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Abstract

Focal epileptic seizures can remain localized or, alternatively, spread across brain areas,
often resulting in impairment of cognitive function and loss of consciousness. Understanding
the factors that promote spread is important for developing better therapeutic approaches.
Here, we show that: (1) seizure spread undergoes “critical” phase transitions in models (epi-
leptor-networks) that capture the neural dynamics of spontaneous seizures while incorporat-
ing patient-specific brain network connectivity, axonal delays and identified epileptogenic
zones (EZs). We define a collective variable for the spreading dynamics as the spread size,
i.e. the number of areas or nodes in the network to which a seizure has spread. Global con-
nectivity strength and excitability in the surrounding non-epileptic areas work as phase-tran-
sition control parameters for this collective variable. (2) Phase diagrams are predicted by
stability analysis of the network dynamics. (3) In addition, the components of the Jacobian’s
leading eigenvector, which tend to reflect the connectivity strength and path lengths from
the EZ to surrounding areas, predict the temporal order of network-node recruitment into
seizure. (4) However, stochastic fluctuations in spread size in a near-criticality region make
predictability more challenging. Overall, our findings support the view that within-patient sei-
zure-spread variability can be characterized by phase-transition dynamics under transient
variations in network connectivity strength and excitability across brain areas. Furthermore,
they point to the potential use and limitations of model-based prediction of seizure spread in
closed-loop interventions for seizure control.

Introduction

The nature and the size of seizure spread in a patient with focal epilepsy can vary substantially
across different seizures. In many cases, a focal seizure may start and remain localized until its
termination. These cases often lead to subclinical seizures, i.e. seizures that because of scant
spread, do not generate observable clinical symptoms. Other seizures may spread to different
extents. Seizure spread dynamics thus tend to cause functional impairments (e.g. loss of con-
sciousness, susceptibility to sudden death, etc) across different seizures.
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These variations in spread dynamics and its extent remain poorly understood. The problem
is particularly relevant in the case of pharmacologically resistant focal seizures, where the two
main therapeutic alternatives are neurosurgical resection of epileptogenic areas and open- or
closed-loop seizure control. In the former, properties of seizure spread may guide the decision
process for resective neurosurgery [1]. In the latter, a closed-loop approach (e.g. RNS System,
NeuroPace) consists of detecting a focal seizure as early as possible and triggering electrical
stimulation to prevent spread [2-4].

In this study, we focus on the phenomenological level rather than specific biophysical
mechanisms. We examine seizure spread in the context of a recently proposed mathematical
model of focal seizure dynamics [5-8]. The epileptor network model is typically formulated as
a neural mass network model, where each network node representing a particular brain area
is modeled by a system of ordinary differential equations. The model captures the spontaneous
transition dynamics of going in and out of seizures. Transitions are controlled by a slow vari-
able reflecting dynamics in ionic concentrations, metabolic factors, etc, which are slower
than the neural dynamics of the seizure itself. Importantly, network connectivity is based on
patient-specific connectivity among brain areas. This connectivity is derived from white-mat-
ter tractography imaging usually estimated via diffusion tensor MRI. In addition, for each
patient, identified seizure onset areas or epileptogenic zones (EZs) are implemented in the net-
work model as nodes with pathologically high excitability levels. Variations of the epileptor
network model have been successfully applied to various problems such as the determination
of target areas for neurosurgical resection to prevent seizures or control their propagation [9,
10], and to explain various properties of the neural dynamics in focal seizures [5, 6, 11, 12],
including a taxonomy of focal seizure onset types [8]. Especially relevant to this study, initial
applications of epileptor-networks, estimated from patient-specific structural connectivity and
electrophysiological data, can predict the main qualitative features (e.g. recruited areas and the
temporal ordering) of the actual seizure spread observed in those patients [13, 14].

Specifically, we work with the hypothesis that variations in seizure spread across different
seizures in the same patient result in large part from transient fluctuations in dynamic neural
excitability and global functional connectivity strength. These transient fluctuations can reflect
different behavioral or physiological states (e.g. [15, 16]) and show many time scales ranging
from minutes to hours and days (e.g. [17, 18]). We examine this hypothesis by performing
simulations of patient-specific epileptor network models under different levels of global con-
nectivity strength, excitability of non-EZ nodes (surrounding areas to seizure onset areas to
where seizure might spread) and input noise variance.

Excitability levels for the surrounding nodes are always kept at a non-epileptic levels. In other
words, the dynamical system consisting of only the surrounding nodes (without an active EZ) is
always stable and non-epileptic. Furthermore, we focus on the scenario where the EZ nodes are
known, and ask whether a seizure will spread given that it has just started in a particular EZ
node. Among all the identified EZ nodes in a given patient, we assume that only one is the site
of seizure onset at a particular time. The remaining identified EZ nodes remain at non-epileptic
excitability levels. As indicated above, the potential target application would be a closed-loop
system (e.g. RNS System, NeuroPace) where a focal seizure has been detected in its very begin-
ning and the question is to determine if and how the seizure will spread in order to better guide
spatio-temporal stimulation. We also consider the scenario where an EZ node undergoes a sei-
zure when isolated from the network, and ask whether that will also hold in the case of this EZ
node being connected to network. In this way, we address inhibitory and restraining effects of
the surrounding not only on seizure spread itself, but also on seizure initiation.

In order to define seizure spread as a simple collective state of the epileptor networks, we
ignore the details of the simulated temporal dynamics in each network node and thus work
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with a highly coarse-grained version of the dynamics. Specifically, after each simulation we
assign to each node binary states: 1 if the node was recruited into a seizure and 0 otherwise.
Seizure spread is then quantified simply as the spread size (number of nodes that have been
recruited into the seizure, including the active EZ node) or the corresponding spread fraction.
We also preserve information about onset and offset seizure activity in each node for later
assessment of predictability of the temporal ordering of surrounding nodes recruitment into a
seizure. We examined the phase diagrams of this collective variable as a function of excitability
and global connectivity strength. We show that seizure spread dynamics behaves akin to criti-
cal phase transitions. In this study, we use the terms critical and criticality in a broader sense
than in their corresponding use in statistical mechanics as specific to second-order phase tran-
sitions. Here, criticality relates primarily to loss of stability and bifurcations when examining
qualitative transitions in the dynamics of stochastic neural networks [19, 20].

Materials and methods
Epileptor network model

The epileptor network model has been described in several previous studies (e.g. [6, 11]). For
completeness we include here the equations following closely the notation in [10]. For an N-
node patient-specific epileptor network model, the dynamics are given by

X1 = Y _fl(xmxz,i) —z;,+1 (1)
o1 ,
Jii = T_{l - 5x1,i _}’1.1‘} (2)
1
1 N
éi = ; {4(x1,i - x()‘i) —Z = szzj[xl,j(t - Tij) - xl,i(t)]} (3)
0 j=1
5C2,i = Yo T Xy — ‘x;,i +I,+ 0'002g(‘x1‘i) —0.3(z, — 3.5) + &,(¢) (4)
. 1
Yoi = T_{f}’z,i Jrfz(xz.i)} + ”i(t) (5)
2
where
t
) = [ €70, (9)ds, ©)
ty
and
x5, —3x7, if x,;, <0
X X1y Z) =
Ko %0 2) (x,; — 0.6(z, — 4)2) x,; ifx;>0
0 if x,, < —0.25
fQ(xZ,i) = {
6(x2.i +0.25) if x,; 2 —0.25,

fori=1,2,..., N. The terms &(t) and n;(t) correspond to stochastic inputs. (We effectively
interpret the above as stochastic differential equations in the Ito calculus sense; see Model sim-
ulations). We set the parameters I; = 3.1, I, = 0.45, y = 0.01, 79 = 6667, 7, = 1, 7, = 10.
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The coupling weights W; are obtained from patient-specific connectivity matrices derived
from white-matter tractography with corresponding axonal transmission delays 7;; (see Struc-
tural network connectivity).

The parameter x,; denotes the neural excitability in the i™-node. An epileptogenic zone
(EZ) can be instantiated by setting x, ; = —1.6 in the corresponding node. This excitability level
ensures that an isolated EZ node undergoes a seizure. We set x,; to non-epileptic values in the
non-EZ nodes, specifically x, € [-2.3, —2.09] as the critical excitability for an isolated node is
x; =~ —2.061, i.e. a node i is considered epileptogenic (an EZ node) if x;; > x;. The parameter
w corresponds to the global connectivity strength.

Briefly, given the time scale separation 7, >> 7, > 13, slow and fast oscillations in typical
epileptic focal seizures are captured by the systems (x; ;, 1 ;) and (x;, ¥2,), respectively, while
the slower time-scale permittivity variable z; might reflect the generic dynamics of changes in
extracellular ionic concentrations (e.g. potassium), metabolic factors, etc. The diftusive cou-
pling [x; j(t — 7;;) — x;,;] incorporates the hypothesis that a seizure spreads by epileptic activity
in an EZ, perturbing the ionic/metabolic homeostasis in a distal area. This perturbation then
results in distal areas also going into seizure. For a detailed analysis of the epileptor dynamics
see [7, 8, 21].

Structural network connectivity, time delays and epileptogenic areas

Patient-specific connectivity networks were inferred from white-matter tractography obtained
via diffusion MRI [6, 22]. In patient-specific networks P1—P2, a 84-area (Desikan-Killiany)
parcellation of brain areas was used, while for P3-P5 a finer 162-area parcellation was
employed.

