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We consider a population of subthreshold Izhikevich neurons that cannot fire spontaneously
without noise. As the coupling strength passes a threshold, individual neurons exhibit noise-induced
burstings (i.e., discrete groups or bursts of noise-induced spikes). We investigate stochastic bursting
synchronization by varying the noise intensity. Through competition between the constructive and
the destructive roles of noise, collective coherence between noise-induced burstings is found to occur
over a large range of intermediate noise intensities. This kind of stochastic bursting synchronization
is well characterized by using the techniques of statistical mechanics and nonlinear dynamics, such
as the order parameter, the raster plot of neural spikes, the time series of the ensemble-averaged
global potential, and the phase portraits of limit cycles. In contrast to spiking neurons showing only
spike synchronization (characterizing a temporal relationship between spikes), bursting neurons are
found to exhibit both spike synchronization and burst synchronization (characterizing a temporal
relationship between the onset times of the active phases of repetitive spikings). The degree of
stochastic bursting synchronization is also measured in terms of a synchronization measure that
reflects the resemblance of the global potential to the individual potential.
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I. INTRODUCTION

In recent years, much attention has been paid to brain
rhythms [1]. Synchronization of neural firing activities
may be used for efficient sensory and cognitive process-
ing (e.g., feature integration, selective attention, working
memory, and decision making) [2–4]. This kind of neu-
ral synchronization is also correlated with pathological
rhythms associated with neural diseases (e.g., epileptic
seizures and tremors in Parkinson’s disease) [5]. Here,
we are interested in these synchronous brain rhythms.
A neural circuit in the major parts of brain, such as
the cortex, hippocampus, and thalamus, is composed
of a few types of excitatory principal cells and diverse
types of inhibitory interneurons [1]. The effect of chem-
ical synapses on synchronous brain rhythms has been
much investigated in neural systems composed of exci-
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tatory and/or inhibitory neurons; thus, three types of
synchronization mechanisms have been found: recurrent
excitation between principal cells, mutual inhibition be-
tween interneurons, and feedback between excitatory and
inhibitory neurons [2, 3, 6]. Most past studies explor-
ing mechanisms of neural synchronization were done in
neural systems composed of spontaneously firing (i.e.,
self-oscillating) suprathreshold neurons. For this case,
neural synchronization occurs via cooperation of regular
firings of suprathreshold self-firing neurons. Unlike the
suprathreshold case, a subthreshold neuron cannot fire
spontaneously without noise. Here, we are interested in
collective coherence between complex noise-induced fir-
ings of subthreshold neurons. Recently, stochastic spik-
ing synchronization (i.e., collective coherence emerging
via cooperation of noise-induced spikings) was observed
in an excitatory [7,8] or inhibitory [9] population of sub-
threshold neurons. This kind of work may be thought to
correspond to a “subthreshold version” of neural spiking
synchronization through mutual excitation or inhibition.
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In this paper, we are concerned with another type
of neural bursting activity alternating between a silent
phase and an active (bursting) phase of repetitive spik-
ings, where bursting refers a dynamical state in which a
neuron repeatedly fires discrete groups or bursts of spikes
[10,11]. Cortical intrinsically-bursting neurons, thalam-
ocortical relay neurons, thalamic reticular neurons, hip-
pocampal pyramidal neurons, and Purkinje cells in the
cerebellum are representative examples of bursting neu-
rons [12]. There are three major hypotheses on the im-
portance of burstings [13]: (1) Burstings are necessary
to overcome the synaptic transmission failure [14], (2)
burstings can transmit saliency of the input because the
effect of a bursting on the postsynaptic neuron is stronger
than the effect of a single spike, and (3) burstings can
be used for selective communication between neurons,
where the interspike frequency within the bursts encodes
the channel of communication [15]. Because of the ubiq-
uity of noise in neural systems, much attention has been
focused on burstings induced by noise. Noise is usually
regarded as a nuisance, degrading the performance of
dynamical systems. However, in certain circumstances,
noise plays a constructive role in the emergence of dy-
namical order [16, 17]. For example, coherence reso-
nance of noise-induced burstings in a subthreshold neu-
ron [18], noise-induced transitions from spikings to burst-
ings [19] and noise-induced burst synchronization in un-
coupled suprathreshold neurons [19] have been reported.
In contrast to such previous studies, a main subject of
our study is to investigate stochastic bursting synchro-
nization (i.e., collective coherence between noise-induced
burstings) in coupled systems of subthreshold neurons.

