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Network approaches have been widely accepted to guide surgical strategy and predict outcome for epilepsy treatment.
This study starts with a single oscillator to explore brain activity, using a phenomenological model capable of describing
healthy and epileptic states. The ictal number of seizures decreases or remains unchanged with increasing the speed of
oscillator excitability and in each seizure, there is an increasing tendency for ictal duration with respect to the speed. The
underlying reason is that the strong excitability speed is conducive to reduce transition behaviors between two attractor
basins. Moreover, the selection of the optimal removal node is estimated by an indicator proposed in this study. Results
show that when the indicator is less than the threshold, removing the driving node is more possible to reduce seizures
significantly, while the indicator exceeds the threshold, the epileptic node could be the removal one. Furthermore, the
driving node is such a potential target that stimulating it is obviously effective in suppressing seizure-like activity compared
to other nodes, and the propensity of seizures can be reduced 60% with the increased stimulus strength. Our results could
provide new therapeutic ideas for epilepsy surgery and neuromodulation.

Keywords: epilepsy, driving node, epileptic node, seizure regulation
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1. Introduction

Epilepsy is a neurological disease that has developed into
a public health imperative, affecting about 70 million peo-
ple worldwide.!'! Due to the structural and functional disor-
der in the brain, neurons show pathological synchronized dis-
charges and epilepsy seizures appear.!>3] Recurrent seizures
disturb the normal life of patients seriously. The epilepsy
treatment has long been a popular issue in the medical com-
munity, and drug therapy is generally used in clinical prac-
tice. Though antiepileptic drugs are continuously developed,
there are still more than 30% of patients suffering recurrent
seizures after long-term treatment. For these patients, surgery
and neuromodulation therapy are regarded as potential ways
by which to get rid of seizures.!*! However, identifying re-
section or stimulus target directly impacts the treatment out-
come. Therefore, it is particularly important to understand the
mechanism of seizure generation and determine the accurate
target of epilepsy therapy.

According to neuroimaging data, large-scale brain net-
works are widely constructed which cover structural and func-
tional features.!>® Network theory approach is to simplify
these features and establish mathematical models in which
brain regions are considered as nodes and connections among
various regions are network edges. The obtained model is
able to reveal the temporal evolution of node and the topo-
logical property of network. This method has been devoted
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to exploring brain diseases, and epilepsy is listed among
them.~!!'l Such approach has first application in research-
ing network characteristics during epileptic seizures. Seizures
have been found to depend on the network structure and patho-
logical regions, thus changes in these two aspects can pro-

U2-151 Also, various states of the brain have

duce epilepsy.
corresponding topologies of functional networks, especially
in pre- and post-seizures.!'®! The indicators in the graph the-
ory further show network features in seizures. Compared
to healthy networks, the mean node degree of epileptic net-
works is higher, meaning that networks with high node de-
grees tend to produce epileptic dynamics and increase the in-
cidence of seizures.!!”l Healthy and epileptic brains may re-
flect changes in clustering coefficients, and small-world net-
works have higher clustering coefficients which are prone to
seizures.!'®! All these studies have suggested the effect of net-
work topology on the epilepsy pathogenesis.

External perturbations can simulate surgery resec-

19.20 21-23] which is help-

tion!!%2% and neuromodulation therapy,!
ful to develop effective treatments. In the case of epilepsy
surgery, the network approach is a potential avenue to guide
strategies and predict outcomes which are modeled by remov-
ing nodes or edges in vitro. Generally speaking, resecting key
regions is a preferred way, such as epileptic focus or seizure
onset zone, but it does not always result in the best surgical

(24,25

outcome. I In addition, the selection of removed nodes is
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likely to depend on the network structure. For example, in
scale-free and rich-club networks, specific nodes should be re-
moved which are critical for seizures, whereas in small-world
networks, removing enough nodes might be effective in con-
trolling seizures. *%! This reveals that patients may have incon-
sistent responses to the same surgery strategy because network
connections are different, which increases the difficulty in the
surgery. Therefore, it is necessary to provide a universal resec-
tion scheme which is as independent as possible from the net-

27281 have focused on driving nodes

work structure. Research!
in four-nodes networks, and compared the trend of brain net-
work ictogenicity (BNI) which described the propensity of a
network to generate seizures. Results show BNI is higher in
networks that contain driving nodes and highlight a decision
role of driving nodes in epilepsy networks. However, how to
choose the node to be removed is still intractable, i.e., abnor-
mal hyperexcitable nodes or important nodes in the network,
and there is not yet a relatively uniform strategy.

