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e Paddle movement was
dictated by the relative
number of action
potentials detected across
counterbalanced 'motor
regions.

e The creation of a real-time closed-
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Low latency closed-loop feedback system

e We aimed to investigate how networks of in vitro
neurons altered electrophysiological activity when
embodied in a structured information landscape.
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4. Criticality metrics
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stimulation(1), a removal of all stimulation (2), or
no-feedback (3). Rest involves no stimulation (4).
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Conclusions

e While all types of feedback increased the
information entropy in the system, only high
entropy (unpredictable) stimulation resulted in
significant learning over time.

Patterns of neural activity are
o All three metrics of neural criticality, deviations significantly different when biological
of criticality coefficient (DCC), branching : neural networks are embodied in a

ratio (BR), and shape collapse (SC) error, are . .
closer to criticality when neural cells are structured information |cmo|scqpe.

embodied in gameplay?.
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e Difference is significant enough that activity
state (Gameplay vs Rest) can be predicted
with 92.4% accuracy via only activity metrics.
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e Results support the importance of assessing
cell activity in real-time closed-loop
information rich envrionments when

function is of interest.
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* Network summary statistics between the first Significance bars show within-group differences denoted

and last 2 minutes of recordings. with *. Symbols show between-group differences at the

given timepoint: # = vs Stimulus; % = vs Silent. The

number of symbols denotes the p-value cut off, where 1

e Network metrics show statistically significant 6 <005 2 = p <001 3 = p < 0.001 and 4 = p <0.000].

differences during Gameplay but not Rest.
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e Complex network dynamics of live in-vitro neuronal
systems during Rest and STIM Gameplay was characterised.
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but not at Rest.

Spiking activity of recorded neurons was embedded in a lower-
dimensional space to find a subset of representative channels to
explore patterns of macroscopic neuronal network dynamics3.
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e Significant network plasticity occurs in these cultures that can
be a necessary underlying mechanism for learning.
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Gameplay and Rest sessions
using t-SNE. Colour labels
represent the first and second
half of the recordings.
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Average networks over all T e
Gameplay and Rest sessions. = — )
Edge weights represent "

changes in functional

connectivity for the last 2 Spiking time series data is transformed into a 3D space using t-SNE, then

minutes to the first 2 minutes combined into a tensor and decomposed with Tucker. The K-medoids
algorithm identifies representative channels, forming nodes, with edge
weights based on pairwise Pearson correlation values.
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