This paper is organized as follows: In Sec. II, we de-
scribe a large population of globally-coupled subthresh-
old Izhikevich neurons. The simple Izhikevich neuron
[12,13], which produces rich firing patterns observed for
many types of biological neurons such as regular spiking
neurons, intrinsically bursting neurons, chattering neu-
rons, and fast spiking neurons, is as biologically plausible
as the Hodgkin-Huxley model [20], yet as computation-
ally efficient as the integrate-and-fire model [21]. In our
computational study, Izhikevich neurons interact via ex-
citatory AMPA synapses. As the coupling strength J
passes a threshold, noise-induced burstings appear in in-
dividual membrane potentials. In Sec. III, we investi-
gate stochastic bursting synchronization by varying the
noise intensity D. As D passes a lower threshold, a co-
herent transition occurs because of the constructive role
of noise in stimulating coherence between noise-induced
burstings. However, such bursting coherence disappears
when D passes a higher threshold due to the destructive
role of noise in spoiling the bursting coherence. Through
competition between the constructive and the destruc-
tive roles of noise, stochastic bursting synchronization
is found to occur over a large range of intermediate
noise intensities. As in globally-coupled chaotic systems,
this kind of incoherence-coherence-incoherence transition
may be well described in terms of an order parameter O

[22, 23]; for our case, the mean-square deviation of the
ensemble-averaged membrane potential plays the role of
O. Furthermore, such stochastic bursting synchroniza-
tion is well characterized by using the techniques of non-
linear dynamics, such as the raster plot of neural spikes,
the time series of the ensemble-averaged global potential,
and the phase portraits of limit cycles. Thus, bursting
neurons are found to exhibit both spike synchronization
(characterizing a temporal relationship between spikes)
and burst synchronization (characterizing a temporal re-
lationship between the onset times of the active phases),
in contrast to spiking neurons, which show only spike
synchronization. The degree of stochastic bursting syn-
chronization is also measured in terms of a synchroniza-
tion measure that reflects the resemblance of the global
potential to the individual potential. Finally, a summary
is given in Sec. IV.

II. A POPULATION OF SUBTHRESHOLD
IZHIKEVICH NEURONS

In this section, we describe the simple Izhikevich neu-
ron model, which is not only biologically plausible but
also computationally efficient. We consider an excitatory
population of N globally-coupled subthreshold Izhike-
vich neurons. The population dynamics in this neural
network is governed by the following set of ordinary dif-
ferential equations:

dvi

dt
= f(vi)− ui + IDC + Dξi − Isyn,i, (1)

dui

dt
= a(bvi − ui), (2)

dsi

dt
= αs∞(vi)(1− si)− βsi, i = 1, · · · , N, (3)

with the auxiliary after-spike resetting:

if vi ≥ vp, then vi ← c and ui ← ui + d, (4)

where

f(vi) = 0.04v2
i + 5vi + 140, (5)

Isyn,i =
J

N − 1

N∑
j( 6=i)

sj(t)(vi − Vsyn), (6)

s∞(vi) = 1/[1 + e−(vi−v∗)/δ]. (7)

