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Abstract

Background. Electrical brain stimulation is recognized as a promising therapeutic
approach for treating brain disorders such as epilepsy. However, the use of this
technique is still largely empirical, since stimulation parameters and targets are chosen
using a trial-and-error approach. Therefore, there is a pressing need to design optimal,
rationale-based multi-site brain stimulation protocols to control epileptiform activity.
Approach. Here, we developed biologically-inspired models of brain activity receiving
stimulation at two levels of description (single- and multi-population epileptogenic
networks). First, we used bifurcation analysis to determine optimal parameters able to
abort epileptiform patterns. Second, we present a graph-theory based method to
classify network populations in an epileptogenic network based on their contribution to
seizure generation and propagation. Main results. The best therapeutic effects (i.e.,
reduction of epileptiform discharges duration and occurence rate) were obtained by
the specific targeting of populations with the highest eigenvector centrality values. The
timing of stimulation was also found to be critical in seizure abortion impact.
Significance. Overall, our results provide a proof-of-concept that using network
neuroscience combined with physiology-based computational models of brain activity
can provide an effective method for the rational design of brain stimulation protocols in
epilepsy.

Keywords: epilepsy, brain stimulation, computational modeling, dynamical systems,
neural mass model.

1 Introduction

Epilepsy is one of the most prevalent neurological disorders, affecting more than
seventy million people worldwide (approx. 1% of the world population) (Katchanov and
Birbeck, 2012; Ngugi et al., 2011). It is characterized by recurrent seizures (Kwan and
Brodie, 2000) that dramatically impair patients’ quality of life. Seizures are primarily



related to excessive and synchronized neural discharges in one or several brain
structures (Badawy et al., 2012). The most immediate therapy for treating and
controlling epilepsy is the use of drugs, or possibly a combination of drugs
(Sankaraneni and Lachhwani, 2015). However, one third of epileptic patients do not
respond to drug therapy (Kobau et al., 2008). Surgery can be an option for those
patients, however, a large fraction of patients (60-70%) is not eligible due to an
unfavorable benefit/risk ratio. Consequently, there is a pressing need for alternative
therapies that could significantly decrease seizure frequency. Among candidate
approaches, brain stimulation is receiving increasing attention by the research
community.

It has been indeed demonstrated decades ago (Upton and Cooper, 1976) that
electrical brain stimulation can alter epileptiform activity, motivating research efforts to
identify its mechanisms of action and optimize its therapeutic effects. Moreover,
several fMRI, MEG and EEG studies have revealed the existence of brain regions
having denser connections than others (Lee et al., 2018; Youssofzadeh et al., 2018)
eliciting and encouraging investigation of multisite stimulation. Accordingly,
experimental studies have recognized a link between an improvement in the
effectiveness of brain stimulation in terminating epileptic seizures and the choice of
stimulation populations where multi-site stimulation is applied (Sobayo and Mogul,
2016). However, the clinical use of brain stimulation in the context of epilepsy is still
limited and largely based on a trial-and-error approach (Hoang et al., 2017). Besides,
the studies focusing on parameters (intensity, frequency, waveform, ...) are still few,
mostly empirical and based on qualitative assessments. This problem is due to the fact
that the accurate characterization of the stimulation response at bedside cannot be
achieved, since this would require extensive sessions which are not compatible with
patients’ limited time and tolerance. An alternative approach is to perform animal in
vivo and in vitro experiments to identify the most effective parameters, which may not
be a practical approach since the entire stimulation parameter space is too large to be
practical to explore.

In this context, one possibility to identify optimal stimulation parameters, while
avoiding such unrealistic extended testing sessions of stimulation parameters, consists
in using neuro-inspired computational models. Over the past decades, such models
have been developed to simulate brain activity at different spatiotemporal scales.
Microscopic models (Hodgkin and Huxley, 1952) describe single neuron dynamics,
while mesoscopic models, such as neural mass models (NMMs) (Jansen and Rit,
1995; Wendling et al., 2002) or neural field models (Spiegler and Jirsa, 2013) describe
the average activity of neuronal assemblies. In the field of epilepsy, computational
models have gained acceptance and are now recognized as an efficient approach to
get insights into the pathophysiological mechanisms underlying epileptiform activity
(Wendling et al., 2016). Among these models, the choice of NMMs to model
epileptiform activity is motivated by their ease of use (small number of parameters as
compared to microscopic models), while retaining key neuroanatomical and
neurophysiological properties. Furthermore, NMMs enable simulating signals at the
same scale as electrophysiological signals typically recorded in clinics, from scalp



(EEG) or intracerebral (depth-EEG, SEEG, or ECoG) signals. One pioneering NMM
model is the Jansen and Rit model (Jansen and Rit, 1995), initially developed to study
visual evoked potentials, later adapted to generate epileptiform activities under
appropriate values of excitation- and inhibition-related parameters (Wendling et al.,
2000).