In this context, we aim to investigate the generation of
seizure-like activity and the influence of resection on epilepsy
networks. The model we used is a phenological model that
includes the healthy background state and epileptic state,
which is a modified model of the form of the subcritical
Hopf bifurcation, and offers a theoretical framework to ex-
plain the coexistence of healthy and pathological states by
bifurcation analysis.[!3?°1 This type of model is a simplifi-
cation of biophysics models, and can suggest the key fea-
ture during the seizures process and give exhaustive research
on dynamics.[**3!] Based on this, Hebbink et al. introduced
the oscillator excitability as a slow variable and considered
node dynamics as a fast-slow system.[?”! Noise or perturbation
can induce transition behaviors between healthy and epileptic
states, and a number of studies have focused on the seizure
generation and effective regulation paradigms.!!”-?7°1 Thus,
using the model to inscribe the node dynamics can achieve
our research purpose. On the one hand, a comprehensive study
of seizure features could be helpful to prevent epilepsy from
the point of mechanisms. On the other hand, exploring com-
mon resection strategies can provide theoretical guidance for
epilepsy surgery.

2. Model
2.1. Dynamical analysis for a single oscillator

Computational model is a means of gaining insight into
the discharge mechanisms of neuronal systems, usually con-
tains realistic models derived from real biological experiments
and phenomenological models constructed to reveal the com-
mon property. The choice of phenomenological models to
characterize large-scale networks has the advantage of being
computationally small in the case where phenomenological

model has an approximately match to realistic models. Here,
we introduce a phenomenological model to describe transition
behaviors between inter-ictal and ictal states of epilepsy. The

dynamical description is as follows: [13-27:2%]

{z’ =z(A—1+io+2z —|2*) + adw,

. 1
TA=X—A—|z% M

where z = x+ iy is a complex activity variable. The model
has the correspondence with the known biophysics system. 32!
Correspondingly, the real part x is interpreted as the membrane
potential of excitatory pyramidal population and the imaginary
part y is the membrane potential of inhibitory interneurons in
the cortex. A is a real variable that represents the oscillator
excitability and affects the balance between excitation and in-
hibition function. 7 is the speed of oscillator excitability A and
regulates the release of neurotransmitter. Ag is the excitability
level and the parameter @ represents the oscillation frequency
that is around 3 Hz when @ = 20. The Weiner process W
with noise strength o shows the background input from other
regions.

To understand the dynamical property of the oscillator,
we calculate solutions of Eq. (1) and analyze the stability with-
out the noise input adW. Through phase rotations z — elf0)z,
(p(t) = o, the time evolutions of the radial and angular are
2(t) = /p(t)e'?", p(t) = |z|*> = zZ, and the obtained equa-
tion is given below:

p=-2p3+4p>+2(A —1)p, ®
TA=l—2A—p.

The solutions of Eq. (2) satisfy
2p[-p* +2p+ (A —1)] =0, )
lo—A—p=0.

