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nonlinear dynamical systems. The aim of this paper is to investigate the behavior of a thalamocortical
model from this perspective. The model includes both cortical and sensory inputs that can affect

the dynamic nature of the model. Driving response of the model subjected to various harmonic
stimulations is considered to identify the effects of stimulus parameters on the cortical output. Detailed
numerical studies including phase portraits, Poincare maps and bifurcation diagrams reveal a wide
range of complex dynamics including period doubling and chaos in the output. Transition between
different states can occur as the stimulation parameters are changed. In addition, the amplitude jump
phenomena and hysteresis are shown to be possible as a result of the bending in the frequency response
curve. These results suggest that the jump phenomenon due to the brain nonlinear resonance can be
responsible for the transitions between ictal and interictal states.

The mathematics of brain dynamics is an interesting, growing and controversial topic. There are two different
views about the inherent dynamics of the brain. One view is that the brain function has stochastic dynamics and
the irregular patterns of brain signals are due to random activity of neurons. On the contrary, another view states
that the electrical signals of the brain are not just a background noise but can be addressed as a quasi deterministic
output of the brain activity. The promising fact is that, there are a number of evidences supporting the second
hypothesis. However, the brain is a complex network of billions of neurons and a convincing proof of determin-
istic behavior in such a network is still a challenging problem. At microscopic level, results of the Hodgkin and
Huxley! studies show that the behavior of neurons can be better interpreted as a deterministic dynamical system.
Based on experimental data, they formulated a model for neuron activity consisting of a set of nonlinear differen-
tial equations and received the Nobel Prize for this great achievement. There are also neural population models*~”
and neural field models® that are deterministic and developed based on experimental findings and support the
view of deterministic dynamics at larger scales. Abrupt switching between different states and the presence of
some nonlinear features such as subharmonic entrainment in the brain response to a periodic stimulus are some
other signs of deterministic component in the brain activity®.

Cortical brain activity can be recorded by electroencephalogram (EEG). In a normal brain state, the record-
ing signal has a complex nature. This kind of behavior in deterministic systems can only be found in chaotic
systems. This is the main motivation for further research on finding chaotic attractors in the brain, starting from
1980s'>!! and continuing as an interesting field of research in neuroscience'?-*°. While the normal brain activity
has an irregular pattern, this is not the case in some abnormal situations like during epileptic seizures in which
the quasi periodic waveforms with high amplitude can be observed. Since about one-third of epilepsy patients
are drug resistant; it is important to understand the mechanism of transitions between normal and abnormal
epileptic states in order to improve prediction algorithms and extend stimulation-based control methods*'-%%.
Unfortunately, the cause of such transitions has been poorly understood. In fact, it seems that no single mecha-
nism can describe all dynamic features of various epileptic disorders® and even dynamic explanation of a single
type of epileptic seizures is a challenging task. Several models are developed to describe the dynamics of seizure
generation and termination®*-*!. These models suggest various dynamic causes for state transitions such as bifur-
cation, bistability, excitability and intermittency*.
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Figure 1. Schematic depiction of the thalamocortical interactions and physiological representation.

Stimulation can induce or terminate a seizure. It can be either a sensory input, e.g., a visual stimulus, or
an input to cortex, e.g., an electrical or magnetic stimulus. Moreover, the brain waves usually are described by
rhythmic activities in specific frequency bands. For example, alpha rhythm consists of sinusoidal waveforms with
frequencies in the range 8—-13 Hz and with a peak at around 10 Hz. EEG rhythmic activities have physiological
origins*® and the observed dominant EEG rhythm depends on the current state of the brain. Different cortical
regions also may have different dominant frequencies*. So, cortical neural populations can receive nearly peri-
odic inputs from various internal or external sources.

Recent studies reveal that analysis of the neural models subjected to periodic stimulation can explore many
nonlinear characteristics of the brain such as nonlinear resonance, chaos, entrainment and nonlinear acceler-
ation*~*. In this paper, the frequency response of a thalamocortical model®! is investigated to identify some
important aspects of the model dynamics and state transitions. Our aim is to find a dynamic explanation for state
transitions in the brain, especially for the case of epileptic seizures.

Materials and Methods

Neurobiological background. EEG data is the main source of information about the dynamics of the
brain. The main contributors to the EEG signals include the cerebral cortex and the thalamus. The cerebral cor-
tex contains about half of all nerve cells in the brain and plays an important role in many essential functions of
the brain such as sensory and cognitive processes. The majority of neurons in the cortex are pyramidal neurons
which are named because of the pyramid like shape of the cell bodies. They are the primary cells that contribute to
the EEG signal. Interneurons are the remaining cortical neurons which have various shapes and characteristics.
Most of them are inhibitory and can receive both excitatory and inhibitory synapses*. Both of these two types
of cortical neurons receive sensory inputs from the thalamus. The thalamus is an egg shaped small structure in
the central brain region that acts like a relay center and transmits the sensory information to the responsible
regions of the cortex. It is composed of various distinct nuclei (neural cell groups) most of which are relay nuclei
that relay the sensory information to the cortical neurons. An important and different thalamic nucleus is the
thalamic reticular nucleus which has a shell shaped structure and covers the thalamus. The thalamic reticular
nucleus modulates the activity of the thalamic relay nuclei but does not send massages to the cortex directly. The
neural connections and transmissions are interpreted from biochemical point of view. Inhibitory neurons release
the neurotransmitters gamma-aminobutyric acid (GABA). GABA is an inhibitory neurotransmitter because it
generates a negative potential and inhibits the excitation of nearby neurons. In contrast, AMPA (a-amino-3-hy-
droxy-5-methyl-4-isoxazolepropionic acid) is a major excitatory neurotransmitter in the brain and is responsible
for most excitatory connections in the thalamocortical system. Figure 1 represents the schema of the thalamo-
cortical system.