In this paper, we modeled functionally connected epileptogenic regions by
coupling modified Jansen and Rit NMMs, enabling the study of network effects in
response to stimulation-like perturbations. We used this approach to determine
relevant regions driving and controlling epileptiform activity. In addition, we compared
single-site with multi-site stimulation, and designed optimal strategies to restore
desynchronized neuronal activities and abort global epileptiform activity at the network
scale. The paper is organized as follows. Section 2 presents the modified Jansen and
Rit NMM, the constructed network and the index used to quantify stimulation efficiency.
Then, in Section 3 we analyze stimulation effects on a single region and determine
optimal stimulation parameters using a mathematical approach derived from control
theory and bifurcation analysis. We also investigate how subpopulations contribute to
seizure termination and the resonance phenomena. These results are then used as
the basis to study multi-site stimulation effects on a complete network involving seven
regions. We study the impact of the spatial distribution of a potentially effective
electrical stimulation on neuronal activity, and also show how stimulation targets could
be chosen from patient electrophysiological signals. Results reveal the superiority of
multi-site stimulation as compared to single-site stimulation, and indicate that
stimulating regions with the largest number of outgoing connections, as estimated
using a graph theory metric, is the most efficient. Finally, we examine the impact of the
stimulation timing and strategies (closed- vs open-loop) on epileptiform activity control
efficacy.

2 Materials and Methods

2.1 Modeling epileptogenic networks of coupled neuronal populations
accounting for stimulation

The Jansen and Rit model describes the activity of a neuronal population
composed of two subsets of neurons: excitatory glutamatergic cells (i.e. pyramidal
cells) and inhibitory GABAergic interneurons. Each subset is described by two
functions; the first one is the “pulse-to-wave” function, h,(t) or h;(t), converting the
density of presynaptic action potentials into an average excitatory (EPSP) or inhibitory
(IPSP) post synaptic potential. This function acts as a linear second-order low-pass
filter and includes physiological time constants. The second one is the “wave-to-pulse”
function, converting incoming post synaptic potentials into a population firing rate. This
static function was proposed by Freeman (Freeman, 1975):

. Vmax r Umax
Sig(v) = 3 (1 + tanh > (v —vyp) ) = 1% e @o» (1)



where v,,,, is the maximum firing rate, v, the value of the average membrane potential
acting as a firing threshold, and r the slope of the sigmoid at v,. In the model,
interactions between pyramidal cells and interneurons are represented by four
connectivity constants, C; to C, representing the average number of synaptic contacts.
The model is summarized below in Figure 1a) and 1b).

Here, we modified the original Jansen and Rit model by adding a stimulation term
denoted in the following by “Stim” as an additional input to sigmoid functions
(Suffczynski et al., 2008). Here, the assumption is that the electric field generated by
electrical stimulation has a direct de- or hyper-polarization linear effect onto the mean
membrane potential of neuron subsets (Radman et al., 2009). This model extension
leads to the following set of differential equations:

Yo(t) = y3(t)

y3(t) = AaSig (k. Stim(t) + y,(t) — y,(t)) — 2ay;(t) — a’y,(t)

Y1 () = ya(t)

y4(t) = Aa{p(t) + C;Sig(k Stim(t) + C1y(£))} — 2ay,(t) — a®y,(t)
y2(t) = ys5(¢)

y5(t) = BbC,Sig(k;Stim(t) + C3y,(t)) — 2bys(t) — b2y, (t)

(2)

where A and B denote the amplitude of average EPSPs and IPSPs, respectively;
where a and b (expressed in s™1) represent physiological time constants. The local
field potential (LFP) reflecting the population activity is expressed by the term y, (t) —
y,(t), representing the summation of excitatory postsynaptic excitatory and inhibitory
potentials onto pyramidal cells. In order to study the impact of selectively targeting
neuronal subpopulations, for example excitatory (e) pyramidal cells and inhibitory (i)
interneurons, the stimulation magnitude is multiplied by two coefficients k., and k;
respectively, chosen as follows: (k,, k;) € {(1,1),(1,0),(0,1)} (figure 1b). The values
and physiological meaning of model parameters are provided in Table 1.