Equation (3) has three solutions: a fixed point p; =0, A; = Ag;

limit cycles pr 3 = (1 £+/440 —3)/2, 223 = Ap — p2,3. Comb-
ing the stationary conditions
<0, “

(%), 50 5(%)

we further analyze properties of the solutions. For the fixed

point (p1, A1), we get

9 (4
dp \ dr
=-1<0, (5)

K <‘M)
ANt /] (p a)

suggesting that the stationary is decided by Ay. For periodic
solutions, py 3 > 0 possibly establishes when Ay > 0.75 and
two limit cycles are unstable in the region of A9 € (0.75,1),

9 (dp
dp \ dr

=2(A 1),

(P1:41)

because

= 4l 1) >0,

(P23,423)
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d [dA
— | — =—-1<0. 6
Y} ( ar ) < ©
When A9 > 1, p» > 0 and p3 < 0. There is a stable periodic
solution (p2, ), satisfying

9 (dp
dp \ dr
9 (4
oA\ dr

As a whole, the solutions are roughly classified in the light of

Ao

(i) Ao € (0,0.75), stable fixed point;

(ii) Ap € (0.75,1), stable fixed point and unstable limit
cycle;

(iii) Ap € (1,2), unstable fixed point and stable limit cycle.

(P23:423)

=—4(X—-1)<0,

(P2,22)

=-1<0. 7
(P2:42)

1.5
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( ) TR(0.95,0.97)

 — Stable fixed point
—— Unstable fixed point

1.0

0.5+ LP(0.75,0.75) Stable limit cycle

D O Unstable limit cycle
g Y HB(1,0)
—0.5}F
—1.0} g
-15 : - -
0 0.5 1.0 1.5 2.0
Ao
2.0y (b) — =12
e N=0.96
1.57 . Ao=0.3
0.5 1
.
0+
2 —2
0 0
Re(z) —22 Im(z)

Fig. 1. (a) Dynamical bifurcation diagram with respect to the excitabil-
ity level Ay. The red and black lines represent stable and unstable fixed
points, green and blue circles are stable and unstable limit cycles. There
are three bifurcations: fold limit cycle bifurcation (LP), torus bifur-
cation (TR), and Hopf bifurcation (HB). (b) Phase diagram in (Re(z),
Im(z), Ag). The red dots are fixed points and blue circles are limit cycles
with Ay = 0.3,0.96,1.2. The stable fixed point and limit cycle coexist
in the region A9 € (0.95,1).

In the meanwhile, figure 1(a) presents a bifurcation dia-
gram with respect to the excitability level Ay, illustrating so-
lutions of the system by software XPP-AUTO. The red and
black lines represent stable and unstable fixed points, other-
wise, green and blue circles are stable and unstable limit cy-
cles. There is a stable fixed point when A9 < 0.75, and the
system presents background state. Next, unstable limit cycles
arise from fold limit cycle bifurcation (LP) with Ay = 0.75,
and the stable basin is still generated by the fixed point. After

the Hopf bifurcation (HB) with Ay = I, the stable solution is
the limit cycle, thus the system shows oscillation activity. In
addition, a complex limit cycle bifurcation, torus bifurcation
(TR), is found numerically which induces a bistable region in
Ao € (0.95,1). In this region, the stable fixed point and limit
cycle coexist as shown in Fig. 1(b) and the final state depends
on initial conditions.

2.2. Dynamical network model and measures

To explore the effect of network topology on epileptic
seizures, we apply a coupled network where each node is con-
sisted of the phenomenological model:

Z=zuM—14+ i(1)+2|zk|2 — \Zk\4)
ﬁ N
+N21Ajk(zjfzk)+adwk, 8)
]:
The = Ao — M — |z

Here, equation (8) describes the dynamics of node k, and
N is the total number of nodes. The adjacency matrix A is de-
fined that, if node j has a connection with node k, then A j; = 1,
otherwise Aj; = 0. In the network, diffusive coupling is re-
garded as the connectivity method that is linear and propor-
tional to the difference between states of two nodes with the
same strength f3.

