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Large random cortical networks developing in vitro and
chronically coupled to micro-electrode arrays (MEAs) represent a valuable experimental model for studying the
universal mechanisms governing the formation and conservation of neuronal cell assemblies (Marom and Shahaf,
2002). This preparation, unlike other experimental models
such as acute and cultured cortical slices, is relatively free
of predefined constraints and allows neurons to self-organize during development, creating a network that exhibits
complex spatio-temporal patterns of activity (van Pelt et
al., 2004a; Wagenaar et al., 2006a; Rolston et al., 2007).
Using this experimental framework, it is interesting to
study how the spontaneous electrophysiological activity of
the network changes and matures during development
(van Pelt et al., 2005; Chiappalone et al., 2006a; Wagenaar et al., 2006b). A marked sensitiveness of the spatio-temporal firing patterns to structural changes in the
network during the in vitro maturation has been extensively
demonstrated, showing variations in the burst patterns and
also in the cross-correlation among all pairs of electrodes.
Mature cultures (between 21 and 35 days in vitro (DIV))
exhibit a synchronized and distributed bursting activity,
mixed to a highly variable spiking activity. This network
state has been associated to a stable condition of maturation of the culture, and synchronized bursting events have
been named “network bursts” (van Pelt et al., 2004b,
2005).
Periods of synchronized electrophysiological activity
are also present in other experimental models, such as
acute and cultured cortical slices (Beggs and Plenz, 2003,
2004), where it has been demonstrated that within these
synchronous epochs there exists a more sophisticated
embedded form of dynamics, called neuronal avalanche.
The presence of such neuronal avalanches, as an evidence of self-organized critical dynamics, has been often
associated to the capability of the network to enhance the
information transmission (Beggs and Plenz, 2003; Plenz
and Thiagarajan, 2007). In other words, if a critical selforganization allows improvement of the transfer of information among cell assemblies, cultured systems should
likely display a spontaneous tendency to move toward a
critical state characterized by neuronal avalanches.
In our work, while trying to understand the phenomenon of self-organization in dissociated cortical networks,
we asked whether and how neuronal avalanches are intrinsic to the network formation and stabilization. In what
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follows, we show that such critical states are found at a
specific temporal resolution and they spontaneously appear in some cultures during the network development.
Then, we describe in detail the analysis performed and the
specific experiments devoted to clarify the variability of
such dynamic organization. Finally, we introduce a computational model developed to interpret the experimental
results and to demonstrate that networks showing spiking
and bursting activity, similar to that observed in cultures of
dissociated neurons, are able to reproduce neuronal avalanches at the spike-level with a power law distribution.

EXPERIMENTAL PROCEDURES
Cell culture technique
Dissociated neuronal cultures were obtained from cerebral cortices of embryonic rats, at gestational day 18. The embryos were
delivered by cesarean section from deeply anesthetized rats and
killed by decapitation. All experiments were carried out in accordance with the European Community Council Directive of November 24th 1986 (86/609/EEC) for the care and use of laboratory
animals and approved by MIUR (Ministero dell’Universita’ e
Ricerca Scientifica). All efforts were made to minimize the number
of animals used and their suffering.
The cerebral cortices of four to five rat embryos were chopped
into small pieces and exposed to a 0.125% trypsin solution for
25–30 min at 37 °C. Then, they were mechanically dissociated by
trituration through fine-tipped pipettes. The resulting tissue was
resuspended in 10 ml Neurobasal medium (purchased from Invitrogen, Carlsbad, CA, USA) supplemented with 2% B27 (Brewer
et al., 1993; Brewer, 1997) and 1% Glutamax-I (both Invitrogen)
and diluted at the final concentration of 800,000 cells/ml. No
antimitotic drug was added to prevent glia proliferation, since glial
cells are known to be fundamental for the healthy development of
neuronal populations (Nedergaard, 1994; Pfrieger and Barres,
1997; Araque et al., 1999). Cells were then plated on 60-channel
MEAs, precoated with adhesion promoting molecules (poly-Dlysine and laminin), at the final density of 5– 8⫻104 cells/device
(Fig. 1A). They were maintained in culture dishes, each containing
1 ml of nutrient medium (i.e. serum-free Neurobasal medium
supplemented with B27 and Glutamax-I) and placed in a humidified incubator having an atmosphere of 5% CO2 and 95% O2 at
37 °C. Half of the medium was changed weekly. Under these
environmental conditions, cortical neurons showed excellent
growth and robust synaptic connections that allowed us to record
spontaneous electrical activity from 7 DIV up to 5– 6 weeks in vitro.

MEAs and experimental setup
Primary cultures of cortical neurons were plated over arrays (MEA
1060, Multi Channel Systems, Reutlingen, Germany) of 60 planar
TiN/SiN micro-electrodes (30 m diameter, 200 m spaced) and
kept alive in healthy conditions for several weeks.
The experimental setup is based on the MEA 60 system,
consisting of a MEA, a mounting support with integrated 60 channels pre- and filter amplifier (MEA 1060, gain 1200⫻) and a
personal computer equipped with a PCI data acquisition board for
real time signal monitoring and recording. Commercial software,
MC-Rack (Multi Channel Systems), was used for on-line visualization and raw data storage; then, data were processed by using
specifically developed software tools as described in the next
sections.

Experimental protocols
In order to detect the presence of neuronal avalanches, we considered different experimental conditions. Unless differently spec-
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ified, each culture was tested after a period of rest, to allow for a
stabilization of the network out of the incubator (Streit et al., 2001).
The MEA device was maintained at 37 °C to avoid temperature
shock out of the incubator and to preserve the metabolic kinetics
of neurotransmission. Neuronal networks were kept in the culture
medium during recording and electrophysiological signals were
acquired at a sampling rate of 10 kHz.
Recordings during development. Spontaneous electrophysiological activity was recorded twice a week in six cultures
starting from 7 DIV until 42 DIV. Every experimental session
lasted 30 min.
Considering that cultures of dissociated cortical neurons
reach a stable state of maturation after the 3rd week in vitro
(Chiappalone et al., 2006a), we focused our attention on recordings from 21 to 42 DIV, although we also applied the avalanche
analysis to the earlier stage of maturation.
Acute long-lasting recordings. Long-lasting recordings
were performed on three cultures, obtained from different cell
preparations, during the 4th week in vitro (25–28 DIV). Two cultures were recorded at a sampling rate of 10 kHz, whereas the last
one was recorded both at 10 and 25 kHz. All recordings lasted 1 h.
The aim of these experiments was to expand our dataset in
the key period of development (i.e. 4th week in vitro), and test how
the acquisition parameters (e.g. sampling rate, duration) could
affect avalanche analysis results.
Chemical stimulation experiments. Some cultures were
treated with specific drugs affecting the bursting dynamics of in
vitro cortical networks: we tested acetylcholine (ACh) in concentration 10 M (Gross et al., 1995) on three cultures and bicuculline
(BIC) in concentration 30 M (Keefer et al., 2001; Lin et al., 2002;
Gramowski et al., 2004) on other three cultures. All agents were
purchased from Sigma Aldrich (St. Louis, MO, USA).
All the experiments started with a 20-min recording of the
network spontaneous activity in physiological solution (NaCl
150 mM, KCl 2.8 mM, CaCl2 1.3 mM, MgCl2 0.7 mM, Hepes
10 mM, glucose 10 mM, pH 7.3), followed by 20 min under drug
treatment. The aim of these experiments was to study whether
and how chemical stimulation could affect network behavior and
change avalanche dynamics.

