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We show that in model neuronal 
ultures, where the probability of interneuronal 
onne
tion formation

de
reases exponentially with in
reasing distan
e between the neurons, there exists a small number of spa-

tial nu
leation 
enters of a network spike, from where the syn
hronous spiking a
tivity starts propagating in

the network typi
ally in the form of 
ir
ular traveling waves. The number of nu
leation 
enters, as well as

their spatial lo
ation, is unique and un
hanged for a given realization of neuronal network but is di�erent

for di�erent networks. In 
ontrast, if the probability of interneuronal 
onne
tion formation is independent

of the distan
e between neurons, then the nu
leation 
enters do not arise and the syn
hronization of spiking

a
tivity during a network spike o

urs spatially uniform throughout the network. Therefore one 
an 
on
lude

that spatial proximity of 
onne
tions between neurons is important for the formation of nu
leation 
enters.

It is also shown that �u
tuations of the spatial density of neurons at their random homogeneous distribution

typi
al for the experiments in vitro do not determine the lo
ation of the nu
leation 
enters. The simulation

results are qualitatively 
onsistent with the experimental observations.
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1. Introdu
tion

In neuronal 
ultures, i.e., planar neuronal networks

grown in vitro from initially disso
iated neurons of 
ere-

bral 
ortex or hippo
ampus, one 
an often dete
t spon-

taneous short-term (fra
tions of a se
ond) repetitive

syn
hronization of neuronal spiking a
tivity 
alled a net-

work spike or a population burst [1, 2, 3, 4, 5℄. This phe-

nomenon is thought to be related to epilepsy [6, 7℄ there-

fore both the origin and the properties of network spikes

are the subje
t of intensive studies. In a re
ent paper

[5℄ (see also [8℄) it has been shown experimentally that

a typi
al network spike has a few steady spatial sour
es

- nu
leation 
enters of traveling waves of syn
hronous

spiking a
tivity. The 
auses of their o

urren
e have

not yet identi�ed. As des
ribed in [5℄, the number and

lo
ation of the nu
leation 
enters for di�erent neuronal


ultures are di�erent, but for the same neuronal 
ulture

these remain pra
ti
ally un
hanged during the observa-

tion period.

In this paper, by means of simulations, we inves-

tigated the spatial dynami
s of network spikes in large

planar neuronal networks (50 thousand neurons, several

millions of interneuronal 
onne
tions) that are 
ompa-

rable to real neuronal 
ultures. It was suggested that

the probability pcon(r) of an unidire
tional 
onne
tion

between two neurons de
reases exponentially as a fun
-

tion of the distan
e r between them [9℄. In fa
t, we have

generalized the results of the work [10℄, where the net-

work spikes o

urred in a model neuronal network 
om-

posed of Leaky Integrate-and-Fire (LIF) neurons with

binomial distribution of interneuron 
onne
tions and re-

laxational synapti
 plasti
ity, for the 
ase of spatially

dependent network topology, taking into a

ount the

respe
tive propagation delays of signals between neu-

rons.

We have found that (i) for the network of ex
itatory

neurons, uniformly distributed over the square area,

there is indeed a small number of nu
leation 
enters of

a network spike from whi
h the syn
hronous spiking a
-

tivity propagates farther typi
ally in the form of 
ir
ular

traveling waves. The number of nu
leation 
enters, as

well as their spatial lo
ation, is unique and invariable for

a given implementation of the neuronal network, but is

di�erent for di�erent networks. Note that the nu
leation


enters were not nested in �u
tuations of spatial density

of neurons and the 
hange in the fun
tion pcon(r), un-

der 
ertain 
onditions on the average values of network

parameters, did not lead to the disappearan
e of nu-


leation 
enters. (ii) If the probability of formation of

interneuronal 
onne
tion was not dependent on the neu-

rons' lo
ation relative to ea
h other, then the nu
leation


enters did not arise - the syn
hronization of spiking

a
tivity o

urred spatially uniform throughout the net-

work. (iii) If the average number of outgoing synapti
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onne
tions per neuron in the network was su�
iently

large, then a drifting spiral wave 
ould arise o

asionally

during some network spikes.

