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ABSTRACT

This article investigates the emergence of phase synchronization in a network of randomly connected neurons by chemical synapses. The study
uses the classic Hodgkin-Huxley model to simulate the neuronal dynamics under the action of a train of Poissonian spikes. In such a scenario,
we observed the emergence of irregular spikes for a specific range of conductances and also that the phase synchronization of the neurons is
reached when the external current is strong enough to induce spiking activity but without overcoming the coupling current. Conversely, if the
external current assumes very high values, then an opposite effect is observed, i.e., the prevention of the network synchronization. We explain
such behaviors considering different mechanisms involved in the system, such as incoherence, minimization of currents, and stochastic effects
from the Poissonian spikes. Furthermore, we present some numerical simulations where the stimulation of only a fraction of neurons, for
instance, can induce phase synchronization in the non-stimulated fraction of the network, besides cases in which for larger coupling values,
it is possible to propagate the spiking activity in the network when considering stimulation over only one neuron.
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The cooperative behavior of neurons and neuronal areas asso-
ciated with synchronization proves to be a fundamental neural
mechanism and is relevant to many cognitive processes. The brain
operates in a dynamic environment with spontaneous activity,
generating unpredictable action potentials in neurons. In this
scenario, neurons are submitted to a wide diversity of inputs
that are provided, for example, from ion channel flux to cou-
pling interactions and external perturbations. Hence, the effect
of stimulation and perturbation protocols on the spiking activity
is a key topic of relevance to neuroscience being the focus of

several works in the last few decades. This research article aims
to investigate the emergence of phase synchronization in a net-
work of randomly connected neurons under the effect of a train
of Poissonian spikes. The appearance of phase synchronization
is explained by analyzing the competition between internal and
external currents in the network, as well as considering the Pois-
son inputs only in a fraction of the neuronal network. The results
shed light on the emergence mechanism behind synchronous and
asynchronous activities in neuronal networks under stochastic
stimuli.
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. INTRODUCTION

The human brain is an intricate system composed of approx-
imately 10" neurons connected by 10" synapses.' Understanding
the relationship between the spatiotemporal activity patterns of neu-
rons and brain functions is a primary objective of neuroscience.
The complexity of the brain arises from the cooperative interac-
tion among neurons in response to external stimuli, which leads to
spontaneous activation patterns.’

In this work, we study the phase-synchronization features of a
sparse network of randomly connected neurons under the effect of
a train of Poissonian spikes. These types of spike inputs are thought
to play an important role in generating the highly irregular spiking
patterns observed in cortical neurons.”” There are several lines of
evidence that support the use of Poissonian spike inputs in cortical
neurons.” One of the key pieces of evidence comes from studies
of the statistics of natural stimuli, such as images or sounds.” These
studies have shown that the statistical properties of natural stimuli
are well-described by Poisson processes, suggesting that the brain
may have evolved to process information in a way that is optimized
for these statistics.™*’

To simulate the neuronal dynamics, we use the classic
Hodgkin-Huxley model,'” which mimics the action potential when
the neuron is stimulated above a threshold."" The model exhibits
Hopf bifurcations as the constant inputted current is varied,'"'”
in which for a range of currents, there is a stable limit cycle that
gives rise to periodic spiking behavior.”” We show that the behav-
ior induced by Poissonian spikes consists of irregular spikes for
a specific range of conductances. As the main result, we identi-
fied the appearance of high firing frequency and synchronization in
the network considering different fractions of Poissonian perturbed
neurons. Our findings highlight the influence of stochastic external
stimuli (Poissonian) and internal neuronal interactions (coupling)
on the brain’s emergence of complex firing patterns.

The neuronal activity characterized by the action potential
occurs due to a process of depolarization followed by repolariza-
tion when neurons are sufficiently stimulated."” When two or more
neurons start their depolarization process together, the behavior
can be attributed to the collective phenomenon that is associ-
ated with the more general framework of phase synchronization
of oscillators."* All the behavioral disorders that characterize psy-
chiatric illness (unhealthy neural behaviors) are disturbances in
brain functioning,’ and abnormal levels of synchronization have
been related to unhealthy neural behaviors, such as epilepsy and
Parkinson’s disease."»'>"""

The main goal of this study is to investigate the emergence of
phase synchronization in a network of randomly connected neurons
under the influence of a train of Poissonian spikes. Our primary
objective is to understand the mechanisms underlying synchroniza-
tion and how they are affected by the balance between external
currents and coupling interactions.