Parameter Description Value
A B Averages of excitatory and inhibitory A =385mV
synaptic gains, respectively. B =15mV
a,b Average time constants of postsynaptic 1
otentials a=100s
P ' b=30s -1
C,,C,,C5,Cy Average number of synaptic contacts of c =]
excitatory and inhibitory connections. c ,=08x]
C ;=025x%]
C ,=025x%x]
where | = 135



Vo, Vmaxr T Threshold, maximum output, and slope of vy =6mlV
the sigmoid function Sig(v). Vmax =55 1
r=0.56mpy1

Table 1. Physiological meaning and values of the parameter values of a single Jansen
and Rit model.

Network architecture. As presented in Figure 1c, the network consisted in seven
populations denoted by NM,, i € {1, ...,7}. Each region was modelled using the modified
Jansen and Rit NMM presented below (Figure 1d). The parameter values were equal
to those in Table 1 except the inhibitory synaptic gain that was changed to 16.7 mV to
ensure and maintain the generation of interictal discharges. Interictal discharges are
recognized as biomarkers of epileptic seizures (Roehri et al., 2018). These interictal
oscillations mirror specific, dynamic changes in neuronal excitability causing
ictogenesis. Therefore, they play a precipitating role in seizure occurrence and are also
used to localize epilepsy focus (Lévesque et al., 2018). White Gaussian noise was
added to the firing rate of incoming excitatory input onto pyramidal cells in each NMM,
with a mean m and a standard deviation ¢ equal to 90 Hz and 1.2, respectively. We
used the Euler-Maruyama method to solve the set of equations (Maruyama, 1955).
The network was fully connected, in that each NMM received afferents from all other
NMMs; action potentials of pyramidal cells of all NM;,j € {1,...,7},j # i were added at
the level of pyramidal cells of NM; (Figure 1d). These afferents were modulated
through a NMM-dependent connectivity constants C; ,i,j € {1,..., 7}and a propagation
delay arbitrarily chosen as 30 ms. The connectivity matrix was a hollow matrix with
dimensionless components chosen uniformly within the interval [0, 1.7]. Those
randomly chosen values were kept fixed for all simulations.

Stimulation. Stimulation waveform is another key parameter in determining the impact
of neuromodulation on brain tissue. We used a square bi-phasic waveform to mimic
the charge-balanced biphasic pulse stimulation commonly used in practice (figure 1-
c). Compared to monophasic pulse stimulation or direct current stimulation, bi-phasic
stimulation limits irreversible damage caused by charge accumulation in the tissue.
The stimulation of network populations was altered via population-dependent coupling
coefficients k; € {0,1},V i € {1,...,7}, as presented in Figure 2c.
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Figure 1. a) Structure and b) Block diagram of the modified Jansen and Rit NMM
accounting for stimulation. c) Diagram of the complete network allowing for
single-site and multi-site stimulation, and d) block diagram of each node with its
input and output. a) Population of pyramidal cells (green triangle) interacts with an
inhibitory population of interneurons (orange rectangle). Solid-lines arrows represent
excitatory connections, while dashed-lines represent inhibitory ones. b) y; (t),i €
{0,1,2} correspond to the output of pyramidal cells, excitatory and inhibitory
interneurons, respectively. p(t) is a white Gaussian noise representing excitatory
inputs from neighboring areas. The “Stim” symbol represents a modification with
respect as compared to the original Jansen and Rit model, where electrical stimulation
is applied in the model depending on coefficients k.and k;. ¢ and d) The network is
composed of 7 fully connected NMMs. Each node receives stimulation (bi-phasic
waveform) with population-dependent coupling coefficients k;,i € {1,..., 7}, in addition
to afferents from other NMMs. The afferents received by a given NMM j from a given
NMM j with i € {1,...,7}and i # j are converted into a postsynaptic potential before
being added as an input to pyramidal cells. The C;;i,j € {1,...,7} coefficients
represent connectivity constants between network populations.

2.2 Quantification of stimulation efficiency

In order to quantify the efficiency of stimulation for suppressing epileptic
discharges, we devised a new index based on their occurrence. It is referred to as the
amount of epileptic discharges index (AEDI/) and defined as follows:



AEDI = Z N4 (3)

where N; represents the number of occurrences of an interval of a duration 4;during
which epileptic activity is observed. The duration exponent emphasizes the duration of
interictal discharges. This index quantifies the number and duration of time intervals
exhibiting epileptic discharges. Every stimulation protocol leading to the reduction of
AEDI versus the AEDI computed without stimulation (control condition) is considered
to have a therapeutic effect. The issue is to identify stimulation parameters (amplitude,
frequency, populations to stimulate) which maximize this reduction (i.e. minimize
AEDI). In practice, therapeutic effect is marked by an increase/decrease of short/long
4; on the histogram.

