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Abstract Spontaneous activity in biological neural
networks shows patterns of dynamic synchronization.
We propose that these patterns support the forma-
tion of a small-world structure—network connectiv-
ity optimal for distributed information processing.
We present numerical simulations with connected
Hindmarsh-Rose neurons in which, starting from
random connection distributions, small-world networks
evolve as a result of applying an adaptive rewiring rule.
The rule connects pairs of neurons that tend fire in
synchrony, and disconnects ones that fail to synchro-
nize. Repeated application of the rule leads to small-
world structures. This mechanism is robustly observed
for bursting and irregular firing regimes.

Keywords Self-organization - Spiking neuron -
Modularity - Neural network

Introduction

Fodor (1983) introduced the notions of modularity and
isotropy to describe what an optimal information
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processing architecture looks like. Modules are
distinct entities of several elementary components that
perform specific processing tasks, separable from those
of other modules (Ravasz et al. 2002); Isotropy implies
that information is broadcasted equally to all possible
other functional brain regions. To Fodor, isotropy
and modularity were mutually exclusive properties,
because modularity requires information encapsula-
tion; processing within a module should be isolated
from global contextual information. Fodor, therefore,
proposed that modularity and isotropy belong,
respectively, to different subsystems of our human
information processing architecture. Whereas modu-
larity is a property of input systems plus language,
isotropy belongs to the central cognitive system.
More recently, Carruthers (2003, 2005a, b) and Bar-
rett (2005; Barrett and Kurzban 2006, in press) provided
arguments that encapsulation is not a necessary or even
relevant requirement for a multi-modular (or massively
modular) cognitive architecture. This means we need to
reconsider Fodor’s argument about the subsystems. We
may raise the question: would it be possible to combine
modularity and isotropy in one and the same system?
We propose that the combination of modularity
and isotropy is realized in systems with small-world
network connectivity. Small-world networks are char-
acterized by a high clustering coefficient in combination
with a low characteristic path length (Watts and
Strogatz 1998), whereas both path length and cluster-
ing coefficient are high in regular network structures
and low in random ones. The notion of clustering
involves the presence of “triangles’ in the connectivity
structure of the network. If a site A is connected to
sites B and C, then, if the clustering coefficient is high it
is likely that a connection between B and C exists.
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Characteristic path length, on the other hand, is a
measure of how many intermediate nodes need to be
visited, on average, to reach an arbitrary site B starting
from an arbitrary node A. Because of their high clus-
tering coefficient, small-world networks are optimized
for local communication and because of their short
path lengths they are optimized for global communi-
cation (Latora and Marchiori 2001). Small world
networks offer the best of both worlds.

As the brain consists on all levels of many special-
ized and interacting regions, the efficiency of their
interactions, both globally and locally is of crucial
importance for almost any brain function. Small world
networks, therefore, offer an optimal infrastructure for
interactions within and between brain regions. Clus-
tering provides the functional architecture to support
modularity in brain functional architecture: sites within
a module process interrelated information, so their
communication is optimal if they are locally intercon-
nected. The path length is of importance for how easy
it is to connect arbitrary sites. This property, therefore,
provides support for isotropy in brain functional
architecture.

From an evolutionary perspective, it is therefore
plausible that small-world connectivity is found
throughout the brain. Its prominence is increasingly
being recognized in the neurosciences; small-world
structure has been detected on the large scale using
magneto-encephalography in the functional connec-
tivity of brain areas (Stam 2004), as well as on the small
scale, in the anatomy of the visual cortex (Mountcastle
1997)! and the connectivity arising in cultured neuronal
networks (Shefi et al. 2002). On the other hand, it is
unlikely that details of brain connectivity structure are
dictated by the human genome. We propose that evo-
lution has predisposed the development of this con-
nectivity structure through adaptive self-organization.

Our present article addresses the question: are there
any known, basic mechanisms, by which small-world
structure could develop? Watts and Strogatz (1998)
introduced a simple rewiring scenario for generating
small-world networks. By replacing a small number of
short-range connections with long-range ones in an
initially regular network, the characteristic path length
could be reduced substantially with only minimal
changes to the clustering coefficient. The proposed
scenario, although simple and elegant, is not always

1 Although this author did not make explicit claims that the
structures they observed were small worlds, the combination of
modules (micro columns) and a limited number of long-range
connections was observed that, according to Watts and Strogatz
(1998) is characteristic of small world networks.
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plausible for the evolution of small-world networks in
the brain. Even though the development of brain tissue
is genetically pre-programmed, it is extremely unlikely
that the extensive rewiring of synapses that follows
their initial attachment (Zhang and Poo 2001) starts off
from a regular network structure. A basic mechanism
will have to start off from unstructured random
network conditions in order to explain the emergence
of small-world structure in general.

Perhaps the most widely accepted basic mechanism
for self-organization in neural networks is adaptive
plasticity. Usually, this is taken to mean that synapses
change in strength depending on experience. On the
other hand, a good deal of functional differentiation
has already occurred in the brain prior to experience.
Functional differentiation can still be considered as a
product of adaptive plasticity if we take spontaneous
activity into account. Unlike most artificial neural
networks, brain dynamics is characterized by sponta-
neous ongoing activity, in which dynamic patterns
of synchronization can be observed. Adaptation to
patterns of synchrony in spontaneous activity can occur
independently of and prior to experience. We propose
to apply the Hebbian principle of ‘“‘what fires together
wires together” to spontaneous neural activity.