We also consider the impact of selective patterns of stimula-
tion received by different brain areas, which reflect their special-
ized functions and unique connectivity profiles within the neural
network.' By selectively stimulating subpopulations within the net-
work, including the use of techniques, such as optogenetics,'®"
we can gain insights into localized effects on synchronization and
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network-level properties.”’ This approach allows us to explore the
functional roles, interactions, and contributions to network behav-
ior, providing a comprehensive understanding of how different
brain areas interact and synchronize within the neural network.

This paper is organized as follows: Sec. II presents the neuronal
model and the equations that rule the external synaptic current,
Sec. 111 presents the network setup and how the phase synchro-
nization is evaluated, the results are depicted in Sec. I'V, and Sec. V
presents the discussion and our conclusions.

Il. NEURONAL MODEL

To simulate the spiking neuronal dynamics, we consider the
Hodgkin-Huxley (HH) model,"” which was the first to describe
mathematically a regenerative current that generates an action
potential. The time evolution of the membrane potential of the neu-
ron V(f) measured in mV (millivolts) is related to the variations of
two voltage-gated channels associated with the ion concentrations of
potassium (K™) and sodium (Na™), as well as a leakage channel asso-
ciated with the passive variations (non-gated channels)."”” The time
evolution of the membrane potential of the neuron V(¢) is given by

av

CME = —gxn"(V — Ex) — gxath(V — Exy)
_gZ(V_EZ) +Iext(t)) (1)
d
S =a,(l—m=fmn )
dm
I = o(1 —m) — Bm, (3)
dh
T =oy(1—h) — Buh, (4)

where Cy is the capacitance of the cell membrane and I is the
external current. The parameters gk, gn,, and g are the maximum
conductances, and Eg, Ex,, and E, are the reversal potential of each
ionic current. The variables n and m are related to the activation of
the potassium and sodium ionic currents, respectively, and h is the
inactivation of the sodium current. @ and § are functions dependent
onv = V/mV described as
0.01(v + 55)

%= 1 = expl—(v £ 55)/10])° ®)

0.1(v + 40)
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= 0.07 exp[— (v + 65)/20], @)
B, = 0.125 exp[— (v + 65)/80], (8)
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1
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FIG. 1. Dynamics of the HH model under external constant current. (a) Two-
dimensional projection n x V of the HH model for different values of |.
We consider the set of constant values of Table | and the initial condition
V(0) = —70mV and n(0) = m(0) = h(0) = 0. Atransient of 1s was discarded.
(b) Time evolution of the membrane potential V/(t) for colored cases.

Figure 1 presents the evolution of a neuronal membrane in the
model as a function of a constant external current I, () = I. The
parameter I is a free parameter in the model and is measured in
wA/cm?, Table I shows the set of constant values considered in the
simulation based on Ref. 13. Figure 1(a) depicts the two-dimensional
projection n x V of the system phase portrait as a function of L.
Figure 1(b) depicts the time evolution of V(f) for colored cases
shown in Fig. 1(a). The colors identify the membrane evolution
submitted to I = 4 (blue), I = 10 (orange), I = 50 (green), I = 100
(red), and I = 180 (purple). As can be seen in the figures, constant
values of membrane potential are observed for I =4 (blue) and
I =180 (purple), while for the other values of external current, the
membrane potential changes over time.