Spike detection
Extracellularly recorded signals are embedded in biological and
thermal noise (Fig. 1B) and spikes can be detected using a
threshold-based detection algorithm (Perkel et al., 1967; Gross et
al., 1995). A previously developed ad hoc algorithm (Chiappalone
et al., 2003) calculates the peak-to-peak thresholds as multiple of
the standard deviation (8⫻S.D.) of the baseline noise (Jimbo et
al., 1999) for each electrode during the spontaneous activity
phase (20.7⫾0.8 V, mean⫾S.D., one culture). In this study, no
attempt was made to discriminate and sort the collected spikes
(Eytan and Marom, 2006).

Burst detection
Developing cortical networks show spiking activity as well as
bursting behavior (Robinson et al., 1993; Opitz et al., 2002). A
population burst consists of episodes of activity occurring simultaneously at many channels, spread over the entire network (Fig.
1C). The spikes belonging to a burst are time-spaced in a range of
a few milliseconds; these packages generally last from hundreds
of milliseconds up to seconds with long quiescent periods. Bursts
were identified and their features saved (i.e. duration, rate, etc.)
according to a method previously presented in the literature
(Chiappalone et al., 2005). Moreover, burst event trains, containing the sequence of the initial spike of each burst (Cozzi et al.,
2006), were stored.
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Fig. 1. Electrophysiological activity of cultured neurons is composed of synchronized bursts, mixed with random spikes. (A) Dissociated cortical
neurons coupled to a MEA and randomly developing their neurites and synaptic connections 5 days after seeding. (B) Electrophysiological activity
recorded from one microelectrode. (C) Raster plot of activity: each row corresponds to a recording site and each small vertical line to a detected spike.
(D) ISI distributions depicted over an eight by eight grid, reproducing the MEA layout. (E) An example of IEI distribution: most values are concentrated
below 1 ms. (F) IBI distributions (eight by eight grid, MEA layout). Data from one culture, 27 DIV, 1 h recording.

Cross-correlograms
To characterize the level of synchronization among multi-unit
recordings, the correlation analysis was applied to spike trains and
to burst event trains (Chiappalone et al., 2007).
Cross-correlograms were built according to the method of the
activity pairs described by (Eytan et al., 2004): given two trains
(i.e. X and Y), recorded from two electrodes of the MEA, we
counted the number of events in the Y train within a time frame
around the X event of ⫾T (T usually set at 150 ms), using bins of
amplitude ⌬ (usually set at 1 ms). The cross-correlation function
Cxy() was obtained by a normalization procedure, according to
the following formula,
Cxy(T)⫽

共T⫹ ⌬T
2 兲

1
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where ts indicates the timing of an event in the X train, Nx and Ny
are the total number of events in the X and in the Y train respectively, ⌬ is the bin size. Equation (1) yields the symmetry between
Cxy() and Cyx() (i.e. Cxy()⫽Cyx(⫺)) (Eytan et al., 2004).
In particular, the cross-correlogram coefficient, Cxy(0)
k· ⌬T
2
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represents the area of the cross-correlogram around the zero bin
(k is the number of bins) and it is evaluated in order to quantify the
synchronization level among the recording channels. From Equation (2), we also calculated the coincidence index (CI0) (Jimbo et
al., 1999; Tateno and Jimbo, 1999) as the ratio of the integral of a
cross-correlation function in a specified area around zero (i.e.
Cxy(0)) to the integral of the total area, according to:
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Neuronal avalanche detection
Starting from the work of Beggs and Plenz (2003, 2004), a neuronal avalanche can be defined as an event of widespread spontaneous electrical activity over the MEA, preceded and followed by
a silent period.
Recordings can be divided into time windows of duration ⌬t
(called bins); inside each bin the spatial distribution of activity over
the MEA represents a frame. A frame which does not contain any
spike is called a blank frame. An electrode is active in a time bin
⌬t if it records at least one spike inside that time window. Thus, a
frame is active if it recruits at least one active electrode. Following
these definitions, a neuronal avalanche is a continuous sequence
of active frames, preceded and followed by at least one blank
frame.
In dissociated cortical cultures, we can detect both very short
avalanches, composed of a single spike on a single electrode, and
avalanches that include thousands of spikes and all the recording
electrodes. Consequently, the avalanche size can be defined
either as the total number of active electrodes within an avalanche, taking into account multiple activations of the same electrodes (definition 1), or as the number of electrodes being active
at least once inside an avalanche (definition 2). The duration of
an avalanche is usually called avalanche lifetime and is expressed in number of bins ⌬t. The two definitions of avalanche
size are equivalent only if all the electrodes are active at most
once inside an avalanche. This condition is not always verified
in dissociated cultures, because of high-frequency firing activity
within bursts.
From the spike-detected signals, we computed neuronal avalanches and we derived the relative histogram of avalanche sizes
(following both definitions) and lifetimes: in practice, we counted,
from the data set, the number of avalanches falling into each bin
of the histogram and then we normalized the histogram to the total
number of detected avalanches. Therefore, the height of each
histogram bar represents the proportion of avalanches of a given
size or lifetime.
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These histograms are generally represented in bilogarithmic
scale in order to show whether the distribution follows a power
law: thus, if the probability of observing an avalanche of size s is
expressed by P(s)⫽asb, that appears as a linear relationship in
the bilogarithmic scale with slope b.
The electrophysiological recordings were analyzed for the
detection of neuronal avalanches at bin widths of 0.2-0.4-0.6-0.81-2-4-8-16 ms.
All the algorithms for the off-line signal processing were developed using Matlab 7.0, Release 14 (Mathworks Inc., Natick,
MA, USA).

Power-law regression of the distribution curves of
avalanche sizes and lifetimes
In order to assess if the distributions of avalanche sizes and
lifetimes follow a power law, we performed a parametric non-linear
fitting of the data, using a power law model P(x)⫽axb, where x is
the independent variable (e.g. avalanche sizes’ or avalanche lifetimes’ occurrence frequencies) and a, b are fitting parameters. We
excluded from the fitting the first bin, corresponding to avalanches
of unit-dimension (and unit-duration), and the last bins of the
histogram, corresponding to avalanches whose probability is less
than 1% of the maximum value of the distribution. Finally, to
evaluate the efficiency of the fitting we considered the root mean
squared error (RMSE) or standard error of the regression.

