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Abstract—Synchronized bursting event (SBE) is a
generic feature of neuronal cultures in which most of neu-
rons in the network are bursting synchronously. Although
the origin of SBE is still unclear, they are believed to be
the result of the self-organized dynamics of a random net-
work and it has been proposed that one can make use of
these SBEs for information encoding. Here we investigate
properties of the SBE in a growing neuronal culture as a
function of network properties which can be modified by
drugs or the age of the cultures. We find that most of the
observed properties of the SBEs can be accounted for in a
model of short term synaptic plasticity (STSP). Our results
suggest that networks exhibiting SBEs are in an oscillatory
state due to the STSP and strong recurrent connections. For
these networks, information can only be stored in between
the SBEs and they are probably not good candidates for
information encoding.

1. Introduction

Neuronal cultures grown on top of multi-electrode array
(MEA) systems have become a standard experimental plat-
form for the study of computational capabilities of living
random neural networks in the last two decades [[1]. The ul-
timate goal of these studies is to create networks with use-
ful functions [2]]. These kind of studies are not just guided
by the faith that these cultures should retain some proper-
ties of their original tissue; namely the brain. It has been
shown numerically that useful functions such as working
memory [3]] can be implemented in a random network en-
dowed with short term synaptic plasticity (STSP) [4], a
form of memory in the molecular levels observed in bio-
logical synapses. Although cultured networks have been
studied extensively for the understanding and construction
of such functional networks in the past decade, very little
success has been achieved towards this goal.

One of the main obstacles in the understanding of these
cultured networks is that it is still not clear how informa-
tion is being coded into the firings of the neurons in these
networks. For example, the ubiquitously observed sponta-
neous network activities in these cultures, known as syn-
chronized bursting events (SBE) [5], discovered more than
30 years ago [6], is still poorly understood. During a SBE,
most of the neurons in the network are firing in bursts more
or less simultaneously for a duration of the order of a sec-
ond. The origin these SBEs are still largely unknown. It

has been proposed that these SBE are related to informa-
tion coding and storage [7] in the networks and there have
been many attempts [8l 9] to make use of these SBE (ei-
ther trained or spontaneous) to produce useful functions.
Intuitively, these SBEs should be the result of the synap-
tic interaction between neurons in the cultures. In fact, it
has been shown that the spatial temporal structures of these
SBEs are a function of the connectivities of the cultures
[LO] and related to the excitatory/inhibitory interactions of
the system [11]]. A detailed understanding of these spon-
taneous SBEs in terms of synaptic plasticity should be the
first step towards the goal of the construction of functional
networks. It is natural to ask whether these SBEs can be
understood in terms of STSP, an essential component for a
functional network and what kind of information is being
coded into the SBEs.

Here we investigate properties of the SBE in a growing
neuronal culture as a function of network properties which
can be modified by the age of the cultures and use a mean-
field model to understand our results.

2. Materials and Method

In this study, we have performed experiments and de-
veloped a mean-field model to understand experimental re-
sults. The mean-field model is an extension of of a model
of short term synaptic plasticity.

2.1. Experiments with neuronal cultures

Neuronal cultures grown on top of multi-electrode ar-
rays (MEA) are used in our experiments. For cul-
tures preparation[[10]], cortex tissues from are extracted
from embryonic day 18 Wistar rat embryos. The cor-
tices are dissociated by 0.125% trypsin and gently tritu-
rated. A small drop (Sul) of cell solution are added to
each multi-electrode array (MEA60-200-ITO, Qwane Bio-
sciences SA, Switzerland) that has been pre-treated with
0.1% Polyethylenimine resulting in an approximate den-
sity of 3000-5000 cells/ymm?. The MEAs are filled with
culture medium (DMEM with 5% FBS, 5% HS and 1%
penicillin/streptomycin) 30 min after seeding. Samples are
incubated at 37°C with 5% CO, and half of medium is
changed twice a week. The advantage of using MEAs is
that we will be able to record neuronal activities at mul-
tiple sites simultaneously. Extracellular activities from 60
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electrodes (ITO transparent electrodes with 40 um diameter
and 200 um spacing, arrangement of 8 X 8 grids without 4
corners) are recorded by using a MEA 1060-Inv-BC (Multi
Channel systems) with 1100X amplified at a sample rate of
20K Hz. Data are recorded for a duration of 10 minutes at
33 °C with 5% CO; by using MC_RACK software (Multi
Channel Systems).

2.2. Mean-Field Model

One of the interesting aspect of the SBEs is that during
SBE, almost all the neurons in the network are firing more
or less synchronously and therefore the dynamics of the
whole network can be treated as if it is the dynamics of a
single cell in a mean field manner. Of course, the input to
the mean field “cell” is the total effective output from the
recurrent connections of the network. In this manner, the
network is getting input its own output as shown in Figure
1. With such a picture, the dynamics of the whole network
can be studied through the modeling of the mean firing rate
E(?) in Figure 1. In particular, the E(f) can be compared to
the firing rate time histograms (FRTH) measured in exper-
iments.

network
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Figure 1: Schematic diagram showing the mean field model
for the recurrent network with synaptic interaction. Note
that the role of the network in the model is just to produce
an amplification of J times.