Considering I as a bifurcation parameter, the HH model is a
classic dynamical system that undergoes Hopf bifurcations.'’ For
small values of I, the system evolves to a stable equilibrium point
(blue line). As I'is increased, I* & 10, the equilibrium point loses sta-
bility and gives rise to a stable limit cycle attractor due to a subcritical
Andronov-Hopf bifurcation,"” the limit cycle characterizes the peri-
odic orbits of the spiking activity (orange, green, and red lines).
The transition from the equilibrium state to the oscillatory state
depends on the initial conditions for I &~ I*.”"* As the magnitude of
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TABLE |. Constant values considered in the simulation of the Hodgkin—Huxley
model."®

Membrane capacitance (F/cm?) Cum 1

Maximum conductances (mS/cm?) N 120
8K 36
e 0.3

Resting potentials (mV) Exa 50
Ex —77
E, —54.4

the injected current increases, the limit cycle is folded and the spik-
ing dynamics collapse until the unstable equilibrium point becomes
stable again (purple line) due to a supercritical Andronov-Hopf
bifurcation point (I' &~ 150)."" The region that characterizes the
limit cycle I* < I < I' delimits the excitation block of the neuron.'’
We observe an apparent amplitude x frequency relation in the exci-
tation block; increasing I implies an increment of the frequency, but
the price is paid in the decrease of the amplitude. The equations are
integrated using the fourth-order Runge-Kutta method considering
an integration step At = 0.01ms.

In this work, we focus on studying neuronal activity under
external excitatory synaptic input due to the spontaneous activity
coming from external subareas of the brain,”” which means that we
consider I = 0 (null constant current). These synapses are activated
by random Poisson spike trains that reach the neuron with a con-
stant mean rate Vey. The external synaptic current is the sum of the
chemical excitatory signals given by

Iext(t) = gext(Esyn - V) Z Sj(t)) (11)
J

where g. is the external synaptic conductance, which is a free
parameter measured in mS/cm?, Egn is the reversal potential
(Egn = 40mV), and s; are the presynaptic signals from the neuron
j. Every time ¢ that a jth presynaptic spike occurs, s(t) of the postsy-
naptic neuron is incremented from 0 by a difference of exponential
functions,'»***

To

s(H) = (e — e, (12)

Tq4— T

in which 7 is a unitary constant 1 ms, the decay time 74, and the rise
time 7, are constants of value 2.0 and 0.4 ms, respectively.

Figure 2 shows the dynamics of the HH model for differ-
ent values of g. and a fixed external rate of the Poisson process
Vext = 1 spike/ms without the addition of a constant current.
Figure 2(a) depicts the two-dimensional projection n x V of the HH
model as a function of gey. Figure 2(b) presents the time evolution
of V(t) for the colored cases shown in Fig. 2(a). For conductance
lower than g.,, = 0.01, the synaptic input is not sufficient to induce
an action potential, and the membrane potential remains in a state
close to the equilibrium point. Increasing the value of gy, the exter-
nal Poissonian current produces irregular spikes, different from the
case considering a constant current where periodic spikes are gen-
erated (Fig. 1). We also observe that for greater values of g, the
amplification of the synaptic current induces an increase in the spike
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FIG. 2. Dynamics of the HH model under external synaptic current follow-
ing a Poisson process and with a null constant baseline current / = 0.
(a) Two-dimensional projection n x V of the system’s phase portrait of the HH
model for different values of geq for a fixed value of external rate veq = 1
spike/ms. (b) Time evolution of the membrane potential V (t).

rate and a decrease in the amplitude of the neuronal oscillation, as
well as considering an external constant current.

A more general framework for the spike frequency is presented
in Fig. 3. Letting F the number of spikes in a second per simula-
tion, Fig. 3 presents the mean value of F, named (F), which is the
average over 100 different simulations as a function of the exter-
nal conductance g, and the external rate vey. The spike is detected
when V crosses —20 mV with a positive derivative. It is expected that
increasing both conductance gy and spiking external rate vey, the
dynamical behavior transits from a steady state (black region) to an
oscillatory state (colored region). In addition, it is noted that there
is compensation between vVey and gey. Furthermore, higher values
of gext and vey (a purple region located in the upper right) exhibit a
decrease in (F) corresponding to the saturation of the spiking activ-
ity illustrated in the purple line of Fig. 2 and can be related to the
reduction of the limit cycle, which occurs for high values of external
current I as shown in Fig. 1.

