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Abstract

We expose hidden function-follow-form schemata in the recorded activity of cultured neuronal
networks by comparing the activity with simulation results of a new modeling approach.
Cultured networks grown from an arbitrary mixture of neuron and glia cells in the absence of
external stimulations and chemical cues spontaneously form networks of different sizes (from
50 to several millions of neurons) that exhibit non-arbitrary complex spatio-temporal patterns
of activity. The latter is marked by formation of a sequence of synchronized bursting events
(SBEs)—short time windows (200 ms) of rapid neuron firing, separated by longer time
intervals (seconds) of sporadic neuron firing. The new dynamical synapse and soma (DSS)
model, used here, has been successful in generating sequences of SBEs with the same
statistical scaling properties (over six time decades) as those of the small networks. Large
networks generate statistically distinct sub-groups of SBEs, each with its own characteristic
pattern of neuronal firing (‘fingerprint’). This special function (activity) motif has been
proposed to emanate from a structural (form) motif—self-organization of the large networks
into a fabric of overlapping sub-networks of about 1 mm in size. Here we test this
function-follow-form idea by investigating the influence of the connectivity architecture of a
model network (form) on the structure of its spontaneous activity (function). We show that a
repertoire of possible activity states similar to the observed ones can be generated by networks
with proper underlying architecture. For example, networks composed of two overlapping
sub-networks exhibit distinct types of SBEs, each with its own characteristic pattern of neuron
activity that starts at a specific sub-network. We further show that it is possible to regulate the
temporal appearance of the different sub-groups of SBEs by an additional non-synaptic current
fed into the soma of the modeled neurons. The ability to regulate the relative temporal
ordering of different SBEs might endow the networks with higher plasticity and complexity.
These findings call for additional mechanisms yet to be discovered. Recent experimental
observations indicate that glia cells coupled to neuronal soma might generate such

non-synaptic regulating currents.

1. Introduction

Itis now widely accepted that the brain informatics capabilities
rely on neuro-plasticity combined with function-follow-form
schemata, yet to be discovered. Much effort has been devoted
to understanding how temporal pattern of activities at different
locations in the brain is related to their physical (anatomical)

linkages [1-3]. The goal is to reveal the possible function-
follow-form schemata by performing reverse engineering
between the observed activity of the network (function), and
the structural physiological properties of the network (form).

Considering the complexity of the brains’ hierarchical
organization, complementary and comparative studies of
systems on all levels are required. Indeed, studies of
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function-follow-form range from cultured networks through
in vitro slices, to the level of the cortex [4-8]. Comparisons
between these systems deserve special care, keeping in mind
the profound differences between them. In particular, proper
analysis methods for placing the recorded activity of these
different networks within common presentation schemata must
be used [8—10] if conclusions drawn from the study of one
system are to be applied to the others.

1.1. The advantage of cultured networks

Here, we present new findings about the function-follow-form
schemata, deduced from the analysis of cultured networks’
activity of different forms, and make comparison to generic
model simulations. The cultured networks provide relatively
simple and well-controlled model systems for investigations
of long-term (weeks) individual neuron activity at different
locations by using a multi-electrode array [11, 12]. By analogy
with the connectivity network’s representation of the multi-
channel recorded brain activity, the cultured network’s activity
can also be represented in terms of connectivity networks
(function). In this case, the individual neuron locations are
linked according to the correlation in their activities.

Utilizing lithographic methods, it is possible to engineer
networks of different forms. In particular, engineered
networks of sizes ranging from 1072 mm? (small) through
1 mm? (medium) to 10> mm? (large), with a corresponding
specified number of neurons ranging from 10? through 10* to
10, have been intensively studied [11, 13, 14].

Another major advantage of cultured networks is that their
activity can be directly and even quantitatively (for the smaller
ones) compared with model simulations [15, 16]. Here, we
utilize the dynamical soma and synapses (DSS) model in which
the neuron’s soma is described by the Morris—Lecar dynamics,
and the neurons are connected via dynamical synapses, as
described by Tsodyks et al [17] (appendix B).

1.2. Questions posed by the spontaneous activity

The cultured networks spontaneously form from a dissociated
mixture of cortical neurons and glia cells drawn from 1-day-
old Charles River rats. The cells are spread homogeneously
over a lithographically specified area of Poly-D-Lysine for
attachment to the recording electrodes. Subsequently, the
neurons send dendrites and axons to form a wired network.
Although this process is self-executed with no externally
provided guiding stimulation or chemical cues, a relatively
intense dynamical activity is spontaneously generated within
several days. As we show in the next section, the spontaneous
activity is marked by the formation of synchronized bursting
events (SBEs)—short time windows during which most of the
recorded neurons participate in relatively rapid firing. These
SBEs are separated by long (seconds to minutes) intervals of
sporadic neuronal firing. It has been shown that the statistical
properties of the SBEs time series and the individual neuron’s
activity can be captured by model simulations [15, 16]. The
results of the model’s performance are described in the next
section.

