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Abstract

People are becoming more and more interested in the algorithm of community discovery in the
network. In complex networks, nodes do not exist independently. From a structural point of view,
if the connections of two nodes are similar, then the two nodes are likely to be in the same com-
munity. In this paper, we propose a new community discovery algorithm based on node connec-
tion strength (BNCSA), which is based on the connection strength between the number of direct
connections and the number of indirect connections between nodes. Then, parameters are used to
control the community structure granularity of the network, so as to avoid the disadvantage that
the existing classical algorithms cannot find small communities whose granularity is less than a
certain amount. Finally, we conducted some experiments to verify the partitioning results of the
new algorithm. Experimental results show that the algorithm can effectively discover the commu-
nity structure in real networks.
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Table 1. Real network data sets
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Figure 1. Comparison chart of Q values
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Figure 2. Time-consuming comparison chart
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