I1l. NETWORK SETUP AND SYNCHRONIZATION
QUANTIFIER

To study the collective behavior of N coupled neurons, the
membrane potential of each one is described by

ARTICLE
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FIG. 3. The average spiking rate over 100 simulations under external excitatory
synaptic input (F).

av; 4 ;
CME = —gxh; (Vi — Ex) — gnat; hi(V; — Exa)

- gZ(Vi - EZ) + Ii,ext + Ii,coup: (13)

in which i is the neuronal index i =1,...,N; n;, m;, and h; are
given according to Eqs. (2)-(4), I;ex is the external current arriving
on each neuron i, and Ijcoyp is the synaptic coupled current, which
presents a similar form as Eq. (11), given by

N
Ticoup(t) = €(Eggn — V) Y _ a1 (V) 5 (14)

j=1

where ¢ is the coupling parameter; Ey, is the reversal synaptic
potential; and a; j is the element of the connection matrix, assum-
ing a;; = 1 value if there is a connection from neuron j to neuron i,
otherwise, a;; = 0. The variable 7; represents the fraction of bound
receptors in the synapse where the kinetic model depends on the
presynaptic neuron and is described by”

dr,- _ 1 1 1— 1; ti (15)
dt ~ \n. ) l+exp[—(vi(H) +20)] w4
in which 7, and 74 are the same parameters as defined before.
We define the inter-spike-interval (ISI) of each neuron as the
difference between its kth and (k 4 1)th spiking times,
ISk = thrri — tiie (16)
The coefficient of variation of the ISI can be defined as
CV = o151/ (IST), 17)
where (ISI) is the mean value of all ISI and o7g; its standard devi-

ation. The coefficient of variation of the ISI gives insights into the
regularity of the neurons.”’
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To compute phase synchronization, we use the Kuramoto
order parameter”®

N
1
R= Nzew’ﬂ” , (18)
=1

where g; is the phase of the jth neuron and | = /=1 here. In this
case, R =1 represents a completely phase-synchronized state in
which all neurons spike at the same time. Conversely, R = 0 means
that each neuron in the network has a corresponding pair that is
completely out-of-phase, and this corresponds to a completely inco-
herent state (completely unsynchronized). In the case of a random
distribution of N phases, the result would be R ~ /1/N.*

The use of the Kuramoto order parameter in studying neuronal
dynamics involves associating a phase ¢; with the dynamics of indi-
vidual neurons [Eq. (13)]. In this sense, there are several ways to do
this association: the Hilbert transform,” the discrete and continuous
wavelet transform,”'~** and phase reduction models.”** Here, we use
the occurrence of each spike as an event to determine the phase of
the neuron."” The spike occurs when the membrane potential cross
a Poincaré section at V = —20 mV (with a positive derivative); with
this, we have
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where t;; represents the kth time in which the ith neuron spikes. The
phase is increased by a factor of 27 for every spike.

IV. RESULTS

Throughout this paper, we consider a network with N = 100
randomly connected identical neurons, and the connections follow
a uniform distribution. The connection probability is fixed in 10%,
which means that on average, each neuron presents ~ 10 random
connections. We emphasize that the network activity is triggered
by the external synaptic current [Eq. (11)] and coupling current
[Eq. (14)], which means that null constant baseline current is applied
in neurons. Considering the same external conductance g and
external rate vy for all neurons, each neuron receives its own exter-
nal Poissonian train of spikes I; .. For simplicity, we have fixed the
external rate of Poissonian spikes Ve, = 1.0 spike/ms giving us two
free parameters: the coupling parameter ¢ and the external conduc-
tance ge. The phase synchronization is evaluated by averaging the
Kuramoto order parameter over time, called the mean order param-
eter (R), for 10s after discarding 1 s to avoid transient effects, a
time considered sufficient to obtain the asymptotic solution of the
dynamic system and as a result of the other quantifiers used in this
work. In addition, we compute the coefficient of variation of the