We note that f(v) of Eq. (5) was obtained by fitting
the spike initiation dynamics of cortical neurons so that
the membrane potential v has a mV scale and the time
t has a ms scale [13]. The state of the ith neuron at a
time t is characterized by three dimensionless state vari-
ables: the membrane potential vi, the recovery variable
ui representing the activation of the K+ ionic current
and the inactivation of the Na+ ionic current, and the
synaptic gate variable si denoting the fraction of open
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synaptic ion channels. After the spike reaches its apex
vp (=30 mV), the membrane voltage and the recovery
variable are reset according to Eq. (4). There are four
dimensionless parameters, a, b, c, and d representing the
time scale of the recovery variable u, the sensitivity of u
to the subthreshold fluctuations of v, and the after-spike
reset values of v and u, respectively. When the four pa-
rameters are tuned, the Izhikevich neuron model may
produce 20 of the most prominent neuro-computational
features of cortical neurons, such as tonic and phasic fir-
ing, threshold variability, spike latency, spike frequency
adaptation, type-I and -II excitability, an integrator, and
a resonator [13].

Each Izhikevich neuron is stimulated by using the com-
mon DC current IDC and an independent Gaussian white
noise ξ [see the 2nd and the 3rd terms in Eq. (1)] satis-
fying 〈ξi(t)〉 = 0 and 〈ξi(t) ξj(t′)〉 = δij δ(t − t′), where
〈· · · 〉 denotes the ensemble average. The noise ξ is a
parametric one that randomly perturbs the strength of
the applied current IDC , and its intensity is controlled
by the parameter D. The last term in Eq. (1) represents
the coupling of the network. Each neuron is connected
to all the other ones through global couplings via exci-
tatory AMPA synapses. Isyn,i of Eq. (6) represents a
synaptic current injected into the ith neuron. Here, the
coupling strength is controlled by using the parameter
J , and Vsyn is the synaptic reversal potential. We use
Vsyn = 10 mV for the excitatory synapse. The synaptic
gate variable s obeys the 1st-order kinetics of Eq. (3) [24].
Here, the normalized concentration of synaptic transmit-
ters, activating the synapse, is assumed to be an instan-
taneous sigmoidal function of the membrane potential
with a threshold v∗ in Eq. (7), where we set v∗ = 0 mV
and δ = 2 mV. The transmitter release occurs only when
the neuron emits a spike (i.e., its potential v is larger
than v∗). For the excitatory glutamate synapse (involv-
ing the AMPA receptors), the synaptic channel opening
rate, corresponding to the inverse of the synaptic rise
time τr, is α = 10 ms−1, and the synaptic closing rate
β, which is the inverse of the synaptic decay time τd, is
β = 0.5 ms−1 [25].

Here, we consider the case of regular-spiking cortical
excitatory neurons for a = 0.02, b = 0.2, c = −65, and
d = 8. Depending on the system parameters, the Izhike-
vich neurons may exhibit either type-I or type-II ex-
citability [12,13]; for the case of type-I (type-II) neurons,
the firing frequency begins to increase from zero (non-
zero finite value) when IDC passes a threshold [26]. For
our case, a deterministic Izhikevich neuron (for D = 0)
exhibits a jump from a resting state [e.g., see Fig. 1(a)
for IDC = 3.6] to a spiking state [e.g., see Fig. 1(b)
for IDC = 3.9] via a subcritical Hopf bifurcation for
I∗DC,h = 3.80 by absorbing an unstable limit cycle born
via a fold limit cycle bifurcation for I∗DC,l = 3.78. Hence,
the Izhikevich neuron (in this study) shows type-II ex-
citability because it begins to fire with a non-zero fre-
quency that is relatively insensitive to changes in IDC , as

Fig. 1. Time series of the membrane potential v(t) of the
single Izhikevich neuron in the absence of noise (D = 0) for
(a) IDC = 3.6 and (b) IDC = 3.9. (c) Plot of the mean firing
rate versus IDC for D = 0. (d) Time series of v(t) for D = 0.5
and IDC = 3.6.

