frequency present is 70 Hz (the iEEG data are low-pass filtered at 70 Hz), which means that if p = 3, the maximum 7 to
be selected is about 7 msec. However, because the dominant frequency of the epileptic attractor (i.e., during the ictal period) in
the animal iEEG was never more than 15 Hz, according to the above reasoning, the adequate value of 7 for the reconstruction
of the state space of the epileptic attractor with p = 7 is (7—1)x T = 67 msec, that is, T should be about 11 msec [20].

2.3. Positive Lyapunov Exponent in the iEEG. The Lyapunov exponents of a system are a set of invariant
geometric measures that describe the dynamical content of the system. In particular, they serve as a measure of the ease of
predicting the future state of the system. Lyapunov exponents quantify the rate of divergence or convergence of two nearby
initial points of a dynamical system, in a global sense. A positive Lyapunov exponent measures the average exponential
divergence of two nearby trajectories, whereas a negative Lyapunov exponent measures exponential convergence of two
nearby trajectories. A zero Lyapunov exponent indicates the temporal continuous nature of a flow. If a discrete nonlinear
system is dissipative in nature, then a positive Lyapunov exponent quantifies a measure of chaos. Consequently, a system
with positive exponents has positive entropy in that trajectories that are initially close together move apart over time. The
more positive the Lyapunov exponents are, the faster they move apart. Similarly, for negative exponents, the trajectories
move together in time. A system with both positive and negative Lyapunov exponents is said to be chaotic. Stated
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Fig. 4. STL,,. values estimated from a single bipolar channel of EEG from

a 4-month (a) and 20-month () old animals, before, during, and following an
absence seizure (SWD), each lasting approximately 5 sec. The estimation of the
STL . Vvalues was made by dividing the signal into non-overlapping segments of

5.12 sec each and using p =7 msec and 7 =15 msec for the phase space
reconstruction. The onset of the seizure, at time point 0, is associated with a drop
in STL,. In the immediate postictal period, STL,,,, has been reset to a value
exceeding that of the preictal period. Note: STL,,, values are reset to a higher
average postictal value compared to the average preictal value
in the 4-month old animal.

differently, Lyapunov exponents quantify the amount of linear stability or instability of an attractor or an asymptotically long
orbit of a dynamical system.

Wolf et al. [21] proposed an algorithm for calculating the largest Lyapunov exponent. First, the state space
reconstruction is made and the nearest neighbor is searched for one of the first embedding vectors. After the neighbor and
the initial distance (/) are determined, the system is evolved forward for some fixed time (evolution time) and the new
distance (') is calculated. This evolution is repeated, calculating the successive distances, until the separation is greater than
a certain threshold. A new vector (replacement vector) is searched as close as possible to the first one, having approximately
the same orientation of the first neighbor. The short term maximum Lyapunov exponent (S7L,,, ) used in this study was
estimated using the method proposed by Iasemidis et al. [23], which is a modification of Wolf’s algorithm. The measure was
termed “short-term maximum Lyapunov exponent” to distinguish it from those used to study autonomous dynamical
systems. Modification of Wolf’s algorithm was necessary to better estimate S7L,,,, in small data segments that include
transients, such as interictal spikes. The modification is primarily in the searching procedure for a replacement vector at each
point of a fiducial trajectory.

The first step in the calculation of STL.,, is to divide the iEEG signal recorded from each electrode (a
one-dimensional time series) into sequential, non-overlapping segments of length 5.12 sec (1024 data points) and embed
each segment in a 7-dimensional state space with a time delay 7 =3 (15 msec), using the method of delays. The computation
of the largest Lyapunov exponent (L,,,, ) involved the iterative selection of pairs of points on the state space portrait and the
estimation of the convergence or divergence of their trajectory over time. More specifically, the largest Lyapunov exponent
is defined as the average of local Lyapunov exponents L; in the state space, that is