The following measures quantify the seizure of each node
and network. The first one is seizure rate (SZ), calculating the
rate of ictal time in all simulations:

técZ

SZy = ©))

where X, devotes to be the time being in the ictal state of node

k, and T is the simulation time. This indicator reflects the
seizure event of each node and the contribution to the overall
network. To assess the seizure dynamics in networks, quite
a few studies have used the second one, brain network icto-
genicity (BNI).[!7-19:28:33] The concept of BNI corresponds to
the average time that each node spends in the ictal state, which

is regulated by
BNI = 1 Y @ (10)
N&~T

k

BNI characterizes the propensity that a network generates
seizure-like activity, and the network is in the ictal state for a
long time which causes BNI to be high. For a specific network,
we aim to reduce BNI so that the network has a weaker capac-
ity to generate seizure-like discharges. Here, we consider the
coupling strength 8 in a wide range, instead of restricting it to
be fixed values, and the BNI is averaged over different values
involving weak and strong couplings.
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3. Results

3.1. Ictal number and duration are associated with the
speed of oscillator excitability

An important output of the model Re(z), i.e. PY, is used
to simulate the EEG activity as figure 2(a) shows. The activ-
ity around the stable fixed point with a tiny amplitude is the
inter-ictal state and the oscillation with high amplitude rep-
resents ictal state. The noise can induce transition behaviors
between two states and change the oscillator excitability A.
Specifically, when the noise forces the system to display ictal
activity, the oscillator excitability A decreases from the initial
excitability level A9 = 0.7. When the transition to inter-ictal
state happens, A returns to the original level A, as presented
in Fig. 2(b). Thus, the excitation—inhibition balance is dis-
rupted because the oscillator excitability falls below the basic
level, which generates the seizure event. It is worth point-
ing out that the system has a stable fixed point when Ay = 0.7
(Fig. 1(a)), while due to the presence of noise, transition be-
haviors have occurred, indicating that the system also has a
limit cycle (Fig. 2(a)). To further confirm, figure 2(c) shows
that there does exist a bistable region consisting of the fixed
point and limit cycle, and the trajectory can jump between
them with @ = 0.1. This illustrates that the bifurcation phe-
nomenon is qualitatively altered by the noise perturbation.

2

(a)

Ictal number Ictal duration

0 50 100 150 200

0 50 100 150 200
t

(c) A=0.7,a=0.1

Fig. 2. (a) Time series of Re(z)-t, ictal number=2, ictal duration ~ 5 s.

(b) Time series of A—. (c) Phase diagram when A9 = 0.7, o = 0.1, and the

bifurcation phenomenon is qualitatively altered by the noise perturbation.
Recurrent seizures are bound to be harmful to patients,

S0 it is necessary to recognize potential inducements, which is

helpful to prevent seizures. We firstly concern the ictal num-
ber which refers to how many times seizures occur in a period
of time, for example, ictal number is two in Fig. 2(a). Figure 3
describes how ictal number links to the speed of oscillator ex-
citability T within 500 s, when excitability level Ay and noise
strength o are fixed, respectively. Taken as a whole, the ic-
tal number decreases progressively or remains unchanged with
respect to the speed of oscillator excitability 7. This is because
with increasing the speed of oscillator excitability, changes in
the oscillator excitability occur relatively slowly. Nonetheless,
the effect of noise on the ictal number is clearly visible in
Fig. 3(a) with A9 = 0.7. When a = 0.05, 0.08, the ictal num-
ber is zero, thus the system remains in the healthy state though
there is a weak perturbation. As o = 0.1, the noise induces
transition behaviors and the ictal number is non-zero, which
happens in a bistable region with A9 = 0.7. When o proceeds
to change, the ictal number has increased for the same value of
T, suggesting the system is easier to arrive the limit cycle basin
under strong noise perturbation. A similar effect of excitabil-
ity level Ay on the ictal number is observed in Fig. 3(b) at a
given noise strength o = 0.1. For the same 7, the ictal num-
ber increases because the system is more active in two basins
when A is larger.