Thus, once a stimulation was delivered, we summend the absolute values of
the signals of all 7 populations composing the network. The obtained signal was then
processed to discriminate the intervals exhibiting epileptic activity from those with
background activity. For this purpose, we started by applying a linear filter twice, once
forward and once backwards, using the already implemented filtfilt function in Python’s
Scipy library. By using this filter, we limited fluctuations and obtained a smoother signal.
Then, we defined a signal amplitude-dependent threshold for differentiation. The
intervals exhibiting background activity were ignored, while others were quantified with
respect to their duration (example in Figure 3¢ and 3d). Histograms showing their
occurrence with respect to their duration were generated and AEDI values were
computed.

2.3 Optimal stimulation: how many populations and which ones?

We studied the efficiency of stimulation as a function of the number of
populations stimulated for 1000 neuronal networks, each composed of 7 fully
connected NMMs. These constructed networks had the same parameter values
(synaptic gains, time constants, synaptic contacts), and what differed between those
networks were the connectivity coefficients (k,, ,n € {1,...,7}) and the excitatory noise
entering each neuronal population which were randomly generated. The noise
describing the influence of neighboring NMMs was a white Gaussian noise of mean
and standard deviation equal to (90, 1.2), while the connectivity coefficients were
randomly chosen. For each network, we stimulated following all the possible
stimulation combinations of variables (kq,..., k). The stimulation could be applied
following 127 different ways. This number represents all the possible combinations that
could be obtained for the set {(k,,...,k;),Vk, € {0,1},n € {1,...,7}} minus the case
were all the coupling (k4,...,k;) = (0,...,0), where no stimulation is applied. A total of
127000 simulations were performed and the corresponding AEDI values were
computed.

To classify network populations according to their impact on the whole network
activity, we used a graph theory measure known as eigenvector centrality (EVC), which



was used to score the influence of each node. Computed on functional connectivity
matrices, a high EVC value means that a considered node is connected to have
preferential connections to other populations in the network and drives their activity. In
practice, we made use of LFPs. To determine connectivity matrices, we computed the
degree of coupling between network populations, while considering the directionality
of coupling. Connectivity matrices were computed from the nonlinear correlation
coefficient h? (Lopes da Silva et al., 1989; Pijn and Lopes da Silva, 1993) which is
given by:

o ()’i - X)Z - Z?’=1(3’i - f(xi))z
o (yi - X)Z

Where y;, x;, Vi € [1,N] represent samples of two LFP signals generated by two
populations x,y. f is a piecewise function passing from midpoints (x,y) after

presenting the amplitude signal y with respect to that of signal x and dividing the x-axis
into equal sized bins. These linear line segments form a linear approximation of the
nonlinear regression curve. The correlation value varies between 0 (no association
between signals) and 1 (one signal is fully predictable based on the other).

h2

(4)

Finally, results were compared to ground-truth connectivity matrices explicitly known
for each network model.

3 Results

3.1 Impact of stimulation parameters in a single NMM

We tuned the synaptic gains (Table 1) of the NMM to generate interictal
discharges, as shown in Figure 2a. We then evaluated the impact of sinusoidal
stimulation parameters (amplitude, frequency) on the neuronal population activity.
Results are summarized in the bifurcation diagram of Figure 2, which shows the
changes of dynamics under the stimulation perturbation.
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Figure 2. Analysis of effects of stimulation on a single NMM (single population).

a) Simulated interictal discharges under no stimulation condition. b) Sinusoidal
stimulation (amplitude 3 mV, frequency ranging from 0 to 150 Hz) applied to all
neuronal subpopulations. For the sake of readability, results are shown for stimulation
frequencies within the [0, 40] Hz range. c) Sinusoidal stimulation (amplitude 3 mV,
frequency ranging from 0 to 150 Hz) applied only to inhibitory interneurons. b,c) In both
cases system dynamics depend on stimulation parameters as depicted by LFP
amplitudes (blue and green curves) and frequencies (red curves). Stable and unstable
limit cycles are represented by solid green and dashed blue lines, while their
frequencies are represented by solid and dashed red lines, respectively. Abbreviations;
LP: fixed point, PD: period doubling, TR: Torus attractor. d) LFP signal observed for
optimal stimulation parameters (amplitude 3 mV, frequency 90 Hz). To generate
sporadic discharges, average excitatory (A) and inhibitory (B) synaptic gains were fixed
at 3.85 mV and 15 mV, respectively.