1
Linax :N'%Lﬁ’

where N is the necessary number of iterations for the convergence of the L
points (n =N -Af), and

max ©stimated from a data segment of n

1 | X (t; + A1) =X (1 + A1)
L =—-log,
At X(1)-Y (1)
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where Ar is the evolution time allowed for o (x;;)=lX(¢;)-X(¢;)l, the vector difference, to evolve to
O, (xp )Y (2; +At)-Y (¢ j +At)], the new vector difference, where At =k-dt and dt is the sampling period of the data
u(t). If At is given in seconds, L, is in bits/sec. Details of this method, including the selection of parameters for
calculating STL,,,, and a variation of L. ,, for nonstationary signals like iEEG, have been described previously by
lasemidis and colleagues [23, 24].

Figure 4 demonstrates the STL,,,, profile derived from a single bipolar EEG channel for a 4-month old animal and a
20-month old animal. The figure shows a drop in the STL ., value during the SWD (both at time 0), and a postictal increase
in values compared to the average preictal value. Note that this postictal increase is more significant in the younger (4-month
old) animal.

3. SEIZURES AS INTRINSIC MECHANISMS OF CONTROL

It has been postulated that seizures may be intrinsic mechanisms that serve to reset the brain from an abnormal state
back to a more normal state [25, 26]. This theory suggested that epileptic brains, being chaotic nonlinear systems, repeatedly
make abrupt transitions into and out of the ictal (ordered) state based on the following observations: (i) a positive Lyapunov
exponent in the EEG; (ii) presence of nonlinearities in the ictal EEG; (iii) existence of spatiotemporal transitions (from chaos
to order); and (iv) resetting of spatiotemporal dynamics by the seizure (to a more chaotic state). It follows intuitively that
failure to sufficiently reset the brain by a seizure may increase the susceptibility of the epileptic brain to a subsequent
seizure.

3.1. Resetting of Spatiotemporal Chaos: From Order to Chaos. A seizure can be characterized by a significant
drop in the value of the Lyapunov exponent associated with it, thereby suggesting a sudden and brief transition to a highly
ordered state. Following the seizure, these values are reset to a larger value compared with the immediate preictal values,
suggesting that the seizure promotes the brain to revert to a normal functioning state that is more chaotic. The above
observations constitute further support for the working model of dynamical state transitions underlying the evolution of
epileptic seizures proposed in early literature [23—26]; this working model explained the temporal evolution of the maximum
Lyapunov exponent in terms of a modified “cusp catastrophe model” [27-29] wherein a sudden bifurcation in system dynamics
occurs when the system enters the local cusp of singularity of a folded surface S, due to a change in intrinsic parameters.
A plausible hypothetical intrinsic feedback and resetting mechanism in the brain is shown in Fig. 5.

3.2. Resetting and Age-Related Seizure Expression. In animal studies, several investigations using models of aging
have shown an enhanced seizure susceptibility associated with older animals. We postulated that the functional anatomy of
the brain changes as it ages resulting in global changes of brain operation that are reflected in part by a changed expression
of SWDs. One approach to characterize these global changes is to employ dynamical measures of brain activity, which
offers the possibility to understand how changes in the dynamics of neuronal networks could result in SWDs - sudden
manifestations of paroxysmal widespread oscillations. To compare and contrast the dynamical EEG properties of 4- and
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20-month old male rats as a means to delineate differences in age-related expression of SWDs, we estimated STL,,, values
to test for differences in peri-ictal (surrounding a seizure) dynamical properties of the EEG.