There are two components in the mean field description
of the system during SBE; namely the recurrent connection
and the synaptic mechanism. In the following, the recurrent
connection is simply modeled by a strength J while we will
make use of a synatpic model by Tsodysk and Markram
[12] for the synaptic interaction. It is known that this TM
model for STSP is capable of producing various kind of
dynamics [13].

In the TM model, the mean firing rate E of the network,
with a recurrent connection strength J receiving a global

inhibition [y, is governed by:

E 1 gy e + o™ (1)
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where « is the threshold of the gain function for the recur-
rent excitation. The synaptic mechanism is implemented
as the dynamics of the available neurotransmitter fraction
x [[L4] with its releasing probability u as a function of E,
and are governed by the following equations:

dx X,-x
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where X, < 1 and U are the baseline level of x and u re-
spectively. The time scales are: 7 ~ 10, 7p ~ 100 and
7 ~ 1000 ms.

With suitable choice of parameters, the TM model can
produce oscillations[[13] similar to the times scales of the
sub-bursts observed in experiments. However, these oscil-
lations will persist in the TM model. In order to model the
finite duration of SBEs as observed in our experiment, an
extension to the TM model known as TMX model [[15] is
used to provide this dynamics as:

ax, %=X,
dt B Tx
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where time dependent X, is introduced to model the fa-
tigue of the maximal fraction of available neurotransmit-
ter fraction for some baseline constant X, time constant
Tx(>> 7p) and fatigue rate constant 3.

3. Results

3.1. Experimental Results

Figure [2| (upper panel) shows a typical raster plot of a
SBE from a culture grown on top of the MEA. It can be
seen that there seems to be sub-bursts within the SBE.
In the FRTH, in which the spikes for all the channels are
added within a 5 ms window, these sub-bursts can be seen
more clearly (Figure 2} lower panel)

One interesting characteristic of these measured FRTH
is that their shapes can strongly depend on the state of the
cultures. For example, Figure 3| shows the changes in the
shape of the FRTH as the culture matures. Presumably, the
structure of the FRTH is controlled both by the network
connections and the synaptic interactions between the neu-
rons in the network. As the culture matures, it is clear that
both the network connections and the synaptic interaction
in the network increase. From the complexities of these
FRTH, it seems that the SBE can be used for information
encoding and processing.
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Figure 2: Raster plot of the firing activities in all the 60
channels of the MEA (upper panel) and the corresponding
FRTH (see text for definition) during a SBE (lower panel)

3.2. Simulation Results

With the TMX model, it can be shown that the system
can be turned into an oscillatory state with E(¢) looks very
similar to those shown in Figure 3. For example, Figure
4 shows the simulation results of the TMX with various
parameters. It can be seen that with proper choice of sim-
ulation parameters, the essential features of the measured
FRTHs from SBEs can be reproduced. These oscillation
states of E(¢) are the results of too strong a positive feed-
back [15] in the system. In fact, in this TMX model, the
sub-busrts seen in the FRTHs are the results with large
enough U and J. That is: when there is strong enough
recurrent connections and synaptic interactions.

In Ref[[15]], it is shown that there are two states of the sys-
tem; one with a low firing rate E(¢) and the other one having
the structure of E(¢) similar to those shown in experiments.
The main factors which govern the state of the cultures are
the Xy and Jy. That is: the structure of the network and
the synaptic interaction. With this picture, the number of
sub-bursts in a SBE depends on how much X, is available
in the beginning of the SBE. When the frequency of the
occurrence of the SBE is high as at late DIVs, there is not
enough time between SBE for the X,, to recover to a high
value. Therefore, the number of sub-bursts decreases as
the frequency of occurrence of SBE increases at late DIVs.
This last finding is the consistent with our experimental ob-
servations.

4. Discussions

From the discussions above, it is clear that the TMX
model can generate the complex SBEs patterns observed
in the cultures. However, since the oscillatory structures of
the FRTHs from the experiments are the results a positive
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Figure 3: Measured FRTHs from cultures at various DIV.
From top to bottom: 9 DIV, 18 DIV and 22 DIV respec-
tively. Note that although the number of the spikes within
each SBE decreases as DIV increases, the overall activities
of the cultures increase with DIV because the frequency the
occurrence of SBE increases with DIV.
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Figure 4: Simulation results with the TMX model with dif-
ferent values of 7 and J Top: 7p= 0.15 and J=4.5; Mid-
dle: 7p= 0.2 and J=4.5. Bottom: 7p= 0.2 and J=6. The
other values of the parameters in the model are X;=0.95;
Up=0.30; ; Ip=-1.3; a = 1.25; 7 = 0.013; ;7r=1.5; 7,=20;
B=0.01

feedback oscillation loop, it is difficult for the system to
use SBEs to encode any information. Information written
to the network will be washed out by these self-substaining
oscillations. As these oscillations are caused by too much
positive feedback in the system, the observation of SBEs in
cultures suggests that there are too many connections in the
system. Perhaps, this is one of the main reasons why it is
difficult to make use of these systems for useful functions.
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