shown in Fig. 1(c). Throughout this paper, we consider
a subthreshold case of IDC = 3.6. An isolated subthresh-
old Izhikevich neuron cannot fire spontaneously without
noise. Figure 1(d) shows a time series of the membrane
potential v of a subthreshold neuron for D = 0.5. Com-
plex noise-induced subthreshold oscillations and spik-
ings with irregular interspike intervals appear. Neural
synchronization is investigated in an excitatory popula-
tion of these subthreshold Izhikevich neurons coupled via
AMPA synapses. Numerical integration of the governing
equations, Eqs. (1) – (3), is done using the Heun method
[27] (with the time step ∆t = 0.01 ms), which is similar
to the second-order Runge-Kutta method. For each re-
alization of the stochastic process in Eqs. (1) – (3), we
choose a random initial point [vi(0), ui(0), si(0)] for the
ith (i = 1, . . . , N) neuron with uniform probability in
the range of vi(0) ∈ (−70, 30), ui(0) ∈ (−10,−6), and
si(0) ∈ (0, 1).

III. STOCHASTIC BURSTING
SYNCHRONIZATION

In this section, we study stochastic bursting synchro-
nization (i.e., collective coherence between noise-induced
burstings). Stochastic bursting synchronization is well
characterized by using the diverse techniques of statisti-
cal mechanics and nonlinear dynamics.

We consider an excitatory population of N globally-
coupled subthreshold Izhikevich neurons for IDC = 3.6.
As the coupling strength J passes a threshold J∗ (' 0.57)
for D = 0.5, individual neurons exhibit noise-induced
burstings, as briefly explained below [28]. Figure 2(a1)
shows the time series of the membrane potential variable
v1 and the recovery variable u1 of the first neuron (in the
population) for J = 0.5. The fast potential variable v1

may exhibit a spiking or a quiescent state depending on
the slow recovery variable u1, which provides a negative
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Fig. 2. Time series of the membrane potential variable
v1 and the recovery variable u1 of the first neuron for (a1)
J = 0.5, (a2) J = 0.6, and (a3) J = 0.7 in N (= 103)
globally-coupled excitatory subthreshold Izhikevich neurons
for IDC = 3.6 and D = 0.5. Magnifications of (a1), (a2), and
(a3) are given in (b1), (c1), and (d1), respectively. Phase
portraits projected onto the v1 − u1 plane of the first neuron
for (b2) J = 0.5, (c2) J = 0.6, and (d2) J = 0.7.

feedback to v1 and can be regarded as an adaptation pa-
rameter [11,12,29]. If J is less than J∗ (e.g., J = 0.5),
then spiking v1 pushes u1 outside the spiking area. Then,
u1 slowly decays into the quiescent area [see Fig. 2(a1)],
which results in termination of spiking. This quiescent
v1 pushes u1 outside the quiescent area; then, u1 revisits
the spiking area, which leads to spiking of v1. Through
repetition of this process, spikings appear successively in
v1. This kind of spiking activity occurs on a simple limit
cycle, as shown in Fig. 2(b2). However, as J passes a
threshold J∗, the coherent synaptic input into the first
neuron becomes so strong that the first spike in v1 cannot
push u1 outside the spiking area. As an example, see the
case of J = 0.6 in Figs. 2(a2) and 2(c1). For this case,
after the 1st spike in v1, u1 at first decreases a little (with
nearly zero slope) and then increases abruptly up to a
value of u1 = 2.96 [see Fig. 2(c1)], which is larger than
the peak value of u1 = −4.24 for J = 0.5. Thus, after
the 1st spike, u1 remains inside the spiking area; hence,
a second spike appears in v1. After this 2nd spike, u1

is pushed away from the spiking area and slowly decays
into the quiescent area, which results in the termination
of repetitive spikings. In this way, burstings consisting of
two spikes (doublets) appear in v1 for J = 0.6. This kind

Fig. 3. Time series of the global potential VG(t) for D =
(a1) 0.14, (a2) 5, and (a3) 30 in N (= 103) globally-coupled
excitatory subthreshold Izhikevich neurons for IDC = 3.6 and
J = 1.5. (b) Plots of log10O versus log10 D for J = 1.5.

