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Abstract

This study proposes a method for estimating the network
structure of human-derived iPS cell networks during their
growth process. We focus on modularity as network metrics.
We clarify how network topology evolves during this growth
process.

1. Introduction

Understanding how neuronal networks develop synchro-
nized activity is essential for revealing the principles of func-
tional maturation in the brain. During early development,
neuronal populations transition from irregular spiking to or-
ganized burst synchronization, reflecting the formation of
functional connectivity [1], [2]. Human induced pluripo-
tent stem cell (iPSC)-derived neuronal cultures have recently
emerged as a powerful in vitro model for studying these de-
velopmental processes under controlled conditions, provid-
ing valuable insights into human-specific network dynam-
ics [3], [4]. However, estimating functional network organi-
zation from large-scale neuronal activity recorded by multi-
electrode arrays (MEAs) remains a challenging problem.

In this study, we propose a spatially informed method for
estimating the functional network structure of iPSC-derived
neuronal networks by integrating electrode position informa-
tion with firing rate characteristics. Specifically, firing rate
time series are computed for clustered electrodes and clas-
sified into multiple categories based on their firing activity.
Functional connections are then constructed by preferentially
linking spatially proximate electrodes with high firing rates.
The proposed approach enables visualization of spatially lo-
calized high-activity regions and reveals functional organi-
zation embedded in the neuronal network. We focus on the
modularity as network metrics. The number of communities
is high in young cells and decreases with growth. At this
stage, the network becomes a large network. As growth con-
tinues further, clustering of network nodes occurs again, and
it was found that the number of communities increases. These
results demonstrate that integrating neuronal activity signals

with spatial information provides an effective framework for
estimating functional network structure in iPSC-derived neu-
ronal networks.

2. iPS Cell-Derived Networks

Human iPSC-derived neurons and astrocytes were plated
on MaxWell chips [5], [6] at densities of 100,000 neurons
and 20,000 astrocytes per chip. Chips were coated with
polyethyleneimine (PEI) followed by laminin. Cells were
maintained at 37°C, 5% CO,, and 95% humidity. Elec-
trophysiological recordings were performed at days in vitro
(DIV) 11, 15, 19, 22, and 25. The recordings were performed
using 1,024 electrodes at a sampling rate of 20 kHz. Experi-
ments were conducted on three separate plates (P11, P12, and
PI13).

Neural activity is recorded using 1024 electrodes, but in
this study, cluster electrodes are detected as typical electrodes
(which is named cluster electrode). Cluster electrode detec-
tion was performed based on electrode spatial coordinates.
Electrodes with observed spikes were considered valid, and
their coordinates were used to construct a KD-tree for effi-
cient spatial querying. For each unvisited electrode, all neigh-
boring electrodes within a radius of 100 um were identified
and grouped into a cluster. The cluster center was defined as
the centroid of the member electrode coordinates, and a repre-
sentative electrode for the cluster was chosen as the electrode
closest to the centroid.

The results of the selected cluster electrodes are shown in
Fig. 1. It can be seen that the main electrodes were chosen
from neighboring electrodes. As a result, the 1,024 electrodes
can be reduced to approximately 70 main electrodes.

To characterize the developmental changes in neuronal ac-
tivity, we analyzed the firing-rate distribution of cluster elec-
trodes at DIV11, DIV15, DIV19, DIV22, and DIV25. Spike
times were extracted from the recorded spike trains and con-
verted to firing rates by dividing the total number of spikes
by the recording duration (60 s) for each cluster electrode.
The firing rates were classified into five categories using fixed
thresholds: Very low (0—-1 Hz), Low (1-2 Hz), Medium (2-3
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Hz), High (3—4 Hz), and Very high (4-5 Hz).

Figure 2 shows the firing-rate histograms of cluster elec-
trodes at different developmental stages (DIV11-DIV25). At
earlier stages (DIV11 and DIV15), most cluster electrodes
fall into the Very low and Low firing-rate categories, indi-
cating predominantly sparse spontaneous activity. With de-
velopment (DIV19-DIV25), the distribution gradually shifts,
showing an increased proportion of Medium and higher
firing-rate categories. These results indicate a developmen-
tal change in the overall firing-rate distribution, providing a
quantitative overview of activity maturation across DIVs.

Figure 3 shows raster plots of the cluster electrodes at dif-
ferent DIVs. The colors of the spike columns correspond to
the firing frequency categories determined above. Even if the
number of electrodes decrease, the main behavior of spike
activities can be confirmed.
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Figure 1: Cluster Electrodes.
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Figure 2: Histogram of Firing Rate.
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Figure 3: Raster Plots of Cluster Electrodes.