Figure 2-b,c illustrates all the dynamics that system (2) can generate while
varying the frequency of a sinusoidal stimulation applied either on all neuronal
subpopulations (Figure 2-b), or only to inhibitory interneurons (Figure 2-c). It is then
possible to distinguish between stimulation frequencies for which the system generates
high-amplitude oscillations, and those for which the system is attracted to a small,
stable limit cycle that can be considered as a stable limit point. In addition, it highlights
the sensitivity to neurostimulation parameters and reveals the effects of neuronal
selectivity.



The bifurcation diagram presented in Figure 2-b can be divided into three regions. In
the first region where freqq.;m € [0,5.18[, the system is attracted by stable limit cycles
and generates rhythmic activities of increasing frequencies and modulated amplitudes.
In the second region where freqs:i» € [5.18,10.83[Hz, the population activity is altered
and unsteady. We detect closed trajectories of limit cycles with different amplitude
ranges and numerous period doublings where oscillations of double the period of
original ones are induced. Throughout this interval, the LFP is of an oscillatory activity
involving a mix of frequencies and amplitudes. Third, for freqg;;,, € [10.83,150]Hz, we
detect a saddle-node bifurcation for periodic orbits coupled to a subcritical Neimark-
Sacker bifurcation for freqq.;m = 10.83 Hz. Beyond these bifurcation points, a pair of
limit cycles, stable and unstable (solid-green and dashed-blue lines), are created and
the system is attracted by stable limit cycles of decreasing amplitudes. Increasing
stimulation frequency (typically > 50 Hz) leads to periodic oscillations of frequency
identical to the stimulation frequency, and of amplitude close to zero.

The bifurcation diagram presented in Figure 2-c exhibits similar dynamics, since global
activity is still altered until reaching a separation stimulation frequency from which the
amplitude of the oscillating activity decreases. Interestingly, unstable cycles (dashed
blue lines) disappear while stimulating only inhibitory interneurons. This highlights the
differential effects of stimulation depending on specific neuronal subtypes that are
targeted and impacted. We observe that the stimulation frequency required to abort
epileptiform activity is lower when stimulating GABAergic interneurons when compared
to all subpopulations.

Those results provide a first indication of the potential parameters able to locally
abort epileptiform activity, and replace it by an electrophysiological pattern closer to
physiological activity (Figure 2d). In the next section, we take advantage of the
knowledge at the single population level to attempt controlling epileptic activity in
extended networks of neuronal populations.

3.2 Network model: single-site versus multi-site stimulation

From the single-site stimulation study, we retained the following stimulation
parameters for multi-site stimulation: amplitude equal to 3 mV and a frequency equal
to 90 Hz. In order to mimic stimulation protocols routinely performed in clinical
epileptology, biphasic pulse stimulation was preferred to sinusoidal stimulation. Pulse
stimulation (amp=3mV, freqs:»=90 Hz, pulse width=5 ms per phase) was delivered
on pyramidal cells and interneurons subpopulations as soon as epileptic spiking
activity was detected in one node of the network. Stimulation duration was set to 1s,
and was delivered only during time intervals showing epileptic activity for more than
1s. Spiking periods of shorter durations were not considered (no stimulation delivered).

In simulated networks, populations were represented by NMMs in which parameters
were set to generate interictal spikes. In the presence of connections, these epileptic
spikes showed higher degree of synchronization as depicted in the example of Figure
3a for a network of 7 populations.

Epochs of epileptic activity and background activity are reflected in Figure 3b as
summation X of individual LFPs generated at each node and shown in Figure 3a.
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Therefore, ¥ was used to determine multi-site stimulation onset times. As depicted in
Figure 3b, stimulation times (red dots) could be correctly determined, i.e. as soon as
at least one node of the network generated epileptiform activity.

Figure 3c presents the impact of stimulation delivered at these stimulation times when
one node was stimulated, while Figure 3d shows this impact when stimulation was
applied simultaneously on all populations at the exact same times. Interestingly, multi-
site stimulation leads to shorter epochs of epileptic activity and longer epochs of
background activity.
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Figure 3. a) Individual LFPs of each NMM belonging to the network in the

absence of electrical stimulation, and b) their summation. ¢, d) LFP summation

after applying a charge-balanced (biphasic) stimulation of amplitude, frequency

and pulse width of 3 mV, 90 Hz and 5 ms, on NMM 1 in (c) and all NMMs in (d);

respectively. The duration of the stimulus was set to 1s. Red circles indicate stimulus
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onsets, while blue and green markers indicate respectively the beginning and end of
epileptic activity.