of bursting activity (alternating between the active phase
of repetitive spikings and the quiescent phase) occurs on
a hedgehog-like limit cycle (with two spines) [the spines
(body) corresponds to the active (quiescent) phase], as
shown in Fig. 2(c2). As J is further increased, the co-
herent synaptic input becomes stronger, so the number
of spikes in a burst increases [e.g., see the triplets for
J = 0.7 in Figs. 2(a3), 2(d1), and 2(d2)].

Hereafter, we set the coupling strength as J = 1.5 and
investigate stochastic bursting synchronization by vary-
ing the noise intensity D. Emergence of collective burst-
ing coherence in the population may be described by
the population-averaged membrane potential VG (corre-
sponding to the global potential) and the global recovery
variable UG:

VG(t) =
1
N

N∑
i=1

vi(t) and UG(t) =
1
N

N∑
i=1

ui(t). (8)

For sufficiently small D, neurons fire independently, and
incoherent states appear. For the incoherent case, the
global potential VG(t) is nearly stationary, as shown in
Fig. 3(a1) for D = 0.14. However, as D passes a lower
threshold D∗

l (' 0.15), a coherent transition occurs be-
cause noise stimulates collective coherence between neu-
ral burstings. Then, stochastic bursting synchroniza-
tion occurs. For this coherent case, collective oscilla-
tory motion of the global potential VG(t) occurs [e.g., see
Fig. 3(a2) for D = 5]. However, when passing a higher
threshold D∗

h (' 28), incoherent states appear again be-
cause noise spoils collective bursting coherence, as shown
in Fig. 3(a3) for D = 30. This kind of incoherence-
coherence-incoherence transition may be well described
in terms of the order parameter. For our case, the mean-
square deviation of the global potential VG(t) (i.e., time-
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averaged fluctuations of VG(t)),

O ≡ (VG(t)− VG(t))2, (9)

plays the role of an order parameter, where the overbar
represents the time averaging. Here, we discard the first
time steps of a stochastic trajectory as transients during
103 ms; then, we numerically compute O by following the
stochastic trajectory for 3× 104 ms when N = 103, 104,
and 105. For the coherent (incoherent) state, the order
parameter O approaches a nonzero (zero) limit value in
the thermodynamic limit of N →∞. Figure 3(b) shows
a plot of the order parameter versus the noise intensity.
For D < D∗

l , the order parameter O tends to zero as
N → ∞, so incoherent states exist. As D passes the
lower threshold D∗

l , a coherent transition occurs because
of the constructive role of noise in stimulating coher-
ence between noise-induced burstings. Stochastic burst-
ing synchronization occurs in a large range of interme-
diate noise intensities. However, for large D > D∗

h, the
order parameter O goes to zero as N →∞; hence, such
coherent states disappear (i.e., a transition to an inco-
herent state occurs when D passes the higher threshold
D∗

h) due to the destructive role of noise in spoiling the
spiking coherence.

We also characterize the stochastic bursting synchro-
nization by using the techniques of nonlinear dynam-
ics. Collective coherence between noise-induced burst-
ings may be well visualized in the raster plots of neural
spikes as shown in Figs. 4(a1) – 4(a4) for the coherent
cases of D = 0.2, 5, 12, and 17, respectively; the time se-
ries of the corresponding global potentials VG(t) are also
shown in Figs. 4(b1) – 4(b4). When passing the lower
threshold D∗