Spontaneous activity takes a characteristic form in
early development of the brain. In mammals prior to or
briefly after birth, activity in the developing neural
circuits often has the form of recurrent bursts, leading
to massive synchronization (Feller 1999; Van Pelt et al.
2004). In the retina, for instance, such activity is
essential for the development of the lateral geniculate
nuclei prior to birth (Penn et al. 1998). The number of
neurons in the nuclei projecting to the visual cortex is
reduced if this spontaneous activity is blocked by
tetrodotoxin (Catalano and Shatz 1998). Bursting
activity in the brain is traditionally associated with
pathological conditions and indicative of epilepsy. In
epileptic activity depolarizing potentials involve global
activity. There is evidence of a low-dimensional chaotic
signal at the level of EEG (Babloyantz and Destexhe
1986; Breakspear et al. 2005). Developing circuits show
a different form of spontaneous bursting. Bursts of
synchronized activity in immature rat hippocampal slice
preparations are locally generated from different initi-
ation sites (Menendez de la Prida and Sanchez-Andres
2000) and are weakly chaotic (Nakatani et al. 2003).

This type of deterministic activity appears to play a
constructive role in the perinatal development of the
neuronal network architectures. Maeda et al. (1998)
found that bursts of synchronized spikes led to
long-term potentiation (LTP) of synapses in neurons
cultured in vitro. Postsynaptic bursting was found to be
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associated with Hebbian induction of long term
potentiation (Otsu et al. 1995; Pike et al. 1999). These
observations give us sufficient grounds to propose that
small-world networks emerge through Hebbian plas-
ticity in adaptation to spontaneous activity in devel-
oping neuronal networks.

In a first attempt to demonstrate this effect, an
adaptive rewiring scenario was proposed in a number
of previous studies (Gong and van Leeuwen 2004; Van
den Berg and van Leeuwen 2004). These studies,
instead of model neurons, involved spontaneous
synchronization in coupled maps. Coupled maps are
networks of real-valued nonlinear oscillators that are
updated in discrete time. The various regimes that
occur under different parameter values have been
studied extensively in globally coupled maps (Kaneko
1990) and in regular (Kaneko 1989), randomly con-
nected (Manrubia and Mikhailov 1999), and small-
world networks (Gade and Hu 2000). Like all coupled
oscillator systems, coupled maps show spontaneous
synchronization of their activity. Patterns of synchro-
nized activity and their stability vary with the choice of
parameter values for the network. For instance, glob-
ally coupled maps have coherent, ordered, or partially
ordered phases and disordered phases in different
regions of their control parameter space. “Order”
refers to a state of exact synchrony; partially ordered
phases consist of sharply demarcated clusters of
synchronized units. In randomly coupled networks,
especially the sparsely coupled ones, there are only
fuzzy synchronization and fuzzy clusters. Fuzzy
synchronization is separated in the parameter space
from the fuzzy clustering phases by a region of inter-
mittent activity.

For intermittent and fuzzy clustering regimes, an
adaptive rewiring scenario (Gong and van Leeuwen
2004) produced a small-world network structure. The
small-world structure emerges as a result of itera-
tively rewiring an initially randomly connected net-
work. A pair of units receives a connection if their
activity patterns are maximally synchronized. The
new connection replaces one between two units that
are not synchronized. Iterative rewiring in adaptation
to dynamic synchrony is a simple but effective
mechanism for the development of small-world
structures in brain networks. Interestingly, the activ-
ity in the final network was intermittent, independent
of whether rewiring started out from intermittent
activity. It was concluded that small-world structure
and intermittent activity establish a symbiotic rela-
tionship.

In our present study we apply the proposed adaptive
rewiring scenario to a network of spiking model

neurons. We consider a network in which the units
represent single neurons a step towards greater bio-
logical realism, compared to basic oscillator maps. A
first question, therefore, is: are there any regimes of
spiking neurons in which the system evolves towards a
small world. Various dynamic regimes that occur in
coupled maps are analogous to those in spiking neu-
rons (Alexander and Cai 1991). In particular, there-
fore, how does regular bursting activity (the model
neuron analogue of intermittency in coupled maps)
compare in this respect with irregular firing (the ana-
logue of fuzzy clustering in coupled maps)? A second
question, relating to the predominance of intermit-
tency after rewiring in coupled maps, is: how do the
activity regimes of model neurons change as a function
of the evolution of the network.

Method

To investigate whether adaptive rewiring enables a
network to evolve into a small-world structure, we
used the Hindmarsh—-Rose model neuron (Rose and
Hindmarsh 1989). This model is a simplified
Hodgkin—-Huxley neuron. Hodgkin and Huxley (1952)
originally used four linked first-order differential
equations to model the membrane potential of a giant
squid axon. Their model has served as a basis of most
work in recent decades but its complexity imposes
considerable computational costs in modeling large-
scale networks (Izhikevich 2004). Unlike even simpler
models such as the leaky integrate-and-fire model, in
Hindmarsh—-Rose model-neurons action potentials are
explicitly modeled. The model exhibits realistic
neuronal response properties, including a range of
periodic, chaotic, and irregular bursting behavior
depending on a single input parameter (Hindmarsh
and Rose 1984; Kaas-Petersen 1987; Hansel and
Sompolinsky 1992).