Four young adult (4-month old) and four aged (20-month old) male rats were included in the study. Fifty SWDs from
each animal were used to estimate the dynamical properties during the peri-ictal period. We estimated the STL,,, values for
a 2-min EEG epoch recorded before and after each SWD using the algorithms described above. The values were computed
for each EEG channel and averaged across electrodes to calculate overall pre-ictal, post-ictal, and difference

(STL pax —STL ) values for each SWD in each animal. A statistical comparison (by a nested two-way ANOVA

post —ictal MAX pre_icial

test, where the random factor (rats) is nested within an animal group) of dynamical values during the pre-ictal period (2 min
before a SWD) showed no significant difference between the 4- and 20-month old animals in STL,,, values (p > 0.05).
However, the same statistical test performed on post-ictal dynamical values (2 min after a SWD) revealed a significant
difference between the two groups in S7L,,,, values (p <0.05). To compare how effective each SWD was in resetting the
animal’s brain to a normal interictal state, we computed the difference between average pre-ictal and post-ictal dynamical
values. The test of these “resetting” values suggested that the “resetting” was significantly more effective in the 4-month old
cohort compared with the 20-month old cohort, evident from STL,,, values (p <0.05). Figure 6 illustrates the comparison
of the differences between pre-ictal and post-ictal periods between animals in the two age groups.

4. CONCLUSION

As in human epilepsy, transitions from the interictal to the ictal state in the rat involve a transition from a chaotic
(high STL,,) to a more ordered (lower values of STL,,. ) state. The transitions observed in the iEEG in human and rat
temporal lobe epilepsy are consistent with early publications that introduced the concept of “dynamical diseases” [30—34].
This concept was introduced to explain how biological systems can make transitions between normal and pathophysiological
states. Periodic state shifts observed in biological disorders, such as Cheyne—Stokes respiration, periodic hematopoiesis, and
penicillin-induced neuronal spiking, were demonstrated to be similar to state transitions that occurred in certain
mathematical models of low-dimensional nonlinear systems [31, 35].

The mean STL,,, difference values (post seizure—pre seizure) were significantly different between 4-month old and
20-month old naive animals (4 months > 20 months; p <0.05), which suggested that the age-related increase in SWD
expression is associated with a decrease in seizure-related dynamical effect (resetting), as the animal ages. The results of this
study suggest that the recovery of the brain back to its normal interictal state following SWDs was better in young adult
animals compared with aged animals. This interpretation is supported by higher post-ictal dynamical values as well as a
larger difference between post-ictal and pre-ictal dynamical values.

Mackey and Glass [30] speculated that certain periodic diseases arose because of a bifurcation in the behavior of a
control system. Even in simple mathematical models of such systems, transitions between normal and pathological states, or
between ordered and chaotic states, can result from small changes in the value of a control parameter [6, 30, 31, 33]. If
dynamical diseases can be explained on this basis, then it may be possible to use this information to construct optimal
therapeutic responses based on manipulation of a control parameter [33] or by external perturbations using techniques
developed for the control of chaotic systems. Furthermore, models of coupled chaotic oscillators have given several insights
into prediction of seizures and the resetting phenomenon [36]. Other studies modeling dynamical transition in nonlinear
coupled map lattice systems have also shown similarities with the transitions in an epileptic brain [37]. Techniques applied
for controlling chaos in dynamical systems, such as coupled map lattice systems, may also prove to be useful in controlling
spatiotemporal chaos in the epileptic brain.

REFERENCES

1. W. A. Hauser, “Incidence and prevalence,” in: J. Engel Jr., T. A. Pedley (eds.), Epilepsy: A Comprehensive
Textbook, Lippincott-Raven Publishers, Philadelphia (1997), pp. 47-57.

2. A. M. L. Coenen, W. H. I. M. Drinkenburg, M. Inoue, and E. L. J. M. van Luijtelaar, “Genetic models of absence
epilepsy, with emphasis on the WAG/RIj strain of rats,” Epilepsy Res., 12, 75-87 (1992).

670



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

J. O. Willoughby and L. Mackenzie, “Nonconvulsive electrocorticographic paroxysms (absence epilepsy) in rat
strains,” Lab Anim. Sci., 12, 75-86 (1992).