Interevent (IEI), interspike (ISI) and interburst interval
(IBI) histograms
The result of the spike detection is a collection of point processes,
one for each recording channel, where each detected spike is
represented as an impulse. The probability density of time intervals between adjacent spikes is called the ISI distribution, and it is
a useful statistic for characterizing spiking patterns (Dayan and
Abbott, 2001) (Fig. 1D).
Considering the electrophysiological activity of the whole culture, we derived the probability density of time intervals between
successive spikes occurring at all the electrodes, namely the IEI
distribution (Beggs and Plenz, 2003). Computing the average
value of the IEI distribution, we obtained for every considered
culture an estimation of the average time between two successive
activations of any pair of electrodes in the array (Fig. 1E). Similarly, the average value of the ISI distribution is an estimate of the
average time between two successive spikes on the same elec-

Fig. 2. Avalanche size and lifetime distributions appear supercritical when using time bins ⱖ1 ms. As the bin width increases, medium-size
avalanches merge, increasing the probability of detecting avalanches that encompass the whole network. (A) Avalanche size distribution computed
as the number of active microelectrodes involved in each avalanche. (B) Avalanche lifetime distribution computed as the number of time bins (bin
width⫽0.2 ms). Data obtained from a single culture, 27 DIV, 1 h-recording.
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trode. The average IEI (or ISI) was obtained by calculating the
average value of the IEI (or ISI) distribution over the time interval
[0, Tmax]; Tmax was determined as the average time interval
[⫺Tmax, Tmax] corresponding to the 99% of the area of the mean
cross-correlogram (averaging cross-correlograms between all
possible pairs of electrodes). Tmax ranged from 50 to 80 ms, so we
considered Tmax⫽65 ms for all cultures.
Finally, the probability density of time intervals between two
successive bursts on a single electrode is the IBI distribution
(Fig. 1F).

Shuffling methods
In order to validate the statistical significance of our results, we
compared them with the ones obtained by applying the avalanche
detection algorithm to a shuffled version of the recorded data.
We applied two different shuffling methods, namely single electrode shuffling (SE) and all electrodes shuffling (AE), to one longlasting experiment.
More specifically, the SE shuffling method firstly binned each
electrode’s recording by means of an appropriately wide temporal

Fig. 3. Size and lifetime of neuronal avalanches follow a linear relationship in bilogarithmic plots, indicating a power law distribution. (A) Avalanche
size distribution, computed according to definition 1. (B) Avalanche size distribution, computed according to definition 2 (cf. Experimental Procedures).
(C) Avalanche lifetime distribution, measured in number of bins. Every curve is compared with the critical power law distribution (exponent ⫺1.5 for
size and ⫺2 for lifetime) and the corresponding power law fitting (slope of fitting reported in the legend). Bin width⫽0.2 ms. (D–F) Same distributions
as in (A–C) but the results are obtained with different bin widths (0.2-0.4-0.6-0.8-1 ms). Data obtained from one culture, 27 DIV, 1 h-recording.
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bin, and then uniformly permuted the order of the bins. This resulted
in reshaping the spike train recorded by each electrode while preserving its mean firing rate (relative position of each spike inside a bin
was preserved). In this way, we disrupted possible spatial relationships within the activities recorded by different electrodes. The AE
shuffling method performed the same manipulation explained for the
SE shuffling method to all electrodes’ recordings at a time. This
means that the same temporal permutation was applied to all the
electrodes (preserving, under certain circumstances, possible spatial
relationships). We applied both methods by using two different bin
widths: 2 ms (the one used for the spike detection) and 0.2 ms (used
for the avalanche detection).

Rescaling of arrays
Each electrode array is a square eight by eight grid without the
corners, thus having 60 electrodes. The interelectrode distance
(IED) between each electrode and its nearest neighbor is 200 m.
To examine how the spatial scale given by the IED influences the
power law distributions, we performed the same rescaling of arrays described in Beggs and Plenz (2003). Briefly, rescaling was
accomplished by removing some of the intercalated electrodes
from the analysis, while still maintaining a square array. This also
reduced the number of electrodes considered in the analysis. To
create an IED of 400 m, a regular array of four by four electrodes
was chosen from the eight by eight array, which resulted in twice
the distance between the electrodes from the original array. This
rescaled array could be fit onto the original array in four ways,
although each way caused one of the corner electrodes to be
missing, leaving only 15 electrodes (cf. Fig. 4B, inset). The data
for this rescaled array were obtained from 15 electrodes for each
of the four ways and averaged. A similar rescaling was done to
create an IED of 600 m, leaving only eight electrodes (a three by
three array with one corner missing). We hypothesized a simple
linear correspondence between the IED and the corresponding
average IEI, as reported in the literature (Beggs and Plenz, 2003),
and this relation was also confirmed by our data; thus we binned
spike trains at 0.4 – 0.6 ms for the 400 – 600 m IED, respectively.

Neuronal network model
A computational model was developed to provide a comparison
with the avalanche behavior found in the experimental results, to
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help in the interpretation of the data with respect to the main
statistical features of the network (i.e. spiking and bursting dynamics) and to give some insights of the network topology. We implemented a large-scale neuronal network model showing sub-, super-, and critical states by mimicking the electrophysiological activity of cultured cortical neurons under spontaneous condition and
chemical manipulation. Several models have been developed to
describe and explain the critical behavior of the brain (Chialvo,
2004, 2006) and of neuronal networks in vitro (Abbott and Rohrkemper, 2007). However, the proposed models are quite abstract and discard the dynamics of single neurons: Corral et al.
(1995) implemented a lattice model of integrated and fire oscillators inspired by the dynamics of earthquakes; Park et al. (2005)
developed a model inspired by graph theory; more recently, Abbott and Rohrkemper (2007) adapted a simple model of neuronal
growth (van Ooyen and van Pelt, 1996) to demonstrate the presence of avalanches in cultured slices (Abbott and Rohrkemper,
2007).
Following the approach proposed by Izhikevich (2003), we
developed a neuronal network model made of 1000 spatially
distributed and synaptically connected neurons. We considered
two different types of neurons to model excitatory and inhibitory
populations of neurons, respectively: the former belongs to the
family of regular spiking neurons while the latter to the family of
fast spiking neurons (Izhikevich, 2004). Regular spiking neurons
fire with a few spikes and short ISI at the onset of a stimulation.
Differently, fast spiking neurons exhibit periodic trains of action
potentials at higher frequencies without adaptation. To preserve
some characteristics of the structure of in vitro cortical neurons,
we set the ratio between excitatory and inhibitory neurons to 4:1
(Braitenberg and Schultz, 1991; Marom and Shahaf, 2002). These
two families of neurons were connected in a scale-free topology
by following the hypothesis proposed by Chialvo (Chialvo, 2004;
Eguiluz et al., 2005) to obtain a large-scale neuronal network
showing a critical behavior. The scale-free topology was implemented by following the model devised by Barabasi and Albert
(1999). More specifically, we firstly defined the network size (i.e.
the number of neurons), the number of links that a new node can
establish with the existing ones and the initial connectivity matrix
(with a size⬍⬍of the desired size). Secondly, by means of the
specific preferential attachment procedure described in the aforementioned model (Barabasi and Albert, 1999), we changed the