0i(t) = 27k, + 27 b= ki » t <<t (19) inter-spike-intervals CV, defined in Eq. (17), and the mean firing
biyri — thi rate (F), which is the average over spikes produced by the network
e=10"2 e=10"" e=1
100 ‘ 3 (%%?iiz;?tg (a) 100 (b) 10(: q (C) (mQ
< 75 Zﬁf'*'i" < 75 y 75 )
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FIG. 4. Temporal evolution of the network. Raster plots of the network where each dot corresponds to the beginning of a spike. Panel (a) (¢ = 1072, gt = 0.1), panel (b)
(e =107", gext = 0.1), panel (c) (s = 1, gexr = 0.1), panel (d) (e = 1072, geyy = 0.5), panel (€) (¢ = 10~", gexr = 0.5), panel (f) (¢ = 1, gext = 0.5), panel (g) (¢ = 1072,

et = 1.0), panel (h) (e = 107", geq = 1.0), and panel (i) (¢ = 1, get = 1.0).
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per second. The initial conditions for the neurons of the network are
randomly selected from {V; € [—80,0] mV and n;, m;, h; € [0,1]}.
To avoid any effect of the initialization in the results, all the surface
values are an average of over ten different realizations considering
distinct initial conditions and network configurations.

Figure 4 depicts raster plots of the network where each dot
corresponds to the beginning of a spike for three different values
of coupling ¢ = 1072 (left column), ¢ = 10! (center column), and
& = 1 (right column) and for three values of external conductance
Zext = 0.1 (top row), gexr = 0.5 (middle row), and g,y = 1.0 (bottom
row). Considering the top row, Figs. 4(a)-4(c) for ge = 0.1, when
we increase the coupling from 1072 to 107!, the network transits
from the incoherent state to partial phase synchronization [indi-
cated by the vertical structures in Fig. 4(b)] until the synchronized
behavior for ¢ = 1 [magnified in Fig. 4(c)]. Furthermore, compar-
ing Figs. 4(b) and 4(c), a decrease in spike occurrence is observed
since the number of spike trains is smaller in Fig. 4(c). In the mid-
dle row, Figs. 4(d)-4(f) for gexx = 0.5 due to the magnification of the
external synaptic current, the transition for the synchronized state
occurs only for higher values of coupling. In contrast, in the bottom
row, Figs. 4(g)-4(i) for g = 1.0, the increase of ¢ does not induce
phase synchronization since the interplay of both external synaptic
current and the coupling current saturates the spiking activity of the
network.

The effect of the coupling ¢ in association with the external
conductance gy is presented in a more general scheme in Fig. 5.
Figure 5(a) exhibits the mean order parameter ((R)), Fig. 5(b) shows
the variability CV, and Fig. 5(c) shows the mean number of spikes
in a second ((F)). The dark purple region in Fig. 5(a) exhibits
low values of the order parameter (R) ~ 0, which indicates inco-
herent behavior among neurons of the network. As the coupling
increases, the network transitions to the phase synchronized regime
(yellow region) (R) = 1, at least for lower values of ge, < 0.7. The
onset of synchronization, which characterizes the transitions from
an unsynchronized state to a synchronized state, is illustrated in red-
orange colors ((R) ~ 0.5). For higher values of g, the stochasticity
induced by the external current does not allow the network to phase
synchronize. In Fig. 5(b), for & & 0, the variability increases with
the increment of gey. On the other hand, the variability decreases
substantially, CV ~ 0.05 for the most synchronized scenario
(R) ~ 0.99, which means that even for a high synchronized degree,
the irregularity in the system does not allow completely periodic
synchronization. In addition, Fig. 5(c), () depicts non-monotonic
evolution with the increase of ¢ (below the dashed line) and a mono-
tonic decrease (above the dashed line). This peculiarity is discussed
below.

As discussed in Sec. 11, for fixed values of Table I, the activity
of the neuron is determined by the current, which stimulates the
neuron. In this sense, in the case of coupled neurons, the excita-
tion of the neuron depends on the interplay of the coupling current
(which comes from other neurons of the network) and the exter-
nal synaptic currents (which are characterized by random spikes).
Iy and fcoup are the mean external and coupling currents over all
neurons, respectively, defined by

Text(t) = % Zli,ext(t)> (20)
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FIG. 5. (a) Mean order parameter (R), (b) the variability CV of inter-spike-
intervals (ISls), and (c) the mean network firing rate () as a function of the
coupling ¢ and the external conductance ge. The black dashed line delimits the
non-monotonic behavior of F(¢) from the monotonic as ¢ increases. The gray
area (0 < gex < 0.05) delimits the region where there is no spiking activity in the
network.