In section 3 we describe the additional organizational
motifs observed in the activity of large cultured networks. It
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Figure 1. Top: formation of SBEs in the recorded activity of
cultured networks. The time axis is divided into 1072 s bins. Each
row is a binary bar-code representation of the activity of an
individual neuron, i.e. the bars mark detection of spikes. Note that
each neuron has its own pattern of activity within a given SBE, and
each SBE has its own internal pattern of neuronal activity. Bottom
left: zoomed view of the synchronized bursting event. During the
SBE, each neuron has its specific spiking profile. Bottom right: the
average density representation of a SBE.

has been found that [8, 13], for some large networks, the SBEs
might be classified as belonging to several distinct groups with
each group representing a synchronized bursting event with
a well-defined spatio-temporal internal structure. In contrast,
the activity of small and medium-sized neuronal networks does
not exhibit any such organizational motifs. This observation
supports the notion of unitary, or elementary, networks about
I mm? in size, based on the following reasoning. The
elementary time scale of neuronal activity is 1073 s, while
the propagation speed of action potentials along the axon is
1 m s~!, yielding a characteristic length scale of 1 mm. In
the cortex, 1 mm? of tissue contains about 10° neurons, which
corresponds to a cultured network of 1 mm? and 10* neurons.
Hence, we define a unitary (or elementary) network as having
O(10%) neurons in an area of 1 mm?, i.e. corresponding to
the medium-sized cultured networks. Higher density cultures
grown in an area of 1 mm? form a web of neuronal clusters
linked by axon bundles [7]. This is a hint that the cells ‘are
programmed’ to form networks with special characteristics.
By the same token, when 10° neurons are spread over 102 mm?,
they are free to form a homogeneous fabric of 10%> coupled
elementary networks. The measurements presented here
were performed from electrode arrays of 10> mm?. It has
been proposed that the existence of sub-groups of SBEs in
these large networks reflects the co-existence of functionally
distinguishable coupled elementary networks [8].

The above features may be captured with the extended
version of our model neuronal network, which takes into
account the non-uniform distribution of synaptic connectivity.
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Figure 2. The internal dynamics of neurons during the SBE, for a typical medium-sized cultured network. The analysis has been
performed on the data recorded from ten active electrodes. (a) The neuron correlation matrix, shown to demonstrate the statistical
dependences between the activities of different neurons in the network during the bursting event. The color code of the correlation matrix is
shown on its right. (b) The projection of the neuron correlation matrix onto the physical space of network’s electrodes gives information
about the dependence of correlations on the physical location of neurons. To provide a better understanding about this relation, pairs of
active electrodes are linked by the lines colored according to the level of correlation between the corresponding neurons (the color code is
the same as that for the neuron correlation matrix). (c) The pattern of activity propagation through a network reveals that, during the
bursting event, most of the neurons are activated almost simultaneously. The activity propagates from the early activated neurons (blue) to
the late ones (red). (d) The correlation circle (constructed as explained in the text) is shown to demonstrate the interplay between network’s
functional organization (correlations) and causal relations between different neurons in the network. For a typical medium-sized network,
most of the neurons in the network are activated almost simultaneously, and the level of correlations between the neurons is nearly the same.

The results of this extended model are shown in section 4,
where we also compare the performance of the model with
that of cultured networks. Finally, in section 5 we discuss
the possible regulatory mechanisms underlying the dynamics
of cultured networks. We propose that these schemata
can be attributed to the combined action of underlying glia
fabrics.

2. Observations and modeling of unitary neuronal
networks

The spontaneous activity of cultured networks is marked
by the formation of synchronized bursting events—short
(~200 ms) time windows during which most of the recorded
neurons participate in relatively rapid firing. A typical raster
plot visualization of such activity is presented in figure 1. The
SBEs are separated by long intervals of sporadic neuronal
firing. We describe each SBE as a matrix of N (number
of neurons) vectors, each representing the temporal pattern
of activity, or firing rate of a specific neuron (a row in the
raster plot). As can be seen from figure 1, each SBE has its
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own internal pattern of neuronal firing. Both the firing rate
and the time-series statistical properties can greatly vary from
neuron to neuron. While some neurons fire only 1-2 spikes
per SBE, others can fire as many as 20 spikes per SBE. The
individual neuron activity also varies from one SBE to another.
To take into account these variations in the firing rate, one can
define the average density of neuronal firing during the SBE
by averaging the activity over many synchronized bursting
events. An example of such average density representation
is shown in figure 1. It is also seen that the average density
reflects fairly well the general structure of the SBE.