The inferred patient-specific connectivity matrices W were further truncated and normal-
ized. To attenuate potentially large artifacts in the estimation of white-matter connectivity,
entries larger than the 95% percentile (across all entries) were set to this threshold value. After
that, all entries were normalized by this threshold such that 0 < W;; < 1. Connectivity matrices
for patients P1—P5 are shown in S1 Fig in S1 File.

Time delays 7;; in the model were computed from the length of the estimated white-matter
fiber tracts connecting brain areas related to nodes i and j [22]. The maximum length in the 5
different patient-specific connectivity data corresponded to 200 mm. We set the speed to 60
mm per time unit in the model. Given our choice of setting the time unit in the model to 0.02 s
(see Model simulations), a speed of 3000 mm / s (i.e. 60 mm x 1/0.02s) was obtained, with a
maximum time delay of 0.067 s for the largest fiber length of 200 mm. This is slower than
expected when compared to only axonal transmission delays, and it should be understood
here as including also delays in synaptic activity and rising times in neuronal population
responses, for example. The time delays for each patient-specific network are shown in S1 Fig
in S1 File. We also explored a range of much slower delays, but found no qualitative differences
in the spreading dynamics in these epileptor network models. We elaborate on related issues
in the Discussion section.

The following nodes and brain areas were identified as the epileptogenic zones (EZs)

P1: {61, 64} for ctx-rh-lingual and ctx-rh-parahippocampal, respectively;

P2: {48, 60, 81} for right-amygdala, ctx-rh-lateral orbito frontal and ctx-rh-temporal pole,
respectively;

P3: {135, 154, 156} for right-rhinal-cortex, right-hippocampus-anterior and right-amygdala,
respectively;
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P4: {35, 51, 53, 54, 73, 74, 75} for left-temporal-pole, left-collateral-sulcus, left-parahippocam-
pal-cortex, left-rhinal-cortex, left-hippocampus-anterior, left-hippocampus-posterior, left-
amygdala, respectively;

P5: {83, 87, 116, 126, 135, 154, 156} for right-orbito-frontal-cortex, right-F3-pars-opercularis,
right-temporal-pole, right-T2-anterior, right-rhinal-cortex, right-hippocampus-anterior,
right-amygdala, respectively.

Model simulations

The epileptor network model (Egs 1-5) were implemented as a system of stochastic differential
equations in the It6 calculus sense, where ,(f) and 7,(f) thus denote Wiener processes. For
numerical integration we used the Heun’s method, with the Wiener process increments imple-
mented as i.i.d. Gaussian random variables with zero mean and variance ¢” - At. The above
five-dimensional node system was implemented as a 6-dimensional system by rewriting Eq 6
as corresponding differential equation. We wrote Python code to implement the numerical
simulations and used an integration step of 0.05. To match typical oscillatory properties of
focal epileptical seizures and for plotting purposes, we assumed a time unit in the model to
correspond to 0.02 s. Given the simulation step size of 0.05, this resulted in a sampling rate of
1000 simulation steps per second.

The epileptor network was initialized with an initial conditions near identified stable equi-
librium point of the single node epileptor model. The excitability parameter was set to the
same nonepileptic value for all nodes (including all EZ nodes). Simulations were run for
20,000 time steps to let transients decay and the network to settle into a steady-state. At that
point, the excitability for the selected EZ node was set to xo = —1.6. Then, a seizure may or may
have not developed in this active EZ node after some varying time interval depending on initial
conditions and parameters. After a seizure terminated, we enforced a postictal (refractory)
period by uncoupling the corresponding node where the seizure terminated from the network.
This postictal period was enforced to all nodes regardless if the node was an EZ node or not.

We take seizure spread as a collective variable (see below) and examine its behaviour by tak-
ing xy; in the non-EZ nodes and w as varying control parameters. In addition, we examined
noise drive with different variances and the effect of the location of the selected active EZ
node. We varied x, ; in the non-EZ nodes in a non-epileptic range, as well as the global cou-
pling strength and the noise variance (e.g. Fig 2). We applied a grid to the parameter space
(%0, w). For each point in the grid, we generated 30 stochastic realizations. The same approach
was then applied to the case where a different node was selected as the active EZ node.

Epileptor network observations, seizure spread as an order parameter, and
critical dynamics

For plotting and visualization purposes (e.g. Fig 1), each node in the full 6-dimensional epilep-
tor node is observed via the difference of the variables x, ; and x; ;, which are related to the
slow and fast ictal oscillations, respectively.

In order to quantify seizure spread and define a corresponding collective state variable, we
ignored the details of the temporal dynamics in each node of the simulated epileptor network,
and considered only discrete states, i.e. whether a seizure had spread or not to a given node,
together with the temporal ordering of the spread, i.e. which nodes spread first and so on. As
seizure activity showed large amplitude deviations from normal activity, specific thresholds
were easily identified to ensure accurate detection of seizure onset and termination. A seizure
was detected to spread to a given node when the activity in the corresponding state variable g
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Fig 1. Seizure spread in the epileptor-network model. Three qualitatively different behaviors are observed for different global
connectivity strength (w) and surrounding-node excitability (xo) parameter values. Figures show simulations of the epileptor network
model for patient P1. Node 64 was identified as the target active EZ node (x, = —1.6). The standard deviation of the noise input level was
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set to 0 = 0.05. (A) The active EZ node (in red) was “inhibited” by the surrounding nodes in the network and, as a consequence, did not
transition into a seizure. Global connectivity strength and excitability in the surrounding nodes were set to w = 1.6 and xo = 2.3,
respectively. (B) The seizure started in the target EZ node, but there was no spread in the network (w = 0.9, xo = —2.2). (C) The seizure
started in the EZ node near time 50 s and spread to all of the network nodes (w = 0.9, xo = —2.1). Spread onset times varied across different
nodes. Partial spread to a subset of nodes can also occur (see Figs 2 and 8). D A zoomed in view of the activity shown in panel C. After a
seizure terminated in any given node, the node went into a postictal refractory state implemented by uncoupling the node from the
network and, in the case of the EZ node, the excitability parameter x, was switched back to the same non-epileptic level of the surround.
Interictal spikes are observed prior to the seizure onset. The decrease in the spike rate after the seizure terminates is due to both a
“refractory” effect of the intrinsic node dynamics and to the enforced uncoupling.

https://doi.org/10.1371/journal.pone.0272902.9001

(Eq 6 rewritten as a differential equation) crossed a specified threshold. We chose the variable
g instead of x| ; or z;, because it presented a smoother activity.

Thus, the state of each node was then represented as a binary variable (1 for seizure and 0
otherwise). The collective state variable or order parameter was then defined as the spread size
(number of nodes that entered seizure activity) across the network in any given simulation.

Given simulations of epileptor networks and the observed behavior of the defined order
parameter, we built empirical phase diagrams as a function of control parameters, here excit-
ability in the surround nodes and global connectivity strength. Qualitative changes in the
order parameter, e.g. spread vs no spread, were used to construct phase diagrams and phase
transition curves, i.e. curves tat separate distinct phases.

We refer to the region near these phase transition curves as near-criticality regions. As
stated in the Introduction, here we use the terms critical and criticality in a broader sense
than in the strict use in statistical mechanics. Briefly, in that context, critical point and criti-
cality refer strictly to second-order phase transitions [23, 24]. In second-order equilibrium
phase transitions, the order parameter (in many cases given by the 1st-order derivative of the
free energy with respect to an external field) changes continuously as control parameters are
varied around a critical point (i.e. there are no jumps in the phase transition), while response
functions (second-order derivatives of the free energy wrt control parameters; e.g. magnetic
susceptibility in Ising models) and correlation length diverge as power-law functions at the
critical point in the thermodynamic limit N — oc. In nonequilibrium systems [24], critical
phenomena has mostly been characterized as absorbing state phase transitions [25], self-
organized criticality [26], and branching processes [27] where the distribution of event (ava-
lanche) sizes and durations in the system appear as power-law scale-invariant functions.
Here, in the case of seizure spread in epileptor network models, the exact nature of the non-
equilibrium phase transitions in the defined order parameter (spread size) remains an open
question. For this reason, we use the terms critical and criticality in a broader sense where
they relate primarily to bifurcations in stochastic dynamical systems. In this case, a critical
point refers to a specific value of a control parameter where a bifurcation happens, regardless
of whether the order parameter changes continuously or jumps, and whether response func-
tions diverge [19, 20].

Local linear stability analysis

Fixed points for the epileptor network model were computed by solving for the zeros of the
deterministic system of differential equations (Eqs 1-6) with the Matlab function fsolve (Math-
works, Inc). We first determined the fixed points for a single-node epileptor. Given our choice
of parameters and initial conditions for the numerical search, we found three fixed points: one
typically stable, and the other two unstable. When solving for fixed points of the epileptor net-
work, we started with initial conditions near to the stable fixed point found for the single-node
epileptor model.
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For local linear stability analyses, we write the Jacobian matrix for the 6-dimensional N-
node epileptor network model as:

]Xl X1 ]Xl Y1 ]Xl-l ]Xl X3 ]Xl Y2 le-g
IYL X1 IY1‘Y1 IYl z IY1 X2 IY1 Yo IY1 8
] . ]z X1 ]z,yl ]z,z ]z‘xz ]z,ylz ]z g (7)
- )
IXZxXl ]Xz Y1 ]Xz z ]X2~Xz ]Xz Y2 ]Xz g
] Y2.X1 I)’z Y1 IYz z I Y2 X2 IYz Y2 IYZ g
]sxl Igvl Igz ]g,xQ Ing Igg i
where each component is itself an N x N matrix. The non-zero components are =
h h component is itself an N x N matrix. Th ponentsareJ, = —L,
— "fx _on _ - _ ax}) —_ 1 - _
le«xz - IX] z = L IX] vy L IY1~Y1 =-L ]Y1»X1 =9 x> IZ-Z 5 L ]X2~Y2 =-L

X 7xf; Of
IXZ'Z = —0.3L ]"2 = 0.002L, Ixz Xp T ((§X2 2)’ ]Y21Y2 = T]_ZI’ IYz-Xz = _i%’ ]g‘xl =1 ]g,g =-yL
and],, is given by

Jom, = { (4+ WZW,k (1—5,)ww, } (8)

In the above, I is the N x N identity matrix, % is a diagonal matrix with the i diagonal element
equal to %)) and 0;; is the Kronecker delta function.

