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Large scale modeling of the mouse brain dynamics
Lionel KUSCH!, Spase PETKOSKI' and Viktor JIRSA!

"Institut de Neurosciences des Systémes, INSERM UMR 1106, Aix-Marseille Université, Marseille, France

Introduction

To bridge the large-scale brain modelling to spiking neural network, first we need to characterize the impact of the heterogeneous connectivity for the
overall dynamics. In particular, we study how the network synchronization is affected by these connections. This is the first step for understanding the
mechanisms behind the large-scale simulation of the connectome.
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Conclusion:

The long-range connections desynchronize the neurons around receptors of these connections.

For the unidirectional long-range connection the network is synchronized when the delay along this is at ~ 1/f
which is /. 6Hz.

For the bidirectional case, the result is more complex because there are two populations receptors, and hence, three states are possible:
- all neurons are synchronized (sync.)
- the two receptor populations are synchronized between them but not with the rest of the network (partial sync. 1).
- the two receptors population are desynchronized between them and with the rest of the network (partial sync. 2)..
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We have shown the impact of the heterogenous connections on the
synchronization of networks of spiking neurons. The results also unveil a
possible a working point for the simulation of the mouse whole-brain
dynamics that contains the parameters for the neurons and the ratio
between the global and local connectivity. This should allow simulation of
large scale brain mouse using the particularity of the shape of the iso-
cortex/ and the structural connectivitye. The whole-brain model would
require modification of the module Topology in Nest in order to have the _ TEIN..  WON R
Connectivity dependent of the mesh. Original version of Nest Modified version of Nest
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Simple mesh and positions of the Neurons in the network. Each color is a Layer.

target neurons for a gaussian kernel
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