The relations between different neurons during the
bursting event are further revealed by calculating the neuron
correlation matrices (see appendix A for technical details).
The resulting matrix, shown in figure 2(«@), indicates that for
medium-sized (unitary) cultured networks, most of the neurons
have similar, albeit relatively low level of correlation in their
activities. To obtain information about the dependence of
correlations on the spatial locations of neurons, we project
the matrix of neuron correlations onto the physical space of
network’s electrodes, and link neuron pairs by lines colored
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Figure 3. The internal dynamics of neurons during the SBE, for a simulated network with all-to-all synaptic connectivity. For better
comparison with the experimental observations (see figure 2), we show the results for twelve neurons randomly sampled from a model
network. Because pairs of neurons in the model network are reciprocally connected, we show the maps of synaptic connectivity for the
cases of (a) A;; matrix and (b) Aj; matrix. (c) The neuron correlation matrix for the model unitary network. Note that the structure of the
matrix is block-like, with larger block corresponding to the excitatory model neurons, and smaller (upper) block to the inhibitory ones.

(d) The projection of the neuron correlation matrix onto the space of model network’s ‘electrodes’, obtained for the activity of model
unitary network. (e) The map of activity propagation through the model network is shown to demonstrate uniform activation of the neurons.
Note that the model inhibitory neurons (marked with circles) are activated at the end of the SBE. () The correlation circle for a model
network with uniform connectivity has a structure similar to that of a unitary network, with uniform coloring of vertices and uniform level of

correlations (compare with figure 2).

according to the level of correlation (figure 2(b)). The resulting
projection indicates that the activity of a medium network is
not spatially restricted; rather, the active electrodes are spread
uniformly over the recording area. Next, to gain insight into the
causal motifs associated with the activity of the network, we
plot, for each SBE, the relative temporal ordering of neuronal
activation during the burst. We use color code to distinguish
between neurons activated early in the bursting event (blue)
from those activated at the end of it (red). The timing of

neuronal activation may vary from burst to burst, as shown
in figure 2(c). Each dot in the cluster of color dots around
an electrode is the activation timing of the neuron (whose
activity is recorded by that electrode), at a specific SBE. The
resulting pattern of activity propagation shown in figure 2(c)
suggests that, for the unitary network, most of the neurons in
the network are activated almost at the same time.

Further, we wish to determine the relation between the
pattern of correlations and the characteristic pattern of activity
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Figure 4. Top: the SBE correlation matrices for recordings from three different cultured networks. Each element (2, m) in the matrix
represents the level of EC,,, by a color code. (@) An example of the SBE correlation matrix obtained for large network (O (10°) neurons),
showing that there exist three distinct groups of SBEs. (b) Yet another example of the SBE matrix, exhibiting a band of highly correlated
SBE:s. (c) For comparison, the SBE correlation matrix for the medium-sized cultured network is shown, to stress that the appearance of
blocks depends on the size of a network. Middle: the temporal sequence of SBEs for the activity of a typical large cultured network which
exhibits three kinds of bursting events. The SBEs of different kinds have been assigned different colors, as explained in the text. Bottom: a
zoomed out view of SBE sequence is shown to demonstrate the existence of unique temporal ordering in the appearance of different bursting
events. Shown in the figure is the SBE series, constructed for the activity of a network with its corresponding SBE matrix shown in (a).

propagation. For this, the neurons are positioned on a circle,
and their relative ordering is determined by the clustering
algorithm, so that two highly correlated neurons are also
closely positioned on the circle. The neurons are then colored
according to the average timing of their activation during
the SBEs, and linked by the line colored according to the
level of correlation between them. The resulting construction
(henceforth termed correlation circle) lets us extract the
information about the role of the network’s functional
organization (the structure of correlations) in supporting
certain spatio-temporal patterns of activity propagation (causal
motifs). For the case of medium-sized cultured networks
(shown in figure 2(d)), we observe that there are no obvious
causal relations between the neurons. Different neurons in the
network are activated almost simultaneously, and the level of
correlations between different pairs of neurons is the same. As
we show in the next section, the picture changes drastically
when the activity of large cultured networks is similarly
analyzed.

The generation of synchronized bursting events series,
as well as some of its salient statistical properties, can be
successfully captured by the dynamical-synapse-soma (DSS)
model of neuronal networks, proposed by Volman et al [15], in
which both neurons and synapses are described as dynamical
elements (appendix B). Earlier, it was shown that the model
recovers correctly the observed statistical scaling properties
of cultured network’s spontaneous activity: it generates
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synchronized bursting events separated by long (seconds to
minutes) periods of sporadic activity. The internal dynamics
of neurons during the SBE are also well captured by such a
model neuronal network with uniform synaptic connectivity.
In figure 3(d) we show the projection of the neuron correlation
matrix (figure 3(c)) onto a physical space of a model network.
The result is a network with uniform connectivity. The above
construction may also be compared with the actual matrix of
synaptic strengths projected onto a physical space of model
network’s ‘electrodes’. For a pair of mutually connected
neurons, however, one must consider two distinct cases, as
the strength of the connection from the ith to jth neuron is
not necessarily the same as the connection from the jth to ith
neuron. Both of these cases are shown in figures 3(a) and (b)
to demonstrate the difference.