As explalned in the Results section, we consider two instantiations of the above Jacobian
matrix. In the first case, the EZ node is included in the analysis and the Jacobian remains a 6N
x 6N matrix. In this case, we set x;; = —1.6 for the EZ node, and a non-epileptic x, value homo-
geneously for all of the remaining nodes, and proceed with the linear stability analysis.

In the second case, the EZ node is replaced by an “external” constant input to its target sur-
rounding nodes and the Jacobian is a 6(N — 1) x 6(N — 1) matrix obtained by removing the
rows and columns related to the EZ node. The active EZ node contribution to the nodes in this
network was replaced by a constant input x, ;, computed by averaging xz,; during the seizure
period.

This constant input to the nonepileptic nodes was mediated via the same diffusive couplings
via the permittivity variable z as in the usual epileptor network. For example, assuming the -
node as the active EZ node, its contributions to the variable z; in the jth nonepileptic node was
given by w x W, [x, (t — 7;) — X, ;,,]. We note that this constant input does not appear in the
Jacobian matrix itself, but it changes the fixed point at which the Jacobian is evaluated (The
fixed points of the 6(N — 1) x 6(N — 1) system). The constant input shifts the fixed points of
the system towards instability.

The combined use of the eigenvalues of both Jacobians lead to the best prediction of the
phase diagrams for seizure spread in the epileptor networks. We also note that time delays
were ignored, i.e. we set 7;; = 0 in the derivation of the Jacobian matrices. Proix et al. (2014)
have argued that because the interaction between nodes is via the slow permittivity variable z,
axonal propagation delays play no major role on bifurcations of equilibrium points and thus
on the seizure spread dynamics. Each Jacobian matrix was evaluated at the fixed point of the
corresponding epileptor network system.
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We also considered local stability analysis and related predictions based on a 2-dimensional
reduction of the epileptor model given by [6, 9]

= = 28 1=+ + & (8) )

éi:%{él( — X)) — Z; —WZ (t— 1) xi(t)]}, (10)

where 1, = 6667 and I, = 3.1.

Prediction of the temporal order of node-recruitment during seizure
spread

When a seizure spread is predicted, i.e. the real part of the maximal eigenvalue of the Jacobian
matrix satisfies Az > 0, we used the corresponding eigenvector to predict the order of spread
or node-recruitment during the seizure. Specifically, we computed the magnitude of the lead-
ing eigenvector components corresponding to the variable z;, for nodesi=1,2, ..., Nin the
surrounding, i.e. excluding the active EZ node. Nodes with larger component magnitudes
were predicted to be recruited earlier during the seizure than nodes with smaller component
magnitudes.

Results
Epileptor network model: Seizure simulations

Focal epileptic seizures were simulated with the epileptor network model. The intrinsic
dynamics in each network node is formulated as a 6-dimensional ODE system, which captures
the generation of interictal spikes, slow and fast oscillations during the seizure itself, and a
much slower process (permittivity variable) that spontaneously brings the network in and out
of seizures (Fig 1; Methods).

The networks were instantiated with 5 different patient-specific (inter-node) connectivity
matrices, axonal propagation time-delays, and corresponding identified epileptogenic zones
(Methods). In two of the cases (P1 and P2), connectivity matrices were obtained with an
84-node parcellation of the brain areas, and 162-node parcellation in the remaining (P3-P5).
Corresponding connectivity weight matrices together with descriptive graph theoretic mea-
sures are given in the S1 Fig and S1 Table in S1 File. A list of the EZ nodes and corresponding
brain area labels is given in the Methods section. While the connectivity matrices are symmet-
ric and non-negative, diffusive coupling via the permittivity variables in different nodes allows
not only for excitatory but also inhibitory and restraint effects in the network (Fig 1;
Methods).

Each seizure was simulated by starting the entire network in a non-epileptic excitability
level (xo parameter in the model; Methods). After a specified time to allow network dynamics
transients to settle down, the excitability level for a single selected target EZ node was set to an
epileptic level (xo = —1.6). This target EZ node may or may have not then transitioned into sei-
zure after varying times, and led to partial or full seizure spread, depending on the level of sur-
rounding node excitability (homogeneous x, across nodes), global connectivity strength
(parameter w), and on the different stochastic realizations for a given input noise level (Fig 1).
We simulated thousands of stochastic realizations under variations of the above parameters
and EZ node selections.
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Seizure spreading dynamics behave akin to phase transitions

As stated above, we defined seizure spread as a collective variable given by the spread size (or
equivalently fraction of seizing nodes in the network) for any given patient-specific epileptor
network simulation. To characterize qualitative different states or phases of this collective vari-
able, we computed phase diagrams as a function of control parameters given by the surround
excitability, global connectivity strength, noise levels and location of the active or target EZ
node. Phase diagram examples for three different patient-specific networks, active EZ node,
and parameter settings are shown in Fig 2. (See S1 File for more examples from all 5 patients
and the respective active EZ nodes).

Three main phases with clear phase transition curves appear: (a) no spread, i.e. the seizure
remains localized in the target EZ node and does not spread to the surrounding network
nodes; (b) the seizure spread across the network with various different spread sizes; in particu-
lar, partial spread to a subset of network nodes is observed near a small near-criticality region
surrounding the phase transition curve; (c) no seizure, i.e. a seizure does not occur even in the
active EZ area, in other words, the surround network activity appears to inhibit seizure onset
in the target EZ area.

The existence of these three phases and their qualitative features were general across all
patient-specific networks, and across different active EZ areas in the same patient (S2-S8 Figs
in S1 File). These findings emphasize the role of excitability in the surrounding network and of
global connectivity strength, as well as the role of inhibitory and restraint effects enabled by
diffusive coupling, on seizure spread. Our results extend the 2-node epileptor network analysis
in [6] to patient-specific networks with much larger number of nodes and under broader
parameter and noise level variation.

Phase diagrams of seizure spread show large stochastic fluctuations in a
narrow near-criticality region

By running simulations with different random noise realizations and noise levels, but fixed
excitability and global connectivity strength and target EZ node, we examined the existence

of stochastic fluctuations in the defined collective variable for seizure spread. Additive noise

in the epileptor network model reflects the combined effect of various types of neural noise,
including thermal noise in ion channels, failure in neurotransmitter vesicle release in synapses,
and many other unaccounted factors.

The existence of stochastic fluctuations in the collective variable for the same levels of sur-
round excitability and global connectivity strength has important practical implications, for
instance in the predictability of seizure spread. Large stochastic fluctuations of the collective
variable across different seizures under the same parameter setting make predictability harder
even when one has a good estimate of surrounding neural excitability levels and global connec-
tivity strength.

We observed stochastic fluctuations only near the phase transition curve separating the no
spread and spread phases (Fig 2D-2F). Fluctuations were confined to the small near-criticality
region surrounding this curve. Away from this region, seizure spread dynamics appeared
deterministic for the examined noise levels and number of stochastic realizations. Similar
results were obtained for other patient-specific networks (S2-S8 Figs in S1 File). In a small
number of cases, unconnected fluctuation regions appeared. They consisted of two side-by-
side regions with a no-fluctuation zone in between (e.g. Fig 2D-2F, bottom panel, P2, node 60
as the active EZ; S4 Fig in S1 File: P3, node 154 as the active EZ). This phenomenon can be
understood as follows. In those cases, a couple of nodes were strongly connected to the active
EZ node. As the the parameter variation moves toward traversing the phase transition
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Fig 2. Seizure-spread phase diagrams. Seizure spread is examined as a collective state variable, i.e. spread size or number of seizing nodes,
under variations of global connectivity strength (w) and homogeneous surrounding node excitability (x,). Top (A,B,C) The phase diagrams
were obtained by simulating the epileptor network (patient P3, node 135 corresponds to the active EZ, with x, = —1.6) for three different noise
strengths (0= 0.05, 0 = 0.10, o = 0.15). Blue, green and yellow colors represent no seizure, no spread and seizure spread, respectively, obtained
from 30 realizations of the stochastic dynamics for a given parameter setting (each point in the diagram). The colorbar indicates spread size. (D,
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E,F) Fluctuations across stochastic realizations are observed in the near-criticality region between the no-spread and spread phases as indicated
by the standard deviation of the spread size (30 different realizations). The gray background corresponds to regions of no observed fluctuations.
(G) Phase diagram predicted by the local stability analysis applied to the deterministic 2D-reduced epileptor network model (Methods). (H)
Phase diagram predicted by the analysis of the deterministic original epileptor network model. Prediction of the different phases was based on
the leading eigenvalues of two different Jacobian matrices, one that included the active EZ node and another that replaced the EZ node with a
constant input (see Methods and Fig 3 for a schematic description). Although the true location and shape of the transition curves differ, the
predictions capture well the qualitative aspects of the phase diagram. Middle (A-H) The panels show another example from patient P1 with
node 64 as the active EZ. Bottom (A-H) Example from patient P2 with node 60 as the active EZ, showing distinct fluctuation regions in contrast
to the above examples.

https://doi.org/10.1371/journal.pone.0272902.9002

boundary, say by increasing both {w, xc}, initially only those strongly connected surrounding
nodes go into seizure and with fluctuations across realizations. Then, with a further slight
increase, these nodes always go into seizure, so there are no fluctuations. With a further
increase, the seizure starts to spread more broadly and with fluctuations.