Dynamically coupled Hindmarsh—-Rose model neu-
rons may be characterized by different qualitative
response properties depending on coupling strength.
Hansel and Sompolinsky (1992) found that in a glob-
ally coupled assembly of these model neurons
with uniform excitatory coupling between them, low
frequency periodic firing, chaotic bursting or high-
frequency periodic firing emerged depending on the
connection strength. In these simulations, uncoupled
neurons exhibited a wide range of dynamical behaviors
(quiescence, low or high frequency spiking, regular
bursting, chaotic bursting), thus suggesting that the
observed population response was an emergent prop-
erty. Given that the qualitative firing properties of

@ Springer



)

Cogn Neurodyn (2007) 1:39-51

Hindmarsh-Rose model neurons are sensitive to
network coupling conditions; these can be used effec-
tively to explore the interaction between neuronal
response properties and evolution of connectivity in
plastic neural networks.

In Hindmarsh—-Rose model neurons the membrane
potential (x) of is governed by an exogenous input (/),
the activity of other neurons that are linked to it, a
recovery variable (y) and a slow adaptation current (z).
There are three first order differential equations link-
ing x, y and z:

Yi=yi—ax, +bx;—zi+Li+» SV (1)
A

Vi =c—dx} -y (2)

zi = rls(xi — x;,) — zi] (3)

where a, b, ¢, d, r, s are constant parameters, the
subscript i denotes the neuron number and x;, is the
initial value of x;. S; is the binary neuronal output from
the jth neuron and A is the set of the neurons that are
neighbors of the ith neuron in the network. The
coupling equations used are same as in Raffone and
van Leeuwen (2003) except that in their study the
binary neuronal output from each neuron in set A was
multiplied by a weight. We consider only the case when
the inputs are not weighted. As we were concerned
with the modeling of neuronal development in the
absence of exogenous stimuli, / was set to zero. V' is an
inhibition term. S and V are defined as follows:

S;=0(x;—x") (4)

V=4 Z Si/Na, (5)

jefAdy

where © is the Heaviside step function, x* is a
threshold potential which was set to zero. Note that the
inhibitory term is normed (i.e. divided by N), whereas
the excitatory term is not. In this manner, the number
of excitatory connections determines the contribution
of each neuron to the overall state of activity of the
network, but the inhibitory connections do not. This is
appropriate as, in the present network, connections
from inhibitory interneurons are not explicitly mod-
eled. Whereas interactions between neurons are usu-
ally modeled as event-driven, the zero threshold
assures that system dynamics involve a high frequency
of firing. This may be considered adequate for devel-
oping neural networks, as excitation prevails over
inhibition in networks of immature neurons due to the
high concentration of Cl™ ions in these neurons.
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In Eq. 5, B is the coupling strength,N4; is the number
of neighboring units A in the jth neuron. Whereas a
realistic network would include a population of inhibi-
tory inter-neurons, these are here represented by effec-
tive inhibitory coupling among the principal neurons.
Both excitatory and inhibitory coupling were instanta-
neous, as in previous studies in networks with these
model neurons (e.g. Hansel and Sompolinsky 1992;
Raffone and van Leeuwen 2003). These studies have
shown that zero time lag excitatory coupling generates
synchronization effects, and zero time lag inhibitory
coupling generates spike desynchronization. We fixed
excitatory strength and varied inhibitory strengths to
adjust qualitative firing patterns of neurons (regular
bursting versus irregular spiking). In both regimes,
strengths were chosen that secure stable neuronal firing
rates and allow excitation-mediated spike synchroniza-
tion while preventing complete synchronization.

In the simulations, a = 1.0, b = 3.0, ¢ = 1.0, d = 5.0,
r = 0.006, s = 4.0, andx;, were homogeneously distrib-
uted random numbers between — 0.6 and 1.6, as in
Raffone and van Leeuwen (2003).

In our simulations, a network of Hindmarsh—Rose
spiking neurons was given an initial connection pattern
based on a randomly chosen subset of connections
from a full connectivity matrix. In all simulations,
networks of 300 nodes with an excitatory connection
density of 10% were used. These values assure that the
network remains fully connected during the rewiring
process (Van den Berg and van Leeuwen 2004). The
connections were unidirectional.

The network was allowed to evolve using a rewiring
algorithm that was similar to that used by Van den
Berg and van Leeuwen (2004) and Gong and van
Leeuwen (2004). The rewiring was stopped when the
characteristic path length and its clustering coefficient
remained the same from the previous time or until they
had been updated for a maximum of 15,000 times (both
actually occurred—in the figures reporting the results
early terminations can be identified). The model was
implemented in MATLAB7.0/SIMULINK. A variable
step solver (ode23) was used.