Fig. 4. Shuffling procedures and rescaling of arrays. (A) Avalanche size distribution for a selected experiment (one culture, 27 DIV, 1 h-recording)
compared with shuffled data by means of three different shuffling methods, namely AE-0.2 m, SE-0.2 ms and SE-2 ms (cf. Experimental Procedures).
By applying the avalanche analysis to the shuffled data, the linear distribution is partly (AE-0.2 ms) or completely (SE, both time bins) lost.
(B) Avalanche size distribution for the same aforementioned experiment compared with data from rescaling of arrays to obtain IED⫽400 m (red line)
and IED⫽600 m (blue line); the bin size is varied to account for the linear relationship between IED and average IEI. The rescaling procedure
demonstrates that the avalanche size distribution does not change its slope if we vary the bin size according to the corresponding average IEI. Inset,
sketch of the rescaled MEAs and corresponding IED.
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connectivity of the network by establishing connections to previously unlinked nodes. In this way, the network model presents a
few highly connected hubs and several less connected nodes
(Fig. 11D).
We considered the choice of scale-free architecture to be
appropriate in light of previous experimental results obtained by
Eytan and Marom (2006) for the same experimental preparation.
Actually, they demonstrated that the distribution of firing rates
during the early phase of a network burst is broad and described
by a power law, which is consistent with a scale-free topology of
connectivity.
Spontaneous activity was obtained by introducing a randomly
distributed stimulation mimicking the effect of fluctuations in the
membrane potential (Buchmann and Schulten, 1987) due to the
background activity. Furthermore, the effect of chemical manipulations (i.e. application of BIC and ACh) on the network behavior
was taken into account. As reported in the literature, the effect of
ACh in cortical neurons is to enhance the persistent spiking activity of individual neurons (Klink and Alonso, 1997; Fransen et al.,
2006; Hasselmo, 2006) by means of a strong depolarization of the
resting membrane potential (Haj-Dahmane and Andrade, 1996).
To achieve this behavior, we emulated the perfusion of ACh in the
network model by reducing the spiking threshold of the neurons in
order to enhance the firing probability.
The effect of BIC, a strong antagonist of the inhibitory synaptic
receptors GABAA (Chebib and Johnston, 1999), was simply mimicked by multiplying each inhibitory connection by the factor
(1⫺BIC), with 0ⱕBICⱕ1.
All the simulations lasted 60 s with an integration time step of
0.1 ms. The simulation output was then peak-detected by means
of a simple hard-threshold algorithm. To compare the simulated
results with the experimental data 60 of 1000 neurons (retaining
the ratio between excitatory and inhibitory neurons and a scalefree topology) were picked up and considered in the avalanche
analysis. Two main assumptions were made for this model: firstly,
the 1:1 correspondence between neurons and microelectrodes.
Although this is not biologically realistic, the effectiveness of this
simplification was previously demonstrated by the authors (Massobrio et al., 2007). Secondly, the choice of a pool of neurons is
not influenced by spatial constraints: in fact the neurons are
modeled as punctual processes and no axonal conduction delay is
taken into account.

RESULTS
Neuronal avalanche detection depends upon the
time scale of observation
Beggs and Plenz (2003, 2004) proposed innovative results
about propagation of spontaneous electrical activity (measured as local field potential, LFP) in rat cortical slices,
cultured over MEAs. Highly synchronized episodes of activity, preceded and followed by silent periods and generally appearing at all electrodes, actually hide complex spatio-temporal patterns in which activity develops over a
distributed area in an avalanche-like form. The term “avalanche” is not used at random: looking at the distribution of
size and duration of these events, they found that it follows
a power law, as other self-organizing natural phenomena,
included real avalanches (Bak et al., 1987, 1988; Bak,
1996). Moreover, the power law exponent value (⫺1.5)
found for the avalanche size distribution suggested that the
widespread electrophysiological activity within these neuronal avalanches underlies a critical process (Zapperi et
al., 1995). Nevertheless, in order to detect avalanches
from the activity of cortical slices, it was crucial to reduce