The results obtained, in parti
ular, the existen
e of

nu
leation 
enters and the statisti
al regularities of their

o

urren
e, seem 
onsistent with the spatial dynami
s of

network spikes des
ribed in [5℄. It is worth noting that

the dynami
 transitions between the phases of asyn-


hronous and syn
hronous spiking a
tivity of the net-

work 
ould be related to phase transitions of either the

�rst (
ase (i)) or the se
ond (
ase (ii)) kind, depending

on the degree of lo
ality of the majority of interneuronal


onne
tions.

2. Materials and methods

Neuronal Network Model. A mathemati
al

model of the neuronal network 
omprised of three main


omponents: (I) the model of a neuron, (II) synapse

model des
ribing the intera
tion between neurons, and

(III) algorithm for generating the network topology. By

default, the network 
onsisted of 80% ex
itatory and

20% inhibitory neurons. The values of parameters for

the neuron and synapse models, in
luding the param-

eters of normal distributions (standard deviations of

whi
h by default were taken equal to 1/2 of the av-

erage values), do not di�er essentially from those used

in arti
le [10℄ (see [11℄).

As a neuron model, the standard LIF-neuron has

been used. Subthreshold dynami
s of the transmem-

brane potential V of su
h a neuron is des
ribed by the

equation

τmdV/dt = Vrest − V (t) + (Isyn(t) + Ibg)Rm, (1)

where Vrest is the neuron's resting potential, τm is the


hara
teristi
 time for relaxation of V to Vrest, Rm is the

ele
tri
al resistan
e of the neuron's membrane, Isyn(t) is

the total in
oming synapti
 
urrent, whi
h, as a fun
tion

of time t, depends on the 
hoi
e of the dynami
 model of

a synapse and the number of in
oming synapses, Ibg is a


onstant "ba
kground" 
urrent, the magnitude of whi
h

varies from neuron to neuron by a normal distribution.

Note that the ba
kground 
urrents are required in or-

der to initiate and sustain a spontaneous asyn
hronous

spiking a
tivity of the network.

When the transmembrane potential rea
hes a

threshold value Vth = V (tsp), it is supposed that the

neuron emits a spike, then V abruptly drops to a

spe
i�ed value Vreset, Vrest < Vreset < Vth, and retains

this value during the period of refra
toriness τref , then

the dynami
s of the potential is again des
ribed by the

equation (1). The result of the LIF-neuron dynami
s is

a sequen
e of spike generation moments {t(1)sp , t
(2)
sp , . . .}.

If a neuron has the value of Ibg that ex
eeds a 
riti
al

value Ic = (Vth−Vrest)/Rm, then this neuron is a pa
e-

maker, i.e., it is able to emit spikes periodi
ally, with the

period △tsp = τref + τm ln[(Ibg − Ir)/(Ibg − Ic)], where

Ir = (Vreset − Vrest)/Rm, in the absen
e of in
oming

signals from other neurons.

II. A single 
ontribution to the in
oming synapti



urrent in the TUM model [10℄ is determined by the

formula

Isyn(t) = A · y(t), (2)

where A is the maximum amplitude of synapti
 
urrent,

the sign and magnitude of whi
h depend on the type of

pre- and postsynapti
 neurons (i.e., whether the neuron

is ex
itatory or inhibitory), and y(t) is a dimensionless

parameter, 0 ≤ y ≤ 1, the dynami
s of whi
h is deter-

mined by the following system of equations:











dx/dt = z/τrec − u · x · δ(t− tsp),

dy/dt = −y/τI + u · x · δ(t− tsp),

dz/dt = y/τI − z/τrec,

(3)

where x, y, and z are the fra
tions of synapti
 resour
es

in the re
overed, a
tive and ina
tive state, respe
tively,

x + y + z = 1, τrec, τI are the 
hara
teristi
 relax-

ation times, tsp is the moment of spike generation at

the presynapti
 neuron (the signal propagation delay

between neurons is not taken into a

ount in the origi-

nal model [10℄), δ(. . .) is the Dira
 delta fun
tion, u is

the fra
tion of re
overed synapti
 resour
e used to trans-

mit the signal a
ross the synapse, 0 ≤ u ≤ 1. For the

outgoing synapses of inhibitory neurons, the dynami
s

of u is des
ribed by the equation

du/dt = −u/τfacil + U · (1− u) · δ(t− tsp), (4)

