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A Complex Network Structural Division Algorithm Based on Normal Distribution
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Abstract:The node aggregation of complex networks presents the dynamic,fuzzy and asymmetrical characteristics of

the community structure.In order to optimize the community structure of complex networks,the paper studies the current

methods of discovering and optimizing community structures,and the node aggregation method to improve the community

structure by constraining normal distribution.Based on information entropy,the paper proposes a complex network structure

partitioning algorithm based on positive distribution.The normal distribution probability of the aggregation node is obtained

by the algorithm.The positive distribution probability is used as the input of information entropy to re-adjust the information

entropy.According to the magnitude of the information entropy change,the division of the node is determined.The algorithm

can determine the fuzzy relationship of nodes in the community while determining the division of the network community

structure.
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Tab.2 Extended entropy relationship between nodes

ik Co C1 c2 C3 C4 C5 C6 (o

Cco 1 0.88 0.49 0.91 0.48 0.40 0.37 0.33

C1 0.48 1 0.40 0.95 0.22 0.43 0.45 0.33

C2 0.82  0.45 1 0.41 0.33 0.36  0.27  0.39

C3 0.80 0.92 0.66 1 0.36 0.47 0.29 0.17

C4 0.11 0.42  0.39 0.41 1 0.79 0.82 0.41

Cs 0.36 0.29 0.41 0.47 0.49 1 0.93 0.36

Co6 0.45 0.33 0.44 0.49 0.77 0.42 1 0.19

Cc7 0.33 0.29 0.45 0.41 0.39 0.42 0.37 1
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Fig.1 The process of nodes gathering into a
community structure
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Fig.2 The system time of the algorithm execution
varies with N
5 #5if(Conclusion)
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