Thalamocortical model. An important model which describes the interactions between the thalamus and
the cortex is proposed by Suffczynski and his colleagues®!. They extend a lumped thalamic model* by adding
a cortical model and taking into account the corresponding interactions. The main feature of the model is the
ability to describe the spontaneous transition to a seizure like state with characteristics in agreement with the
experimental data®'. The model contains four cell populations: pyramidal (PY) and interneuron (IN) populations
for cortex module and thalamocortical relay (TC) and reticular thalamic (RE) populations for thalamus module.
Thalamocortical population receives both fast GABA, and slow GABAj inhibition from the reticular thalamic
population and send excitatory, AMPA synapses to cortical populations and to reticular thalamic population.
Both TC and RE receive excitatory inputs from the pyramidal population. In Cortical area, pyramidal population
receives GABA, and GABA}, inhibitory synapses from interneuron population and send excitatory AMPA type
synapses to it. There are also three external inputs in this model. Sensory input to the TC population, cortical
excitatory input to the PY population that represents the inputs from the other pyramidal populations and a
constant inhibitory input to RE population which is responsible for the bias input from the other RE populations.
The model dynamics is under the influence of the external inputs. Authors, argue that by changing the bias value
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of the cortical input, the model shows bistability and the fluctuation in the input is responsible for transitions
between normal and seizure states.

Synaptic transmission. The dynamics of the mean membrane potentials described by the following
equation®!:

dv?® 0 M _
. _le;n - gleuk(Vl = Vieak)
i = {PY, IN, TC, RE},
syn = {AMPA, GABA,, GABA}

= (V"= Vo) m

Here, V% is the membrane potential corresponding to the population i C,,, is the membrane capacitance, g, is
the leak current conductance, g;,, is the synaptic current conductance and V., and V, are the reversal potential
of the leak current and the synaptic current, respectively. Synaptic conductance is expressed as a convolution
of synaptic impulse response (h,y,(t)) and a firing density (F(t)) which is responsible for the incoming action
potential:

g, 0= [ ; byt — TF()dr

— A1yt —Aygnt
hsyn(t) = Asyn [e7 o’ — g "2om], A2syn > Asyn (2)
where A, a4, and a,y, are amplitude, rise and delay times, respectively. Based on experimental results, a non-

linear relation between the amplitude of the GABAj postsynaptic current and firing density of the RE and IN
populations is considered. So, the GABA, current is expressed by:

Igapa, = gGABAB(t)B(F)(V - VGABAB) (3)
where F is the mean firing rate which can be obtained from the mean membrane potential using a sigmoid
function:

G
FV)=—"F___
) 1+ eyF(V*GF) (4)

where G, 6, and v, are the maximum firing rate, threshold and slope parameter, respectively. The nonlinear
activation function is also a sigmoidal function:
1

B(F) = ————
1+ esF=0) (5)

where 0 and vp are the activation threshold and slope parameter, respectively. In order to model the low thresh-
old spikes in thalamic populations, two new sigmoidal functions n;, (V) and m;,; (V) with their own thresholds
and slope parameters should be included. The pulse densities for burst firing Fy of the thalamic cells are:

E(V) = Gym, (V) f_ ;O h(t — T)n (V)dr

(6)
In this equation, Gg is the burst frequency of fast action potentials and h,(t) is the the delay function:
hn(t) — N[e—nlt _ e—nzt], n, > ny, N = nin,
n, —mn (7)

where n, and n, are decay and rise time, respectively. The model also includes the couplings constants ¢,-c;3
which are representative of the mean number of synaptic contacts between different populations and time delays
between the cortical and thalamic modules. It has three external inputs including sensory input to TC population,
cortical input from other parts of the brain to PY population and reticular input to RE population. The model
output, (V,), is the membrane potential corresponding to PY population. Figure 2 shows schematic of the model
and its connections.

Numerical simulation. Due to the strong nonlinearity and high order of the model, analytical study of the
model is very difficult if not impossible. So, in order to explore the model dynamics from input-output point of
view, we focused on the effects of the model inputs on its output. For each of both cortical and sensory inputs, a
biased sinusoidal waveform signal is considered instead of the biased white noise which was considered in the
original model®!. For RE input, however, a constant signal is used as in the original model. So, the model inputs in
the current study are completely deterministic and can be expressed by:

Usensory = Pbs + @us Sin(Zﬂ-f; t) (8)
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Figure 2. Schematic of the thalamocortical model. The figure shows couplings between the cortical and
thalamic modules. Inputs are shown by dashed lines; arrows indicate excitatory connections; circle ends show
inhibitory connections and dotted lines indicate slow inhibition.