3. Overlapping unitary networks—experimental
observations

For the larger cultured networks, when the SBE correlation
matrices are evaluated and re-ordered (as explained in
appendix A), hidden structures are revealed. In particular,
the re-ordered SBE correlation matrices were found to exhibit
clear organizational motifs of blocks and strips with higher
correlations, which reflect the existence of distinct sub-
groups of SBEs (figures 4(a) and (b)). A block in the
correlation matrix represents a sub-group of SBEs with higher
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Figure 5. The internal dynamics of neurons during the SBE, for a typical large-sized cultured network which exhibits three kinds of SBEs
(the corresponding SBE matrix is shown in figure 4(@)). The correlation analysis has been performed separately for the SBE series
corresponding to each one of the larger blocks (bottom-left and upper-right blocks from figure 4(a)). (a), (b) Physical space projections of
neuron correlation matrices for the two larger groups, shown to demonstrate the different patterns of correlations in the activity of neurons.
(¢), (d) The corresponding maps of activity propagation through a network. The activity propagates from the early activated neurons (blue)
to the late activated ones (red). (e), (f) The corresponding correlation circles for the two groups of SBEs, shown to demonstrate the
existence of context-dependent causal relations between the neurons. For example, the activation timing of neuron 24, as well as its pattern

of correlations with other cells, is different for the two classes of SBEs.

inter-correlations between SBEs within the sub-group and
lower correlations with the other SBEs. A strip (band)
represents a sub-group of SBEs that has high correlations with
all the SBEs. From a dynamical systems perspective, each
sub-group of SBEs represents a chaotic attractor with its own
specific internal dynamics [18].

The non-arbitrary dynamics of these large networks is
revealed when looking at the temporal ordering of SBEs
belonging to the different groups. Again, we use a color code
to distinguish between SBEs belonging to the different sub-
groups. In the middle panel of figure 4 we show an example

of such a colored sequence, constructed for the SBE series
of a typical large cultured network exhibiting three kinds of
bursting events (SBE correlation matrix of figure 4(a)).
The different colors (green, red and blue) are associated
with different sub-groups of SBEs from the corresponding
SBE correlation matrix. The resulting construction clearly
discloses the non-uniform temporal ordering of different
synchronized bursting events.

To further test whether each group of SBEs might be
related to a certain pattern of neuronal activities, in [8]
the inter-neuron correlation matrices have been computed
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Figure 6. Top: model paradigm for the overlapping networks simulation. The model network is composed of two sub-networks, which
share some neurons. The schematic representation of model networks is shown on top of the electrode array, to stress that model neurons
should be viewed as representing the activity of some region in a network. Bottom: the pattern of synaptic connections is shown, to
illustrate that the network’s connectivity is not uniform. The strength of synaptic connections scales according to the corresponding color

code. Inhibitory neurons of the model network are marked with circles.

and analyzed (see also appendix A for technical details).
The matrices, computed separately for each type of SBE,
disclose the relations between different neurons during bursts
of different types. For illustration, we bring, in figure 5, the
projections of neuron correlation matrices onto the physical
space of network’s electrodes, as obtained for two larger blocks
of SBEs from figure 4(a). We observe that each sub-group
of SBEs has its own characteristic correlation (activity or
functional connectivity) network. In addition, the maps of
activity propagation, shown in figures 5(c¢) and (d), indicate
that the causal relations between the neurons also depend on
the sub-class of SBEs under consideration. Put together,
these observations suggest that large cultured networks are
able to sustain different spatio-temporal patterns of neurons’
collective activity. In the next section, we investigate the
possible origin of this kind of dynamics.

4. Modeling of overlapping unitary networks

The above observations of large networks’ activity indicate that
the appearance of spatially and temporally structured activity
might reflect the underlying networks’ synaptic connectivity.
It has been proposed that the existence of sub-groups of
SBE:s reflects the co-existence of functionally distinguishable
coupled elementary networks [8]. Therefore, the combined
network can generate different kinds of SBEs, each with its
own internal pattern of neuronal activity. In this picture, each
kind of SBE is generated under the dominance of a different
subnetwork of neuronal connectivity.
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To explore the above hypothesis, we devised an extension
of the DSS model, whereby we consider two overlapping
neuronal networks. Specifically, each subnetwork contains
20 neurons, and both subnetworks share 10 neurons. Inside
each of the subnetworks, the connectivity is all-to-all. As
for the unitary model networks, we set 20% of the neurons
to be inhibitory, and distribute them evenly throughout the
subnetworks. The schematic representation of such networks
is shown in figure 6 (top). The neuronal connectivity in this
new network is clearly not uniform, as seen also from the
pattern of synaptic connections in figure 6 (bottom). These
overlapping networks are then allowed to evolve according
to equations (B.1)—(B.3), generating synchronized bursting
events, as explained earlier.