Using X, we first determined the number of populations to stimulate to obtain the
highest therapeutic effect as denoted by minimal AEDI values. To proceed, we first
evaluated the stimulation impact on the network using 2 as a function of the number of
NMMs stimulated. For this purpose, we simulated LFPs while applying all the 127
possible combinations for the stimulation and compared AEDIs (number and choice of
populations to stimulate). Then, we focused on how to identify the optimal NMM to be
stimulated from LFP signals. In our investigation, we used the nonlinear correlation
coefficient h?, presented in the Methods section, to estimate connectivity links between
network NMMs, and computed EVC values to determine the stimulation targets.
Ground truth connectivity matrices were used to validate model-based predictions.
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Figure 4. a) Normalized AEDI as a function of the number of stimulated NMMs in
the network. b) Histograms of epileptic discharges occurrence with respect to
their duration. The same charge-balanced biphasic stimulation (amplitude 3 mV,
frequency 90 Hz, pulse width § ms) was used for all simulations.

Figure 4 confirms the effectiveness of multi-site stimulation as compared to single-site
stimulation. Furthermore, it shows that stimulating a network subset is sufficient and
efficient, in terms of AEDI, than stimulating the whole network (optimal situation -

12



minimal normalized AEDI when we stimulate four NMMs - see Figure 4a). For each
network simulation, 127 stimulation possibilities were tested, and the minimal AEDI
obtained while stimulating the same number of NMMs was retained, and an average
value over all simulations was plotted. We identified the optimal number of NMMs to
stimulate as equal to four. However, starting from 3 and up to 6 NMMs, the difference
in AEDIs was minimal.

Targeted network populations. For each simulation of the 1000 simulations performed
to study the efficiency of stimulation with respect to the number of stimulated
populations, we computed the nonlinear correlation between LFPs of the network.
Then, EVC was used to score the influence of population on others. Higher scores
point out populations possessing a higher number of outgoing connections. Results
were compared to ground-truth connectivity matrices used to construct the networks.
Interestingly, EVC values predicted correctly 2 out of 3 optimal stimulation targets 862
times (89.2% of simulations), the exact same three NMMs 375 times (38.8%), and at
least two NMMs 487 times (50.4%).

Regarding the simulation presented in Figure 3a, the reconstructed connectivity matrix
identified NMMs 1, 2 and 5 as those most involved in epileptiform activity propagation.
Interestingly, the same NMMs were detected by the calculation of the eigenvector
centrality suggesting that the level of induced network synchrony was a key factor in
stimulation efficacy (Good et al., 2009). While testing all 35 (=7! / (3!x4!)) possible
combinations for targeting 3 NMMs out of 7 NMMs, the minimal normalized AEDI was
equal to 0.15. This AEDI value was lower than the one when all 7 NMMs were
stimulated. Figure 4b presents the resulting histograms in the absence of stimulation
and while stimulating NMM 1, the whole network, and the set {NMM1, NMM2, NMM5},
respectively.

3.3 Stimulation strategy: open- versus closed-loop and impact of
stimulation timing with respect to epileptic discharge onset

13
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Figure 5. a,b) Boxes showing normalized AEDI values (proportion of epileptic
activity) while stimulating randomly (OL) or at epileptic spike onsets (CL,), or
0.25 s before their onset (CL,). c,d) the projection y;-nulicline and trajectories of
the Jansen-Rit NMM (eq.1) in the plane (y,,y,), while synaptic gains were fixed
to generate spiking activity, in the absence and presence of a charge-balanced
biphasic pulse stimulation (amp=3 mV, freq=90 Hz) applied one second before
spiking onset, respectively. In (b) both connectivity coefficients and noise are
modified (Group of networks), unlike (a) where only the noise is modified (Single
network). The boxes mean values from left to right are [(a: {0.92, 0.61, 0.63, 0.60}), (b:
{0.94, 0.63, 0.66, 0.60})]. Continuous and dashed parts of the red curve represent
stable and unstable branches of the y;-nulicline, respectively, where the blue points
represent the folds of the curve. The green arrows represent the flow direction.

In addition to emphasizing the effectiveness of multi-site stimulation, Figure 5
enables the comparison between closed- and open-loop stimulation protocols, and
illustrates the impact of stimulation timing. Figures 5a) and 5b) present the proportion
of epileptic activity in the absence of stimulation (NoStim), after applying a stimulation
regardless of oscillation onset (OL), at oscillation onset (CL;), and onset (CL,). This
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proportion is defined as the ratio of the product of the number of interictal discharges
and their duration divided by the signal’s duration.