where τfacil is the 
hara
teristi
 relaxation time, and

0 < U ≤ 1 is a 
onstant parameter. For the out-

going synapses of ex
itatory neurons, u remains 
on-

stant and equals to U . In the numeri
al simulations

the 
onstants A and U , as well as all the 
hara
teristi


relaxation times (ex
ept for τI) in the synapti
 
urrent

model, were normally distributed, i.e., ea
h synapse had

its own unique values of these parameters.

III. We used the binomial and spatially-dependent

distributions of interneuron 
onne
tions. In the 
ase

of "binomial" network topology, we set a 
onstant

probability pcon of the formation of unilateral synapti



onne
tion between two neurons, independent of their

spatial 
oordinates. Then in the network of N neu-

rons the number m of outgoing 
onne
tions of a neu-

ron is des
ribed by the binomial distribution P (m) =
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Cm
N−1p

m
con(1− pcon)

N−1−m
, where 0 ≤ m ≤ N − 1, with

mean value m̄ = pcon(N − 1).

In the 
ase of spatially-dependent network topology,

point neurons were uniformly distributed over a square

area L × L of unit size (L = 1). The probability of

formation of unilateral 
onne
tion between ea
h pair of

neurons depended on the distan
e r between them a
-


ording to the formula [9℄

pcon(r) = Be−r/λ, (5)

where λ is the 
hara
teristi
 
onne
tion length, ex-

pressed in units of L. The 
onstants B and λ, for sim-

pli
ity, were 
hosen independent of the types of pre- and

postsynapti
 neurons, in parti
ular, it was taken B = 1,

λ = const for all 
ombinations of types of neurons.

Note two essential 
ir
umstan
es: �rst, sin
e the

square area is a 
onvex set of points, and the interneuron


onne
tions were modeled by segments of straight lines,

we did not take into a

ount the edge e�e
ts when 
reat-

ing the network. Se
ondly, despite the fa
t that pcon(r)

rea
hes its maximum at r = 0, the distribution of the

lengths of interneuronal 
onne
tions is zero at r = 0 and

rea
hes its maximum at the point r ≈ λ, provided that

λ . 0.1. One 
an show this straightforwardly by �nding

the probability density P (r) to dete
t two neurons at a

distan
e r from ea
h other,

P (r) =















2r · (π − 4r + r2), r ≤ 1,

4r · (2 arcsin(1/r) + 2
√

r2 − 1− . . .

−π/2− r2/2− 1), 1 < r ≤
√
2,

(6)

su
h that

√

2
∫

0

P (r)dr = 1 [11, 12, 13, 14℄. The distribu-

tion of interneuronal 
onne
tion lengths is given by the

produ
t pcon(r)P (r) (Fig. 1, upper graph), 
p. [15℄. In

turn, the average number of interneuron 
onne
tions in

the network of N neurons is

Ncon(λ) = N(N − 1)

√

2
∫

0

pcon(r)P (r)dr, (7)

so that the 
orresponding probability for the binomial

distribution 
an be found as pcon = Ncon(λ)/(N(N−1))

(Fig. 1, lower graph). The approximate analyti
al ex-

pression for the fun
tion Ncon(λ) is given in [11℄.

The delays resulting from the propagation of spikes

along the axons were 
al
ulated by the formula [16℄

τdel = τdel,min + r/vsp, (8)

where τdel is the total propagation delay of a spike along

the axon of length r, τdel,min is the minimal axonal delay
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Figure 1. Upper graph: The probability density P (r)

to �nd two neurons, whose spatial 
oordinates are at

random uniformly distributed in the square L × L, at

a distan
e r from ea
h other. Inset: normalized distri-

bution of the interneuronal 
onne
tion lengths for the

network of 10 thousand neurons at λ = 0.1 (see (5)) and

the 
orresponding produ
t pcon(r)P (r). Lower graph:

Fun
tional dependen
e Ncon(λ) obtained (i) by dire
t

simulation of the networks of N = 104 neurons (thi
k

blue 
urve) and (ii) with the use of the approximate

analyti
al expression of Eq. (7) (thin red 
urve).

the same for all synapses, and vsp is the 
onstant speed

of spike propagation along the axon [11℄. Note that the

distribution of axonal delays (8) is also determined by

the produ
t pcon(r)P (r).