The nature of the fluctuations in this near-criticality region may have important implica-
tions for prediction and control of seizure spread. In particular, if focal seizure dynamics in
actual brains follow similar dependencies on excitability and global connectivity strength, we
expect prediction of seizure spread to be an easy task when the brain is away from this near-
criticality region, but challenging otherwise.

Local linear stability analysis predicts the phase diagrams and the temporal
order for node-recruitment during seizure spread

We examined whether local linear stability analysis of epileptor network models could predict
the phase diagrams obtained from their simulations (Methods). In addition to the epileptor
network models, we considered also a 2-dimensional reduced model version [6].

Fig 2G and 2H shows examples for three patient-specific network connectivity and a spe-
cific target EZ node. See S2-S8 Figs in S1 File for all the other target EZ nodes and patient-spe-
cific networks. Overall, despite differences in the exact locations of the phase transition curves,
these predictions captured very well the qualitative structure of the phase diagrams based both
on the full-dimensional (6D) model and an its 2D reduced version. Nevertheless, the local lin-
ear stability analysis appeared to overestimates the spread region in the phase diagrams, in
particular near transition curve between no-spread and spread. This difference between simu-
lation-based results and linear stability analysis prediction may result in part from the finite
number (30 in this case) of stochastic realizations. At these two phase boundaries, the probabil-
ity of spread events can be very small such that a very large number of realizations might be
needed to observe such events.

Briefly, these phase diagram predictions were obtained as follows. We considered two dif-
ferent Jacobian matrices, i.e. local linearizations around a given equilibrium point of the epi-
leptor network dynamics. One of the Jacobian matrices was derived from the network that
included the active target EZ node, while the other was derived from a network where this
active EZ node was replaced by a constant input to its connected surrounding nodes (see Fig 3
and Methods for details). Based on the leading eigenvalues of these two matrices, we predicted
the corresponding phase of collective variable. We predicted seizure spread when the two lead-
ing eigenvalues indicated an unstable fixed point, i.e. when Re(A) > 0 for both of the leading
eigenvalues of the two matrices. (We note that while the patient-specific structural connectivity
matrix is symmetric, the Jacobian matrices are not since they include also asymmetric block
diagonals that reflect the intrinsic node dynamics.) The other phases of the collective variable
were predicted by different combinations of the sign of the real part of these two eigenvalues
(Fig 3).
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Fig 3. Schematics for the linear stability analysis of the deterministic epileptor network. Prediction of phase diagrams is based on the leading eigenvalues of two
different Jacobian matrices evaluated at a given fixed point, and for a given global connectivity strength (w), homogeneous surrounding-node excitability (xo), patient-
specific connectivity and given active EZ node. (A,B) In this case, the Jacobian matrix is derived from a network that includes the active EZ node. The term Ay denotes
the real part of the corresponding largest eigenvalue of this Jacobian matrix. The fixed point of the system is stable for A < 0, implying no seizure will happen, and
unstable (seizure) otherwise. Based on this analysis alone one cannot predict the phase diagram for the seizure spread. (C,D) In this case, the Jacobian matrix (and
corresponding leading eigenvalue 1), are derived from an epileptor network where the active EZ node has been removed and replaced by a constant external input to
nodes connected to it. This external input is related to the average seizure activity in the active EZ node (Methods). This analysis alone also cannot predict the phase
diagram, in particular the phase where seizure in the active EZ node is “inhibited” by the surrounding nodes. (E,F) The joint consideration of the signs of the leading
eigenvalues of the two Jacobian matrices leads to qualitatively correct phase diagrams for seizure spread as illustrated in Fig 2. Diagrams corresponds to patient P3 and
node 135 as the active EZ area (x, = —1.6). Time delays are ignored in this linear stability analysis (Methods).

https://doi.org/10.1371/journal.pone.0272902.9003

Beyond predicting the phase diagrams for different patient-specific networks, we also
assessed how well linear stability analysis predicted the temporal order in which each node in
the network is recruited into seizure during the seizure spread. For that purpose, when the sta-
bility analysis indicated seizure spread (unstable fixed point), we ranked the magnitude of the
(complex) components of the leading eigenvector (dominant mode) of the Jacobian matrix.
(More specifically, we ranked the magnitudes for the eigenvector component related to the
permittivity variable z in different nodes |v,|; see Methods.) The components of the leading
eigenvector indicate the directions (nodes) along which the unstable dynamics diverges. Fur-
thermore, nodes with larger corresponding magnitudes should be recruited first. These predic-
tions agree well with the temporal order observed in the simulations as shown in Fig 4 for a
specific example and in Fig 5 for a statistical summary across patient-specific connectivity
matrices and all variations in global connectivity strength, surrounding node excitability, tar-
get EZ node, and noise levels.

Further analysis revealed a roughly linear (in logarithmic scale) relationship between the
magnitudes of the components of the leading eigenvector and the connectivity weights from
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Fig 3). (A,B) panels are based on the 2D-reduced epileptor network model while (C,D) panels are based on the original epileptor network
model. Note that these magnitudes predict roughly wells the temporal order of seizure spread across the network, in particular the magnitudes
based on the Jacobian matrix of the network that includes the active EZ node. The examples were obtained from a single stochastic realization
for patient P1, node 64 as the active EZ (x, = —1.6), surrounding-node excitability x, = —2.13, global connectivity strength w = 1.1, and noise
level at o= 0.05. See Fig 5 for a statistical summary for different patient-specific connectivity matrices, different active EZ locations, noise levels

and stochastic realizations.

https://doi.org/10.1371/journal.pone.0272902.9004
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Fig 5. Prediction of temporal order of seizure spread based on linear stability analysis: Statistical summary. Each row
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time rank (rank 1 corresponds to a node which was first recruited into the seizure, and so on) and the corresponding seizure
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network. As before, v,; indicates the eigenvector component related to the permitivity variable z in the ith node. Each black
dot corresponds to a network with a particular active EZ node, global connectivity strength and surrounding-node
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excitability {w, xo} parameter set, noise level and stochastic realization. Three noise levels were examined (¢ = 0.05, 0= 0.1,
and o = 0.15). The range of (w, xo) values were set such that seizures spread to the full network (e.g. within the yellow region
in Fig 2). Thirty stochastic realizations were simulated for each parameter set, noise level and active EZ node. In each case, x,
= —1.6 for the active EZ node. The overlapping red dots correspond to the empirical 95% confidence regions. As seen for all
patient-specific connectivity matrices, true and predicted ranks tend to concentrate around the diagonal line. Middle
column: the panels show the empirical probability distribution for the (integer) absolute error in the prediction of rank of
recruitment during seizure spread. Right column: the panels show the mean absolute error of rank prediction (black) and the
corresponding 95% confidence region (red). Prediction errors are very small for the nodes that are recruited first and last
during a seizure, with the error increasing toward nodes that are recruited in between. For reference, a uniform random
prediction of recruitment rank would show a mean prediction with a “U” shape, i.e. the opposite of these results.

https://doi.org/10.1371/journal.pone.0272902.g005

the activate EZ node to the surrounding nodes (Fig 6A-6D). Therefore, while the prediction of
the phase of the collective variable requires examination of the eigenvalues of the Jacobian
matrices, prediction of the temporal ordering and spread onset times for different surrounding
nodes can also be easily read out from the patient-specific connectivity matrices (Fig 6E). We
also examined the relationship between spread onset time and different graph theoretical mea-
sures computed from the patient-specific connectivity matrices, including the shortest path
length between the surrounding nodes and the active EZ node in a given seizure, as well as cor-
responding betweeness centrality and clustering coefficients. Of those, only the shortest path
length showed a strong linear relationship (Fig 6F). A statistical summary across patient-spe-
cific connectivity matrices, active EZ locations, (E,w) parameter variations, and stochastic real-
izations is given in Fig 7. The 95% confidence regions, shown in red color, indicate that the
good statistical linear relationships, observed in Fig 6 for a specific case, are overall preserved.

The above analysis of predictability of spread rank across nodes during full spread brings
the question of how much variability there is in the spread path across different stochastic real-
izations of the same epileptor network under fixed parameters. We found that, typically, ranks
changed by only 1 or 2 across different realizations Thus, overall, there was little variability in
the actual spread path across different realizations for the noise levels used here. (The choice of
input noise variance levels was constrained in this study by the requirement that the surround-
ing nodes do not go spontaneously into seizure states. In other words, the seizure always starts
at the seizure onset zone.). S9 and S10 Figs in S1 File shows this analysis in detail for two spe-
cific examples.

