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Identification of biological neuron network connection structures by dynamic Bayesian network
method based on conditional mutual information
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Abstract: The accurate identification of biological neural network (BNN) connection structures helps to further understand

their network behaviors and functions, and contributes to constructing biologically realistic artificial intelligent networks with
more optimized structures. Dynamic Bayesian network method based on conditional mutual information is proposed for

accurately identifying the connection structures of BNN. Spike neural network is firstly constructed by integrate-and-fire

has a high identification accuracy for BNN.

principle, and the multi-channel dynamic response data are obtained after network simulation. Based on the obtained data set,
comparing the calculated results with the given threshold J. Finally, dynamic Bayesian network connection structures are

the conditional mutual information between neuron nodes are calculated, and the connection between nodes is assessed by
identified. The experimental results reveal that dynamic Bayesian network method based on conditional mutual information
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Fig.2 Predictive diagram of static Bayesian network
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Fig.3 Dynamic Bayesian network diagram
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Fig.4 Pulse sequences generated by spike neural network (SNN) simulation of the first 5 neuron nodes of 10 neuron nodes
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Tab.1 SNN structure B matrix constructed in integrate—and—

fire (IF) model

L2 LT @
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4 1 0 0 0 0 0 0 1 0 0 @ @
5 00 1 0 0 0 0 0 0 1
6 00 0 1 0 0 0 0 0 0
7 01 0 0 0 0 0 0 0 0 @
8 1 0 0 0 0 0O 0 0 0 0
9 00 1 0 0 0 0 0 0 0 @
10 00 0 0 0 0 0 0 0 0
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Fig.5 SNN structure constructed based on IF model
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