3. Results

Arti
le [10℄ lists the parameter values for the TUM

model at whi
h the regime of repetitive network spikes

o

urs in simulations (Fig. 2). This regime is 
hara
-

terized by a broad distribution of intervals between sub-

sequent network spikes (in [17, 18℄ it is shown that the

distribution of in
rements of these intervals may be ap-

proximated by the Levy distribution). It is this regime

("TUM regime") we have obtained and examined for the
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Figure 2. Spiking a
tivity of the "binomial" neuronal

network of 500 LIF-neurons (80% ex
itatory, 20% in-

hibitory; 6.4% pa
emaker neurons) with normal dis-

tribution of the ba
kground 
urrents (see the inset at

right). LEFT: Raster plot (top) and spiking a
tivity

averaged over 2 ms and normalized to the total num-

ber of neurons (bottom). Network spikes are the verti-


al stripes in the raster and the peaks on the a
tivity

plot. X(t) is the network-averaged fra
tion of synap-

ti
 resour
es in the re
overed state. RIGHT: The same

quantities for a single network spike.


ase of spatially-dependent network topology. It is im-

portant to note that this o

urs only in relatively narrow

region of values of the average number m̄ = pcon(N −1)

of outgoing 
onne
tions per neuron. In parti
ular, keep-

ing un
hanged other parameters of the simulations, for

the networks of ex
itatory neurons the TUM-regime o
-


urred in the range 30 . m̄ . 90 (see Fig. 3). If the

network 
omprises 20% inhibitory neurons, this range

is expanding, 30 . m̄ . 150. For planar networks with

a large number of neurons (40-50 thousand) uniformly

distributed over a square area, the parameter λ, whi
h

determines the probability (5) of interneuronal 
onne
-

tion formation, was typi
ally set so that the average

number of outgoing 
onne
tions per neuron was inside

this range, near its lower boundary for the sake of 
on-

serving 
omputing resour
es.

In the TUM-regime, a network spike in the net-

work of ex
itatory neurons uniformly distributed in the

square area starts in one of a few (usually 3-4) spa-

tial 
enters - primary nu
leation 
enters, from whi
h

the syn
hronous spiking a
tivity propagates through the

network in the form of a 
ir
ular traveling wave, a

om-

panied by the a
tivation of more numerous se
ondary

nu
leation 
enters (Fig. 4). A spatial pro�le of the net-

work spike emerging in the nu
leation 
enter is shown

in Fig. 5.
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Figure 3. À: The phase diagram of the o

urren
e prob-

ability for the regime of aperiodi
ally repetitive network

spikes (TUM-regime) in the "binomial" networks of ex-


itatory neurons. N is the number of neurons in the

network, Pcon is the probability of interneuronal 
on-

ne
tion formation. Ea
h pixel of the diagram displays

the relative number of realizations of a neuronal net-

work with given values of N and Pcon (in total, there

were 5 su
h trials) for whi
h the TUM-regime was ob-

served. B: Examples of averaged (over 3 ms) spiking

a
tivity of the network of N = 500 ex
itatory neurons

at Pcon = 0.03, 0.1, 0.22.