Ucortical = Pbc + Pac Sin(Z’/Tf; t) (9)

URg = ¥RE (10)

where ¢, ¢, and f; are the bias, amplitude and frequency of the sensory input, and ¢y, ¢,. and f_ are the
bias, amplitude and frequency of the cortical input. Also, g is the constant reticular input. To investigate the
influence of these parameters on the model dynamics, bifurcation analysis is carried out by varying each param-
eter independently while the others are held constant. Results of the bifurcation analysis for the amplitude param-
eters, however, are not very informative because they are obtained at specific frequencies. Instead, the simulation
results for two different amplitudes in each applicable case are considered here. The final system states of the
previously iterated value of the bifurcation parameter are chosen as the initial conditions for the system integra-
tion in the next step with the new value of the parameter. The model equations are solved numerically by using
Runge-Kutta-Fehlberg method with a sufficiently small relative tolerance. Model parameters remain unchanged
with respect to the original model*..

Data availability. No datasets were generated or analyzed during the current study.

Results

It was shown that the thalamocortical model dynamics depend on the strength of cortical input. In the absence of
noise, as the bias value of cortical input changes, the network dynamics depicts a transition between a stable fixed
point and a limit cycle attractor®!. Systematic bifurcation analysis in a wider range of variables explores more
details and additional bifurcations not reported before. Scanning the parameters ¢, . and g, separately in
steps of 0.1pps, five main dynamic regimes can be identified for each parameter scan as shown in Fig. 3a and
Fig. 3c. Inregions I and V there is a stable fixed point and system stays in its equilibrium point. Regions I and IV
are bistable regions in which depending on the initial conditions, the system can either go to the equilibrium
point or to the high amplitude oscillatory state corresponding to the limit cycle attractor. In region III, oscillating
behavior of the membrane potential is the only possible option as a result of the fixed point being disappeared and
the limit cycle attractor being kept. As can be seen, some of the regions in Fig. 3a contain more detailed
sub-regions, a matter which is out of the scope of this study. Figure 3b reveals that the bias component of the
sensory input ( ;) does not affect the nature of the system dynamics, but may change the equilibrium.

Next, bifurcation analysis of the thalamocortical model is performed with a focus on the effects of the sensory
and cortical input frequencies. The obtained results are useful for finding the regions with different dynamic
activity types and getting more insight into the model behavior under periodic inputs. Figure 4 shows the results
of bifurcation analysis for four independent cases and with a step increment of 0.1 Hz in each case. Figure 4a
reveals the qualitative behavior of the model output versus the cortical input frequency. At low frequencies, a
single period is observed. A jump is observed near the frequency of f. ~ 9Hz which is the dominant frequency
during the seizure like activity in the original model®'. As the bifurcation parameter is increased further, the sys-
tem undergoes period doubling bifurcations and also chaotic behavior. The system then undergoes reverse bifur-
cations, followed by period doubling bifurcation at each branch and then returns to periodicity. To investigate the
effects of cortical input amplitude, the bifurcation analysis is repeated for the case ¢, = 2pps. As it is shown in
Fig. 4b an additional chaotic region appears in the bifurcation diagram which starts near the frequency of
f. ~ 5.5Hz and ends at frequency of f ~ 7.5Hz. Results of bifurcation analysis by varying the frequency of sen-
sory input are presented in Fig. 4c and Fig. 4d for two different amplitudes of stimulation. Chaotic region appears
and disappears suddenly for the case p,; = 1pps while for the case ¢,; = 2pps a period doubling bifurcation leads
to a chaotic behavior. In each diagram, the maximal Lyapunov exponents are also plotted to confirm the existence
of chaotic regimes.

The phase portraits with chaotic attractors corresponding to the main chaotic regions in Fig. 4 are separately
given in Fig. 5. The results show that different chaotic regions have completely different attractors which indicate
the key role of the input parameters. In addition, the bifurcation analysis illustrates that the change in stimulus
parameters especially the input frequency may lead to brain state transitions. Transitions between chaotic and
periodic regions and also transitions between low and high amplitude periodic regimes are of special interest,
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Figure 3. Maximum and minimum output values versus the bias components of the inputs in the absence of
sinusoidal components. (a) Extrema of output values as a function of the bias component of the cortical input.
(b) Output values versus the bias component of the sensory input. (c) Extrema of output values versus the
constant reticular input. Note that the directions of parameter changes are important in diagrams (a) and (c)
because the model output depends on the initial conditions in bistable regions. Simulations were performed in
the absence of sinusoidal components.
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Figure 4. Bifurcation diagrams (dark blue dots, left axis) and maximal Lyapunov exponent (solid green line,
right axis) are obtained by varying the frequency of each input while the other inputs are held constant and

Vpe = 13.5pps, ¢, = 11 ppsand @pp = 12 pps. According to Fig. 3a, the selected set of bias inputs indicates
a bistable region (region II). Note that, the maximal Lyapunov exponent (MLE) becomes positive in regions
within which chaotic behavior occurs.
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Figure 5. Phase portrait (solid blue) and the corresponding Poincare map (yellow dots) for four different cases.
Constant parameters are as in Fig. 4. The time derivative of the output is shown by a dot over the cortical output
symbol. Complicated shapes of the Poincare maps confirm the existence of strange attractors.
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Figure 6. State transitions by changing the cortical input frequency. Constant parameters are as in Fig. 4,
¢,s = 0and patterns of cortical input frequencies, f,, are presented on the right-hand side diagrams.

because these transitions can be useful in explaining the characteristic features of some neurological disorders
such as epilepsy. It can be seen in Fig. 6 that when the cortical input frequency is changed, state transition occurs.
By changing f, from 11 Hz to 9 Hz or from 6 Hz to 9 Hz, the chaotic behavior of cortical output is rapidly replaced
by periodic large amplitude oscillation and then the output returns to the chaotic states as f, comes back to its
initial value. Figure 6¢ reveals a transition from small amplitude oscillation to a large amplitude periodic output.
After the input frequency returns to the initial value, a transient chaotic response is observed before the system
returns to a small amplitude oscillation.