l (' 0.15), stochastic bursting synchroniza-
tion occurs. For D = 0.2, clear burst bands, composed
of stripes of spikes, appear successively at nearly regular
time intervals. For a clearer view, magnifications of a
single burst band and VG are given in Figs. 4(c1) and
4(c2), respectively. For this kind of bursting, burst syn-
chronization refers to a temporal relationship between
the active phase onset and offset times of bursting neu-
rons while spike synchronization characterizes a tempo-
ral relationship between spikes fired by different bursting
neurons in their respective active phases [29,30]. Hence,
bursting neurons may exhibit burst and spike synchro-
nization in contrast to spiking neurons, which exhibit
only spike synchronization. For the case of D = 0.2, in
addition to burst synchronization, spike synchronization
occurs in each burst band, as clearly shown in Fig. 4(c1).
As a result of this complete synchronization, the global
potential VG exhibits a bursting activity like an individ-
ual potential (i.e., fast spikes appear on a slow wave in
VG), as shown in Fig. 4(c2). This kind of bursting activ-
ity occurs on a hedgehog-like limit cycle in the VG −UG

plane [see Fig. 4(c3)]; spines of the global limit cycle indi-
cate spike synchronization. However, as D is increased,
interburst intervals decrease and loss of spike synchro-
nization occurs in each burst band due to a smearing of

Fig. 4. Raster plots of neural spikes for D = (a1) 0.2,
(a2) 5, (a3) 12, and (a4) 17 in N (= 103) globally-coupled
excitatory subthreshold Izhikevich neurons for IDC = 3.6 and
J = 1.5. Time series of VG(t) for D = (b1) 0.2, (b2) 5, (b3)
12, and (b4) 17. Magnifications of a single burst band in the
raster plot and VG are shown in (c1) and (c2), (d1) and (d2),
(e1) and (e2), and (f1) and (f2) for D = 0.2, 5, 12, and 17,
respectively. The global phase portraits for D = 0.2, 5, 12,
and 17 are given in (c3), (d3), (e3), and (f3), respectively.

the stripes of the spikes. As an example, see the case
of D = 5 where the raster plot of neural spikes and VG

are given in Figs. 4(a2) and 4(b2), respectively. Smear-
ing of the stripes is well seen in the magnified burst
band of Fig. 4(d1). As a result, the amplitude of VG

decreases, as shown in Fig. 4(d2). For this case, burst-
ing activity occurs on a smaller hedgehog-like limit cycle
[see Fig. 4(d3)]. As D is further increased and passes
a threshold (D ' 11), complete loss of spike synchro-
nization occurs in each burst band. Consequently, only
burst synchronization (without spike synchronization)
occurs, as shown in Figs. 4(a3) and 4(b3) for D = 12
[see also magnified views in Figs. 4(e1) – 4(e2)]. For
this case, VG exhibits a slow-wave oscillation without
fast spikes. This kind of burst synchronization occurs
on a limit cycle without spines, as shown in Fig. 4(e3).
As D is increased, such burst bands become more and
more smeared; thus, the degree of stochastic bursting
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Fig. 5. Phase portraits and synchronization measure in N
(= 103) globally-coupled excitatory subthreshold Izhikevich
neurons for IDC = 3.6 and J = 1.5. Gray (black) limit cycles
of the global (first individual) state for (a1) D = 0.2, (a2)
D = 5, (a3) D = 12, and (a4) D = 17. (b) Plot of the
synchronization measure M versus log10 D.

synchronization decreases [e.g., see Figs. 4(a4) and 4(b4)
for D = 17 and their magnified views in Figs. 4(f1)
– 4(f2)]. Consequently, the limit cycle on which burst
synchronization occurs becomes smaller, as shown in in
Fig. 4(f3). With further increase in D, like the process of
loss of spike synchronization, overlapping of burst bands
begins to occur, which eventually results in the com-
plete loss of burst synchronization when passing a higher
threshold D∗