The primary nu
leation 
enters are determined at

the initial stage of a network spike by their invariable

spatial arrangement (Fig. 5, right graph). The evalu-

ation of their number, obviously, depends on the simu-

lation time sin
e the network spikes o

ur randomly in

one of them. A

ording to our observations (in total,

12 simulations of the same type and 14 various modi�-


ations were performed), the number of primary nu
le-

ation 
enters 
eases to in
rease after 10-15 sequentially

passed network spikes. We therefore 
on
lude that it

remains the same for a given realization of the neuronal

network, being di�erent for di�erent networks. Note

that the average frequen
y of generating network spikes

for the networks of 40 thousand ex
itatory neurons is

in the order of magnitude of 1 Hz, provided that the

simulation time-step is 0.1 ms and the simulation time

is 10 s. Inhibitory neurons, in their turn, generally (i)

de
rease the average frequen
y of network spike o

ur-

ren
e, (ii) in
rease the variability of both the amplitude
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Figure 4. Upper graph: Averaged (over 2 ms) spiking a
tivity of the network of 50 thousand neurons at λ = 0.01. After

the �rst 10 se
onds of the simulation the inhibitory neurons (20% of the total) are blo
ked, i.e. do not parti
ipate in

spiking dynami
s of the network, in order to obtain a 
lear pi
ture of the propagation of syn
hronous spiking a
tivity

from the smallest number of nu
leation 
enters. Lower graph: LEFT: Network a
tivity (top) and raster (bottom) during

the network spike marked by the arrow in the upper graph. RIGHT: Snapshots of the instantaneous spatial a
tivity of

neurons for the 
orresponding moments of the network spike. Blue dots depi
t neurons and red dots highlight spiking

neurons. Ea
h frame 
orresponds to the area L×L. On the frame C it is seen that in addition to the primary nu
leation


enter (frame A) three se
ondary 
enters be
ome a
tive. The simulation parameters are des
ribed in details in [7℄.

and duration of a network spike, and (iii) in
rease the

number of nu
leation 
enters.

Interestingly, if the average number of outgoing

synapti
 
onne
tions per neuron is su�
iently large (i.e.,

parameter λ in Eq. (5) is relatively large), then a drift-

ing spiral wave 
an arise during some network spikes

(Fig. 6), given that most of the network spikes still start

with 
ir
ular traveling waves propagating from the sta-

tionary nu
leation 
enters. (In total, three su
h spirals

o

urred in two of �ve identi
al simulations at λ = 0.04

with relative frequen
ies 1/12 and 2/10, respe
tively.)

4. Dis
ussion

A theory for the origin of the nu
leation 
enters of

network spikes, enabling predi
tion of the number and

lo
ation of primary nu
leation 
enters without 
arrying

out the dynami
 simulations, is 
urrently absent. We

have ex
luded the in�uen
e of �u
tuations of the spa-

tial distribution density of neurons by pla
ing the neu-

rons stri
tly periodi
ally in the nodes of a square latti
e

- the nu
leation 
enters still o

urred (Fig. 7, upper

panel). One-to-one 
orresponden
e was not observed

between the lo
ations of lo
al maxima of spatial density

of pa
emaker neurons and primary nu
leation 
enters.

Nu
leation 
enters o

urred even at identi
al values of

synapti
 parameters (see (2), (3)) for all synapses of the

network.

Modi�
ations of the fun
tional dependen
e of the

probability of interneuronal 
onne
tion formation on

the distan
e between neurons (e.g., pcon(r) = θ(λ − r),

where θ(. . .) is unit step fun
tion), provided that (i)

the average number of outgoing 
onne
tions per neu-

ron remains the same in the order of magnitude and (ii)

neurons lo
ated far (
ompared with the 
hara
teristi


distan
e λ, L/
√
N < λ ≪ L) from ea
h other pra
ti-


ally do not form 
onne
tions, also do not lead to the

disappearan
e of nu
leation 
enters. On the other hand,

if the probability of interneuronal 
onne
tion forma-

tion was independent of the distan
e between neurons

(i.e., pcon(r) = const, given that the average number of
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Figure 5. Left graph: The dynami
s of spiking a
tivity front for the initial stage of the network spike shown in Fig. 4

(see frames A - C) with the relative times indi
ation. The verti
al axis denotes the spatially-averaged spiking a
tivity

of the network, the horizontal one shows the distan
e ρ from the nu
leation 
enter. Right graph: Spatial lo
ations of

the nu
leation 
enters of 20 network spikes for the same network as that in Fig. 4. Three nu
leation 
enters (A, B,

C) are 
learly distinguishable. Bla
k dots depi
t the spatial spiking a
tivity of neurons during the �rst 40 ms after the

network spike onset that was determined by the ex
ess of a threshold value for the network spiking a
tivity.