Using a charge-balanced biphasic stimulation of amplitude 3 mV and a
frequency of 90 Hz upon all network NMMs, and for a total of 500 simulations in the
case of one or group of networks (single or different individuals) (as the connectivity
coefficients are fixed or not), we found that OL stimulation reduced the proportion of
epileptic activity by 30 % and provided similar results as compared to (CL,)
stimulation. However, (CL,)was more efficient than the other two forms of
neuromodulation with this difference being due to the timing of the stimulation with
respect to the onset of epileptiform activity. In order to illustrate this difference, we
projected the y;-nulicline and the system response to stimulation (black curves) on the
(v2,¥o)-plane in panels c and d of Figure 5. The green arrows in panel 5¢ show the
flow direction. By taking the right hand side of the Jansen and Rit NMM to 0, we obtain:

Y3=Ya=Ys =0

Yo = (A/a) X Sig(y1 — ¥2)

v = (A/a) X {p + (;Sig(C1yo)}
Y2 = (B/b) X C4Sig(C3y,)

The y;-nullicline is given by the following function depending on y, and driven from the
system above,

Y2 = func(yo) = (A/a) X {p + C;Sig(C, o)} — Sig~'((a/A)¥o), Yo (3)
€]0,Aey/al

Notice that the function (3) yields a hysteresis curve, along which the large amplitude
oscillations take place by jumping between the upper and lower branches and passing
close to the fold points (lasemidis et al., 2003; Prasad et al., 2005; Sackellares et al.,
2000). A closed-loop stimulation algorithm based on oscillations detection would be
inefficient to prevent the system from oscillating, since such stimulation would be
applied when the flow takes off after passing close to the left hand side fold point. In
order to prevent large amplitude oscillations and maintain background activity, the
stimulation should be applied before the system reaches the left hand side fold point
(Figure 5d). Otherwise, once a spike was triggered, it was not possible to stop it until
it approaches this point.

3.4 Resonance phenomena
We studied the effects of stimulation frequency while a single unconnected
NMM was generating background activity. The average excitatory and inhibitory

synaptic gains were fixed to 6 and 7 mV, respectively. All other model parameters were
equal to the values presented in Table 1.
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Figure 6. (Left panels) LFP amplitude and frequency as a function of stimulation
frequency. (Right panels) Corresponding resonant and nonresonant time series.
The same sinusoidal stimulation was added to the postsynaptic potential entering all
model subpopulations, (k. k;) = (1,1). Stable and unstable limit cycles are
represented by solid green and dashed blue lines, while their frequencies are
represented by solid and dashed red lines, respectively. The stars and circles denote
period-doublings (PD) and limit points (LP), respectively.

Figure 6 shows LFP amplitude as a function of the stimulation frequency per
stimulation amplitude. Depending on the stimulation amplitude, the system had a
different resonance frequency for which high-amplitude oscillations appear. By
increasing the stimulation amplitude, the model had a smaller resonance frequency
where it generated oscillations of large amplitude. For a stimulation amplitude equal to
0.5 mV (upper panel), the resonance frequency was 7 Hz. However, by increasing the
stimulation amplitude to 5 mV (lower panel), the resonance frequency decreased to
3.5 Hz and bifurcation points started to appear unlike upper and middle panels.

For f = 6.9 Hz, a period doubling bifurcation was detected, and the respective limit
cycle lost stability with half the frequency of the stable cycle. Then, another period
doubling bifurcation point was detected for f = 3.58 Hz previoused by a limit point for f
= 3.35 Hz. This PD point led to another change in stability and a doubling of the
frequency of limit cycles. For fe]3.35,8.3[ Hz, the system was attracted by stable and
unstable attractors and the LFP frequency domain included other frequencies in
addition to the stimulation frequency.
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4 Discussion and concluding remarks