35— . . .
(a) A=0.7 —— a=0.05
30' -o-a:0.0S
a=0.1
25F —— a=0.12
g —— a=0.15
e 20t a=0.2
=]
=}
= 157
S
= 10f
5. b
Ob—s . . . . |

Ictal number

10 20 30 40 50 60
T

Fig. 3. Ictal number changes with respect to the speed of oscillator excitability
7. Taken as a whole, the ictal number decreases progressively or remains un-
changed with respect to 7. (a) When the noise strength & proceeds to change,
the ictal number increases for the same 7, indicating the system is easier to
arrive the limit cycle basin under strong noise perturbation, given A9 = 0.7.
(b) The excitability level A also has a similar effect on the ictal number, given
o =0.1. For the same 7, the ictal number increases because the system is more
active in two basins when Ay is larger.
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In each seizure event, the ictal duration is determined by
the slow dynamics and its speed, but the exact relationship is
still unclear.!*”! Based upon, we find that there is an increas-
ing trend of the ictal duration when the speed of oscillator
excitability T changes as figure 4 shows. To be specific, the
larger «, the smaller duration is (Fig. 4(a)). It is much more
frequent that the system transits between two states under the
stronger noise, which causes the duration in a specific state is
temporary. Different from the effect of «, the ictal duration
also increases when A is increased under the same 7, indi-
cating that the active oscillator is prone to keep in the limit
cycle basin for a long time. Therefore, our results suggest that
the ictal duration can be predicted according to the speed of
oscillator excitability.

50 r
(a) >\0 =0.7

401

Qo Qe
IR
cooo
N ==
ot N

301

20t

Ictal duration

Ictal duration

0 10 20 30 40 50 60

Fig. 4. Ictal duration changes with respect to the speed of oscillator
excitability . There is an increasing trend of the ictal duration along
with the speed 7. (a) Given A9 = 0.7, the larger ¢, the smaller duration
is. (b) Given o = 0.1, the ictal duration also increases when A is in-
creased under the same 7. Our results suggest that the ictal duration can
be predicted according to the speed of oscillator excitability.

3.2. Removing critical node is effective for seizure regula-
tion
Changes in the network structure do affect the propensity
of seizures, and surgery treatment aims to remove the key issue
to prevent recurrence seizures. Removing nodes and edges can
simulate the surgery process from a computational modeling
perspective, and how to identify the target node has caught in-

creasing focus. In this study, we assess two types of important

nodes in epilepsy networks. The first one is serious epilep-
tic node (EN) which has the maximum of SZ, and removing
EN is a preferred choice in the traditional surgery for epilepsy
treatment. Another one is driving node (DN), of which the in-
degree is zero. As examples, figure 5 shows three four-node
networks with different edges and the DN is marked by red in
each network. This type of node plays a decisive role in the
network, for example, if the node displays oscillation activ-
ity and other nodes do not, all nodes will show synchronous
oscillation activity eventually. Therefore, it is worthy of fur-
ther investigation on which types of nodes to be removed for
seizure regulation.
(a) Edge=5

(b) Edge=6 (c) Edge=7

2
é)
pe
.
o

x;

Fig. 5. Four-node networks have a single driving node which is marked by
red: (a) edge=35, (b) edge =06, (c) edge=7; the following investigation is
based on the network (b).

(a) Removed DN

15[—=—Before coupling EN
—e— After coupling

X 10f
5 5r
0 2 3 4

1 2 3 4
Node

(b) Removed EN
—=—Before coupling EN

|—e— After coupling

0.06}
0.04}

BNI

0.02}

2 3
Node

Fig. 6. Two cases about node removal are shown, one is DN and the
other is EN. (a) Node 4 is marked as the EN, the DN (node 2) has a
lower value of SZ before coupling (blue line). BNI of the network is
close to 0.1, depicted by the red dash line, and the blue bar chart shows
BNI of the remained connected network. BNI is the minimal after re-
moving DN, while has a little variation even increase after removing
other nodes. Thus, DN is the primary target and other nodes are inef-
fective. (b) By contrast, removing EN can reduce BNI while removing
other nodes cannot.