K. M. Kelly, A. Kharlamov, T. M. Hentosz, E. Kharlamov, J. M. Williamson, E. H. Bertram, J. Kapur, and
D. M. Armstrong, “Photothrombotic brain infarction results in seizure activity in aging F344 and Sprague Dawley
rats,” Epilepsy Res., 47, 189-203 (2001).

E. L. J. M. van Luijtelaar, N. Ates, and A. M. L. Coenen, “Role of L-type calcium channel modulation in
nonconvulsive epilepsy in rats,” Epilepsia, 36, 86-92 (1995).

F. H. Lopes da Silva, W. Blanes, S. N. Kalitzin, J. Parra, P. Suffczynski, and D. N. Velis, “Epilepsies as dynamical
diseases of brain systems: Basic models of the transition between normal and epileptic activity,” Epilepsia, 44
(Suppl. 12), 72-83 (2003).

L. D. Iasemidis and J. C. Sackellares, “Chaos theory and epilepsy,” The Neuroscientist, 2, 118-126 (1996).
L. D. Tasemidis, L. D. Olson, R. S. Savit, and J. C. Sackellares, “Time dependencies in the occurrence of epileptic
seizures,” Epilepsy Res., 17, 81-94 (1994).

S. Sunderam, 1. Osorio, and M. G. Frei, “Epileptic seizures are temporally interdependent under certain conditions,”
Epilepsy Res, 76, 77-84 (2007).

L. D. Iasemidis, J. C. Principe, and J. C. Sackellares, “Measurement and quantification of spatiotemporal dynamics of
human epileptic seizures,” in: M. Akay (ed.), Nonlinear Signal Processing in Medicine, I[EEE Press., NY (1999), pp.
294-318.

L. D. Iasemidis, P. M. Pardalos, J. C. Sackellares, and D. S. Shiau, “Quadratic binary programming and dynamical
system approach to determine the predictability of epileptic seizures,” J. Comb. Optim., 5, 9-26 (2001).

L. D. Iasemidis, D. S. Shiau, W. Chaovalitwongse, J. C. Sackellares, P. M. Pardalos, J. C. Principe, P. R. Carney,
A. Prasad, B. Veeramani, and K. Tsakalis, “Adaptive epileptic seizure prediction system,” IEEE Trans. Biomed.
Eng., 50(5), 616-627 (2003).

L. D. lasemidis, P. M. Pardalos, D. S. Shiau, W. Chaovalitwongse, M. Narayanan, S. Sabesan, P. R. Carney, and
J. C. Sackellares, “Prediction of human epileptic seizures based on optimization and phase changes of brain electrical
activity,” Optim. Method. Softw., 18, 81-104 (2003).

P. M. Pardalos, W. Chaovalitwongse, L. D. Iasemidis, J. C. Sackellares, D. S. Shiau, P. R. Carney, O. Prokopyev, and
V. A. Yatsenko, “Seizure warning algorithm based on optimization and nonlinear dynamics,” Mathematical
Programming, 101, 365-385 (2004).

L. D. lasemidis, P. M. Pardalos, D. S. Shiau, W. Chaovalitwongse, M. Narayanan, S. Sabesan, P. R. Carney, and
J. C. Sackellares, “Prediction of human epileptic seizures based on optimization and phase changes of brain electrical
activity,” Optim. Method. Softw., 8, 81-104 (2003).

N. H. Packard, J. P. Crutchfield, J. D. Farmer, and R. S. Shaw, “Geometry from time series,” Phys. Rev. Lett., 45,
712-716 (1980).

F. Takens, “Detecting strange attractors in turbulence,” in: D. A. Rand and L. S. Young (eds.), Dynamical Systems
and Turbulence, Lecture Notes in Mathematics, Springer-Verlag, Berlin (1981), pp. 366-381.

H. Whitney, “Differentiable manifolds,” Ann. Math., 37, 645-680 (1936).

H. Abarbanel, Analysis of Observed Chaotic Data, Springer-Verlag, New York (1996).

M. S. Bartlett, “On the theoretical specification and sampling properties of autocorrelated time-series,” J. R. Stat.
Soc., 8(1), 27-41 (1946).