the time scale of observation, binning the LFP data according to a bin width of 4 ms (Beggs and Plenz, 2003). In
addition, time interval distributions of successive LFPs on
individual electrodes revealed that they were at least 24
ms apart from each other (Beggs and Plenz, 2003): therefore, the time window used to detect avalanches from LFP
data is approximately one order of magnitude smaller than
the refractory period on a single channel.
Starting from this consideration, we derived from the
spiking activity of dissociated cortical cultures the ISI distribution on individual electrodes and the IEI distribution on
the whole MEA (cf. Fig. 1). The IEI distribution showed the
same trend for every considered network and average
values usually lie below 1 ms (0.34⫾0.11 ms, mean⫾S.D.,
four cultures, 4th week in vitro). Also ISI distributions exhibited a fast decay toward zero, although, due to the
physiological limit of refractoriness, average values were
approximately one order of magnitude higher than intervals between successive events on different electrodes
(7.35⫾1.12 ms, mean⫾S.D., four cultures, 4th week in
vitro). The ratio between the IED (i.e. 200 m) and the
average IEI (i.e. 0.3 ms) in cultures of dissociated neurons
was about 10 times higher than in cortical slices
(⬃500 mm/s and ⬃50 mm/s respectively), mainly because
we considered spikes instead of LFPs (Freeman, 1975;
Hsu et al., 2007).
This ratio can be also regarded as a rough estimate of
the maximum propagation velocity of electrophysiological
activity in cultured networks. In a recent study (Jacobi and
Moses, 2007), in which the neural activity of one-dimensional rat hippocampal cultures patterned in lines over
MEAs was investigated, the reported propagation velocity
ranged from 30 to 300 mm/s within each culture. In addition, a study conducted on planar cultures of dissociated
hippocampal neurons (Bonifazi et al., 2005; Ruaro et al.,
2005) reported an estimate of the maximum propagation
speed of 350 mm/s. All these values are in agreement with
our estimate of average IEI.
Considering the ISI and IEI ranges in our cultures, we
expected to find a bimodal distribution of avalanche sizes
and lifetimes, characteristic of a supercritical state (Bak,
1996; Chialvo, 2006) by using bin widths of 2– 4 ms: at this
time scale, every network burst that spreads over the MEA
can be seen as a single avalanche that involves the whole
dynamical system. Therefore, the network appears as a
system showing a supercritical behavior, with an all-ornone activity (Fig. 2).
Starting from these initial results, we reduced the time
scale of observation in order to account for IEI values and
the use of a bin width of 0.2 ms enabled us to reveal
several avalanches of different size and duration within
each burst.
Avalanche size and lifetime distributions obtained from
a typical culture are shown in Fig. 3: these results illustrate
the dynamic behavior found in our dissociated cortical
cultures. At a fine timescale (0.2 ms), both neuronal avalanche sizes and lifetimes follow a power law distribution,
very close to the behavior Beggs and Plenz (2003) report
as critical (i.e. with exponents close to ⫺1.5 for sizes and
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⫺2 for lifetimes). As the window increases from 0.2–1 ms,
curves shift from a linear relationship to a bimodal distribution, typical of a supercritical state (Bak, 1996). Therefore, the time scale used for detecting avalanches (⬃10⫺1
ms or ⬃1 ms) has to be adjusted in function of the signals’
time scale to determine whether the developing network
displays a power law distribution and reaches a critical
state.
To verify that what we observed by using a small bin
width (i.e. 0.2 ms) is not a mere artifact of the method, we
applied two different shuffling algorithms to our data and
then we analyzed them again for the avalanche distributions (cf. Experimental Procedures).
As we expected, the application of the avalanche algorithm to the data shuffled by means of the AE shuffling
method did not result in significant differences when we
used the 2 ms-wide bin. This behavior can be explained by
considering that the most significant results were related to
shorter bin widths (⬍1 ms). Thus, the shuffling algorithm
applied by using a wider time bin (2 ms) is likely to move
the fine temporal structures giving rise to interesting avalanche dynamics all together. As expected, the same
method applied by using a time bin of 0.2 ms only caused
a partial disruption of the activity patterns. In fact, on the
one hand the finer time resolution allowed changing of
the temporal spike train structure on a subtler level. On the
other hand, given that the AE shuffling method entailed the
same temporal permutation for all the electrodes (cf. Experimental Procedures), some of the spatial structure of
the electrophysiological activity was preserved, thus preventing a complete loss of the power law dynamics. Instead, the latter was achieved through the application of
the SE shuffling method with both a 2 ms and 0.2 ms-wide
bin (getting closer to the behavior one would expect for
Poissonian spike trains). This result was expected as well,
and demonstrates the intrinsic fine spatio-temporal structures found in dissociated cultures (Fig. 4A).
Additionally, to verify that the avalanche distribution
obtained by binning data at 0.2 ms is not affected by the
sampling rate value (usually 10 kHz), we performed one
recording by varying the sampling frequency (10 kHz and
25 kHz) and we found qualitatively the same results (data
not shown).
Finally, we applied the same rescaling procedure of the
arrays described in Beggs and Plenz (2003) to examine
how the IED affects the power law distribution of avalanches (cf. Fig. 4B). The average IEI linearly scales with
the IED (data not shown), thus the bin width used for the
analysis has to be varied according to the IED. For the
same experiment shown in Fig. 3, we binned the data at
0.4 – 0.6 ms for IED⫽400 – 600 m, respectively, and we
obtained the same power law occurring for the complete
dataset. This result suggests that the power law is independent of the IED and that the network behavior is scalefree.
Because of these experimental evidences, we decided
to focus on bin widths ⱕ1 ms and, in particular, we compared results obtained from different cultures at 0.2 ms,
correlating different avalanche distributions with other pa-
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rameters describing the network dynamics. The power law
regression of the distributions obtained by using the two
different definitions of avalanche size (cf. Experimental
Procedures) provides equivalent exponent values: therefore, in the following paragraphs, we considered only the
avalanche size as number of electrodes involved in an
avalanche (i.e. definition 2).
Neuronal cultures developing in vitro self-organize at
a mature developmental stage displaying different
dynamic states
Six cultures were monitored during development from the
1st to the 6th week in vitro and their spontaneous electrical
activity was recorded. To evaluate the capability of dissociated neurons to self-organize in a critical state, we focused on recordings between 21 and 42 DIV, i.e. in the
mature developmental stage (van Pelt et al., 2005; Chiappalone et al., 2006b).
Fig. 5A shows the number of bursting channels for
each culture (mean⫾SEM, calculated in the key period of
development, i.e. from the 4th to the 6th week in vitro).
Moreover, we reported also the mean bursting rate (MBR),
averaged from the 4th to the 6th week in vitro (Fig. 5B), to
provide an overview of the different levels of activity recorded from different cultures.
Fig. 5C shows the number of avalanches detected per
minute as a function of DIV: the average number of avalanches is low until the 3rd week in vitro; then, it increases
and lies between 1500 and 3000 avalanches/min during
the whole mature phase. Nevertheless, there is variability
among cultures, showing that every network develops in a
different way according to some factors, such as the actual
plating density, the cellular composition, the relative
amount of glia cells and the coupling with the electrodes.
Looking for these factors is beyond the aim of this work;
however we wanted to show how the avalanche distribution changes during development and in different cultures.
Once a culture had reached the mature stage, it
showed a preferred behavior (critical or quasi-critical, subcritical or supercritical), even if some deviations are possible. Thus, not all cultures evolve toward criticality during
development: for example, two cultures (#1 and #4) display a critical behavior between the 4th and the 5th week
in vitro; one culture (#3) exhibits a subcritical behavior,
while three cultures (#2, #5 and #6) generate a strong
supercritical behavior that persists during the majority of
the mature stage. Though the observed cultures did not
share a common pathway of development, they nonetheless demonstrate that networks of dissociated neurons can
approach a critical state in the mature phase, giving rise to
events that corresponds to the description of neuronal
avalanches.
For further analysis, we considered all cultures (i.e.
both acute long-lasting experiments and developmental
recordings) in the 4th week in vitro. Averaging the results
of four experiments on different cultures, which displayed a
critical behavior in the mature age, we obtained an average slope of ⫺1.60⫾0.09 (mean⫾S.D., RMSE⬍10⫺3) for
the avalanche size and ⫺1.86⫾0.13 (RMSE⬍10⫺2) for the
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Fig. 5. Neuronal avalanche dynamics varies in different cultures and during development. (A) Number of bursting channels (mean⫾SEM, averaging
recordings from 21 to 42 DIV) for each of the six cultures monitored during development. (B) MBR of each culture (mean⫾SEM) in the mature
developmental stage (21– 42 DIV): different networks show different levels of activity, with burst rate varying from 5 to 14 bursts/min. (C) The number
of avalanches recorded per minute in function of DIV (mean⫾SEM, averaging data from six cultures) is extremely variable among cultures, though
they display a similar behavior: it is lower during the first 3 weeks in vitro, then it increases as the network reaches the mature phase.

avalanche lifetime. Similarly, averaging the results of two
subcritical cultures, we obtained a slope of ⫺2.03⫾0.12
(RMSE⬍10⫺3) for the size and ⫺2.45⫾0.20 for the lifetime
(RMSE⬍10⫺3). Lastly, averaging the results of three supercritical cultures, we obtained ⫺1.88⫾0.17 (RMSE⬍
10⫺2) and ⫺2.19⫾0.16 (RMSE⬍10⫺2), respectively for
the size and the lifetime.
To investigate which statistics correlate with the network dynamic behavior, we studied different parameters
describing neuronal activity, namely mean firing rate,
MBR, IBI distribution, burst duration, mean spiking frequency within bursts, percentage of random spikes and
cross-correlograms computed on burst event trains. All
these quantities contribute to the definition of the dynamic
state of the culture, but we focused on the percentage of
random spikes (i.e. the fraction of spikes outside bursts)
and the CI0 between all pairs of electrodes, because only
these parameters exhibited a clear relation with the avalanche distribution. The former is a measure of the proportion between spikes included within bursts and random
spikes outside bursts (so it is a simple way to quantify the
level of burstiness of the network); the latter measures the
synchronization of bursts among all electrodes.