According to Fig. 3b in the absence of harmonic excitation, if p,. = 12pps and g = 12pps, then the sys-
tem remains in its equilibrium state. In order to investigate the response of the system to a periodic stimulus in
this condition, the frequency response of the thalamocortical model subjected to a sensory thalamic stimulation
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Figure 7. The frequency response of the thalamocortical model subjected to sensory input. Constant
parameters are: p,. = 12pps, Py = 11pps , prg = 12ppsand o, = 0 pps. Note that Af > 0 indicates
forward sweep frequency response while Af < 0 represents a backward sweep.

is presented in Fig. 7. For small amplitude stimulus, the model behaves like a linear resonator, while the large
stimulus amplitude leads to nonlinear behavior as revealed in the frequency response. For the latter case, subhar-
monic resonances, bending of frequency response curve, jump phenomena, multi-stability and hysteresis are all
observed in the frequency response.

Discussion

In this paper, we studied the dynamics of a thalamocortical model subjected to external inputs. Biased periodic
inputs were considered for cortical and sensory inputs and the effects of bias, frequency and amplitude of stimu-
lation on the behavior of the model are numerically investigated. Several important results were observed. First,
bifurcation results show that in the absence of time varying parts of the inputs bistability can occur in two distinct
ranges of values for both constant cortical input and constant reticular input. The DC component of sensory
input, however, does not cause a bistable regime. Second, stimulation parameters including frequency and ampli-
tude of the stimulus have significant effects on the dynamic behavior of the thalamocortical model output. As an
example, it was shown that a change in frequency of cortical input can lead to transitions between chaotic and
periodic behavior in the output. Third, even for a set of parameters that are far from the bistable regions for static
inputs, bistability can occur in the frequency response of the model. The intensity of stimulation has significant
effects on the frequency response of the thalamocortical model. In the following, the importance of these results
will be discussed from different viewpoints.

Complex dynamics of the brain.  While existence of chaos in the brain’s EEG is still a controversial topic,
chaotic type dynamics have been reported in many neural models such as the Hodgkin- Huxley®, the FitzHugh-
Nagumo®?, the Hindmarsh-Rose®, the Jansen-Rit™ and etc. The results of the present study confirm that the
thalamocortical system may have different dynamic regimes including chaos. Changes in the input parameters
are required for transition between various regimes which can be provided by a sensory input (e.g. auditory®® or
visual®’) or cortical stimulation®®.

The brain as aresonator. Frequency response of the thalamocortical model reveals that the brain response
to a repetitive stimulation is frequency dependent. This fact have been already reported in some experimen-
tal findings®. Evidences for resonance in the brain are provided by researchers using various brain stimulation
techniques including sensory stimulation®>*¢!, transcranial magnetic stimulation®” and transcranial alternating
current stimulation®. A recent study concludes that a thalamocortical resonant frequency of about 10 Hz can be
observed in both humans and animals®. This frequency is the peak frequency in alpha band frequency, which
is dominant during relaxation with closed eyes or in the dark. It is not, however, the only one that may reveal
resonance in the brain. For example, when the eyes are open, the alpha rhythm attenuates and higher frequencies
in the beta range appear. Oscillatory activity of resting human brain may show a peak frequency at about 17 Hz
in the beta frequency range*. Experimental results of photic stimulation also suggest a resonant frequency about
the beta peak frequency (~15Hz)%-% or around the alpha peak frequency (~10Hz)**%%-71. Such different reports
seem to be a consequence of different experimental conditions including eyes condition, stimulation intensity
and the ambient light’*”2, that may lead to the excitation of different dynamic modes in the brain. However, the
thalamocortical model used in this paper is based on many simplifications of real brain networks and does not
consider all rhythms of the brain. Results of this study indicated that for small amplitude stimulation, the brain
responds as a linear resonant system and the response would show a peak at a certain frequency. Moreover, the
amplitude of stimulation can change the natural frequency and cause a nonlinear resonance in the neural system
as it was reported by some other researchers*®. Subharmonic resonances also observed in Fig. 7, which is con-
sistent with obtained results in some experiments®®7%73, These results confirm the role of stimulation intensity
in the brain physiological responses during rhythmic excitation”"7%. So, the results of current study suggest that
the brain responds to a stimulus like a resonator. As the stimulus intensity increases, this resonator behaves more
nonlinearly. Bistability and hysteresis are expected to be found in the frequency response of the brain, which can
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Figure 8. Interpretation of nonlinear resonance as a dynamic mechanism of epileptic seizures. Based on this
model, transitions between ictal and interictal states occur because of jump phenomenon due to the brain
nonlinear resonance.

be observed experimentally by sweeping the stimulation frequency forward and backward. Stimulation could be
sensory or cortical, for which the intensity has to be chosen wisely to guarantee a safe and effective experiment.