- 1
Icoup (t) = N Z Ii,coup(t)' (21)
Moreover, it is possible to average these currents in time,

- 1 -
(Iext) = ; Xt:lext(t): (22)
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FIG. 6. Interplay between the external and internal coupling current parameters.
(a) Sum over contributions (I_ext> 4 <I_cm,p> and (b) subtraction (I_ex,> = (I_ooup> asa
function of the coupling & and the external conductance gex. The dashed line in
(b) delimits the region where the (I_ext> = (I_coup) for the whole interval of ¢.

coup Z Icoup ®), (23)

where 7 corresponds to all-time instants after discarding 1 s to avoid
transient effects. Hence, Egs. (22) and (23) represent the mean
contribution that each current performs to the network. Figure 6
presents in color codes in Fig. 6(a) the sum over contributions
(fext) + <fcoup) and Fig. 6(b) the subtraction (fext) — (I:COUP). Regarding
Fig. 6(a), the total current increases with both the increment of gey
and &. On the other hand, in Fig. 6(b), it is noted that (I ,,) gains rel-
evance only in the purple region (lower right), which corresponds to
the parameters in which the network presents relevant phase syn-
chronization, as can be seen in Fig. 5(a). In addition, the dashed line
in Fig. 6(b) delimits the region where the (fm) P (fmup> for the whole
interval of ¢, which also delimits the boundary of the two distinct
behaviors of (F) with the increment of ¢ observed in Fig. 5(c). We
also noted that greater values of coupling ¢ > 1 (not shown here)
may lead to no spiking activity since the total current (external plus
coupling) reaches high values, considerably reducing the number of
spikes in the network.

ARTICLE pubs.aip.org/aip/cha

The results so far indicate the effect of the balance between
the external Poissonian signals and the internal coupling interac-
tion of the network. Considering a null external current, ge, = 0
(not shown here), there is no stimulation to start the spiking activ-
ity in the network, and it is no longer possible to associate a phase
to the neurons. For slightly greater values, such as g, > 0.05, it is
possible to start the activity in the network and the coupling can
overcome the external current making a synchronized phase state
possible. Conversely, at higher values of ge, > 0.6, the stochasticity
induced by the external Poissonian signals overcomes the coupling
current preventing the network from synchronizing. The results can
be explained by two aspects of the external synaptic current: First,
the external current introduces incoherence, increasing the inter-
spike interval (ISI) variability, as can be observed in Fig. 5(b). This
is due to the influence of random Poissonian spikes, resulting in
a higher degree of incoherence as the magnitude of the external
current (gey) increases. Considering the theory of Kuramoto oscilla-
tors, the critical coupling that delimits the onset of synchronization
depends on the frequency dispersion of the oscillators. The greater
the dispersion of the frequencies, the higher the coupling param-
eter necessary to reach the phase synchronized state.”” Therefore,
the increase in incoherence makes the system hard to synchronize,
which explains the increase in the critical coupling with the addition
of gext Observed in Fig. 5(a).

Second, a not-so-obvious effect of the external current is the
minimization of the coupling factor, which occurs due to the super-
critical Andronov-Hopf bifurcation of the Hodgkin-Huxley model.
As observed in Fig. 2(b), higher values of g decrease the amplitude
of the spikes; hence, the signal emitted by the presynaptic neuron,

: | a
251 —ge‘(t:01 (>

= J‘M

»

)tl ,

0 260

(b)

0.0 1 N

T T

0 2 50 75 100 125 150 175 200
t (ms)

FIG. 7. Temporal evolution of the membrane potential (a) and the kinetic variable
(b) of an isolated neuron for different values of gex:. The increase in the magnitude
of the external current minimizes the presynaptic effect, which is propagated to
the network.
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which is given by Egs. (14) and (15), is minimized by the exter-
nal current. To make the effect of minimization clearer, Fig. 7(a)
presents the time evolution of the membrane potential of an iso-
lated neuron, while Fig. 7(b) shows the kinetic variable r; (signal
emitted to postsynaptic neurons). We observe that for g = 0.1
(blue), the amplitudes of both V; and r; are greater than the ampli-
tude for higher values of g, = 0.5 (orange) and gexr = 1.0 (green),
which confirms the minimization effect of the external current on
the coupling current.

