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An adaptive community detection method based on information

transfer and density peaks
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Abstract: Information transfer is the basic feature of the network. Accordingly, an adaptive community
detection method based on information transfer and density peaks is proposed. Firstly, the trust degree
function between nodes and neighbors is defined, and each node independently spreads amount of
information to the network based on the trust degree. After the diffusion, the total information amount of
the node is the density of the density peaks. The distance between the nodes in the network is replaced by
the reciprocal of the information amount of the destination node. Then, a method is proposed that can
automatically select core nodes which are divided into different communities, and the remaining nodes are
allocated to the community of the closest core node. The algorithm has the advantage that no additional
parameters are needed and the internal structure of the community can be found. The experimental results
show that.
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1

Fig.1 Decision graph of real-world networks

2

Table 2  Algorithm analysis of real-world networks with community structure

AID Fastgreed Infomap Walktrap LPA VDDPC LCCD

Q NMI Q NMI Q NMI Q NMI Q NMI Q NMI Q NMI

Karate 0.371 1.000 0.381 0.692 0.402 0.699 0.353 0.504 0.416 0.602 0.371 1.000 0.420 0.699
Dolphins ~ 0.385 0.814 0.482 0.604 0.519 0.481 0.487 0.418 0.427 0.745 0.315 0.697 0.526 0.589
Football ~ 0.583 0.895 0.550 0.698 0.601 0.924 0.603 0.887 0.593 0.860 0.603 0.887 0.607 0.884

Polbooks  0.502 0.563 0.502 0.531 0.523 0.493 0.507 0.543 0.504 0.544 0.476 0.513 0.526 0.533

1 b ’ b
2 ., Karate,Dolphins  Polbooks 3 R 6
NMI . Football ,
NMI 0.895, Infomap , 2 ,
o Q , , Q NMI . Q

o Karate . (NMI::[)s Q 0.3710
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