Finally, we examined the power of eigenvector centrality, rather than the leading eigenvec-
tor of the Jacobian matrix, to predict spread rank across nodes. Eigenvector centrality has been
used in previous studies to predict different seizure stages and propagation (e.g. [28, 29]). In
Network Science, the eigenvector centrality, computed on estimated adjacency matrices, is
commonly used as a complementary quantity to examine network properties. One way to esti-
mate these adjacency matrices is to first compute a functional connectivity matrix, e.g. a matrix
estimated via pairwise crosscorrelation or spectral coherence functions. Here, we assessed this
approach by first estimating functional connectivity based on extrema of cross-correlation
functions computed from the simulated epileptor network time series according to [30]. Statis-
tically significant pairwise correlations contributed to edges to the derived (binary, symmetric)
adjacency matrices. For this particular case of epileptor networks, we observed no successful
prediction based on eigenvector centrality. Furthermore, eigenvector centrality, computed
directly from the actual structural (white-matter) patient-specific connectivity matrices, lead
to similar results. (This is understandable since the structural matrix does not specify by itself
the location of the epileptogenic node.) S11 and S12 Figs in S1 File show the analysis and addi-
tional details for two example cases. We emphasize that these findings seem specific to epilep-
tor network models and explored parameter regions. As stated above, the usefulness of
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weight W; g from the EZ area to the corresponding ith surrounding node. As before, v, ; indicates the eigenvector
component related to the permitivity variable z in the ith node. (A,B) panels are based on the 2D-reduced epileptor
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original epileptor network model. E Relationship between the seizure onset times for each network nodes and the
corresponding interaction weight (W, gz) from a given active EZ node. F Similarly, but with respect to the shortest path
between a given surrounding node and the corresponding active EZ node. The panels show an example from a single
stochastic realization from patient-specific network P1, with node 64 as the active EZ (xo = —1.6), surrounding node
excitability set to xo = —2.13, global strength connectivity w = 1.1, and noise level with o = 0.05. The panels show strong
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https://doi.org/10.1371/journal.pone.0272902.9006

PLOS ONE | https://doi.org/10.1371/journal.pone.0272902  August 23, 2022 17/26


https://doi.org/10.1371/journal.pone.0272902.g006
https://doi.org/10.1371/journal.pone.0272902

PLOS ONE

Critical dynamics in the spread of focal epileptic seizures

P1 Pl P1
104 ' i I
L : 'Ill |i I
_ : 0 : 0
= 107 :f g
10 4 -10
10°10 220 2 20
0 104 102 1 < 0 104 102 1S 70 2 4 6 8
Wigz W;pz Shortest path to EZ
P2 = P2 — P2
€ 10 T 10
10 g I 5 1 |
Lo ! o e 1
- £ -10 £ -10 :
B =20 =20 2l
107 g f = 'I
530 2300 |}
é -40 | ’% .40
0 w04 107 1.© o 104 102 170 2 4 6 8
Wirz Wipz Shortest path to EZ
P3 = P3 = P3
& z 1
10 : 0 1] S 0 v ]
_ £ 20 z .20
= 107 = =
7 3
40 3 -40
F ¥
1010 Z-60 2 60
0 104 107 1 =20 =0 2 4
WiEz Shortest path to EZ
P4 — = P4
z 20 z 20
10°¢
i 0 i 0
- g £
T 2 2
- z-20 = -20
z z
E -40 E -40
1010 ~ A +
0 104 102 1 0 0 2 4 6
Wigz Shortest path to EZ
P5 — e P5
4 £ 20 T 20
1 g
i 0 ¢ 0 ]
3 S .
= g g .
220 E0
= 10'7 ; ;
B 40 3 40
1010 Z-60 %60
0 10 102 1< 0 10 102 1< 0 2 4 6
Wigz Wipz Shortest path to EZ

Fig 7. Relationships among magnitudes of leading eigenvector components, patient-specific connectivity
matrices, seizure onset times and path lengths: Statistical summary. Same conventions as in Fig 6. Each row
corresponds to a different patient-specific connectivity (P1, P2 and so on, from top to bottom). As in Fig 5, each dot
corresponds to a network with a particular active EZ node, global connectivity strength and surrounding node
excitability {w, xo} parameter set, noise level and stochastic realization. Three noise levels were examined (o = 0.05, 0 =
0.1, and 0 = 0.15). The range of (w, x,) values were set such that seizures spread to the full network (e.g. yellow region
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in Fig 2). Thirty stochastic realizations were simulated for each parameter set, noise level and active EZ node. In each
case, xo = —1.6 for the active EZ node. Because different values of (w, x) shift the seizure onset times in the target EZ
node and corresponding spread onset times in the surrounding nodes, in each realization we corrected for these shifts
by subtracting the averaged onset times over all nodes in that realization from onset times of each node that gives
mean-corrected onset times.

https://doi.org/10.1371/journal.pone.0272902.9007

eigenvector centrality analysis has been demonstrated before in the case of recorded electric
potentials during seizures.

Seizure spread fluctuations in near-criticality regions show bimodal
distribution

We examined in more detail the nature of the collective variable fluctuations in the near-criti-
cality regions, i.e. the narrow region surrounding the transition curve between the no-spread
and seizure spread phases (Fig 2). Seizure spread size showed a bimodal distribution, with
modes located at the two extremes: no or small partial spread and full spread across the net-
work (Fig 8A).

We note that the absence of events in the intermediate spread size range is likely to reflect
in part the range of explored noise levels as well as the number of stochastic realizations gener-
ated for each parameter set. In other words, the absence of events in intermediate spread size
values might reflect their very low but finite probability, which could increase with higher
noise levels. In any case, these results indicate a strong bimodal structure.

Finally, we verified that nodes from the same small subsets were recruited during small par-
tial seizure spread in different realizations. Furthermore, the magnitudes of the leading eigen-
vector components |v, ;| corresponding to these nodes tended to be ranked much higher than
the magnitudes of those components corresponding to nodes that were never recruited in the
small partial seizure spread.

These results indicate that, conditioned on knowing whether one is dealing with a small
partial seizure spread or a full spread event, linear stability analysis related quantities and net-
work connectivity still provide some predictability in these near-criticality regions. A remain-
ing problem for future examination is whether information in preictal activity in patient-
specific epileptor network models can help improve the prediction of the seizure spreading
dynamics, especially near-criticallity regions where stochastic fluctuations appear to lead to
substantial variability in the extent of seizure spread across the surrounding areas.

Discussion

We have shown that seizure spread, defined as a coarse discrete-state collective variable in
patient-specific epileptor network models of focal epilepsy, behaves akin to phase transitions
under control parameters including neural excitability in the network nodes surrounding an
active epileptogenic area, the location of this area in the network, global connectivity strength
and noise levels. Furthermore, the qualitative features of the phase diagrams, as well as the
temporal order of node recruitment into seizure, were well predicted by measures derived
from linear stability analysis at equilibrium points of the neural dynamics in the epileptor
networks.

The two closest previous works to our study are [9, 31]. Proix et al. (2014, Fig 5) examined
phase diagrams, but only for a generic 2-node epileptor network. In their work, phase dia-
grams were computed directly from numerical simulations, not from predictions based on
local stability analyses. Additionally, due to the lack of spatial degrees of freedom, the effects of
stochastic fluctuations across different realizations and control parameter settings were not
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distributions are based on all of the {w, xo} parameter set choices that resulted in fluctuations in the phase diagrams, different
active EZ nodes, three noise levels (0= 0.05, 0 = 0.1, and o = 0.15) and 30 stochastic realizations for each case. Right column
When a small spread happens, for a given active EZ node the same small set of nodes tends to be recruited across different
seizures. We checked whether the recruited nodes and their recruitment probability corresponded to high predicted ranks
(e.g. rank 1, 2, etc) based on the ranked magnitudes of the leading eigenvector components computed from the Jacobian
matrix (with the active EZ node included in the network). For example, the panel A-2 shows that the node with highest
probability of recruitment (black bar) in the small spread cases also had the highest mean rank (rank close to 1, red curve).
Results are plotted for one of the active EZ nodes of patients that are from top to bottom P1:61, P2:60, P3:154, P4:51, P5:154.
These results show that, conditioned on knowing whether one is dealing with a small or full spread, predictability based on
linear stability analysis features is still possible in the near-criticality fluctuation region, although noisier than in the full
spread phase. In the high fluctuation region, linear stability analysis will fail to predict the extent of spread, but if there is
spread it can predict the temporal order of seizure recruitment.

https://doi.org/10.1371/journal.pone.0272902.9008

possible to examine. Proix et al. (2017) showed that epileptor network models can be used to
predict the propagation zone of seizures observed in 15 patients. However, no further analysis
of the network models in terms of the prediction of the temporal order of seizure recruitment
and spreading dynamics (phase diagrams) as a function of excitability and global coupling
strength was performed. Furthermore, neither the variability of spread sizes and paths across
different seizures (stochastic realizations) or the robustness of prediction based on linear sta-
bility analysis to stochastic fluctuations were systematically examined.

In contrast to the above two cited studies, in this manuscript we addressed the prediction
of complete phase diagrams using connectivity matrices with much larger number of nodes
(84 and 162) obtained from different patient-specific connectivity matrices. Furthermore, we
also examined the role of stochastic fluctuations on the properties of the seizure spreading
dynamics in epileptor networks, their effect on the variability of spreading dynamics across
different stochastic realizations, and the nature of the fluctuations near criticality, i.e. near the
phase transition curves. By looking at many stochastic realizations, we can also provide a better
assessment of the predictability of seizure spreading based on local linear stability analyses in
these network models. We think that the theoretical investigation of spreading dynamics in
this class of models is an important first step towards their application to actual seizure spread
prediction in the context that motivates this study, i.e. closed-loop seizure spread prediction
and control as done in applications such as the NeuroPace RNS System [4, 18], for example.