In the context of this work, different investigation lines can
be considered in the research. Stimulating only a subpopulation of
a neural system has practical relevance in various scenarios. For
instance, techniques, such as optogenetics, achieved through light-
sensitive opsins introduced into targeted neurons, allow for the
investigation of functional roles and interactions within the stim-
ulated and non-stimulated subsets.'®'? Similarly, in the studies of
network of networks, targeted stimulation of specific regions or sub-
sets provides insights into localized effects on synchronization and
network-level properties, optimizing resource usage in large-scale
networks.”’ With this in mind, one of the important questions is
the following: What happens if only a fraction of the neurons of the
network is available to receive external stimulation and the other
fraction is influenced only by coupling with these neurons? We sep-
arate the network into two subgroups: the first group, named Group

100

index
38

e=5x 1072

'
Fotminoarmr
P
ot

v

ARTICLE pubs.aip.org/aip/cha

1 (€2;), receives the external stimulation, while the second group,
named Group 2 (£2,), gext = 0. This can be understood as if Group 1
shielded Group 2 from Poissonian spikes coming from the external
environment.

Figure 8 presents the raster plots of the network considering
half of the network in Group 1 (colored dots) and the other half in
Group 2 (black dots). We consider three different values of coupling
e =3 x 1072 (left column), € =5 x 1072 (center column), and
& =5 x 107" (right column) and three values of external conduc-
tance gexr = 0.1 (top row), gexr = 0.5 (middle row), and gex = 1.0
(bottom row). It is observed in Fig. 8(a) incoherent behavior in
neurons in i, while partial phase synchronization appears in neu-
rons in ,. This is an interesting phenomenon whereby the external
current, which is necessary for the spiking activity in the network,
overcomes the coupling current preventing phase synchronization
in ;. However, since neurons in 2, are exposed only to the cou-
pling factor, the spiking activity generated in €2, is sufficient to
generate spike activity and synchronize neurons in €2,. Hence, in
this situation, it is possible to understand that the external Pois-
sonian spikes induce incoherence spiking activity €; and spike
activities in 2, that are phase synchronized by the internal coupling.
Increasing ¢ in Figs. 8(b) and 8(c), the coupling gains relevance,
and both ©; and €, transits to phase synchronization. In these
cases, the internal coupling current is strong enough to synchronize

e=5x10"1

T°0= xof

Wi

o
b
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index

z }(b) 1: (c)
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FIG. 8. Temporal evolution of the two subgroups, each one with and without Poissonian external signals. Raster plots of the network where each dot corresponds to a spike.
We stimulate only half of the network. The stimulated neurons are represented in color codes, while the non-stimulated neurons are in black ones. Panel (a) (¢ = 3 x 1072,
Gext = 0.1), panel (b) (¢ = 5 x 1072, gext = 0.1), panel (c) (¢ = 5 x 10~", get = 0.1), panel (d) (¢ = 3 x 1072, gexr = 0.5), panel (€) (¢ = 5 x 1072, get = 0.5), panel (f)
(6 =5x 107", gext = 0.5), panel (g) (¢ = 3 x 1072, ger = 1.0), panel (h) (¢ = 5 x 1072, gexr = 1.0), and panel (i) (¢ = 5 x 10", gex = 1.0).
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FIG. 9. Temporal evolution of the network by the Poissonian excitation in only one neuron. Raster plots of the network where each dot corresponds to a spike. The coupling
parameter is the same for all neurons: (a) e = 1 x 10", (b) e = 5 x 10~", and (c) £ = 1. We stimulate only one neuron, which is represented in orange color, while the

non-stimulated neurons are represented in black ones. In this figure, gex is fixed in 0.5.

even Group 1 that is under competitive current input (external and
internal).