Neuronal avalanche distribution is correlated with
the degree of synchronization of bursts and the
proportion between spiking and bursting activity
Fig. 6 shows the results of the avalanche analysis applied
to three representative experiments (cultures #3, #4 and
#6 during the 4th week in vitro), selected to exemplify the
different dynamic states found in mature dissociated cultures: these curves show a progression from a markedly
subcritical distribution (#3) to a strongly supercritical one
(#6), through a distribution (#4) that approaches the critical
state for both avalanche sizes and lifetimes.
These results correlate with the corresponding distributions of the percentage of random spiking activity and
the CI0: in Fig. 7 we reported a box-plot representation of
the two histograms obtained by considering all cultures
(four critical, two subcritical and three supercritical). These
statistical distributions are different as confirmed by suitable statistical tests (we applied the Kruskal-Wallis nonparametric test, instead of a t-test, because the normality
assumption was not verified by our datasets (KolmogorovSmirnov normality test)) (ANOVA for ranks, Kruskal-Wallis
test: CI0, H (N⫽3356)⫽1071.106, Pⱕ0.001; percentage

Fig. 6. In mature cultures we can observe different dynamic behaviors, exemplified by three selected cultures. (A) Avalanche size distributions.
(B) Avalanche lifetime distributions. Both histograms are compared with power laws whose exponents are ⫺1.5 and ⫺2, for the size and for the
lifetime, respectively.
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Fig. 7. Different avalanche distributions correspond to different global activities, both in the synchronization level and the proportion between random
spikes and bursts. (A) Box plots of CI0 distributions for critical, subcritical and supercritical cultures. (B) Box plots of percentage of random spiking
activity distributions for the same groups of cultures. Data obtained from four critical, two subcritical and three supercritical cultures in the 4th week
of development. Stars indicate statistically significant differences with respect to the critical condition.

of random spiking activity, H (N⫽3264)⫽1112.986,
Pⱕ0.001).
Critical distributions of avalanche sizes and lifetimes
correlate with average synchronization of bursts among
electrodes, while subcritical and supercritical distributions
correspond to low-level synchronization and to high-level
synchronization, respectively. In addition, we noticed that,
in cultures tending to criticality, most spikes are concentrated within bursts (i.e. median and 25%–75% percentile
values of the proportion of random spikes are lower),
whereas the other cultures have, on average, a less compact bursting activity (the trend is more evident for subcritical networks as shown in Fig. 7B).
Specific chemical manipulations confirm the
correlation between avalanche dynamics,
synchronization and random spiking activity
To validate these results, we also analyzed how the distribution of avalanches changes in response to specific
chemical treatments that affect synchronization and bursting dynamics.
Under application of 10 M ACh, the bursting activity
markedly increases and desynchronizes (Chiappalone et
al., 2007). On the contrary, with 30 M BIC the synchronization within bursts and the percentage of random spikes
increases (Chiappalone et al., 2007).
In Fig. 8 we compared the box-plots of the CI0 and the
percentage of random spiking distributions under control
condition and chemical stimulation. Both in ACh and BIC,
CI0 distributions are significantly different from the control
condition, as confirmed by suitable statistical tests (we
applied the Mann-Whitney U nonparametric test, instead
of a t-test, because the normality assumption was not
verified by our datasets (Kolmogorov-Smirnov normality
test)) (Mann-Whitney (U) test: ACh vs. control condition,
Z⫽7.803, Pⱕ0.001; BIC vs. control condition,
Z⫽⫺11.462, Pⱕ0.001) (cf. Fig. 8A–B); also the percentage of random spiking activity varies significantly (MannWhitney (U) test: ACh vs. control condition, Z⫽⫺9.618,
Pⱕ0.001; BIC vs. control condition, Z⫽⫺12.0363, Pⱕ
0.001) (cf. Fig. 8C–D).

The effects of ACh and BIC on neuronal avalanche
features are shown in Fig. 9A and Fig. 9B respectively,
pointing out avalanche size distributions in the control
condition and under chemical treatment for two representative experiments.
In the case of application of Ach, starting from a nearcritical dynamics, we obtained a subcritical distribution,
with a slope far from ⫺1.5 (⫺3.620⫾1.096, mean⫾S.D.,
three cultures). Contrarily, the application of BIC led to a
supercritical behavior, with a fitting slope greater than ⫺1.5
in the initial half and a more pronounced peak in the tail
(⫺2.199⫾0.141, mean⫾S.D., three cultures).
Consequently, the link between avalanche dynamics,
synchronization and random spiking proportion was confirmed by chemical stimulation results: when synchronization was completely lost and random spiking activity
strongly enhanced (i.e. adding ACh), the network exhibited
subcriticality, whereas when synchronization within bursts
was markedly increased (i.e. adding BIC), network dynamics switched to a supercritical state.
Scale-free large-scale network models compare
favorably with experimental data
To confirm some of the hypotheses made for the analysis
of the experimental data and to better understand the
obtained experimental results, we simulated the spontaneous activity of the scale-free neuronal network model previously described (cf. Experimental Procedures). The
power law distribution of connectivity degree among the
1000 network nodes is shown in Fig. 11D. Starting from
this global connectivity, 60 neurons were selected by maintaining the scale-free topology of connections and the
physiological ratio between excitatory and inhibitory populations of neurons (i.e. 4:1).
Firstly, the proposed computational model reproduced
the same IEI distribution (IEIavg⫽0.35 ms) obtained from
experimental data, thus suggesting that the time scale of
the simulated activity closely resemble the experimental
one (Fig. 10A).
Secondly, the distribution of avalanche sizes and lifetimes depended upon the time bin used for the analysis, as
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Fig. 8. Comparing the bursting behavior between the control condition and under drug treatment, we confirmed the link between neuronal
avalanche dynamics, synchronization and proportion of random spiking activity. (A, B) Box plots of CI0 distributions under ACh 10 M application
(A) and BIC 30 M application (B). (C, D) Box plots of percentage of random spikes distributions for ACh 10 M (C) and BIC 30 M (D). Data
obtained from six cultures (three treated with ACh and three with BIC). Stars indicate statistically significant differences with respect to the
control condition.

well as for the experimental data (Fig. 10B–C): therefore,
the network model also presented an avalanche behavior
similar to that found in the electrophysiological activity of
cultures of dissociated neurons, when considering the
spiking activity.
In addition, we simulated the behavior of the same network under chemical treatments (i.e. ACh and BIC). These
simulated data were processed at a bin size of 0.2 ms, as well
as for the experimental data previously reported.