A brief glance at the SBEs’ correlation matrix (figure 7(a))
discloses the existence of SBEs with different internal
structure. Indeed, for the different model networks with
pre-imposed structured connectivity of synaptic contacts,
we found that the corresponding SBE matrices exhibit
block-partitioning. Some additional examples are shown in
figures 7(b)—(d). We explain these results as follows: in
principle, every neuron in the network has equal probability
of triggering a synchronized burst. Yet, the pre-imposed
connections architecture allows the collective activity to
propagate only along certain routes. In the case of two
overlapping networks considered here, there are two modes
of activity propagation. In each mode, the activity starts in
one of the subnetworks and then gradually spreads, through
the shared region, to the second subnetwork. Besides these
two basic modes of propagation, it is also possible to observe
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Figure 7. Examples of SBE correlation matrices obtained for different model networks. The level of correlations for each matrix scales
according to the corresponding color codes. (@) The SBE correlation matrix obtained for the model of two overlapping networks. In this
case, the matrix exhibits block-partitioning, with each block corresponding to the scenario in which one of the sub-networks is dominant.
(b) The SBE correlation matrix obtained for the model network in which the distribution of neuronal connectivity is bi-modal. (¢) The SBE
correlation matrix obtained for the overlapping networks’ model, in which the average synaptic strength between the neurons in one of the
sub-networks is higher than the average synaptic strength in the second sub-network. (d) The SBE correlation matrix obtained for the model
network, which is composed of two sub-networks having several axons linking them. This case may be looked upon as a ‘weak connection

limit’ of the overlapping networks’ model.

higher-order events, when the activity may bounce back
and forth between the two subnetworks for a certain time.
These higher-order events lead to the appearance of additional
smaller blocks in SBE matrix (the two upper blocks in the
matrix shown in figure 7(a)).

To ensure that the results shown in figure 7 are not an
outcome of random effects, but correspond to the structural
organization of network’s elements, we have performed two
tests. First, we calculated the SBE correlation matrices for
model networks with uniform connectivity. This computation
yielded a correlation matrix in which all of the bursting events
had the same level of correlation between them. As a second
test, we created random surrogate matrices (with the same
mean level of correlations as for the matrices shown in figure 7)
and applied the clustering algorithm to these matrices. The
resulting re-ordered random matrices did not exhibit any
block-partitioning structure. Hence, the structured activity of
our model network is determined by the structural organization
of network’s elements.

To further verify the hypothesis about the correspondence
between the imposed form and the resulting spatio-temporal
patterns of activity, we performed the correlation analysis on
the model network’s SBEs corresponding to each of the two
dominant blocks in figure 7(a). As shown in figure 8, the
resulting neuron correlation matrices, when projected onto

the network’s ‘real space’ representation, reveal interesting
features. For example, we observe that in some cases the
activity of a pair of neurons that have no physical contact is,
nevertheless, correlated (a line in the correlations connectivity
network). On the other hand, some physically connected
pairs show no contact at all in the correlations connectivity
networks.

Additional information about the effects of imposing
structural constraints on networks’ activity is obtained from
analysis of corresponding correlation circles. As illustrated
in figures 8(e) and (f), for the overlapping networks case,
the positioning of inhibitory neurons on the correlation circle
depends on the type of the SBE under consideration. Hence,
when a network’s architecture is non-uniform, the behavior of
inhibitory neurons is context-dependent, i.e. it depends on the
overall activity of other neurons in the network.

5. The effect of a regulating current

The model network presented so far is able to account
for the emergence of SBEs with different spatio-temporal
structures. This has been achieved by dividing the network
into two smaller coupled subnetworks. Different SBEs
originated because at different times different subnetworks
were dominant.
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Figure 8. The internal neuron dynamics for a model of two overlapping unitary networks (the corresponding SBE matrix is shown in
figure 7(a)). The correlation analysis has been performed separately for the SBEs corresponding to each of the larger blocks (bottom-left
and middle blocks from figure 7(a)). (a), (b) Physical space projections of neuron correlation matrices for the two larger groups, shown to
demonstrate the different patterns of correlations in the activity of neurons. For example, the correlation between neurons nos. 20, 40
depends on the class of the SBE under consideration. (c¢), (d) The corresponding maps of activity propagation through a network. The
activity propagates from the early activated neurons (blue) to the late ones (red). (e), (f) The corresponding correlation circles for the two
groups of SBEs are shown to demonstrate the existence of context-dependent causal relations between the neurons. For example, the
relative correlations of inhibitory neurons (marked with circles), as well as the timing of their activation, depend on the type of the SBE
under consideration. In light of these results, we note that the observations shown in figure 5 might represent the recording from several
overlapping networks. For example, sampling and analyzing neurons nos. 30-50 yields results similar to those shown in figure 5.