The rewiring procedure is as follows:

1. The model is run for 500 ms.

2. One neuron is selected randomly and the syn-
chrony between the chosen neuron and all other
neurons is calculated.

3. If the neuron with the highest synchrony is one of
the postsynaptic neurons of the chosen neuron, the
connection between the two is left unchanged. If
there is no connection between the two, establish a
connection by setting the neuron as a postsynaptic
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neuron of the chosen neuron and disconnect the
chosen neuron with the neuron that gives the
lowest synchrony.

4. Steps 2-3 are repeated until a given number of
connections have been rewired.

5. The clustering coefficient and characteristic path
length are updated.

The algorithm is the same as in Gong and van
Leeuwen (2004), except that in Step 4, for reasons of
computational efficiency, instead of one several con-
nections were rewired. In our algorithm, this number is
set equal to 10% of the available nodes, resulting in 30
rewirings per epoch. The rewiring rule is Hebbian in
the sense that ““what fires together wires together”, but
not in the specific sense of Hebb’s rule, where a syn-
aptic weight is changed by a certain amount depending
on the level of correlated activity. The rewiring algo-
rithm simulates the effect that synchronous firing pro-
motes the creation of synapses and asynchronous firing
results in their deletion (Nishiyama et al. 2000).

The synchrony between the two neurons as used in
the rewiring procedure was defined as:

K
Syncij = Z ||Si(k) - Sj(k)H (6)
k=1

where §; and S; are the binary spiking states of the
two neurons concerned as defined in the previous
subsection. Sync; is zero if two neurons are totally
synchronized and it increases with decreasing
synchrony between the two neurons. The number
K =500 ms, meaning that the synchrony is calculated
over the entire interval since the last rewiring. This
definition of synchrony was adopted in Gong and van
Leeuwen (2004) for reasons of simplicity, but could be
replaced, if preferred, by a measure based on the
number of co-occurring spikes in a given time window
or cross-correlation. The clustering coefficient (C) and
the characteristic path length (L) are defined as
follows:

1 N m;
=N ”

1 N N
L=gn-12 2 Pl (8)

i=1 j=1,j#i

N is the size of the network and n; is the number of
neurons in the neighborhood of the neuron i. The
neighborhood of a neuron is the collection of all its
postsynaptic neurons. m; is the number of connection

within the neighborhood of the neuron i. spl; is the
shortest path length between neuron i and neuron j. By
definition, C lies between zero and unity whereas L
will be greater than unity (as the shortest path length
possible between two neurons will be greater or equal
to one).

Results

We performed our investigation with two types of
neuronal firing behavior in the initial random network
configuration: regular bursting and irregular spiking.
Given that we are dealing with spontaneous activity,
we refrained from using external input strength (/) to
obtain these firing pattern of neurons. In previous
studies (e.g. Hansel and Sompolinsky 1992), these
activity patterns of model neurons were obtained,
depending on the strength of excitatory coupling. In
our study, we kept the strength of excitatory connec-
tions fixed and uniform. We obtained the activity
patterns instead by varying the strength of global
inhibitory coupling (f parameter). With f =12,
bursting spike patterns occur (Fig. 1a), whereas a
coupling strength of f# = 1.5 results in irregular spiking
patterns (Fig. 1b).

Thirty-two runs of the algorithm, half for each
coupling condition, were performed, the results of
which are shown in Fig. 2. To evaluate the clustering
coefficients and characteristic path lengths in the net-
works generated by our algorithm, we introduced a
regular and several random networks with the same
number of nodes and connection density. The regular
network consists of a one-dimensional ring, in which
the number of outward connections to its immediate
neighbors was the same for each node. This network
yields a clustering coefficient C(0) = 0.371 and a
characteristic path length L(0) of 5.06. In the random
networks, the number of postsynaptic connections per
neuron ranged from 14 to 50. A typical random net-
work has a clustering coefficient C(1) = 0.096 and path
length L(1) = 1.97. We calculated normalized cluster-
ing coefficients CN and characteristic path lengths
LN by dividing against those of the regular network.
Thus, for the typical random network CN = C/C(0) =
C(1)/C(0) =0.258 and LN =L/L(0)=L(1)/L(0) =
0.389.

As shown in Fig. 2, in all our simulations, LNs
increase somewhat, but reach a platform quickly. This
phenomenon is known from Watts and Strogatz (1998):
small-world networks have characteristic path lengths
that are almost as good as random networks. CNs
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Fig. 1 Activity in 16 of the
300 neurons from the model
with random connections and
coupling strength f = 1.2 (a)
or 1.5 (b)
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Fig. 2 Trajectories of
normalized clustering
coefficients and characteristic
path lengths during adaptive
rewiring, starting from
initially random connectivity
conditions, 16 runs for
networks with coupling
strength 1.2 (black) and 16
with coupling strength 1.5
(red). Path lengths and
clustering coefficients were
normalized against those of
the regular network arranged
as a ring (note that these are
not the theoretical maxima,
which means that these
parameters may occasionally 0.4{]
reach values greater than 1).