Dynamic description of epileptic seizures. The bistability and jump phenomena in the frequency
response of the thalamocortical model can be a key in understanding the dynamic mechanism of epileptic sei-
zures. In this view, an epileptic brain responds to a periodic stimulus like a nonlinear resonator, e.g., a softening
type duffing oscillator. If the stimulation frequency tracks the resonance frequency’, at a certain frequency of
stimulus, brain response jumps and large amplitude oscillations occur. As the amplitude of oscillation increases,
the resonant frequency decreases up to a certain point in which the brain response returns to a small amplitude
oscillation regime. So, based on this model, in an epileptic brain, internal resonance tracking loop brings the
system to resonance, but nonlinearity leads to a hysteresis loop and so the brain dynamics jumps between small
amplitude oscillations in interictal state and large amplitude oscillations in ictal state. These transitions are illus-
trated schematically in Fig. 8.

The proposed dynamical scenario of state transitions has some interesting features that are in agreement with
EEG findings for common types of seizures such as tonic-clonic and absence seizures. Abrupt onset and abrupt
termination of the seizures, progressive increase in amplitude and decrease in frequency during ictal phase’®"
and sensitivity to rhythmic stimulations such as flashing or light flickering at certain frequencies can be explained
by this conceptual model. Epileptic seizure in photosensitive epilepsy patients is most frequently induced by
15 Hz flicker stimulus when the eyes are open®® and 10 Hz stimulus when the eyes are closed®!, which can con-
firm the resonance nature of epileptic seizures. Based on this hypothesis, one can also expect to induce seizure
in animal models more effectively by choosing the stimulation frequency close to the resonance frequency of
their brains®>%3. In addition, factors and conditions that change the brain state to a relatively lower frequency and
higher amplitude oscillations (e.g. depression or sleep) can increase the probability of the nonlinear resonance in
the brain. Such factors can be considered as epileptic seizures activators.

The main motivation of the present work was to take a step towards a dynamic description of epileptic sei-
zures. The deterministic mechanism of seizure generation proposed in this paper, paves the way for further stud-
ies on possible seizure prevention approaches.

References
1. Hodgkin, A. L. & Huxley, A. F. A quantitative description of membrane current and its application to conduction and excitation in
nerve. J. Physiol. 117, 500-44 (1952).
2. Wilson, H. R. & Cowan, J. D. Excitatory and inhibitory interactions in localized populations of model neurons. Biophys. J. 12, 1-24
(1972).
3. Wilson, H. R. & Cowan, J. D. A mathematical theory of the functional dynamics of cortical and thalamic nervous tissue. Kybernetik
13, 55-80 (1973).
4. Lopes da Silva, F. H., Hoeks, A., Smits, H. & Zetterberg, L. H. Model of brain rhythmic activity. Kybernetik 15, 27-37 (1974).
5. Zetterberg, L. H., Kristiansson, L. & Mossberg, K. Performance of a model for a local neuron population. Biol. Cybern. 31, 15-26
(1978).
6. Jansen, B. H. & Rit, V. G. Electroencephalogram and visual evoked potential generation in a mathematical model of coupled cortical
columns. Biol. Cybern. 73, 357-366 (1995).
7. Wendling, E, Bellanger, J. J., Bartolomei, F. & Chauvel, P. Relevance of nonlinear lumped-parameter models in the analysis of depth-
EEG epileptic signals. Biol. Cybern. 83, 367-378 (2000).
8. Amari, S. Dynamics of pattern formation in lateral-inhibition type neural fields. Biol. Cybern. 27, 77-87 (1977).
9. Gebber, G. L., Zhong, S., Lewis, C. & Barman, S. M. Human brain alpha rhythm: nonlinear oscillation or filtered noise? Brain Res.
818, 556-560 (1999).
10. Rapp, P. E., Zimmerman, I. D., Albano, A. M., Deguzman, G. C. & Greenbaun, N. N. Dynamics of spontaneous neural activity in the
simian motor cortex: The dimension of chaotic neurons. Phys. Lett. A 110, 335-338 (1985).
11. Babloyantz, A., Salazar, J. M. & Nicolis, C. Evidence of chaotic dynamics of brain activity during the sleep cycle. Phys. Lett. A 111,
152-156 (1985).
12. Canavier, C. C,, Clark, J. W. & Byrne, J. H. Routes to chaos in a model of a bursting neuron. Biophys. J. 57, 1245-1251 (1990).

SCIENTIFICREPORTS|7: 13615 | DOI:10.1038/s41598-017-13126-4 8



www.nature.com/scientificreports/

23.
24.
25.
26.
27.
28.
29.
30.
31
32.
33.
34,
35.
36.
37.
. Taylor, P. N. et al. A computational study of stimulus driven epileptic seizure abatement. PLoS One 9, 114316 (2014).
39.
40.
41.
42.
43.
44.

45.
. Veltz, R. & Sejnowski, T. J. Periodic forcing of inhibition-stabilized networks: nonlinear resonances and phase-amplitude coupling.

47.
48.
49.

50.
51.

52.
53.
54.
55.
56.

57.