Several computational, experimental and clinicals studies have been conducted
to investigate neuromodulation effects and parameters to control epileptiform activity
in epileptogenic networks. The prospective of multi-site stimulation in epilepsy is in part
motivated by reported effects of multi-site stimulation in humans, for example in
working memory enhancement (Alagapan et al., 2019). In this study, we developed a
computational model of an epileptogenic neuronal network and studied the impact of
multi-site stimulation on connected neuronal populations generating interictal
discharges; an activity recognized as an electrophysiological marker of epileptogenic
neuronal systems (Wendling et al., 2012). Let us mention that, in our model, no
mechanism was included to account for the potential lasting effects of the stimulation.
Therefore, the effects quantified and presented in this study account for when the
stimulation is applied, but no lasting effects are presented from the nature of the
developed model that only describes acute effects of the stimulation. Our results
confirmed the effectiveness of multi-site stimulation in reducing the frequency of
epileptic discharges, and have shown that it is possible to guide the choice of
stimulation targets based on a graph theory metric. The efficiency of multi-site
stimulation is related to the circuit structure and connectivity: the afferents received by
a neuronal region belonging to a network can indeed lead to the excitation of a
neuronal subpopulation responsible for generating seizures (Burns et al., 2014;
Martinet et al., 2017). We also presented a method for selecting and limiting the
number of target populations. These chosen connectivity hubs are characterized by a
high output functional connectivity, and stimulating those populations strongly impacts
network dynamics, as opposed to other locations. This result is related to the studied
neuronal network and may not always be the case when studying a different one. Past
and most recent studies show that the epileptogenic focus was associated with a
population with the maximum information inflow interictally, possibly to keep the focus
under control (Krishnan et al., 2015; Narasimhan et al., 2020; Vlachos et al., 2017).
Moreover, it is worth mentioning that multi-site stimulation of a few populations was
identified as optimal, and outperformed stimulation of the entire network or of a single
region.

We have shown that closed-loop stimulation based on the detection of low-
frequency epileptiform activity is able to suppress interictal discharges. However, the
difference as compared to open-loop stimulation while the system is in an
epileptogenic state was minimal. Despite this similar performance, a closed-loop
paradigm should be preferred since stimulation is only delivered if and when needed,
minimizing interaction with brain tissue. Noteworthy, both open-loop and closed-loop
approaches have been shown to effectively reduce seizure frequency. Several studies
emphasize the effectiveness of closed loop stimulation compared to open loop
stimulation in aborting seizures (Salam et al., 2016; Skarpaas et al., 2019). However,
there exist other studies claiming the opposite (Vassileva et al., 2018). Therefore, there
is still no consensus on this question and further investigations are still needed to
determine which approach is the best, or if a combination of both should be considered
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depending on the objective. In this study, in addition to the frequent presence of
epileptic activities in the generated signals, stimulation using an open-loop approach
was delivered the same number of times as for closed loop stimulation and for a fixed
duration. In clinical cases, open- and closed-loop stimulation are applied differently
(Bigelow and Kouzani, 2019): open-loop stimulations deliver stimulations repetitively
for a pre-set duration and may not necessarily be applied during an ictal period, while
closed-loop stimulations are applied once seizure onset is detected. Therefore, in our
specific case, the results from the “closed-loop” scheme of abatement of epileptic
spikes we applied showed only a marginal advantage over the “open-loop” scheme we
employed.

Furthermore, our study provides new insights on the role that GABAergic
inhibitory neurons play in the activity regulation of excitatory neurons (Ingram et al.,
2019; Komarov et al., 2019). We assume that the capability to selectively activate
specific neuronal types will greatly enhance the efficiency of brain stimulation by
reducing termination time and minimizing seizure spread. We propose that this
prediction of the model could be tested experimentally using optogenetics, which
enables the selective activation of specific neuronal populations. In addition, we
identified a resonant frequency to avoid in brain stimulation protocols for epilepsy,
since stimulation delivered at this frequency can enhance the generation of
epileptiform patterns and favor the generation of high-amplitude oscillations, which is
amplified by network effects. Therefore, in order to replace epileptiform activity by a
more “physiological” activity, it would be appropriate to avoid using such resonant
frequencies as stimulation frequencies.

In terms of limitations, avenues for improvement would constitute adoption of
more realistic models, such as the Wendling neural mass model (Wendling et al., 2002)
comprising somatic-projecting interneurons of faster synaptic kinetics, and having the
ability to generate more diverse activities (e.g., fast onset activity) and then taking into
account additional outputs resulting from neuronal interactions. In the presence of
these fast components, the circuit structure could be reconsidered by including
feedforward inhibition to the feedforward excitation adopted here (Chen et al., 2017;
Womelsdorf et al., 2014). Moreover, the impact of stimulation on an ongoing seizure
instead of interictal spikes presented in this study could be investigated. Noteworthy,
previous in-silico seizure-control investigations, assuming that the pathological
feedback in brain circuitry is responsible for seizure generation, have been conducted
and continuous closed-loop stimulation based on internal feedback were designed to
desynchronize the epileptic activity (Chakravarthy et al., 2009b, 2009a, 2007; Tsakalis
et al., 2006; Tsakalis and lasemidis, 2006). Finally, the biophysics layer of the model
describing the impact of the electrical stimulation onto neuronal types could be
improved by using experimental data linking the amplitude of in situ electric fields with
the corresponding depolarization at the level of neuron membranes (Bikson et al.,
2004).
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