Mean values of the clustering 0.3
coefficients and characteristic
path lengths of the coupling

clustering coeficient
characteristic pathlength

strength conditions are drawn 0.0 0.2
in thick lines

gradually rise during the simulations as a result of the
adaptive rewiring. The networks, therefore, gradually
evolve towards small-world connectivity. This occurs
both for bursting (inhibitory coupling strength of 1.2)
and irregular firing neurons (inhibitory coupling
strength of 1.5). For both coupling conditions, there is
considerable variability in the rate with which CN and
LN evolve. On average, however, both are higher for
irregular than for regular bursting neurons, respec-
tively: #(30) = 2.64, p = 0.01 and #30) = 2.02; p = 0.05
two-tailed, for independent samples measured at the
time point where the first run terminates.

The pre-synaptic connection distribution changed
during the rewiring from a normal distribution to the
ones shown in Fig. 3. We observe a tendency towards
multi-modality that is stronger for irregular spiking
than for regular bursting neurons. We have no clear
explanation for this result.

We compared spike patterns before (Fig. 1) and
after the completion of the rewiring scenario (Fig. 4).
Whereas the initial regimes are clearly distinct, regular
bursting and irregular firing, the activity after rewiring
appears to be a mixture of the two, with irregular and
bursting activities alternating. The result, therefore,
may be compared to Gong and van Leeuwen (2004);
small world structure promotes semi-regular activity,
even if under the initial connectivity structure, the
motions of the activity patterns were quite different.
This result suggests that the combination of irregular
bursting and small-world structure is likely to be a
robust phenomenon in neural network development.
The result, therefore, can help explain the ubiquity of

Il Il
0.4 0.6 0.8 1.0 1
simulation time x1e4

small world structure in cortical networks. Besides, it
predicts that whenever this occurs, it should be found
in combination with semi-ordered activity.

Discussion and conclusions

Dynamic synchronization and coherence have previ-
ously been observed in networks of spiking neurons.
Patterns of coherence were studied in Hodgkin—
Huxley neurons (Lago-Fernandez et al. 2000; Kwon
and Moon 2002) and in networks of Hindmarsh-Rose
neurons (Bucolo et al. 2002). Synchrony (Masuda and
Aihara 2004) and self-sustained dynamic activity
(Roxin et al. 2004) have been described in small-world
network of leaky integrate-and-fire neurons. While
these studies showed how small-world structures could
facilitate signal propagation and coherence in neuronal
networks, they did not offer an insight into how an
initially random, sparsely coupled network evolves into
a small-world structure.

In an adaptive rewiring scenario, initially random
networks of Hindmarsh—-Rose neurons show small
increases in characteristic path lengths, combined
with substantial increases in clustering coefficients. In
other words, these networks evolve into small-world
structures. This occurs, regardless of whether these
networks initially show periodic bursting or irregular
spiking activity. When the evolution is completed,
the activity in the resulting network is a dynamical
mixture of bursting (temporal clustering of spikes)
and irregular spiking activity. Phenomenologically
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Fig. 3 Pre-synaptic
connection distribution after
rewiring of the networks with
coupling strengths # = 1.2 and
p=15

speaking, during bursting episodes, repeated spiking
after short time intervals enables the entrainment in
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irregularly dispersed spikes express interactions and
overlap between inter-neuron clusters. The results

firing of multiple neurons within formed clusters, and seem to indicate that the rewiring mechanism
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Fig. 4 The neuronal activities (a) Neuronal Activities After Rewiring (Coupling Strength = 1.2)
after the rewiring with 4 4 4 4

coupling strength f = 1.2 (a) )
and 8 = 1.5 (b). The activities
shown belong to the same 16
neurons shown in Fig. 1 2
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robust phenomenon. As a small-world structure, the
system is optimally pre-configured for the functional
coordination of different regions within the network.
An issue still to be studied is how robust is this con-
figuration under perturbation. In particular, when the
system starts to learn from experience, will it still
maintain this optimal structure? If learning distorts the
structure, biological neural networks may sometimes
need time-out for maintenance of their large-scale
structure. During such “off” periods, the brain will
revert to large-scale oscillations of the type shown in
immature tissue, to restore its small-world connectiv-
ity. Given what we know, this might be a plausible role
for slow-wave sleep.

Mechanisms such as bursting could make adjust-
ments over time to network connectivity. Subtle
differences could be observed between the networks
that result from regular bursting and irregular spiking.
When rewiring starts out from bursting activity,
networks result that are more clustered and have
longer characteristic path lengths. In other words, they
are closer to regular networks than the ones that arise
from irregular firing, which are comparatively closer to
random networks.

The same observation is reflected in the pre-synaptic
connection distribution resulting from these two dif-
ferent regimes. As shown in Fig. 4, networks resulting
from regular bursting activity tend to have a more
uniform connectivity distribution, whereas those res-
ulting from irregular firing have a somewhat more pro-
nounced multi-modal distribution. Even though this
difference is only small, it may be meaningful. For
coupled maps Van den Berg and van Leeuwen (2004)
observed multi-modality as the outcome of the rewiring
scenario. Multi-modality, which becomes much more
pronounced with larger network sizes, is associated with
the formation of hubs. Whereas clusters are important
for efficiency of local communication, hubs play an
important role in the global efficiency. Networks that
are optimal for information processing in distributed
networks represent an optimum in the trade-off
between these two. Where exactly the optimum is
located depends on what is given a greater weight:
interactions within or between clusters. In the first case,
the clustering coefficient is more important than the
pathlength, and in the second case, vice versa. Our study
shows that when clustering is more important, the
optimal structure could be obtained starting with regu-
lar bursting behavior. When path length is more
important, irregular spiking is a better starting point.