We start with a small scale network with four-nodes, in
which there are 66 networks with a single DN. To compare the
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propensity of seizures after removing nodes, we select a spe-
cific network (Fig. 5(b)) where node 2 is a DN and the follow-
ing investigation is based on this network. Instead of fixing the
value of coupling strength 3, we vary it from weak to strong
coupling, and calculate the average value of BNI. In each sim-
ulation, the randomly generated noise is different, so BNI of
the network and the node marked as EN will also be differ-
ent. Two cases about node removal are shown in Fig. 6, one
is DN and the other is EN. In the upper subfigure of Fig. 6(a)
where node 4 is marked as the EN, the DN (node 2) has a
lower value of SZ before coupling (blue line), as well as the
SZ of each node is almost equal after coupling (orange line).
BNI of the network is close to 0.1, depicted by the red dash
line in the lower subfigure of Fig. 6(a). We try to remove each
node to reduce BNI, and the blue bar chart shows BNI of the
remained connected network. Interestingly, BNI is the mini-
mal after removing DN, while BNI has a little variation even
increase after removing other nodes. Thus, DN is the primary
target and other nodes are ineffective. In another situation, as
figure 6(b) displays, we find that removing EN can reduce BNI
while removing other nodes can not. The reason lies in the ap-
parent difference in SZgn and SZpy in which DN is almost in
the non-seizure state. The results reveal that the selection of
removal nodes not only depends on the initial seizure condi-
tion, but also associates with the node position in the network.

According to our simulation, DN and EN both may be the

removal target, but how to select is still unclear. After 1000

I'SZENI (a)‘Rlemovec'l DN . ..

15_. S.ZDy . . -.: e ° .. .
o ® “I’. Cee ° 3 Se *
e 0% o
< By .‘.. So o .'. A oc® o° N Voo ®,
= 10 ":".;5'3-‘:::;}::\ 5“-"!":"" Y
2 A B

° ° ‘. s ®
. oI p aSare’ 880 Do I I
k '.'? <37¢ }ﬁ! :% oa
5_.{5!&‘. ﬂ’ % o © -.%o’_
£8i8 » PapsVediie e §
0 100 200 300 400
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80 — - -

(b) Remgyed DN I SZen
]

SZ

% 60| [ SZpn
g
3
3
S 40}
o
o
g
E 20t
)
]

0 5 10 15 20

SZ (%)

simulations, we classify the outcome into two categories. One
part is the case where the removal of DN is effective (Figs. 7(a)
and 7(b)) and occupies relatively great proportion, in which
the condition SZpyN = SZgy is omitted. According to Fig. 7(a),
we find that SZgy (red dots) and SZpn (blue dots) mix together
and there is no sharp line separating SZpn from SZgy, which
is also demonstrated by counting the occurrence of SZgN and
SZpn as shown in Fig. 7(b). In the other case, the target node
of removing is EN. SZpy is obviously lower than SZgn, and
there is a distinct boundary between the two in Figs. 7(c) and
7(d). In order to distinguish the two situations more clearly,
we propose an indicator AP = Pro(SZgx) — Pro(SZpn), that
is the difference between the proportion of SZgn and SZpy in
the network. We find that there is a threshold, roughly equiv-
alent to 0.2 in our simulation, that can separate two kinds of
outcome when the edge is 6 in Fig. 8(b). When AP is less than
the threshold, DN is probably considered as the removal node,
and when AP is greater than the threshold, the target node is
more possible to be EN. In the network, the coupling term is
proportional to the difference between node states and attracts
the receiving node to move towards the delivering node. Thus,
the DN exerts attractive function to other nodes and is not in-
fluenced by others. When this type of nodes is removed, the
coupling effect is weakened and the propensity of seizures is
reduced to a greater extent. In summary, when DN and EN
have similar seizures, the DN plays a dominant role and re-
moving it can control seizures in the network.
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Fig. 7. (a) Seizure rates (SZ) of EN and DN, (b) count of occurrence of SZpyn and SZgy in simulations when the removal of DN is effective. SZpn and
SZgN mix together and there is no sharp line separating SZpy from SZgn. (c) SZ of EN and DN, (d) count of occurrence of SZpyn and SZgn when the
target node of removing is EN. SZpy is obviously lower than SZgy and there is a distinct boundary between the two.
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Without loss of generality, we verify the above conclu-
sions in all 66 four-node networks having a single DN. These
networks are divided into seven groups by edges, in which the
minimal edge is three and the maximal is nine. The number
of simulated networks (SN) under each edge is recorded in
Fig. 8(a). In each group, we clarify the outcomes and calculate
the rates that removing DN is effective in different network
structures. Then we show a statistical result in each group, and
find the rate has a growing tendency. As well, as figure 8(b)
displays, for a specific network in each group, when AP is
less than the threshold, removing DN is more possible to re-
duce the propensity of seizures significantly, while AP exceeds
the threshold, EN is likely a preferred target. Meanwhile, the
difference between the proportion of SZgN and SZpy is a po-
tential indicator, which may assist in determining the optimal
node to be removed. Thus, our result also holds true and has
robustness to the network structure.