. Gallez, D. & Babloyantz, A. Predictability of human EEG: a dynamical approach. Biol. Cybern. 64, 381-391 (1991).
. Iasemidis, L. D. & Sackellares, J. C. Chaos theory and epilepsy. Neurosci. 2, 118-126 (1996).
. Korn, H. & Faure, P. Is there chaos in the brain? II. Experimental evidence and related models. Comptes Rendus - Biol. 326, 787-840

(2003).

. Stam, C. J. Nonlinear dynamical analysis of EEG and MEG: Review of an emerging field. Clin. Neurophysiol. 116, 2266-2301 (2005).
. Xingyuan, W. & Chao, L. Researches on chaos phenomenon of EEG dynamics model. Appl. Math. Comput. 183, 30-41 (2006).
. van Veen, L. & Liley, D. T. J. Chaos via Shilnikov’s saddle-node bifurcation in a theory of the electroencephalogram. Phys. Rev. Lett.

97, 208101 (2006).

. Rodriguez-Bermudez, G. & Garcia-Laencina, P. J. Analysis of EEG signals using nonlinear dynamics and chaos: a review. Appl.

Math. Inf. Sci. 9, 2309-2321 (2015).

. Paul, K., Cauller, L. J. & Llano, D. A. Presence of a chaotic region at the sleep-wake transition in a simplified thalamocortical circuit

model. Front. Comput. Neurosci. 10, 1-16 (2016).

. Murphy, J. V. & Patil, A. Stimulation of the nervous system for the management of seizures. CNS Drugs 17, 101-115 (2003).
. Ker, M.-D., Chen, W.-L. & Lin, C.-Y. Adaptable stimulus driver for epileptic seizure suppression. in 2011 IEEE International

Conference on IC Design & Technology 1-4 doi:https://doi.org/10.1109/ICICDT.2011.5783233 (IEEE, 2011).

Berenyi, a, Belluscio, M., Mao, D. & Buzsaki, G. Closed-loop control of epilepsy by transcranial electrical stimulation. Science (80-.).
337,735-737 (2012).

Lin, C. Y, Chen, W. L. & Ker, M. D. Implantable stimulator for epileptic seizure suppression with loading impedance adaptability.
IEEE Trans. Biomed. Circuits Syst. 7,196-203 (2013).

Carron, R., Chaillet, A., Filipchuk, A., Pasillas-Lépine, W. & Hammond, C. Closing the loop of deep brain stimulation. Front. Syst.
Neurosci. 7,112 (2013).

Bergey, G. K. et al. Long-term treatment with responsive brain stimulation in adults with refractory partial seizures. Neurology 84,
810-817 (2015).

Salam, M. T, Perez Velazquez, J. L. & Genov, R. Seizure suppression efficacy of closed-loop versus open-loop deep brain stimulation
in a rodent model of epilepsy. IEEE Trans. Neural Syst. Rehabil. Eng. 24,710-719 (2016).

Wang, J., Niebur, E., Hu, J. & Li, X. Suppressing epileptic activity in a neural mass model using a closed-loop proportional-integral
controller. Sci. Rep. 6, 27344 (2016).

Lopes da Silva, E. H. et al. Dynamical diseases of brain systems: different routes to epileptic seizures. IEEE Trans. Biomed. Eng. 50,
540-548 (2003).

Lopes da Silva, E. H. et al. Epilepsies as dynamical diseases of brain systems: basic models of the transition between normal and
epileptic activity. Epilepsia 44(Suppl 1), 72-83 (2003).

Suffczynski, P, Kalitzin, S. & Lopes Da Silva, F. H. Dynamics of non-convulsive epileptic phenomena modeled by a bistable neuronal
network. Neuroscience 126, 467-484 (2004).

Breakspear, M. A unifying explanation of primary generalized seizures through nonlinear brain modeling and bifurcation analysis.
Cereb. Cortex 16, 1296-1313 (2005).

Wendling, E,, Hernandez, A., Bellanger, J., Chauvel, P. & Bartolomei, F. Interictal to ictal transition in human temporal lobe epilepsy:
insights from a computational model of intracerebral EEG. J. Clin. Neurophysiol. 22, 343-56 (2005).

Kim, J. W,, Roberts, J. A. & Robinson, P. A. Dynamics of epileptic seizures: Evolution, spreading, and suppression. J. Theor. Biol. 257,
527-532 (2009).

Marten, E, Rodrigues, S., Suffczynski, P, Richardson, M. P. & Terry, J. R. Derivation and analysis of an ordinary differential equation
mean-field model for studying clinically recorded epilepsy dynamics. Phys. Rev. E 79, 21911 (2009).

Goodfellow, M., Schindler, K. & Baier, G. Intermittent spike-wave dynamics in a heterogeneous, spatially extended neural mass
model. Neuroimage 55, 920-932 (2011).

Taylor, P. N. & Baier, G. A spatially extended model for macroscopic spike-wave discharges. J. Comput. Neurosci. 31, 679-684 (2011).

Jirsa, V. K., Stacey, W. C., Quilichini, P. P,, Ivanov, A. I. & Bernard, C. On the nature of seizure dynamics. Brain 137, 2210-2230
(2014).

Milanowski, P. & Suffczynski, P. Seizures start without common signatures of critical transition. Int. J. Neural Syst. 26, 1650053
(2016).

Fan, D,, Liu, S. & Wang, Q. Stimulus-induced epileptic spike-wave discharges in thalamocortical model with disinhibition. Sci. Rep.
6, 37703 (2016).