Why would such small-world structures emerge?
We can only try to give an intuitive answer, here.
The spontaneous synchronization that occurs in our
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network is structured (unlike stochastic noise or
turbulence) and sufficiently complex (unlike ordered
behavior such as periodic or static attractors) to mimic
realistic attributes of information processing. Small
worlds are optimal for processing distributed infor-
mation. Thus we may consider the rewiring algorithm
as an optimization process for organizing the type of
activity that shares these attributes with processing
activities in neural systems.

The simulated adaptive rewiring is a Hebbian pro-
cess; it reinforces existing regularities in firing patterns
by embodying them into connection patterns. Without
regularities in the firing signals, rewiring would just
merely transform a random network into another
random network. Without sufficient complexity and
intrinsic variability in neuronal firing, however, the
network configuration would ultimately become regu-
lar. Hence, semi-regular activity will lead to the
preferred, semi-regular (i.e. small-world) network
structures. Consistent with this interpretation, the
activity that is intuitively more regular initially
(bursting) leads to small-world networks of a slightly
more regular kind, as compared to initial conditions of
irregular firing.

This work represents a step towards understanding
the role of neuronal activity in brain development. The
simple adaptive rewiring scenario appears sufficient
to describe a basic principle for development. It was
applied successfully to model neurons that were closer
to biological reality than the coupled logistic equations
for which the rewiring scheme was tested earlier (Van
den Berg and van Leeuwen 2004; Gong and van
Leeuwen 2004). However, there are many oversimpli-
fications in our model. These regard model neurons
and their coupling, as well as the rewiring algorithm
itself.

With respect to the selection of model neuron
equations and choice of parameters for the network,
further steps should be taken to make the model more
realistic with respect to the physiology of developing
neurons. With respect to the choice of connections, the
current model unrealistically includes excitatory and
inhibitory connections between the same neurons.
Future extensions should include a population of inter-
neurons, which provide inhibitory coupling among
principal neurons. Another issue we must consider is
the role of differential external input to the developing
networks. During development of the visual system,
the retina, dorsal lateral geniculate nucleus and visual
cortex all generate spontaneous rhythms of different
kind; waves, spindles, and slow oscillations, respec-
tively (McCormick 1999). At present, our model does
not distinguish activity patterns generated by sensory
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neurons from those intrinsically arising within the
network.

With respect to the adaptive rewiring scenario,
perhaps the clearest over-simplification is that synapse
creation and deletion based on synchrony (Nishiyama
et al. 2000). Future developments will have to consider
more ubiquitous forms of synaptic plasticity, such as
spike-timing dependent plasticity with asymmetric
learning windows. The most pressing issue is that the
degree of synchrony between units, on which the
rewiring scenario is based, is determined regardless of
whether units are connected. Moreover, the degree of
synchrony is compared globally across all pairs. The
problem is, therefore, firstt how can unconnected
neurons sense their degree of synchronization and
second: how can global comparison effectively be
localized. In brains, unconnected neurons cannot sense
their degree of synchronization. In biological synapses,
neurotransmitters flow out of the synaptic cleft and
spill over from existing connections to neighbouring
synapses (Barbour and Hausser 1997). This “‘crosstalk”
may allow unconnected neurons to detect their syn-
chronization. To model the spatial diffusion process, a
weight term could be incorporated in Eq. 1. Spatial
diffusion can then be used to solve the second problem:
how to localize the comparison of synchrony. A model
that takes spatial diffusion into account, should con-
sider that the coefficient of diffusion is larger for
GABA than for glutamate (Sem’yanov 2005). Thus,
inhibition effects are sensed over a wider area than
excitation, which is more specific. In our current model,
this distinction is already made to some extent: excit-
atory connections have a more specific effect than
inhibitory ones, whose contribution depends on the
number of neighbors.

Besides weights to enable spatial diffusion of the
rewiring process, temporal diffusion should be consid-
ered also. Spike-time dependency could be introduced
to provide a graded measure of synchrony. This would
accommodate the temporal characteristics of the dif-
fusion process. The disconnection and connection of
neurons during the rewiring could then be replaced by
a gradual change in the synaptic strength. This would
allow us to explore different models for initial attach-
ment based on synchrony, for instance as a random
process, without any specific assumptions about the
growth or elimination of neurons and connectivity.