A. Wolf, J. B. Swift, H. L. Swinney, and J. A. Vastano, “Determining Lyapunov exponents from a time series,”
Physica D 16, 285-317 (1985).

L. D. lasemidis, “On the dynamics of the human brain in temporal lobe epilepsy,” PhD Dissertation, University of
Michigan, Ann Arbor (1991).

L. D. Iasemidis, J. C. Sackellares, H. P. Zaveri, and W. J. Williams, “Phase space topography of the
electrocorticogram and the Lyapunov exponent in partial seizures,” Brain Topogr., 2, 187-201 (1990).

L. D. Tasemidis and J. C. Sackellares, “The temporal evolution of the largest Lyapunov exponent on the human
epileptic cortex,” in: D. W. Duke and W. S. Pritchard (eds.), Measuring Chaos in the Human Brain, World Scientific,
Singapore (1991), pp. 49-82.

671



25.

26.

27.
28.
29.
30.
31.

32.
33.

34.
35.

36.

37.

672

J. C. Sackellares, L. D. Iasemidis, D. S. Shiau, R. L. Gilmore, and S. N. Roper, “Epilepsy—When chaos fails,” in:
K. Lehnertz, J. Arnhold, P. Grassberger, and C. E. Elger (eds.), Chaos in the Brain, World Scientific, Singapore
(2000), pp. 112-133.

L. D. Iasemidis, D. S. Shiau, J. C. Sackellares, P. M. Pardalos, and A. Prasad, “Dynamical resetting of the human
brain at epileptic seizures: Application of nonlinear dynamics and global optimization techniques,” IEEE Trans.
Biomed. Eng., 51, 493-506 (2004).

E. C. Zeeman, Catastrophe Theory — Selected Papers 1972—-1977, Addison—Wesley, London (1977).

R. Gilmore, Catastrophe Theory for Scientists and Engineers, Wiley, New York (1981).

V. L. Arnold, Catastrophe Theory, Springer-Verlag, Berlin (1984).

M. C. Mackey and L. Glass, “Oscillations and chaos in physiological control systems,” Science, 197, 287-289
(1977).

M. C. Mackey and U. an der Heiden, “Dynamical diseases and bifurcations: understanding functional disorders in
physiological systems,” Funkt. Biol. Med., 1, 156-164 (1982).

M. C. Mackey, J. G. Milton, “Dynamical diseases,” Ann. N. Y. Acad. Sci., 504, 16-32 (1987).

P. E. Rapp, R. A. Latta, and A. I. Mees, “Parameter dependent transitions and the optimal control of dynamical
diseases,” Bull. Math. Biol., 50, 227-253 (1988).

R. Pool, “Is it healthy to be chaotic?” Science, 243, 604-607 (1989).

L. Glass and M. C. Mackey, “Pathological conditions resulting from instabilities in physiological control systems,”
Ann. N. Y. Acad. Sci., 620, 22-44 (1979).

L. D. lasemidis, A. Prasad, J. C. Sackellares, P. M. Pardalos, and D. S. Shiau, “On the prediction of seizures,
hysteresis and resetting of the epileptic brain: Insights from models of coupled chaotic oscillators,” in: T. Bountis and
S. Pneumatikos (eds.), Order and Chaos, 8, Publishing House of K. Sfakianakis, Thessaloniki, Greece (2003),
pp- 283-305.

S. P. Nair, P. M. Pardalos, and V. A. Yatsenko, “Optimization in control and learning in coupled map lattice
systems,” J. Optimiz. Theory App., 134, 533-547 (2007).




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (Adobe RGB \0501998\051)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile (Color Management Off)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth 8
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth 8
  /GrayImageDownsampleThreshold 2.03333
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2400
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /SyntheticBoldness 1.000000
  /Description <<
    /DEU <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [2834.646 2834.646]
>> setpagedevice