By modeling the spontaneous condition, neuronal avalanche size and lifetime distributions approach critical
power laws at a 0.2 ms bin width (Fig. 11A–C, black line).
As already stated, these results are in good agreement
with those obtained from the experimental data (cf. Fig. 3).
By increasing the bin size (i.e. bin widths ⬃1 ms), the
avalanche features’ distributions switch from a critical to a
supercritical behavior, thus further validating the choice of
the bin size (cf. Fig. 10B–C).

Fig. 9. The proportion between bursting and random spiking activity, as well as the synchronization among bursts, determines changes in the
neuronal avalanche distribution. (A) Avalanche size distributions found in the control condition and by adding ACh 10 M. (B) Avalanche size
distributions found in the control condition and by adding BIC 30 M. Both curves are compared with ⫺1.5 and ⫺2 power laws.
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Fig. 10. The network model compares favorably with experimental data, both in terms of signals’ time scale (i.e. IEI distribution) and avalanche
dynamics. (A) IEI distribution for the model reproducing the spontaneous condition. (B, C) Avalanche size and lifetime distributions for the same
network model, computed with increasing bin widths (0.2-0.4-0.6-0.8-1 ms) as in Fig. 3.

The emulation of chemical manipulations by means of
ACh and BIC is also reported in Fig. 11A–C. In the first
case (ACh, red line), the network activity is ruled by random and isolated spikes and a subcritical behavior appears (cf. also Fig. 9A). Conversely, by reducing all the
inhibitory connections to mimic the effect of BIC (i.e. 10%
of the original value) a supercritical behavior is observed
(cf. Fig. 11A–C, blue line, and Fig. 9B).

The simulated neuronal network dynamics was also
characterized by means of CI0 and percentage of random
spikes, as done for the experimental data. Fig. 11E and
11F shows the box plots of the histograms of CI0 and
percentage of random spiking activity for all the three
simulated conditions (i.e. spontaneous activity, ACh and
BIC addition). The three distributions are statistically different, as confirmed by the Kruskal-Wallis statistical test

Fig. 11. The simulated model is capable of reproducing both avalanche dynamics and global activity features in different experimental conditions.
(A–C) Avalanche size and lifetime distributions (A, size definition 1; B, size definition 2; C, lifetime) coming from the simulation of a large scale neuronal
network in three different conditions, i.e. spontaneous activity (black line), ACh (red line) and BIC addition (blue line). Bin width⫽0.2 ms. (D) Probability
distribution of the degree of connectivity in the simulated network. (E, F) Box plots of the CI0 histogram (E) and the percentage of random spiking
activity histogram (F), for the same three aforementioned conditions. Stars indicate statistically significant differences with respect to the critical
condition.
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(ANOVA for ranks, Kruskal-Wallis test: CI0, H (N⫽180)⫽
116.521, Pⱕ0.001; percentage of random spiking activity,
H (N⫽70)⫽12.494, Pⱕ0.05).
The modeling results show the same qualitative trend
as the experimental data, confirming that a supercritical
state is typical of cultures with a high CI0 coefficient,
whereas subcritical behavior is synonymous of random
and desynchronized activity.
Thus, we demonstrated that a critical behavior, being
intrinsic of a specific network topology, can be disrupted by
changing the strengths of synaptic connections or the level
of neuron excitability.

DISCUSSION
In order to investigate the properties of self-organization
and intrinsic dynamics in cultured cortical networks, we
extensively analyzed the spontaneous electrophysiological
activity during development. We also introduced specific
chemical treatments and developed a computational
model to better elucidate the universal mechanisms that
sustain criticality, correlating the appearance of critical
states with bursting behavior and cross-correlation based
analysis. Three main conclusions can be drawn from the
analysis of the experimental observations. First: neuronal
avalanches, originally found in acute and organotypic
slices, are also found in dissociated cortical cultures. The
time scale of the phenomenon is different as it is referred
to spiking activity and not to LFPs (as for slices). Second:
the fate of some cultures during development is to reach a
critical state. In general, when cell cultures reach a mature
state, they tend to fall into one preferred state (critical,
subcritical or supercritical). Third: the three states are associated with a particular bursting pattern and degree of
synchronization of the network. This was demonstrated
through bath application of ACh and BIC and with the help
of the developed computational model. Finally, simulated
results support the plausibility of a scale-free network topology underlying the critical state.
Neuronal avalanches as a universal mechanism of
activity propagation
Since neuronal avalanches were detected in rat somatosensory cortical slices cultured over MEAs (Beggs and
Plenz, 2003, 2004), many studies were reported in the
literature about the presence of these complex spatiotemporal patterns of activity in different experimental
frameworks (Bédard et al., 2006; Stewart and Plenz,
2006), as well as in modeling studies (Abbott and Rohrkemper, 2007; Kinouchi and Copelli, 2006; Levina et al.,
2007; Teramae and Fukai, 2007) in order to get insight into
the mechanisms that underlie this phenomenon.
A recent review (Plenz and Thiagarajan, 2007) summarizes up-to-date experimental results and classes of
computational models which reproduce this kind of dynamics: according to these studies, neuronal avalanches could
represent a strong candidate for the representation of cell
assemblies in the cortex, having some implications in effi-