The introduction of spatiotemporal diffusion to
the rewiring process based on mechanisms such as
diffusion may increase the biological realism of the
algorithm. Nevertheless, it ultimately still provides too

static a picture of neural development. In further
developments we may consider taking into account
axonal and neural growth and migration. With respect
to growth the most obvious simplification in our cur-
rent model is that the total amount of neurons and
connections remains the same during the application of
the algorithm. One possibility would be to start off
with a network many connections and then prune those
that are uncorrelated (Changeux and Danchin 1976;
Edelman 1987). However, there is growing evidence
for a theory of development based on construction,
rather than elimination (Quartz 1999). In biological
networks, selective growth and elimination of connec-
tions result in a net increase in connectivity (Antonini
and Stryker 1993) and structural complexity (Katz and
Shatz 1996). When neurons and connections were
added to a network op coupled maps, in Gong and van
Leeuwen 2003, a scale-free network resulted from the
current rewiring scenario. In the present study, we did
not observe the emergence of such a structure, which is
compatible with the experimental results from an in
vitro study (Shefi et al. 2002) that showed neurons
organized into a small-world (but not scale-free)
structure. This finding is not surprising at all as network
growth was found to be crucial for the emergence
of scale-free networks (Barabasi and Albert 1999). It
remains an open issue, whether growth results in scale-
free networks for spiking neurons.

With respect to neural and axonal migration and
path finding, how these processes are regulated is
currently a fast developing area of research in
developmental neuroscience. For our algorithm, we
simply assumed is that genetic regulation produces a
random structure. In addition, we assumed that this
structure is completed prior to the onset of activity-
based rewiring. Both are clear oversimplifications
(see, for instance, Mason and Erskine 2000), that will
eventually be removed as we incorporate a larger
proportion of the rapidly accumulating knowledge
into our model.

Acknowledgements The authors like to thank Dr Pulin Gong
and the three anonymous reviewers for valuable advice and
comments.

References

Alexander JC, Cai D (1991) On the dynamics of bursting
systems. J Math Biol 29:405-423

Antonini A, Stryker MP (1993) Development of individual
geniculocortical arbors in cat straite cortex and effects of
binocular impulse blockade. J Neurosci 13:3549-3573

@ Springer



50

Cogn Neurodyn (2007) 1:39-51

Babloyantz A, Destexhe A (1986) Low-dimensional chaos in an
instance of epilepsy. Proc Natl Acad Sci USA 83:3513-3517

Barabasi AL, Albert R (1999) Emergence of scaling in random
networks. Science 286:509-512

Barbour B, Hausser M (1997) Intersynaptic diffusion of
neurotransmitter. Trend Neurosci 20:377-384

Barrett HC (2005) Enzymatic computation and cognitive
modularity. Mind Lang 20:259-287

Barrett HC, Kurzban R (2006) Modularity in cognition: framing
the debate. Psychol Rev 113(3):628-647

Breakspear M, Roberts JA, Terry JR, Rodrigues S, Mahant N,
Robinson PA (2005) A unifying explanation of primary
generalized seizures through nonlinear brain modeling and
bifurcation analysis. Cereb Cortex 16(9):1296-1313

Bucolo M, Fortuna L, la Rosa M (2002) Network self-organiza-
tion through ‘small-worlds” topologies. Chaos Solitons
Fractals 14:1059-1064

Carruthers P (2003) Is the mind a system of modules shaped by
natural selection? In: Hitchcock C (ed) Contemporary
debates in the philosophy of science. Blackwell

Carruthers P (2005a) The case for massively modular models of
mind. In: Stainton R (ed) Contemporary debates in cogni-
tive science. Blackwell

Carruthers P (2005b) Distinctively human thinking: modular
precursors and components. In: Carruthers P, Laurence S,
Stich S (eds) The innate mind: structure and content. Oxford
University Press

Catalano SM, Shatz CJ (1998) Activity-dependent cortical target
selection by thalamic axons. Science 281:559-562

Changeux JP, Danchin A (1976) Selective stabilisation of
developing synapses as a mechanism for the specification
of neuronal networks. Nature 264:705-712

Edelman GM (1987) Neural Darwinism: the theory of neuronal
group selection. Basic Books, New York

Feller MB (1999) Spontaneous correlated activity in developing
neural circuits. Neuron 22:653-656

Fodor JA (1983) The modularity of mind. MIT Press, Cambridge, MA

Gade PM, Hu C-K (2000) Synchronous chaos in coupled
map lattices with small-world interactions. Phys Rev E
62:6409-6413

Gong P, van Leeuwen C (2003) Emergence of scale-free network
with chaotic units. Physica A 321:679-688

Gong P, van Leeuwen C (2004) Evolution to a small-world
network with chaotic units. Europhys Lett 67:328-333

Hansel D, Sompolinsky H (1992) Synchronization and computa-
tion in a chaotic neural network. Phys Rev Lett 68:718-721

Hindmarsch J, Rose RM (1984) A model of neuronal bursting
using three coupled first order differential equations. Trans
R Soc Lond B 221:87-102

Hodgkin AL, Huxley AF (1952) A quantitative description of
membrane current and its application to conduction and
excitation in nerve. J Physiol 117:500-544

Izhikevich EM (2004) Which model to use for cortical spiking
neurons? IEEE Trans Neural Netw 155:1063-1070

Kaas-Petersen C (1987) Bifurcations in the Rose-Hindmarch
model and the Chay model. In: Degn H, Holden AV, Olsen
LF (eds) Chaos in biological systems. Plenum, New York,
pp 183-190

Kaneko K (1989) Pattern dynamics in spatiotemporal chaos:
pattern selection, diffusion of defect and pattern competi-
tion intermittency. Physica D 34:1-41