The additional feature in the activity of large cultured
neuronal networks is a unique temporal ordering of different
SBEs. Such ability to regulate the relative temporal ordering
of different SBEs might endow the networks with higher
plasticity and complexity [10]. In principle, the temporal
ordering of different model SBEs might be controlled by
imposing activity-dependent dynamics on the additional
background current I,4 provided there exists a biological
correlate for this current. Such a correlate might be readily
provided by glia cells surrounding the neurons. Indeed, there
is evidence that neurons and glia maintain intricate dialogue,
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exchanging information on the molecular level [19-21]. To
provide an instructive example, it has recently been shown
that astrocytes synchronize neuronal activity by generating
glutamate-related currents. These currents, shown in
figure 9(a), are non-synaptic, as their decay time (~700 ms)
is much larger than that of the synaptic ones.

To verify the assumption of possible regulatory role for the
background currents, we sequentially elevate /,q4 in structurally
different parts of a network using the following procedure:
first, for a period of 20 min one of the larger subnetworks is
subjected to higher average levels of the background current
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Figure 9. (a) Stimulation of astrocytes generates slow transient currents (STC) in pyramidal neurons. The top trace illustrates slow
transient currents induced by the glutamate released from astrocytes. The histogram (bottom trace) is shown to demonstrate the increase in
STC frequency, following the stimulation of astrocytes. Reproduced, with permission, from [22], © (2004) by the Society for Neuroscience.
(b) By controlling the dynamics of the additional current 7,4 it is possible to modulate the expression of networks’ spatio-temporal patterns.
When the spatio-temporal profile of 1,4 has been modulated, the temporal ordering of different SBEs changed accordingly, as explained in
the text. The SBEs of the first block (event nos. 1-65) correspond to the domination of one of the larger sub-networks, while events 66—-105

(second block) to the prevalence of the second larger subnetwork.

(while in other parts of a network I,4 is suppressed). Then,
the same procedure is performed for the second subnetwork
for another 20 min. The resulting SBE correlation matrix is
shown in figure 9(b). All of the events have been classified
as belonging to one of the two groups, corresponding to
two distinct ‘stimulation protocols’. We conclude that, by
controlling the spatio-temporal dynamics of the additional
background current I,4, it might be possible to regulate the
temporal ordering of different SBEs.

6. Conclusion and outlook

In this work, we have investigated the possible causes
underlying the appearance of structured spatio-temporal
patterns in the activity of neuronal networks. We have
shown that, when a network is endowed with structured
synaptic connectivity, it is possible to obtain structured activity,
manifested in the block partitioning of SBE correlation matrix.
In this case, the spatio-temporal correlations between different
neurons also acquire non-trivial features. In addition, we have
shown how, within a given network’s architecture, it is possible
to selectively regulate the appearance of different patterns by
controlling the additional regulating current, /4.

From the perspective of pattern formation, or dynamical
self-organization, the possibility of regulating a network’s
structured activity suggests that the observed complex
neuronal dynamics might be supported by some underlying
feedback mechanism with regulatory features. An instructive
analogy borrowed from physics would be the complex spatio-
temporal behavior formed on top of the more regular,
underlying dynamical behavior in fluid flow systems [23].
In this regard, it is interesting to ask whether the recorded
neuronal activity represents only a part of the underlying
dynamics.

Partial answers to these questions may be provided from
the vast amount of recent experimental evidence regarding
the complex spatio-temporal chemical activity in the glia web
and the interaction between neurons and glia cells [20-22].
Intra-cellular regulatory mechanisms enable even individual
glia cells to function as excitable elements capable of using
energy to generate internal structured calcium dynamics.
Such noise-induced dynamics can be generated, for example,
by an internal coherence (synchronized coupling) resonance
mechanism [24].  As another example, astro-glia cells
surrounding synaptic terminals could temporarily shunt or
enhance synaptic transmission by dynamically modulating the
concentration of glutamate neuro-transmitter [21]. It seems
possible that the special excitable media capabilities of the
glia fabrics of generating chemical waves, together with their
special interaction with the neuronal and synaptic activity,
could provide the required mechanisms.