Our specification of time conduction delays between different areas or nodes in the epilep-
tor networks is a rough conservative approximation of node-to-node interaction delays in the
context of the modeled macroscopic neural dynamics, incorporating not only axonal conduc-
tion delays but also synaptic and neural population responses. As stated in the Methods sec-
tion, delays due exclusively to myelinated (white-matter) axonal transmission between
different brain areas can be much smaller. Studies in human and non-human primates show
comparable delay times to those used in this manuscript. Studies in monkeys [32] involving
cortico-cortical (white-matter) LIP-FEF axons with a distance of ~ 30 mm show conduction
times in the range of 0.5 ms to 8 ms, while cortico-thalamic V1-LGN axons show conduction
times in the range of 2 ms to 20 ms. Intracranial electrical stimulation studies in the human
brain have identified single-pulse early CCEP responses within < 100 ms (common to both
healthy and epileptogenic areas) and later delayed responses (related to epileptiform induced
discharges) occurring in the range of 100 ms—600 ms [33]. Similarly, Keller et al. [34] show
cortico-cortical evoked potentials (ECoG recording/stimulation) with early phase (absolute
amplitude A1) responses within < 50 ms, with (Euclidean) distances from the stimulation site
varying from ~ 20 mm to 160 mm. More recently, Trebaul et al. [35] have systematically
examined CCEP onset and peak latencies, and their relation to fiber lengths, using a probabi-
listic tractography approach. Ranges of onset latencies varied from 20 ms to ~ 50 ms for corre-
sponding distances of 10-20 mm to 90-100 mm.
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Interaction time delays have been shown to play a crucial role in both neural dynamics and
synaptic plasticity [36-39]. However, as stated earlier, although we have also explored a range
of time delays (including much longer delays than mentioned above), we have not observed
major effects in the qualitative features of the spreading dynamics in these epileptor network
models. That seems to be the case because, as stated earlier, the time-scale of these delays
(~ 70 ms for the two most distant nodes—connected by ~ 200-mm-long white-matter fibers
in the models) are still much faster than the time scale of the actual spreading dynamics in the
epileptor networks.

Our analysis of the nature of the phase transitions, in particular the transitions across the
no spread and spread phases, is limited by the relatively small size of examined patient-specific
epileptor network models and the number of stochastic realizations. We hope in the future to
address how the properties of these phase transitions scale as the network size increases. The
development of an explicit probabilistic model will also help towards this goal. A related issue
is the distribution of seizure spread sizes. Our findings show bimodal distributions (with
modes concentratated near small and full spread, respectively) in these relatively small epilep-
tor network models. We are not aware of human brain recordings during seizures in the same
patient, especially over a reasonable number of area and seizures, to allow the assessment of
actual distributions of spread sizes. As an example of currently available data based on SEEG
recordings of focal seizures, all cases in the 15-patient dataset in [31] show partial spread con-
fined to a few areas. Cases of secondary generalization would require a much broader SEEG
coverage for spread assessment than commonly done. Explosive/threshold spreading dynam-
ics, which would lead to corresponding bimodal distributions with modes near small and
almost full spread, have been suggested in previous theoretical studies involving for example
networks of Kuramoto oscillators (e.g. [40]. We conjecture that a more continuous range of
spread size (in particular power law distributions) might be possible in this class of models.
That would be enabled by critical points (second-order phase transitions) in the excitability
and global connectivity strength parameter space. We hope to examine this issue with more
abstract probabilistic models of seizure spreading dynamics.

Another important issue not examined here is that of path dependent phase transitions.
Here, we considered only the scenario where one knows a focal seizure has just started and is
still very localized to a seizure onset area. (That is also the main application context we envi-
sion here, e.g NeuroPace RNS System devices to prevent seizure spread.) Then, the question is:
Given knowledge of white-matter connectivity, excitability (E), global connectivity strength
(w), will the seizure spread or not, and if it does spread, how? We are considering the network
dynamics in a very small time window (the spread prediction window) just after seizure onset
where both E and w are roughly steady. Therefore, we are in a very specific point in the derived
phase transitions diagrams. There, for a specific (E, w), we can then predict which phase
(spread, partial spread, no spread) the network will present. We are not examining the prob-
lem of how the phase of the order parameter changes with changes in E and w. That would
depend on many things including the rates of change dE/dt and dw/dt, initial conditions and
the actual paths in the control parameter (E, w) space. The resulting phase diagrams could be
path dependent. There could be hysteresis effects, etc. We hope to address the issue of path-
dependent phase transitions in future studies.

We hope to contrast the linear stability based measures used here to other approaches
related to synchronizability [41] and constraints on the coupling weights themselves derived
from stability master functions [42], network node-fragility [43, 44] and control theoretic anal-
ysis [45, 46]. Two other remaining problems are the examination of how inhomogeneous neu-
ral excitability and deviations from symmetry in patient-specific structural connectivity
matrices affect the phase diagrams and the overall dynamics for seizure spread. Nevertheless,
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regarding symmetric node-to-node connectivity, it is worth mentioning that Jirsa et al. [11]
and Proix et al. [31] show that a symmetric white-matter connectivity can still capture the
directed spreading dynamics observed in actual human seizures. Despite symmetric white-
matter connectivity in the network models, directed interactions and spread also depend, as
shown here, on the path length with respect to the seizure onset area, diffusive coupling, excit-
ability parameters, etc, which can all be adjusted to different patient cases.

Our study was restricted to model simulations due in large part to the lack of extensive
electrophysiological recordings in people with focal epileptic seizures. Most available data
comes from recordings obtained in epilepsy monitoring units prior to resective neurosurgery.
These typically include only a few seizures per patient, relatively small covering of brain areas,
and potential confounding factors introduced by post-anesthesia and surgical effects. Thus,
accurate data about the actual nature and size of seizure spread to which contrast model pre-
dictions on a patient by patient manner remains limited. We expect the future development of
new brain recording technologies including also the measurement of neural excitability and
related parameters during long time periods under daily life conditions will address these
limitations.

Patient-specific epileptor network models and related adaptations can be fitted directly to
intracranial EEG recordings [8, 13, 14] and be used for prediction of seizure spread and char-
acterization of seizure onset taxonomies. Although much larger and systematic studies are
required to assess how epileptor-network models generalize to different epilepsy types and eti-
ologies, these previous studies have involved up to 88 patients, including cortical dysplasia,
tumors, mesial temporal sclerosis. Our results indicate that predictability of seizure spread
should be fairly simple for brains operating outside near-criticality regions, but challenging
within these regions where large stochastic fluctuations tend to be present. That is expected to
be the case even when accurate estimates of network connectivity, excitability levels in sur-
rounding nodes and global connectivity strength are available. We think that the complemen-
tary use of predictive information obtained from preictal activity and nonlinear measures,
together with the linear stability analysis examined here, are two potential directions towards
improving predictability in those cases.

Supporting information

S1 File.
(PDF)

Acknowledgments

Part of this research was conducted using computational resources and services at the Center
for Computation and Visualization, Brown University.

Author Contributions

Conceptualization: S. Amin Moosavi, Viktor K. Jirsa, Wilson Truccolo.
Formal analysis: S. Amin Moosavi, Viktor K. Jirsa, Wilson Truccolo.
Funding acquisition: Wilson Truccolo.

Investigation: S. Amin Moosavi, Wilson Truccolo.

Project administration: Wilson Truccolo.

Resources: Viktor K. Jirsa.

PLOS ONE | https://doi.org/10.1371/journal.pone.0272902  August 23, 2022 23/26


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0272902.s001
https://doi.org/10.1371/journal.pone.0272902

PLOS ONE

Critical dynamics in the spread of focal epileptic seizures

Supervision: Wilson Truccolo.

Writing - original draft: S. Amin Moosavi, Wilson Truccolo.

Writing - review & editing: S. Amin Moosavi, Viktor K. Jirsa, Wilson Truccolo.

References

1.

10.

11.

12

13.

14.

15.

16.

17.