Kaneko K (1990) Globally coupled chaos violates the law of
large numbers but not the central-limit theorem. Phys Rev
Lett 65:1391-1394

@ Springer

Katz LC, Shatz CJ (1996) Synaptic activity and the construction
of cortical circuits. Science 274:1133-1138

Kwon O, Moon H (2002) Coherence resonance in small-world
networks of excitable cells. Phys Lett A 298:319-324

Lago-Fernandez LF, Huerta R, Corbacho F, Siguenza JA (2000)
Fast response and temporal coherent oscillations in small-
world networks. Phys Rev Lett 8412:2758-2761

Latora V, Marchiori M (2001) Efficient behavior of small-world
networks. Phys Rev Lett 87:198701-1-198701-4

Maeda E, Kuroda Y, Robinson HPC, Kawana A (1998)
Modification of parallel activity elicited by propagating
bursts in developing networks of rat cortical neurons. Eur J
Neurosci 10:488-496

Manrubia SC, Mikhailov AS (1999) Mutual synchronization and
clustering in randomly coupled chaotic dynamical networks.
Phys Rev E 60:1579-1589

Mason C, Erskine L (2000) Growth cone form, behavior, and
interactions in vivo: retinal axon pathfinding as a model. J
Neurobiol 44:260-270

Masuda N, Aihara K (2004) Global and local synchrony of
coupled neurons in small-world networks. Biol Cybern
90:302-309

McCormick DA (1999) Spontaneous activity: signal or noise?
Science 285:541-554

Menendez de la Prida L, Sanchez-Andres JV (2000) Hetero-
geneous populations of cells mediate spontaneous syn-
chronous bursting in the developing hippocampus
through a frequency-dependent mechanism. Neuroscience
97:227-241

Mountcastle VB (1997) The columnar organization of the
neocortex. Brain 120:701-722

Nakatani H, Khalilov I, Gong P, van Leeuwen C (2003)
Nonlinearity in giant depolarizing potentials. Phys Lett A
319:167-172

Nishiyama M, Hong K, Mikoshiba K, Poo M, Kato K (2000)
Calcium stores regulate the polarity and input specificity of
synaptic modification. Nature 408:584-588

Otsu Y, Kimura F, Tsumoto T (1995) Hebbian induction of LTP
in visual cortex: perforated patch-clamp study in cultured
neurons. J Neurophysiol 746:2437-2444

Penn AA, Riquelme PA, Feller MB, Shatz CJ (1998) Compe-
tition in retinogeniculate patterning generated by spontane-
ous activity. Science 279:2108-2112

Pike FG, Meredith RM, Olding AWA, Paulsen O (1999)
Postsynaptic bursting is essential for ‘Hebbian’ induction
of associative long-term potentiation at excitatory synapses
in rat hippocampus. J Physiol 518:571-576

Quartz SR (1999) The constructivist brain. Trend Cogn Sci
3:48-57

Raffone A, van Leeuwen C (2003) Dynamic synchronization and
chaos in an associative neural network with multiple active
memories. Chaos 13:1090-1104

Ravasz E, Somera AL, Mongru DA, Oltvai ZN, Barabasi AL
(2002) Hierarchical organization of modularity in metabolic
networks. Science 297:1551-1555

Rose RM, Hindmarsh JL (1989) The assembly of ionic currents
in a thalamic neuron. I. The three-dimensional model. Proc
R Soc Lond B 237:267-288

Roxin A, Riecke H, Solla SA (2004) Self-sustained activity and
failure in small-world networks of excitable neurons. Phys
Rev Lett 92 198101-1-198101-4

Sem’yanov AV (2005) Diffusional extrasynaptic neurotransmis-
sion via glutamate and GABA. Neurosci Behav Physiol
35:253-266



Cogn Neurodyn (2007) 1:39-51

51

Shefi O, Golding I, Segev R, Ben-Jacob E, Ayali A (2002)
Morphological characterization of in vitro neuronal net-
works. Phys Rev E 66 021905-1-021905-5

Stam CJ (2004) Functional connectivity patterns of human
magnetoencephalographic recordings: a ‘small-world’ net-
work? Neurosci Lett 355:25-28

Van den Berg D, van Leeuwen C (2004) Adaptive wiring in
chaotic networks renders small-world connectivity with
consistent clusters. Europhys Lett 654:459-464

Van Pelt J, Corner MA, Wolters PS, Rutten WLC, Ramakers
GJA (2004) Longterm stability and developmental changes
in spontaneous network burst firing patterns in dissociated
rat cerebral cortex cell cultures on multielectrode arrays.
Neurosci Lett 361:86-89

Watts DJ, Strogatz SH (1998) Collective dynamics of ‘small-
world’ networks. Nature 393:440-442

Zhang LI, Poo M (2001) Electrical activity and development of
neural circuits. Nat Neurosci 4:1207-1214

@ Springer



	Robust emergence of small-world structure in networks �of spiking neurons
	Abstract
	Introduction
	Method
	Results
	Discussion and conclusions
	Acknowledgements
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /Description <<
    /DEU <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [2834.646 2834.646]
>> setpagedevice