Baier, G., Goodfellow, M., Taylor, P. N., Wang, Y. & Garry, D. ]. The importance of modeling epileptic seizure dynamics as spatio-
temporal patterns. Front. Physiol. 3,281 (2012).

Sterman, M. B. Physiological origins and functional correlates of EEG rhythmic activities: Implications for self-regulation.
Biofeedback Self. Regul. 21, 3-33 (1996).

Groppe, D. M. et al. Dominant frequencies of resting human brain activity as measured by the electrocorticogram. Neuroimage 79,
223-233 (2013).

Roberts, J. A. & Robinson, P. A. Quantitative theory of driven nonlinear brain dynamics. Neuroimage 62, 1947-1955 (2012).

Neural Comput. 27,2477-2509 (2015).

Labecki, M. et al. Nonlinear origin of ssvep spectra—a combined experimental and modeling study. Front. Comput. Neurosci. 10,
129 (2016).

Herrmann, C. S., Murray, M. M, Ionta, S., Hutt, A. & Lefebvre, J. Shaping intrinsic neural oscillations with periodic stimulation. J.
Neurosci. 36, 5328-5337 (2016).

Alonso, L. M. Nonlinear resonances and multi-stability in simple neural circuits. Chaos An Interdiscip. J. Nonlinear Sci. 27, 13118
(2017).

Markram, H. et al. Interneurons of the neocortical inhibitory system. Nat. Rev. Neurosci. 5, 793-807 (2004).

Suffczynski, P., Lopes da Silva, F, Parra, J., Velis, D. & Kalitzin, S. Epileptic transitions: model predictions and experimental
validation. J Clin Neurophysiol 22, 288-299 (2005).

Che, Y., Wang, J., Si, W. & Fei, X. Phase-locking and chaos in a silent Hodgkin — Huxley neuron exposed to sinusoidal electric field.
Chaos, Solitons and Fractals 39, 454-462 (2009).

Jing, Z., Chang, Y. & Guo, B. Bifurcation and chaos in discrete FitzHugh-Nagumo system. Chaos, Solitons & Fractals 21, 701-720
(2004).

Barrio, R., Angeles Martinez, M., Serrano, S. & Shilnikov, A. Macro- and micro-chaotic structures in the Hindmarsh-Rose model of
bursting neurons. Chaos An Interdiscip. J. Nonlinear Sci. 24, 23128 (2014).

Spiegler, A., Knosche, T. R, Schwab, K., Haueisen, J. & Atay, F. M. Modeling brain resonance phenomena using a neural mass model.
PLoS Comput. Biol. 7, 1002298 (2011).

Schellenberger Costa, M. et al. A thalamocortical neural mass model of the eeg during nrem sleep and its response to auditory
stimulation. PLOS Comput. Biol. 12, 1005022 (2016).

Bhattacharya, B. S., Bond, T. P,, O'Hare, L., Turner, D. & Durrant, S. J. Causal role of thalamic interneurons in brain state transitions:
a study using a neural mass model implementing synaptic kinetics. Front. Comput. Neurosci. 10, 1-18 (2016).

SCIENTIFICREPORTS|7: 13615 | DOI:10.1038/s41598-017-13126-4 9


http://dx.doi.org/10.1109/ICICDT.2011.5783233

www.nature.com/scientificreports/

58. Muldoon, S. E et al. Stimulation-based control of dynamic brain networks. PLOS Comput. Biol. 12, €1005076 (2016).

59. Fellous, J. M. et al. Frequency dependence of spike timing reliability in cortical pyramidal cells and interneurons. J. Neurophysiol. 85,
17827 (2001).

60. Herrmann, C. S. Human EEG responses to 1-100 Hz flicker: resonance phenomena in visual cortex and their potential correlation
to cognitive phenomena. Exp. Brain Res. 137, 346-353 (2001).

61. Zaehle, T., Lenz, D., Ohl, £ W. & Herrmann, C. S. Resonance phenomena in the human auditory cortex: individual resonance
frequencies of the cerebral cortex determine electrophysiological responses. Exp. Brain Res. 203, 629-635 (2010).

62. Rosanova, M. et al. Natural frequencies of human corticothalamic circuits. J. Neurosci. 29, 7679-7685 (2009).

63. Helfrich, R. . et al. Entrainment of brain oscillations by transcranial alternating current stimulation. Curr. Biol. 24, 333-9 (2014).

64. Garcia-Rill, E. et al. The 10 hz frequency: a fulcrum for transitional brain states. Transl. brain Rhythm. 1,7-13 (2016).

65. Pastor, M. A., Artieda, J., Arbizu, J., Valencia, M. & Masdeu, J. C. Human cerebral activation during steady-state visual-evoked
responses. J. Neurosci. 23, 11621-7 (2003).

66. Wang, Y., Wang, R., Gao, X., Hong, B. & Gao, S. A practical VEP-based brain-computer interface. IEEE Trans. Neural Syst. Rehabil.
Eng. 14, 234-240 (2006).

67. Pastor, M. A, Valencia, M., Artieda, J., Alegre, M. & Masdeu, J. C. Topography of cortical activation differs for fundamental and
harmonic frequencies of the steady-state visual-evoked responses. An EEG and PET H2150 study. Cereb. Cortex 17, 1899-905
(2007).