These considerations lead us to speculate that real
neuronal networks might utilize mechanisms other than those
of synaptic transmission in order to regulate the expression of
different spatio-temporal activity patterns. The repertoire of
possible activity states is determined by the underlying
architecture of the network. Actually expressed patterns,
however, are selected from this repertoire by means of complex
regulatory pathways (such as chemical wave signaling or glia
regulation of synaptic strength) [25, 26]. Put together, these
intricate regulatory mechanisms utilized by neuronal networks
might provide some answers about how the brain stores and
transmits information.
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Appendix A. Analysis methods

Due to the long-term recordings, the activity of a typical
cultured network should be analyzed on different levels,
ranging from the investigation of the statistical characteristics
of networks’ activity over long times (hours), to the analysis
of the activity on millisecond level (the dynamics of neurons
during the bursting event).

To explore the long-term activity of a network, the
recorded activity is converted into a binary sequence: the
time axis is partitioned according to the temporal width of a
typical SBE, and the ‘1’s of the sequence mark the locations
of events. The resulting binary vector then corresponds to
the series of bursting events. The statistical characteristics of
the SBE time series are then accessed by analyzing the rate
of bursting events’ generation and the distributions of inter-
burst-interval series [11, 15].

At the other side of the temporal spectrum, a high temporal
resolution of recordings allows one to investigate the dynamics
of neurons during the synchronized bursting event. To check
whether the SBEs can be sorted into distinct sub-groups
with similar internal patterns of neuronal activity, the inter-
SBE correlation matrix (or event correlations), EC, ,, [8], is
computed:

(A.1)

N
EC, ,, = Max !Z C;,m(t)} :

i=1

In the above definition, C :l;.m (t) denotes the cross-correlation
between the activity of the ith neuron in the nth and mth SBEs,
and the maximum is taken over the time window corresponding
to the duration of a typical bursting event. Next, the correlation
matrix is clusterized using the standard dendrogram clustering
method [27]. The resulting reordered correlation matrices of
some networks exhibit clear organizational motifs of blocks
and strips with higher correlations which reflect the existence
of distinct sub-groups of SBEs.

To study temporal relations between different neurons
we calculate, for each sub-group of SBEs, its corresponding
neuron correlation matrix. The correlation coefficient between
the activity of a pair of neurons is computed as follows,

((Xi (1) — ) (X () — 1))

C,‘j =
O,‘Gj

(A.2)

where X; and X; are the activities of neurons i and j, with
the corresponding means u; and p; and sample standard
deviations o; and ;. The averaging is performed over the
sub-group of SBEs. The correlation coefficients for all pairs
of neurons are computed, yielding the correlation matrix C;;.

Further, to study the propagation of activity during the
burst, a temporal location of each neuron in the burst is
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evaluated. The temporal location, T,f, of the ith neuron during
the nth SBE is defined as

Ti = @ - T,'l)D,‘,(t —T,)dt

JDi(t —T,)dt

where T, is the ‘temporal location’ of the nth SBE which is the
combined ‘center of mass’ of all the neurons, and Dfl () is the
activity rate of the ith neuron [8]. This analysis discloses that
each type of SBEs has its own characteristic spatio-temporal
pattern of activity propagation.

Using the above definitions, it is possible to determine
whether the pattern of correlations in the correlation matrix can
also be related to the characteristic pattern of spatio-temporal
propagation (temporal ordering of neurons during the burst).
This goal is achieved in two steps. First, the neuron correlation
matrix is represented as a connectivity network in the cultured
network physical space. The idea is similar to the way the
coherence matrices of recorded brain activity are mapped onto
connectivity networks according to the electrode locations in
the cortex. In the case of cultured network, the color lines
are simply drawn between the locations of each two recording
electrodes to represent the level of neuron correlations C;;.

An additional information about causal relations between
neurons (the timing of activity propagation) versus the
functional organization of a network, is obtained by
constructing the correlation circles. In this representation, the
neurons are positioned on the circle, with their relative ordering
determined by the clustering algorithm, so that a pair of highly
correlated neurons are also closely positioned on the circle.
Pairs of neurons are then linked by lines colored according to
the value of C;; between them. To capture the causal relations
between the neurons, the vertices (which represent the active
electrodes of the network) are colored according to the average
timing of their activation, i.e. the average of T! for events
belonging to the same sub-group of SBEs.