Figure 6. Drifting spiral wave during the network spike (marked by the arrow) for the network of 50 thousand neurons

at λ = 0.04 that gives approx. 23 million interneuron 
onne
tions in the network with approx. 460 outgoing 
onne
tions

per neuron. Other simulation parameters were taken the same as for the network in Fig. 4. Inhibitory neurons (20% of

the total) are not blo
ked during the whole time of the simulation. Blo
king inhibitory neurons at λ = 0.04 results in

disappearan
e of the TUM-regime (see region III of the phase diagram in Fig. 3 A).

outgoing 
onne
tions per neuron remains un
hanged),

the nu
leation 
enters did not arise - syn
hronization

of spiking a
tivity o

urred spatially uniform through-

out the network (lower panel in Fig. 7, a total of 5 su
h

simulations were performed). Here, it may be signi�
ant

that the varian
e of the total number of interneuronal


onne
tions of the network with pcon(r) = e−r/λ
, 
orre-

sponding to the Bernoulli trials with variable probabili-
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ties of su

ess, rea
hes its maximum at pcon(r) = const,

i.e. in the limit of standard binomial distribution [19℄.

Nevertheless, the results of simulations strongly suggest

that the spatial proximity of the majority of network

interneuronal 
onne
tions is important for the forma-

tion of nu
leation 
enters. Moreover, the evaluation

of network-averaged values of the shortest path length

〈SPL〉 and 
lustering 
oe�
ient 〈C〉 [20℄ indi
ates that
the neuronal networks exhibiting nu
leation 
enters dur-

ing network spikes belong to small-world networks. In

parti
ular, 〈SPL〉 ≈ 4.3 and 〈C〉 ≈ 0.1 for the network

in Fig. 4, 〈SPL〉 ≈ 3.8 and 〈C〉 ≈ 0.1 for the network in

Fig. 7 (upper panel), and 〈SPL〉 ≈ 3.4 and 〈C〉 ≈ 10−3

for truly random (binomial) network in Fig. 7 (lower

panel).

In general, our �ndings on nu
leation 
enters, 
ir
u-

lar traveling waves and drifting spiral waves of spiking

a
tivity are in qualitative agreement with the already

known. In parti
ular, the nu
leation 
enters and 
ir
u-

lar traveling waves during a network spike were dire
tly

observed experimentally in neuronal 
ultures [5℄, and

the spiral waves were observed in disinhibited neo
or-

ti
al sli
es [21℄. The similar e�e
ts (e.g., 
ir
ular and

spiral waves), regardless to the o

urren
e of network

spikes, were also obtained in previous 
omputational

studies [22, 23, 24, 25℄ using di�erent models of the neu-

ronal network.

5. Con
lusion

A relatively simple model of a planar neuronal 
ul-

ture is des
ribed that demonstrates in simulations the

regime of repetitive network spikes emerging in a small

number of spatial nu
leation 
enters, the lo
ation of

whi
h is unique for a given network implementation.

In fa
t, the number and lo
ation of primary nu
leation


enters are dynami
 "marks of distin
tion" of neuronal


ultures from ea
h other.

More spe
i�
ally, we have shown that (i) in spatially

uniform networks of ex
itatory neurons, a typi
al net-

work spike has 
omplex spatial dynami
s with a few

nu
leation 
enters, (ii) the spatial nu
leation 
enters of

a network spike appear if the majority of 
onne
tions

between neurons are the lo
al ones, and (iii) the nu
le-

ation 
enters are not nested in �u
tuations of spatial

density of neurons.

It is worth noting that the spatial dynami
s of a

network spike in real neuronal 
ultures 
an be dire
tly

visualized with high spatial and temporal resolution us-

ing multi-transistor arrays [26℄ or advan
ed standard

mi
roele
trode arrays [27℄. Therefore the results of sim-

ulations similar to those 
ondu
ted in this study allow

a dire
t 
omparison with experimental observations.