As discussed before, there are two particular reasons why
the increase in external current (gey) interferes with network cou-
pling: incoherence and minimization. In this sense, Figs. 8(d)-8(f)
and 8(g)-8(i) (middle and bottom rows) exhibit that increasing gey
makes difficult the occurrence of synchronization, producing both
groups with irregular spikes [Figs. 8(d) and 8(g)]. In addition, con-
sidering only the left column of Fig. 8, we observe that increasing
Zext decreases substantially the number of spikes of 2,, the fact that
emphasizing the minimization of the internal coupling current that
is dependent on the membrane potential values. On the other hand,
increasing €, one partially synchronized group (£2,) and one inco-
herent group (£2;) [Figs. 8(e) and 8(h)] are observed. In Fig. 8(f),
both groups are partially synchronized, but €, is disturbed due to
the external current. In Fig. 8(i), the higher external current val-
ues saturate the spiking activity in Q; producing incoherence, while
2, is synchronized. We also observe that lower values of coupling
cannot be enough to activate the neurons in €2,.

A more extreme scenario is explored in Fig. 9, where we extrap-
olate the previous analysis by the excitation of only one neuron.
For lower levels of coupling, ¢ < 0.1 (not shown), the neuron in €,
spikes irregularly alone. For values greater than ¢ = 0.1, the cou-
pling is high enough to produce spiking activity and sufficient to
induce phase synchronization in €2, as shown in Fig. 9(a). Increas-
ing the coupling to ¢ = 0.5, as shown in Fig. 9(b), increases the
number of spikes in €2,. The synchronization between ; and €2,
is greater in Fig. 9(b) when compared with Fig. 9(a) and even
magnified in Fig. 9(c) e = 1.

V. CONCLUSIONS

Throughout this paper, we have analyzed the phase-
synchronization behavior of a network composed of 100 Hodgkin-
Huxley neurons randomly coupled and submitted to external
Poissonian signals. In this sense, when the coupling is turned off,
we show a range of values in the external conductance that produces
irregular spikes. Out of this range, due to the Hopf bifurcations of
the Hodgkin-Huxley model (subcritical Andronov-Hopf bifurca-
tion for lower values of I and supercritical for greater values),
there is no spiking activity: the reason is that for smaller values,

the external current is not enough to stimulate the action potential
of the neuron and greater values saturate the membrane potential
preventing the neuron from spiking. We call the attention that dis-
tinct neuronal models may present different results, particularly if
the studied model obtains distinct bifurcation points."’

In the presence of synaptic coupling, we take into account the
interplay between the external Poissonian signals and the synaptic
coupling currents. The process of phase synchronization (or par-
tial phase synchronization) holds great physiological relevance, as it
replicates the complex behavior of non-periodic neurons in real neu-
ral networks. In this scenario, phase synchronization occurs when
the coupling current overcomes the external current, typically with
small external conductance and significant coupling conductance.
In this model, the increase in external conductance disrupts the
synchronization in two different ways: through the irregularity of
the random external spikes (incoherence) and the decrease in the
amplitude of the presynaptic membrane potential (minimization)
under high-intensity stimulation. In the same way, even consider-
ing the parameters in which the model presents a high degree of
phase synchronization, the variability of the spikes indicates irregu-
lar behavior of the network. Additionally, the increase of the external
current changes how the mean firing rate of the network evolves
with the increment of the coupling, non-monotonic for lower values,
and monotonic for greater values.

Last, we have analyzed the Poissonian excitation selectively
applied to only a fraction of the neurons in the network, simulat-
ing a scenario where specific neural subpopulations receive exter-
nal signals, while others remain shielded from this stimulation.
This approach replicates real-world situations where certain neural
regions or cell groups are subject to external influences, while others
are not. In this case, we have shown that when only half of the net-
work is stimulated, it is possible to induce phase synchronization in
the non-stimulated group, while the stimulated one is in incoherent
behavior. The phase synchronization of the whole network can be
reached by increasing the coupling parameter. A different scenario
is reached for greater values of the external conductance, where the
coupling current is minimized by the reduction of potential mem-
brane oscillations due to the external current, making it possible
to disrupt the synchronization even in the non-stimulated part of
the network. We also studied the case where only one neuron is
stimulated. In this case, for sufficient values of coupling, it is possible
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to generate spiking activity in the network, which due to the cou-
pling current is accompanied by synchronization behavior. Future
works will be devoted to exploring how the spiking activity and
phase synchronization rises considering the analytical approaches
suggested in Refs. 28, 32, 34, and 36-40.
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