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Abstract In order to detect overlapping community structures in complex networks, the idea of density peaks clustering algo-
rithm is introduced. However,applying the density peaks clustering algorithm to community detection still has problems such as
how to measure the distance between nodes and how to generate overlapping partition results. Therefore,a node local similarity
based two-stage density peaks algorithm for overlapping community detection is proposed (LSDPC). By combining hub promoted
index and connection contribution degree,a new node local similarity index is defined,and the node distance is measured with the
node local similarity. Then the local density and minimum distance of nodes are used to calculate their center values and Cheby-
shev inequality is used to select communities’ center nodes. The overlapping communities are obtained through initial assignment
and overlapping assignment. Experimental results on real network datasets and synthetic network datasets show that the pro-
posed algorithm can effectively detect overlapping community structure.and the results are better than that of other algorithms.
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Table 2 LFR network datasets

Network N k maxk minc maxc mu om on
LFR1 1000 20 50 50 100 0.1 2~8 50
LFR2 1000 20 50 50 100 0.2 2~8 50
LFR3 1000 20 50 50 100 0.3 2~8 50
LFR4 1000 20 50 50 100 0.4 2~8 50
LFR5 1000 20 50 50 100 0.1 2~8 100
LFR6 1000 20 50 50 100 0.2 2~8 100
LFR7 1000 20 50 50 100 0.3 2~8 100
LFR8 1000 20 50 50 100 0.4 2~8 100
LFR9 2000 20 50 50 100 0.1 2~8 100
LFR10 3000 20 50 50 100 0.1 2~8 100
LFR11 1000 20 50 20 50 0.1 2~8 100
LFR12 1000 10 30 50 100 0.1 2~8 100
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Table 3 Experiment results of different algorithms on real networks

ONMI(X|Y)=1 (25)

Dataset LSDPC SLPA DCN OCDDP  EADP
Karate 0.754 0.698 0.753 0.703 0.748
Dolphins 0.780 0.761 0.714 0.773 0.741
Football 0.747 0.699 0. 704 0.720 0.767
Polbooks 0.842 0. 829 0.823 0. 839 0. 834
LesMis 0.781 0.777 0. 660 0.737 0. 000
Email 0.698 0.631 0.415 0.642 0.461
Asoiaf 0.716 0.714 0.568 0.688 0.675
Polblog 0.798 0.799 0.531 0.800 0. 794
Netscience 0.979 0.917 0. 754 0.973 0.977
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Fig. 1 Community partition result of LSDPC algorithm on

Karate network
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