Authors' 
ontributions. A.P. designed the study,


arried out mathemati
al 
al
ulations, performed sev-

eral simulations and drafted the manus
ript. D.Z. par-

ti
ipated in the design of the study, developed simu-

lation software and performed most of the simulations.

All authors 
ontributed to data analysis and graph plot-

ting. All authors gave �nal approval for publi
ation.

Competing interests. The authors de
lare no


ompeting �nan
ial interests.

Referen
es

1. R. Segev et al., Observations and modeling of

syn
hronized bursting in two-dimensional neu-

ral networks, Phys. Rev. E 64 (2001) 011920.

(doi:10.1103/PhysRevE.64.011920)

2. D. Eytan, S. Marom, Dynami
s and e�e
tive topol-

ogy underlying syn
hronization in networks of 
or-

ti
al neurons, J. Neuros
i. 26 (2006) 8465�8476.

(doi:10.1523/JNEUROSCI.1627-06.2006)

3. R. Madhavan, Z.C. Chao, S.M. Potter, Plasti
ity of re-


urring spatiotemporal a
tivity patterns in 
orti
al net-

works, Phys. Biol. 4 (2007) 181�193. (doi:10.1088/1478-

3975/4/3/005)

4. T.A. Gritsun, J. Feber, W.L.C. Rutten, Growth

dynami
s explain the development of spatiotempo-

ral burst a
tivity of young 
ultured neuronal net-

works in detail, PLoS ONE 7 (2012) e43352.

(doi:10.1371/journal.pone.0043352)

5. J.G. Orlandi et al., Noise fo
using and the emergen
e

of 
oherent a
tivity in neuronal 
ultures, Nature Phys.

9 (2013) 582�590. (doi:10.1038/nphys2686)

6. D.A. M
Cormi
k, D. Contreras, On the 
ellular and net-

work bases of epilepti
 seizures, Annu. Rev. Physiol. 63

(2001) 815�846. (doi:10.1146/annurev.physiol.63.1.815)

7. J. Milton, P. Jung (eds.), Epilepsy as a Dynami
 Dis-

ease, 1st Edition, Springer-Verlag Berlin Heidelberg,

2003.

8. E. Maeda, H.P. Robinson, A. Kawana, The me
hanisms

of generation and propagation of syn
hronized burst-

ing in developing networks of 
orti
al neurons, J. Neu-

ros
i. 15 (1995) 6834-6845. (http://www.jneuros
i.

org/
ontent/15/10/6834.full.pdf)

9. R. Miles, R.D. Traub, R.K. Wong, Spread of syn-


hronous �ring in longitudinal sli
es from the CA3 re-

gion of the hippo
ampus, J. Neurophysiol. 60 (1988)

1481-1496. (https://jn.physiology.org/
ontent/60/

4/1481.full.pdf)

was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (whichthis version posted September 8, 2016. ; https://doi.org/10.1101/073981doi: bioRxiv preprint 

https://doi.org/10.1101/073981


8 A.V.Paraskevov, D.K. Zendrikov

10. M. Tsodyks, A. Uziel, H. Markram, Syn
hrony gener-

ation in re
urrent networks with frequen
y-dependent

synapses, J. Neuros
i. 20 (2000) RC50. (http://www.

jneuros
i.org/
ontent/20/1/RC50.full.pdf)

11. See Supplementary Material.

12. B. Gaboune, G. Laporte, F. Soumis, Expe
ted Distan
es

between Two Uniformly Distributed Random Points in

Re
tangles and Re
tangular Parallelpipeds, J. Oper.

Res. So
. 44 (1993) 513-519. (doi:10.2307/2583917)

13. A.M. Mathai, P. Mos
hopoulos, G. Pederzoli, Ran-

dom points asso
iated with re
tangles, Rend. Cir
. Mat.

Palermo 48 (1999) 163�190. (doi:10.1007/BF02844387)

14. J. Philip, The probability distribution of the distan
e

between two random points in a box, preprint TRITA

MAT 07 MA 10, https://people.kth.se/~johanph/

hab
.pdf, 2007 (a

essed: 27 May 2016).