2.1 Network Construction Based on Firing Rates

A functional network was constructed by assigning a node-
specific number of connections based on neuronal firing rates.
Let r; denote the firing rate of node . The firing rates were
first normalized as

~ i — T'min

Ty = )
Tmax — "min
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where iy and 7.y represent the minimum and maximum
firing rates across all nodes, respectively.

The number of connections k; assigned to node ¢ was then
determined using a power-law scaling:

ki = Lkmin + (kmax - kmin)fiaj ) @

where knin = 1 and k. = 10 denote the minimum and
maximum allowable number of connections, &« = 2 is the
scaling exponent, and |- | indicates the floor function.

To establish network edges, the Euclidean distance be-
tween nodes ¢ and j was computed as

(©))

where x; represents the spatial coordinates of node i. For
each node, connections were sequentially formed with the
nearest unconnected nodes until the prescribed number of
connections k; was reached. Duplicate edges were avoided,
resulting in an undirected network.

This construction ensures that nodes with higher firing
rates tend to have a larger number of connections while pre-
serving spatial locality.

dij = |lxi — %,
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3. Simulation Results

Figure 4 shows the networks constructed using the pro-
posed method at different developmental stages. At DIV11,
the network is sparse with a small number of edges. As de-
velopment progresses, the number of highly active neurons
increases, leading to a gradual increase in network connectiv-
ity. At DIV15, most nodes form a single connected compo-
nent, giving rise to a globally integrated network structure. In
contrast, at DIV25, the network exhibits renewed clustering,
indicating the emergence of modular organization.

(d) DIV 22.

(e) DIV 25.

Figure 4: Network Construction (P11).

Next, Figure 5 presents the averages of the total number
of edges and the clustering coefficient, calculated across P11—
P13, as global network metrics. Consistent with the qualita-
tive network evolution described above, the total number of
edges initially increases during development and then shows
a decreasing trend at later stages. In contrast, the clustering
coefficient remains relatively high and stable after div15, sug-
gesting the persistence of locally clustered structures despite
changes in overall connectivity.

3.1 Modularity Analysis

To quantify the community structure of the estimated net-
works, we evaluated the network modularity (). Modularity
measures the extent to which a network can be partitioned
into densely connected communities with sparse connections
between them.

Finally, modularity was computed using a graph-based
community detection algorithm implemented in the Net-
workX library, which identifies communities by maximizing
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Figure 5: Network Characteristics.

the modularity score. The modularity @ is defined as

1 kik;
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where A;; represents the adjacency matrix of the network,
k; and k; denote the degrees of nodes i and j, respectively,
m is the total number of edges, and d(c;, ¢;) is an indicator
function that equals 1 if nodes ¢ and j belong to the same
community and 0 otherwise.

A higher modularity value indicates a stronger community
structure, meaning that nodes are more densely connected
within communities than expected in a random network with
the same degree distribution. Conversely, lower modularity
values suggest a more homogeneous or globally integrated
network organization.

Figure 6 shows the simulation result of average of modular-
ities (P11-P13). We observed that the modularity ) changed
non-monotonically across developmental stages. Specifi-
cally, modularity decreased at intermediate stages and sub-
sequently increased at later stages, indicating a transient re-
duction followed by a re-emergence of community structure
during network development.

Modularity across DIVs.

Figure 6: Average Network Modularity.
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Figure 7 shows the network community structures identi-
fied by modularity optimization. At DIV11, the network is
divided into ten communities. The number of communities
decreases to five at DIV19, whereas at DIV25 the network
is again separated into eight communities, reflecting dynamic
changes in community organization during development.

(c) DIV25.

Figure 7: Network Modurality (P11).

4. Conclusion

In this study, we investigated the developmental changes
in neuronal network structures reconstructed from multi-
electrode array recordings. Cluster electrodes were first iden-
tified based on spatial proximity, and their firing rates were
quantified and categorized into five levels. Using a distance-
constrained network construction method in which the num-
ber of connections per node was nonlinearly scaled according
to firing rate, we reconstructed spatial networks at different
developmental stages.

The results demonstrated that both network topology and
community structure dynamically changed during develop-
ment. At early stages, the networks exhibited sparse con-
nectivity and a relatively large number of communities. At
intermediate stages, the network became more integrated, ac-

companied by an increase in edge density and a reduction
in the number of communities. At later stages, the network
showed reorganization characterized by increased modularity
and re-emergence of community structures.

These observations suggest that the spatial and func-
tional organization of neuronal networks evolves non-
monotonically during development. The proposed framework
provides a systematic approach to linking firing activity, spa-
tial constraints, and network topology, and may be useful for
characterizing developmental dynamics in in vitro neuronal
networks.
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