(a) SN=2NF !

D
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©
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Fig. 8. Statistical results under different network structures. (a) In each
group, SN refers to the number of simulated networks, and the rate that re-
moving DN is effective has a growing tendency. (b) For a specific network
in each group, the AP = Pro(SZgn) — Pro(SZpy) is less than the threshold,
DN is probably considered as the removal node, and when AP is greater than
the threshold, the target node is more possible to be EN.

3.3. Stimulating driving node is another way for seizure

regulation

In addition to the surgery treatment, neuromodulation
therapy has been a widely applicable method in epilepsy regu-
lation, of which, a representative one is deep brain stimulation
(DBS). The rectangular pulse is the common waveform not
only in the experiments but also in clinical cases, and there
are lots of stimulus parameters that can be adjusted to achieve
a great control effect. To compare the stimulus outcome, we

introduce an indicator, NI;, which is defined as given below:

_ BNI;—BNI

NI
k BNI,

(11
BNIj is the initial BNI of the network, and BNI, is the value
after stimulating the node k. NI; < 0 means stimulating the
node k can reduce BNI of the network, while NI; > 0 illus-
trates that stimulating the node k induces more seizures.

In this subsection, we still choose the network in Fig. 5(b)
and perform the rectangular pulse on each node to examine
whether external DBS can reduce BNI of the network. When
detecting the seizure event of the node k, the stimulation is just
applied on this node, which is paused when the seizure disap-
pears. Moreover, the stimulus strength K is another factor to
change. Figure 9 shows the NI-K curves when stimulating dif-
ferent nodes. Specifically, stimulating the node 2 which is the
DN in the network notably reduces seizures for all strengths K
due to NI, < 0 (orange line). On the contrary, the purple line
depicts NI4 > 0 and the stimulation induces more seizure-like
discharges when the node 4 is the stimulus target. For the node
1 (blue line) and the node 3 (yellow line), the control effects
are comparable. It is worthy noting that NI, is monotonically
decreasing with respect to the stimulus strength K, illustrating
that the control effect is continuously improved. Such obser-
vation reveals in a way that the DN is obviously the best target
for DBS.

40

—— Node 1
—*— Node 2
20t Node 3

~ O
=
o —20f
—407T
—60 2
0 10 20 30 40 50
K

Fig. 9. NI-K curves when stimulate different nodes. Stimulating the
node 2 which is the DN in the network notably reduces seizures for all
strengths K due to NI, < 0 (orange line). On the contrary, the purple
line depicts NIy > 0 and the stimulation induces more seizure-like dis-
charges when the node 4 is the stimulus target. For the node 1 (blue
line) and the node 3 (yellow line), the control effects are comparable.
As examples, we show the time series of each node un-
der two different cases where K = 10 (Fig. 10(a)) and K = 20
(Fig. 10(b)), and the stimulus target is the node 2. In Fig. 10,
seizure discharges occur in the first 200 s, and the same seizure
is reproduced in 200 s—400 s. When detecting a seizure event
in 200 s—400 s, we apply the stimulation immediately (red
line). We find that oscillation activities are partially reduced
with a small strength K = 10 and seizure-like discharges dis-
appear for the most in the network with a large one K = 20.
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That is, the external stimulation with large strength can ef-
fectively release seizures when the DN is the stimulus target,
which might provide a possible treatment strategy for epilepsy.
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Fig. 10. Time series of each node when the stimulus target is the node 2.
Seizures occur in the first 200 s, and the same seizure is reproduced in
200 s—400 s. When detecting a seizure event in 200 s—400 s, the stim-
ulation is applied immediately (red line). (a) Oscillation activities are
partially reduced with a small strength K = 10. (b) Seizure-like dis-
charges disappear for the most in the network with a large one K = 20.