h (' 28).
Finally, we measure the degree of stochastic bursting

synchronization in terms of a synchronization measure.
Figures 5(a1) – 5(a4) show the phase portraits of the
global and the individual output signals in the coher-
ent region. By comparing the global and the individual
phase portraits, we obtain qualitative information about
the degree of stochastic bursting synchronization. For
D = 0.2, the global state exhibits a collective motion on
a gray limit cycle, as shown in Fig. 5(a1). For this case,
the gray limit cycle coincides nearly with the black limit
cycle of the first neuron except for the spine sizes. How-
ever, as D is increased, the size of the global gray limit
cycle decreases, and the width of the black limit cycle
of the first neuron increases because of fluctuations in
the individual output signals. In this way, with increas-
ing D, the degree of stochastic bursting synchronization
(i.e., the degree of resemblance of the global output sig-
nal to the individual output signal) decreases. Such a
degree of stochastic spiking coherence may be quantified
by using a measure M defined by [31]

M ≡
√
O

1
N

∑N
i=1

√
(vi(t)− vi(t))2

. (10)

This synchronization measure M is just the ratio be-
tween the standard deviation (i.e., the root-mean-square
deviation) of the global potential VG and the popula-
tion average over each neuron’s standard deviation of
the individual potential vi (i.e., M reflects the degree
of resemblance of the global potential to the individual
potential). For the case of a coherent state, 0 < M ≤ 1,
while M = 0 in the case of an incoherent state. Here,
we numerically compute M by following the stochastic
trajectory for 3× 104 ms after a transient process of 103

ms. Figure 5(b) shows a plot of M versus the noise in-
tensity. As D is increased from the lower threshold D∗

l ,
M increases dramatically at first, indicating the onset
of bursting synchronization; then a wide plateau with
nearly constant M follows. However, for larger D, M
decreases due to the destructive role of noise in spoiling
the bursting synchronization. Thus, stochastic bursting
synchronization becomes stable over a large range of in-
termediate noise intensities.

IV. SUMMARY

We have studied stochastic bursting synchronization
by varying the noise intensity D in a population of sub-
threshold Izhikevich neurons. As the coupling strength
passes a threshold, individual neurons exhibit noise-
induced burstings. Through competition of the construc-
tive and the destructive roles of noise, collective co-
herence between these noise-induced burstings has been
found to occur over a large range of D. This stochastic
bursting synchronization has been well characterized in
terms of the order parameter, the raster plot of neural
spikes, the time series of the ensemble-averaged global
potential, and the phase portraits of limit cycles. In con-
trast to spiking neurons showing only spike synchroniza-
tion, two kinds of spike and burst synchronization are
found to occur for the case of bursting neurons. We have
also measured the degree of stochastic bursting synchro-
nization by using a synchronization measure that reflects
the resemblance of the global potential to the individual
potential. Finally, we note that stochastic bursting syn-
chronization might be associated in a noisy environment
with synchronous brain rhythms that contribute to cog-
nitive functions such as information integration, working
memory, and selective attention.
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J. Wang and G. Buzsáki, J. Neurosci. 16, 6402 (1996).

[25] C. Börgers and N. Kopell, Neural Comput. 15, 509
(2003); ibid. 17, 557 (2005).

[26] A. L. Hodgkin, J. Physiol. 107, 165 (1948); J. Rinzel
and B. Ermentrout, Methods in Neural Modeling: from

Ions to Networks, edited by C. Koch and I. Segev (MIT
Press, Cambridge, 1998), p. 251.

[27] M. San Miguel and R. Toral, Instabilities and Nonequi-
librium Structures VI, edited by J. Martinez, R. Tie-
mann and E. Tirapegui (Kluwer Academic Publisher,
Dordrecht, 2000), p. 35.

[28] More rigorous analysis for the appearance of burstings is
beyond the scope of this paper. Such a rigorous investi-
gation is left as a future work.

[29] I. Omelchenko, M. Rosenblum and A. Pikovsky, Eur.
Phys. J. Spec. Top. 191, 3 (2010).

[30] J. E. Rubin, Scholarpedia 2, 1666 (2007).
[31] D. Hansel and G. Mato, Neural Comput. 15, 1 (2003);

D. Golomb and J. Rinzel, Physica D 72, 259 (1994).