Andrews JP, Gummadavelli A, Farooque P, Bonito J, Arencibia C, Blumenfeld H, et al. Association of
seizure spread with surgical failure in epilepsy. JAMA neurology. 2019; 76(4):462—469. https://doi.org/
10.1001/jamaneurol.2018.4316 PMID: 30508033

Heck CN, King-Stephens D, Massey AD, Nair DR, Jobst BC, Barkley GL, et al. Two-year seizure reduc-
tion in adults with medically intractable partial onset epilepsy treated with responsive neurostimulation:
Final results of the RNS System Pivotal trial. Epilepsia. 2014; 55(3):432—441. https://doi.org/10.1111/
epi.12534 PMID: 24621228

Skarpaas TL, Jarosiewicz B, Morrell MJ. Brain-responsive neurostimulation for epilepsy (RNS® Sys-
tem). Epilepsy research. 2019;. https://doi.org/10.1016/j.eplepsyres.2019.02.003 PMID: 30850259

Jarosiewicz B, Morrell M. The RNS System: brain-responsive neurostimulation for the treatment of epi-
lepsy. Expert Review of Medical Devices. 2021; 18(2):129—138. https://doi.org/10.1080/17434440.
2019.1683445 PMID: 32936673

Jirsa VK, Stacey WC, Quilichini PP, Ivanov Al, Bernard C. On the nature of seizure dynamics. Brain.
2014; 137(8):2210-2230. https://doi.org/10.1093/brain/awu133 PMID: 24919973

Proix T, Bartolomei F, Chauvel P, Bernard C, Jirsa VK. Permittivity coupling across brain regions deter-
mines seizure recruitment in partial epilepsy. Journal of Neuroscience. 2014; 34(45):15009—-15021.
https://doi.org/10.1523/JNEUROSCI.1570-14.2014 PMID: 25378166

Saggio ML, Spiegler A, Bernard C, Jirsa VK. Fast—Slow Bursters in the Unfolding of a High Codimen-
sion Singularity and the Ultra-slow Transitions of Classes. The Journal of Mathematical Neuroscience.
2017; 7(1):7. https://doi.org/10.1186/s13408-017-0050-8 PMID: 28744735

Saggio ML, Crisp D, Scott JM, Karoly P, Kuhimann L, Nakatani M, et al. A taxonomy of seizure dynamo-
types. Elife. 2020; 9:e55632. https://doi.org/10.7554/eLife.55632 PMID: 32691734

OImi S, Petkoski S, Guye M, Bartolomei F, Jirsa V. Controlling seizure propagation in large-scale brain
networks. PLoS computational biology. 2019; 15(2):e1006805. https://doi.org/10.1371/journal.pcbi.
1006805 PMID: 30802239

An S, Bartolomei F, Guye M, Jirsa V. Optimization of surgical intervention outside the epileptogenic
zone in the Virtual Epileptic Patient (VEP). PLoS computational biology. 2019; 15(6):e1007051. https://
doi.org/10.1371/journal.pcbi.1007051 PMID: 31242177

Jirsa VK, Proix T, Perdikis D, Woodman MM, Wang H, Gonzalez-Martinez J, et al. The virtual epileptic
patient: individualized whole-brain models of epilepsy spread. Neuroimage. 2017; 145:377-388. https://
doi.org/10.1016/j.neuroimage.2016.04.049 PMID: 27477535

Proix T, Jirsa VK, Bartolomei F, Guye M, Truccolo W. Predicting the spatiotemporal diversity of seizure
propagation and termination in human focal epilepsy. Nature communications. 2018; 9(1):1-15. https://
doi.org/10.1038/s41467-018-02973-y PMID: 29540685

Sip V, Hashemi M, Vattikonda AN, Woodman MM, Wang H, Scholly J, et al. Data-driven method to infer
the seizure propagation patterns in an epileptic brain from intracranial electroencephalography. PLOS
Computational Biology. 2021; 17(2):e1008689. https://doi.org/10.1371/journal.pcbi. 1008689 PMID:
33596194

Hashemi M, Vattikonda A, Sip V, Guye M, Bartolomei F, Woodman M, et al. The Bayesian Virtual Epi-
leptic Patient: A probabilistic framework designed to infer the spatial map of epileptogenicity in a person-
alized large-scale brain model of epilepsy spread. Neurolmage. 2020;. https://doi.org/10.1016/j.
neuroimage.2020.116839

Meisel C, Schulze-Bonhage A, Freestone D, Cook MJ, Achermann P, Plenz D. Intrinsic excitability
measures track antiepileptic drug action and uncover increasing/decreasing excitability over the wake/
sleep cycle. Proceedings of the National Academy of Sciences. 2015; 112(47):14694—14699. https:/
doi.org/10.1073/pnas.1513716112 PMID: 26554021

Meisel C, Plenz D, Schulze-Bonhage A, Reichmann H. Quantifying antiepileptic drug effects using
intrinsic excitability measures. Epilepsia. 2016; 57(11):e210—e215. https://doi.org/10.1111/epi. 13517
PMID: 27562603

Baud MO, Kleen JK, Mirro EA, Andrechak JC, King-Stephens D, Chang EF, et al. Multi-day rhythms
modulate seizure risk in epilepsy. Nature communications. 2018; 9(1):88. https://doi.org/10.1038/
s41467-017-02577-y PMID: 29311566

PLOS ONE | https://doi.org/10.1371/journal.pone.0272902  August 23, 2022 24/26


https://doi.org/10.1001/jamaneurol.2018.4316
https://doi.org/10.1001/jamaneurol.2018.4316
http://www.ncbi.nlm.nih.gov/pubmed/30508033
https://doi.org/10.1111/epi.12534
https://doi.org/10.1111/epi.12534
http://www.ncbi.nlm.nih.gov/pubmed/24621228
https://doi.org/10.1016/j.eplepsyres.2019.02.003
http://www.ncbi.nlm.nih.gov/pubmed/30850259
https://doi.org/10.1080/17434440.2019.1683445
https://doi.org/10.1080/17434440.2019.1683445
http://www.ncbi.nlm.nih.gov/pubmed/32936673
https://doi.org/10.1093/brain/awu133
http://www.ncbi.nlm.nih.gov/pubmed/24919973
https://doi.org/10.1523/JNEUROSCI.1570-14.2014
http://www.ncbi.nlm.nih.gov/pubmed/25378166
https://doi.org/10.1186/s13408-017-0050-8
http://www.ncbi.nlm.nih.gov/pubmed/28744735
https://doi.org/10.7554/eLife.55632
http://www.ncbi.nlm.nih.gov/pubmed/32691734
https://doi.org/10.1371/journal.pcbi.1006805
https://doi.org/10.1371/journal.pcbi.1006805
http://www.ncbi.nlm.nih.gov/pubmed/30802239
https://doi.org/10.1371/journal.pcbi.1007051
https://doi.org/10.1371/journal.pcbi.1007051
http://www.ncbi.nlm.nih.gov/pubmed/31242177
https://doi.org/10.1016/j.neuroimage.2016.04.049
https://doi.org/10.1016/j.neuroimage.2016.04.049
http://www.ncbi.nlm.nih.gov/pubmed/27477535
https://doi.org/10.1038/s41467-018-02973-y
https://doi.org/10.1038/s41467-018-02973-y
http://www.ncbi.nlm.nih.gov/pubmed/29540685
https://doi.org/10.1371/journal.pcbi.1008689
http://www.ncbi.nlm.nih.gov/pubmed/33596194
https://doi.org/10.1016/j.neuroimage.2020.116839
https://doi.org/10.1016/j.neuroimage.2020.116839
https://doi.org/10.1073/pnas.1513716112
https://doi.org/10.1073/pnas.1513716112
http://www.ncbi.nlm.nih.gov/pubmed/26554021
https://doi.org/10.1111/epi.13517
http://www.ncbi.nlm.nih.gov/pubmed/27562603
https://doi.org/10.1038/s41467-017-02577-y
https://doi.org/10.1038/s41467-017-02577-y
http://www.ncbi.nlm.nih.gov/pubmed/29311566
https://doi.org/10.1371/journal.pone.0272902

PLOS ONE

Critical dynamics in the spread of focal epileptic seizures

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Proix T, Truccolo W, Leguia MG, Tcheng TK, King-Stephens D, Rao VR, et al. Forecasting seizure risk
in adults with focal epilepsy: a development and validation study. The Lancet Neurology. 2021; 20
(2):127—135. https://doi.org/10.1016/S1474-4422(20)30396-3 PMID: 33341149

Kramer MA, Truccolo W, Eden UT, Lepage KQ, Hochberg LR, Eskandar EN, et al. Human seizures
self-terminate across spatial scales via a critical transition. Proc Natl Acad Sci USA. 2012; 109
(51):21116-21121. https://doi.org/10.1073/pnas.1210047110 PMID: 23213262

Dahmen D, Griin S, Diesmann M, Helias M. Second type of criticality in the brain uncovers rich multiple-
neuron dynamics. Proceedings of the National Academy of Sciences. 2019; 116(26):13051-13060.
https://doi.org/10.1073/pnas.1818972116 PMID: 31189590

El Houssaini K, Bernard C, Jirsa VK. The Epileptor model: a systematic mathematical analysis linked to
the dynamics of seizures, refractory status epilepticus and depolarization block. Eneuro. 2020;. https:/
doi.org/10.1523/ENEURO.0485-18.2019 PMID: 32066612

Proix T, Spiegler A, Schirner M, Rothmeier S, Ritter P, Jirsa VK. How do parcellation size and short-
range connectivity affect dynamics in large-scale brain network models? Neurolmage. 2016; 142:135—
149. PMID: 27480624

Christensen K, Moloney NR. Complexity and criticality. vol. 1. World Scientific Publishing Company;
2005.

Livi R, Politi P. Nonequilibrium statistical physics: a modern perspective. Cambridge University Press;
2017.