15. R. Segev, E. Ben-Ja
ob, Generi
 modeling of 
hemo-

ta
ti
 based self-wiring of neural networks. Neu-

ral Networks 13 (2000) 185-199. (doi:10.1016/S0893-

6080(99)00084-2)

16. P. Yger et al., Topologi
ally invariant ma
ros
opi


statisti
s in balan
ed networks of 
ondu
tan
e-based

integrate-and-�re neurons, J. Comput. Neuros
i. 31

(2011) 229-245. (doi:10.1007/s10827-010-0310-z)

17. R. Segev et al., Long term behavior of lithographi
ally

prepared in vitro neuronal networks, Phys. Rev. Lett. 88

(2002) 118102. (doi:10.1103/PhysRevLett.88.118102)

18. E. Persi et al., Modeling of syn
hronized burst-

ing events: the importan
e of inhomogene-

ity, Neural Comput. 16 (2004) 2577�2595.

(doi:10.1162/0899766042321823)

19. W. Feller, An Introdu
tion to Probability Theory and

Its Appli
ations, Volume 1, 3rd Edition, Wiley, 1968.

20. D.J. Watts, S.H. Strogatz, Colle
tive dynami
s of

small-world networks, Nature 393 (1998) 440�442.

(doi:10.1038/30918)

21. X. Huang et al., Spiral waves in disinhibited mam-

malian neo
ortex, J. Neuros
i. 24 (2004) 9897-9902.

(doi:10.1523/JNEUROSCI.2705-04.2004)

22. J.G. Milton, P.H. Chu, J.D. Cowan, Spiral waves in

integrate-and-�re neural networks, Advan
es in Neural

Information Pro
essing Systems 5 (NIPS 1992), pp.

1001�1006. https://papers.nips.

/paper/689-

spiral-waves-in-integrate-and-fire-neural-

networks.pdf

23. P.H. Chu, J.G. Milton, J.D. Cowan, Conne
tivity

and the dynami
s of integrate-and-�re neural net-

works, Int. J. Bifur
at. Chaos 4 (1994) 237-243.

(doi:10.1142/S0218127494000198)

24. C. Fohlmeister et al., Spontaneous ex
itations in

the visual 
ortex: stripes, spirals, rings, and 
ol-

le
tive bursts, Neural Comput. 7 (1995) 905-914.

(doi:10.1162/ne
o.1995.7.5.905)

25. W.M. Kistler, R. Seitz, J.L. van Hemmen, Modeling


olle
tive ex
itations in 
orti
al tissue, Physi
a D 114

(1998) 273�295. (doi:10.1016/S0167-2789(97)00195-4)

26. A. Lamba
her et al., Identifying �ring mammalian neu-

rons in networks with high-resolution multi-transistor

array (MTA), Appl. Phys. A 102 (2011) 1�11.

(doi:10.1007/s00339-010-6046-9)

27. M. Gandolfo et al., Tra
king burst patterns in hip-

po
ampal 
ultures with high-density CMOS-MEAs,

J. Neural Eng. 7 (2010) 056001. (doi:10.1088/1741-

2560/7/5/056001)

was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (whichthis version posted September 8, 2016. ; https://doi.org/10.1101/073981doi: bioRxiv preprint 

https://doi.org/10.1101/073981


A spatially resolved network spike in model neuronal 
ultures reveals nu
leation 
enters... 9

Figure 7. Upper panel: Spatial dynami
s of the network spike (marked by the arrow) for the network of 50625 neurons

lo
ated in 225 × 225 nodes of a square latti
e having period a = 0.004L. Inhibitory neurons (20% of the total) are

blo
ked from the outset of the simulation. The dependen
e pcon(r), with λ = 0.014, and other simulation parameters

were taken the same as for the network in Fig. 4. On frames A and B two nu
leation 
enters are 
learly visible. Lower

panel: A similar simulation for the network of 50 thousand neurons at pcon(r) = const = 6.4 · 10−4
, with the same

average number of outgoing 
onne
tions per neuron and other simulation parameters as those for the network in Fig.

4. It is seen that there are no nu
leation 
enters.
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