cient information coding (Kinouchi and Copelli, 2006) and
transmission (Haldeman and Beggs, 2005).
Networks of dissociated neurons coupled to MEAs
represent a powerful experimental model in which the
presence of neuronal avalanches has not yet been fully
investigated. As neurons can freely self-organize without
any constraint, forming a functional network whose spontaneous activity can exhibit recurrent patterns of activity
(Wagenaar et al., 2006a; Rolston et al., 2007), it is particularly interesting to study whether they are subjected to the
same scale-free organization of activity and whether they
can reproduce neuronal avalanches.
In a recent report, Mazzoni et al. (2007) also described
possible critical behaviors in randomly cultured hippocampal neurons. Although it is not fully clear how they define
the parameters to verify the presence of neuronal avalanches, the reported data analysis is obtained by purely
analyzing bursting behavior and not accounting for actual
sequences of consecutive neuronal activations. The same
approach has been recently used in another report (Madhavan et al., 2007). In our work, we derived the criterion for
detecting avalanches from the same definition given in their
original paper by Beggs and Plenz (2003) for slice cultures
and we only adapted the parameters (i.e. time bin of 0.2 ms)
to the spiking activity. In this framework this is, to the best of
our knowledge, the first time that a critical behavior is demonstrated in cultured networks at the spiking level, and that
quantitative and detailed analysis are reported.
As underlined in the Results section, using a time
window of 0.2 ms to bin our data, neuronal avalanche size
and lifetime distributions appear to follow a linear relationship in bi-logarithmic scale. This is an evidence of selforganized criticality that we found in some cultures at a
mature stage of development supporting the idea that this
behavior is a universal mechanism that is spontaneously
implemented in many neuronal systems. Additionally, it is
further evidence that avalanche behavior is the general
dynamics that applies at different time scales and reflects
different hierarchical levels of organization.
Our results also suggest that cultures of dissociated
neurons are capable of reproducing network dynamic behaviors that resemble those found in other in vitro preparations in which the architecture is partly maintained (i.e.
cultured and acute slices).
Critical states during development
Analyzing different cultures at several ages, we observed
all the three possible avalanche distributions, namely subcritical, critical and supercritical.
During the first 3 weeks in vitro, avalanche distribution
follows a subcritical trend: until 21 DIV, activity is mainly
formed of poorly correlated spikes and bursts that originate
many little avalanches and few big avalanches. After 21
DIV, the cross-correlation among different electrodes’ activity markedly increases, as well as the burst number and
the MBR (Chiappalone et al., 2006a): this leads to a higher
number of avalanches recorded per minute and to different
avalanche distributions.
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Despite that cultures come from the same neuronal
preparation, their development is free of predefined constraints: this implies that every network can be substantially different from the others, as neurons grow randomly,
and we do not know a priori which is the underlying connectivity. Therefore, it is not surprising that not all cultures
self-organize and reach a critical state: the variability we
usually observe in other parameters which describe the
electrical activity of cultured dissociated neurons reflects
on the avalanche distribution. Nevertheless, all the cultures are able to reproduce neuronal avalanches and
some of them approach criticality, demonstrating that they
preserve some properties of self-organization characteristic of in vivo–formed cell assemblies (Petermann et al.,
2006).
To summarize, as soon as cell cultures reach a mature
state, they tend to fall into one preferred state (critical,
subcritical or supercritical), from which little deviation is
possible. Studying which factors influence the formation of
critical networks is beyond the aim of this work and will be
object of future investigation. Certainly, it would be interesting to compare avalanche analysis results with connectivity maps extracted from the same recordings, in order to
correlate the network graph with the avalanche behavior.
Role and significance of neuronal avalanches
Neuronal avalanches in cultures of neurons are associated
with other parameters describing spiking and bursting dynamics, mainly the degree of synchronization of bursts
among different channels and the proportion between spiking and bursting activity.
Supercritical behavior is associated with a high degree
of synchronization of bursts among all the electrodes,
whereas subcritical behavior is related to low synchronization and high percentage of non-clustered activity. Therefore, the critical state is achieved when spontaneous electrical activity is composed of both medium-synchronized
network bursts (van Pelt et al., 2004b) and a very small
amount of random spikes. When the activity is highly synchronized, all neurons fire together and frequently originate avalanches involving the whole network: in this case,
the distribution of avalanche sizes is bimodal, as in cortical
slices after treatment with picrotoxin (Beggs and Plenz,
2003).
The same, as discussed, spontaneously applies for
some cultures or after treatment with BIC (mimicking exactly what is happening in cortical slices).
Conversely, when the electrical activity is poorly correlated, each electrode fires independently, and global avalanches occur with a lower probability. A medium-level
synchronization usually corresponds to a nearly critical
state, suggesting that criticality is strictly linked to the
degree of connectivity, both in anatomical and functional
terms (Sporns et al., 2004). The relation among avalanche
dynamics, synchronization and percentage of random
spiking activity was confirmed by chemical stimulation results and simple neuronal network models, which are directly inspired to our cultures and reproduce the different
experimental conditions.
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Therefore, in this framework, criticality is related to the
amount of variability present in the network, and so to
entropy, according to the degree of correlation among
different electrodes. Thus, a condition for the self-organized criticality to be reached seems to be a degree of
connectivity able to both ensure an appropriate level of
synchronization and an efficient local propagation of signals through the network, avoiding the saturation of the
network itself each time a single unit is activated. From the
developed model we could assume that a scale-free network topology is a good candidate to support such critical
behavior.
Such a system would be able to optimize information
coding and also information transmission: for these reasons, the next step will be to combine this study with the
application of information theory to the activity of our cultures.
The dynamic process at the base of neuronal avalanches’ formation deserves further investigation: several
models have been proposed (see Plenz and Thiagarajan
(2007) for an exhaustive review), but so far it is still not
clear which one best explains the appearance of a scalefree distribution in the neural activity recorded from both in
vivo and in vitro systems. Beggs and Plenz (2003) were
inclined to believe that a critical branching process underlies this phenomenon in cortical slices, but this is only one
of the possible explanations, although they estimated the
value of the branching parameter close to 1. The aforementioned review paper (Plenz and Thiagarajan, 2007)
illustrates some objections to this interpretation.
Our choice of using shorter time windows to bin the
data (i.e. 0.2 ms) relied on average IEI values and on
considerations about spikes’ timescale, as well as on measures of the propagation velocity (⬃300 mm/s) in cultures
of dissociated neurons (Jacobi and Moses, 2007). We are
aware of the fact that such a high value for the propagation
velocity of neural activity is incompatible with the hypothesis of the feedforward signal’s conduction on polysynaptic
pathways, as it would be if we considered a “simple”
branching process. Consequently, we hypothesized that
the collective network activity (i.e. synchronized network
bursts) showed by dense cultures of dissociated neurons
is composed of both almost simultaneous activations of
multiple sites and a local signal propagation spreading
from the sites themselves. Thus, the choice of a small time
bin is necessary to catch the dynamics of cultures at a
subtler level. These considerations were confirmed
through the application of the shuffling procedures to the
experimental data.
At this stage, any consideration about the origin of
avalanches will be a mere speculation, but we think that
this work highlights the fact that different mechanisms
other than critical branching process may underlie the
formation of neuronal avalanches (e.g. involving also complementary phenomena, like synchronization).
Of course, the underlying mechanism of avalanches
deserves further investigation to be fully understood,
through both an experimental and modeling approach.
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CONCLUSION
In summary, cultures of dissociated cortical neurons developing in vitro are capable of displaying spontaneous
spiking activity which is organized in the form of neuronal
avalanches; some cultures present a critical distribution of
avalanche sizes and lifetimes at a mature age, supporting
the hypothesis that neurons preserve the capability of
self-organizing in an effective system even in vitro. We
have demonstrated the significance of the results by comparing distributions obtained from actual data and randomshuffled data and we related it to the global activity presented by the network, in particular to the degree of burstiness and synchronization. Finally, this relation has been
confirmed by appropriate chemical stimulation experiments and computational models.
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