68. Lazarev, V. V,, Simpson, D. M., Schubsky, B. M. & DeAzevedo, L. C. Photic driving in the electroencephalogram of children and
adolescents: harmonic structure and relation to the resting state. Brazilian J. Med. Biol. Res. 34, 1573-1584 (2001).

69. Keitel, C., Quigley, C. & Ruhnau, P. Stimulus-driven brain oscillations in the alpha range: entrainment of intrinsic rhythms or
frequency-following response? J. Neurosci. 34, 10137-10140 (2014).

70. Salchow, C. et al. Rod driven frequency entrainment and resonance phenomena. Front. Hum. Neurosci. 10, 1-12 (2016).

71. Notbohm, A., Kurths, J. & Herrmann, C. S. Modification of brain oscillations via rhythmic light stimulation provides evidence for
entrainment but not for superposition of event-related responses. Front. Hum. Neurosci. 10, 10 (2016).

72. Kanai, R., Chaieb, L., Antal, A., Walsh, V. & Paulus, W. Frequency-dependent electrical stimulation of the visual cortex. Curr. Biol.
18, 1839-1843 (2008).

73. Schwab, K. et al. Alpha entrainment in human electroencephalogram and magnetoencephalogram recordings. Neuroreport 17,
1829-33 (2006).

74. Brumberg, J. C. & Gutkin, B. S. Cortical pyramidal cells as non-linear oscillators: experiment and spike-generation theory. Brain Res.
1171, 122-137 (2007).

75. Sohanian-Haghighi, H. & Davaie-Markazi, A. Resonance tracking of nonlinear MEMS resonators. IEEE/ASME Trans. Mechatronics
17,617-621 (2012).

76. Franaszczuk, P. ], Bergey, G. K., Durka, P. J. & Eisenberg, H. M. Time-frequency analysis using the matching pursuit algorithm
applied to seizures originating from the mesial temporal lobe. Electroencephalogr. Clin. Neurophysiol. 106, 513-521 (1998).

77. White, A. M. et al. Efficient unsupervised algorithms for the detection of seizures in continuous EEG recordings from rats after brain
injury. J. Neurosci. Methods 152, 255-266 (2006).

78. Benjamin, O. et al. EEG frequency during spike-wave discharges may predict treatment outcome in patients with idiopathic
generalized epilepsies. Epilepsia 52, e45-e48 (2011).

79. Spinosa, M. J., Liberalesso, P. B., de, N., Mehl, L. & Léhr Junior, A. Ictal patterns in children: an illustrated review. J. Epilepsy Clin.
Neurophysiol. 17, 154-163 (2011).

80. Lopes da Silva, E. H. & Harding, G. E. A. Transition to seizure in photosensitive epilepsy. Epilepsy Res. 97, 278-282 (2011).

81. Nagarajan, L. et al. Photoparoxysmal responses in children: their characteristics and clinical correlates. Pediatr. Neurol. 29, 222-226
(2003).

82. Uhlrich, D. . Photic-Induced Sensitization: Acquisition of an Augmenting Spike-Wave Response in the Adult Rat Through Repeated
Strobe Exposure. J. Neurophysiol. 94, 3925-3937 (2005).

83. Wagner, F. B., Truccolo, W., Wang, J. & Nurmikko, A. V. Spatiotemporal dynamics of optogenetically induced and spontaneous
seizure transitions in primary generalized epilepsy. J. Neurophysiol. 113, 2321-2341 (2015).

Author Contributions

First author (H.S.H.): The first author contributed to defining the overall problem and proposed the main
scientific idea. He also provided all results and figures and wrote the entire draft version of the paper, and revised it
according to the co-author and reviewers comments. Second author (A.H.D.M.): The second author contributed
to defining the overall problem. He also carefully reviewed all the results, and proposed various refinements to the
draft version provided by the first author and checked the revised version.

Additional Information
Competing Interests: The authors declare that they have no competing interests.

Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

M ] icense, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2017

SCIENTIFICREPORTS|7: 13615 | DOI:10.1038/s41598-017-13126-4 10


http://creativecommons.org/licenses/by/4.0/

	A new description of epileptic seizures based on dynamic analysis of a thalamocortical model

	Materials and Methods

	Neurobiological background. 
	Thalamocortical model. 
	Synaptic transmission. 
	Numerical simulation. 
	Data availability. 

	Results

	Discussion

	Complex dynamics of the brain. 
	The brain as a resonator. 
	Dynamic description of epileptic seizures. 

	Figure 1 Schematic depiction of the thalamocortical interactions and physiological representation.
	Figure 2 Schematic of the thalamocortical model.
	Figure 3 Maximum and minimum output values versus the bias components of the inputs in the absence of sinusoidal components.
	Figure 4 Bifurcation diagrams (dark blue dots, left axis) and maximal Lyapunov exponent (solid green line, right axis) are obtained by varying the frequency of each input while the other inputs are held constant and and .
	Figure 5 Phase portrait (solid blue) and the corresponding Poincare map (yellow dots) for four different cases.
	Figure 6 State transitions by changing the cortical input frequency.
	Figure 7 The frequency response of the thalamocortical model subjected to sensory input.
	Figure 8 Interpretation of nonlinear resonance as a dynamic mechanism of epileptic seizures.