4. Discussion and conclusion

In this context, we used a phenomenological model to
understand the seizure trend by exploring brain activity. For
an individual oscillator, both theoretical and numerical analy-
ses demonstrated that bifurcation phenomena changed the so-
lution stability, and limit cycle and fixed point coexisted in
a specific region, which revealed the model was capable of
describing transition behaviors between healthy and epileptic
states. To find potential features of seizure, effects of the speed
of oscillator excitability, excitability level and noise strength
were discussed, respectively. When either excitability level
or noise strength was fixed, the ictal number of seizures de-
creased or remained unchanged with respect to the speed of
oscillator excitability (Fig. 3). This was because the increment
in the speed of oscillator excitability made oscillator excitabil-
ity change relatively slowly, and transitions between the two
attractors had been difficult. The ictal duration in each seizure
showed an increasing tendency, which might provide theoreti-
cal support for epilepsy prediction (Fig. 4).

Although previous studies have stressed the importance
of driving node and hyperexcitable node,?’?%! there is still

no clear removal strategy during epilepsy surgery. We try to
bridge this gap and further estimate how to select nodes to be
removed to control seizures in the network. We proposed an
indicator AP that was the difference between the proportion
of SZgn and SZpn, and compared two strategies for resecting
nodes, one of which was DN and the other was EN. Results
showed that removing DN significantly reduced BNI when AP
was lower than the threshold, which occupied a large propor-
tion in all simulations (Fig. 7). When AP was larger than the
threshold, removing EN might be more effective when AP was
larger than the threshold. In all four-node networks containing
a single DN, the above conclusions were further confirmed
and suggested that DN played a decision role in the epilep-
tic network, which were independent of the network structure
(Fig. 8). Analogizing DN to active regions in the brain, this
might explain the phenomenon that patients do not completely
achieve seizure-freedom despite the epileptic focus has been

34331 Generally, the region with serious seizures, first

resected. !
and foremost, draws the attention in clinic, but it may not trig-
ger seizures within the network. By way of comparison, the
active region is retained in the surgery, which could propagate
the pathological activity to surrounding regions. Furthermore,
stimulating DN was superior to other nodes in deep brain stim-
ulation, as well the regulation effect was improved with the in-
creased stimulus strength (Fig. 9), therefore, the DN was also
a potential target in the neuromodulation. In conclusion, not
only in the surgery, but also in the neuromodulation, identify-
ing active regions is crucial to choose regulation strategy.
More than that, it should point out the boundedness of
this study and the orientation in the future research. First,
we observed an approximately linear relationship between the
ictal duration and the speed of oscillator excitability, which
was limited to an oversimplified model. The exact relation-
ship should be further verified with a complex physiologically

1.136-38] Second, high-order interaction is widespread in

mode
the network, which originates from the regulation role of as-
trocyte and glial cells in the neural system.3°~*!1 A number of
studies have focused on the synchronization behaviors under-
lying higher-order interactions. For example, high-order inter-
action can lead to the traveling-wave propagation,*?] enhance
the neuronal synchronization, 3 and realize the optimal con-
trol on synchronization.**! These works are of great interest
for avoiding pathological synchronization, which highlights
considering the higher-order interaction in epilepsy networks
is a significant direction in future researches. In addition, our
study is based on four-node networks and shows the robust-
ness to the network structure. However, the brain is extremely
complex, which hints to expand obtained results in a large-
scale network. This study might provide novel insights into
the mechanism and therapy on epilepsy. Meanwhile, it will be
more meaningful to apply the current results in combination
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with the functional network.
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