Dickman R, Vespignani A, Zapperi S. Self-organized criticality as an absorbing-state phase transition.
Physical Review E. 1998; 57(5):5095. https://doi.org/10.1103/PhysRevE.57.5095

Bak P, Tang C, Wiesenfeld K. Self-organized criticality: An explanation of the 1/f noise. Physical review
letters. 1987; 59(4):381. https://doi.org/10.1103/PhysRevLett.59.381 PMID: 10035754

Zapperi S, Lauritsen KB, Stanley HE. Self-organized branching processes: mean-field theory for ava-
lanches. Physical review letters. 1995; 75(22):4071. https://doi.org/10.1103/PhysRevlLett.75.4071
PMID: 10059807

Burns SP, Santaniello S, Yaffe RB, Jouny CC, Crone NE, Bergey GK, et al. Network dynamics of the
brain and influence of the epileptic seizure onset zone. Proceedings of the National Academy of Sci-
ences. 2014; 111(49):E5321-E5330. https://doi.org/10.1073/pnas.1401752111 PMID: 25404339

Yaffe RB, Borger P, Megevand P, Groppe DM, Kramer MA, Chu CJ, et al. Physiology of functional and
effective networks in epilepsy. Clinical Neurophysiology. 2015; 126(2):227-236. https://doi.org/10.
1016/j.clinph.2014.09.009 PMID: 25283711

Kramer MA, Eden UT, Cash SS, Kolaczyk ED. Network inference with confidence from multivariate
time series. Physical Review E. 2009; 79(6):061916. https://doi.org/10.1103/PhysRevE.79.061916
PMID: 19658533

Proix T, Bartolomei F, Guye M, Jirsa VK. Individual brain structure and modelling predict seizure propa-
gation. Brain. 2017; 140(3):641-654. https://doi.org/10.1093/brain/awx004 PMID: 28364550

Swadlow HA, Waxman SG. Axonal conduction delays. Scholarpedia. 2012; 7(6):1451. https://doi.org/
10.4249/scholarpedia.1451

Valentin A, Anderson M, Alarcon G, Seoane JG, Selway R, Binnie C, et al. Responses to single pulse
electrical stimulation identify epileptogenesis in the human brain in vivo. Brain. 2002; 125(8):1709—
1718. https://doi.org/10.1093/brain/awf187 PMID: 12135963

Keller CJ, Honey CJ, Entz L, Bickel S, Groppe DM, Toth E, et al. Corticocortical evoked potentials
reveal projectors and integrators in human brain networks. Journal of Neuroscience. 2014; 34
(27):9152-91683. https://doi.org/10.1523/JNEUROSCI.4289-13.2014 PMID: 24990935

Trebaul L, Deman P, Tuyisenge V, Jedynak M, Hugues E, Rudrauf D, et al. Probabilistic functional trac-
tography of the human cortex revisited. Neurolmage. 2018; 181:414-429. https://doi.org/10.1016/j.
neuroimage.2018.07.039 PMID: 30025851

Dhamala M, Jirsa VK, Ding M. Enhancement of neural synchrony by time delay Physical review letters.
2004; 92(7):074104 PMID: 14995856

Deco G, Jirsa VK, Mcintosh AR, Sporns O, Kétter R. Key role of coupling, delay, and noise in resting
brain fluctuations. Proceedings of the National Academy of Sciences. 2009; 106(25):10302—10307
https://doi.org/10.1073/pnas.0901831106 PMID: 19497858

Al-Darabsah |, Chen L, Wilten N, Campbell SA. The Impact of Small Time Delays on the Onset of Oscil-
lations and Synchrony in Brain Networks. Frontiers in Systems Neuroscience. 2021; 15:58 https://doi.
org/10.3389/fnsys.2021.688517 PMID: 34290593

Khoshkhou M, Montakhab A. Spike-timing-dependent plasticity with axonal delay tunes networks of
Izhikevich neurons to the edge of synchronization transition with scale-free avalanches. Frontiers in
systems neuroscience, 13:73,2019. https://doi.org/10.3389/fnsys.2019.00073 PMID: 31866836

PLOS ONE | https://doi.org/10.1371/journal.pone.0272902  August 23, 2022 25/26


https://doi.org/10.1016/S1474-4422(20)30396-3
http://www.ncbi.nlm.nih.gov/pubmed/33341149
https://doi.org/10.1073/pnas.1210047110
http://www.ncbi.nlm.nih.gov/pubmed/23213262
https://doi.org/10.1073/pnas.1818972116
http://www.ncbi.nlm.nih.gov/pubmed/31189590
https://doi.org/10.1523/ENEURO.0485-18.2019
https://doi.org/10.1523/ENEURO.0485-18.2019
http://www.ncbi.nlm.nih.gov/pubmed/32066612
http://www.ncbi.nlm.nih.gov/pubmed/27480624
https://doi.org/10.1103/PhysRevE.57.5095
https://doi.org/10.1103/PhysRevLett.59.381
http://www.ncbi.nlm.nih.gov/pubmed/10035754
https://doi.org/10.1103/PhysRevLett.75.4071
http://www.ncbi.nlm.nih.gov/pubmed/10059807
https://doi.org/10.1073/pnas.1401752111
http://www.ncbi.nlm.nih.gov/pubmed/25404339
https://doi.org/10.1016/j.clinph.2014.09.009
https://doi.org/10.1016/j.clinph.2014.09.009
http://www.ncbi.nlm.nih.gov/pubmed/25283711
https://doi.org/10.1103/PhysRevE.79.061916
http://www.ncbi.nlm.nih.gov/pubmed/19658533
https://doi.org/10.1093/brain/awx004
http://www.ncbi.nlm.nih.gov/pubmed/28364550
https://doi.org/10.4249/scholarpedia.1451
https://doi.org/10.4249/scholarpedia.1451
https://doi.org/10.1093/brain/awf187
http://www.ncbi.nlm.nih.gov/pubmed/12135963
https://doi.org/10.1523/JNEUROSCI.4289-13.2014
http://www.ncbi.nlm.nih.gov/pubmed/24990935
https://doi.org/10.1016/j.neuroimage.2018.07.039
https://doi.org/10.1016/j.neuroimage.2018.07.039
http://www.ncbi.nlm.nih.gov/pubmed/30025851
http://www.ncbi.nlm.nih.gov/pubmed/14995856
https://doi.org/10.1073/pnas.0901831106
http://www.ncbi.nlm.nih.gov/pubmed/19497858
https://doi.org/10.3389/fnsys.2021.688517
https://doi.org/10.3389/fnsys.2021.688517
http://www.ncbi.nlm.nih.gov/pubmed/34290593
https://doi.org/10.3389/fnsys.2019.00073
http://www.ncbi.nlm.nih.gov/pubmed/31866836
https://doi.org/10.1371/journal.pone.0272902

PLOS ONE

Critical dynamics in the spread of focal epileptic seizures

40.

M.

42,

43.

44,

45.

46.

Wang Z, Tian C, Dhamala M, Liu Z. A small change in neuronal network topology can induce explosive
synchronization transition and activity propagation in the entire network. Scientific reports. 2017; 7
(1):561. https://doi.org/10.1038/s41598-017-00697-5 PMID: 28373712

Khambhati AN, Davis KA, Lucas TH, Litt B, Bassett DS. Virtual cortical resection reveals push-pull net-
work control preceding seizure evolution. Neuron. 2016; 91(5):1170—1182. https://doi.org/10.1016/j.
neuron.2016.07.039 PMID: 27568515

Truccolo WA, Rangarajan G, Chen Y, Ding M. Analyzing stability of equilibrium points in neural net-
works: a general approach. Neural Netw. 2003; 16(10):1453—1460. https://doi.org/10.1016/S0893-
6080(03)00136-9 PMID: 14622876

Sritharan D, Sarma SV. Fragility in dynamic networks: application to neural networks in the epileptic cor-
tex. Neural computation. 2014; 26(10):2294—-2327. hitps://doi.org/10.1162/NECO_a_00644 PMID:
25058705

Li A, Huynh C, Fitzgerald Z, Cajigas |, Brusko D, Jagid J, et al. Neural fragility as an EEG marker of the
seizure onset zone. Nature neuroscience. 2021; 24(10):1465—1474. https://doi.org/10.1038/s41593-
021-00901-w PMID: 34354282

Muldoon SF, Pasqualetti F, Gu S, Cieslak M, Grafton ST, Vettel JM, et al. Stimulation-based control of
dynamic brain networks. PLoS computational biology. 2016; 12(9):€1005076. https://doi.org/10.1371/
journal.pcbi.1005076 PMID: 27611328

Scheid BH, Ashourvan A, Stiso J, Davis KA, Mikhail F, Pasqualetti F, et al. Time-evolving controllability
of effective connectivity networks during seizure progression. Proceedings of the National Academy of
Sciences. 2021; 118(5). https://doi.org/10.1073/pnas.2006436118 PMID: 33495341

PLOS ONE | https://doi.org/10.1371/journal.pone.0272902  August 23, 2022 26/26


https://doi.org/10.1038/s41598-017-00697-5
http://www.ncbi.nlm.nih.gov/pubmed/28373712
https://doi.org/10.1016/j.neuron.2016.07.039
https://doi.org/10.1016/j.neuron.2016.07.039
http://www.ncbi.nlm.nih.gov/pubmed/27568515
https://doi.org/10.1016/S0893-6080(03)00136-9
https://doi.org/10.1016/S0893-6080(03)00136-9
http://www.ncbi.nlm.nih.gov/pubmed/14622876
https://doi.org/10.1162/NECO_a_00644
http://www.ncbi.nlm.nih.gov/pubmed/25058705
https://doi.org/10.1038/s41593-021-00901-w
https://doi.org/10.1038/s41593-021-00901-w
http://www.ncbi.nlm.nih.gov/pubmed/34354282
https://doi.org/10.1371/journal.pcbi.1005076
https://doi.org/10.1371/journal.pcbi.1005076
http://www.ncbi.nlm.nih.gov/pubmed/27611328
https://doi.org/10.1073/pnas.2006436118
http://www.ncbi.nlm.nih.gov/pubmed/33495341
https://doi.org/10.1371/journal.pone.0272902