(A.3)

Appendix B. The dynamical soma and
synapse model

Computer modeling can serve as an equally powerful research
tool in the studies of biotic systems [28, 29], provided it is
utilized and analyzed in a proper manner adapted to the special
autonomous (regulating) nature of these systems. Guided by
the above realization, we have developed a new model in
which both the neurons and the synapses connecting them are
described as dynamical elements [15]. To model the neurons,
we have adopted the Morris—Lecar [30] (M-L) dynamical
description. The Morris—Lecar model reads

V = _Iion(vv W) + [ext(t) (Bl)
W= ¢7W°°(V) il (B.2)
Tw

with Lion(V, W) representing the contribution of the internal
ionic Ca?*, K* and leakage currents, with their corresponding
channel conductivities gc,, gk and g being constant

Lion(V, W) = gCamoo(V)(V - VCa)

+gkW(V — Vg) +gL(V — W). (B.3)



Manifestation of function-follow-form in cultured neuronal networks

The additional current I, appearing in equation (B.1)
represents all the external current sources stimulating the
neuron, such as signals received through its synapses, glia-
derived currents, artificial stimulations as well as any noise
sources. In the absence of any such stimulation, the fraction
of open potassium channels, W, relaxes towards its limiting
curve W (V) = %(1 + tanh( V;jv‘ )), within a characteristic
time scale given by

1
cosh(vz;vzv‘) ’
The limiting dynamics of calcium channels are described by
another sigmoid function:

V-V
Va )) '

me(V) = % <1 +tanh<

In our numerical simulations, we have used the following
values: gc, = 1.1mScm™2, gx =2.0mScm™2, g = 0.5mS
cm™2, Ve, = 100 mV, Vg = =70 mV, Vi, = =35 mV, V| =
10mV,V, =145mV, V3 = —1mV, V, = 15mV, ¢ = 0.3.
With such a choice of parameters, the critical current I,
separating the quiescent and spiking phases, is set I, = 0.

According to the theory of neuronal group selection, the
size of the brain’s basic functional assembly varies between
50 and 10* cells. Motivated by this, and by the notion of
unitary networks (as explained in the main text), we study the
dynamics of networks composed of 20-60 cells. To follow
physiological data [31], 20% of the cells are usually set to be
inhibitory.

The neurons in the model network exchange action
potentials via the multi-state dynamic synapses, as described
by Tsodyks et al [17]. In this model, the effective synaptic
strength evolves according to the following equations:

w(V) = (B.4)

(B.5)

B=— —uxd(t — 1) (B.6)
Tfec
¥ = =L b uxd( — ty) (B.7)
in
p=2 o= (B.8)
Tin Trec

Here, x, y and z are the fractions of synaptic resources in the
recovered, active and inactive states, respectively. The time
series ty, denote the arrival times of pre-synaptic spikes, i, is
the characteristic time of post-synaptic currents (PSCs) decay
and 7, is the recovery time from synaptic depression.

The variable u describes the effective use of synaptic
resources by the incoming spike. For facilitating synapses,
it obeys the following dynamic equation:

L r U1 — w8t — 1)

= (B.9)
Tfacil

where the parameter Uy determines the increase in the value of

u with each spike. If no spikes arrive, the facilitation parameter

decays to its baseline value with the time constant 7g,y. For the

depressing synapses (as is the case when post-synaptic neuron

is excitatory) one has t,.j — 0, and u — Uy for each spike.
The effective synaptic current of a neuron i is obtained by

summing all of its j synaptic currents:

L= Ayjy;(t)
J#i

(B.10)

where the parameter A; is the maximal value of synaptic
strength.

The values of parameters control the ability of the system
to exhibit modes of correlated activity. In our studies (unless
indicated otherwise), we assign to the network the parameters
specified below, using the following notations: / indicates
inhibitory neurons and E the excitatory ones. For example,
Tec(E — 1) refers to the recovery time of a synapse
transmitting input to an inhibitory neuron from excitatory one.
Hence, we set Trec (I — 1) = 200 ms, Trec (E — 1) = 200 ms,
Tec(I — E) = 1200 ms, Tc(E — E) = 1200 ms,
Ul - I) = 05, U(E — I) = 05 U(I - E) =
0.08, Uy(E — E) =0.08, A({ - 1) =9,A(E > 1) =9,
A(E - E) = 22,A(I — E) = 6.6. Actual values for
each neuron were then generated as reported in [17]. We set
Tin = 6 ms for all neurons. In addition, due to the small size
of our simulated network, we chose Tgi = 2000 ms for all
inhibitory neurons.

To complete the picture, we need to provide a mechanism
responsible for the generation of spontaneous activity in the
isolated network. To simulate this, each neuron is subject to
the fluctuating additional current

La(t + 1) = Ly(t) +&; g={+f’ p=05

I 0.5} . (B.1D)

The fluctuating current may drive the neuron beyond the firing
threshold, thus enabling it to generate spike and trigger the
SBE. To keep a proper balance between the above current
and inputs received from other neurons via the synaptic
connections, the additional current /.4 is limited to the range
Low < Ihg < Ihigh. The total current seen by a neuron at any
time is a sum of Iy, (¢) and Zq(t).
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