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Mixing Parameter with the Trust Degree of Edge
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Abstract The community structure in a network simplifies the analysis of the network topology reveals the internal
rules of the system and provides strong support for information recommendation and information dissemination con-
trol. The overlapping community structure of the network is closer to real-life scenario but its analysis is more diffi-
cult than the non-overlapping community. Therefore to solve the overlapping community detection based on the
peak clustering an adaptive overlapping community detection algorithm based on the mixing parameter with the trust
degree of edge is proposed. In this study the neighbor edge set of the network and the trust function between the edge
and its neighbors are defined and the total information of the edge is obtained through information transfer. Based on
this concept the concept of mixing parameters is introduced. Then based on the k-means algorithm  clustering is
performed using the mixed parameter i.e. the edges in the network are divided into a core edge set and a non-core
edge set and each core edge acts as a clustering center. According to the distance from the non-core edge to the core
edge the non-core edges are divided into the community of the nearest cluster center. According to the relation be-
tween edges and nodes in the network overlapping node discovery is achieved. Ultimately the overlapping communi-

2018-09-17 2018-10-15.
1982— wanggq@tju.edu.cn
hwx@xmu.edu.cn.
(61871282) (2018H0035) (3502720183011).

Supported by the National Natural Science Foundation of China(No. 61871282) the Science and Technology Program of Fujian China
(No. 2018H0035) the Science and Technology Program of Xiamen China(No. 3502220183011).


https://core.ac.uk/display/343510763?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1

2019 6 - 619 -

ties are detected. The advantage of this algorithm is that each edge finds the structure of the community by inde-
pendently completing information transfer. Moreover compared to the traditional peak clustering algorithm the
proposed algorithm does not need to set parameters therefore adaptive detection of overlapping communities is
achieved. To verify the feasibility of our algorithm the complexity of the algorithm is analyzed. The two evaluation
indices of the community detection normalized mutual information and modularity are used to experiment on the
artificial dataset and the six real datasets respectively. In comparison to other algorithms the experimental results
show that the proposed algorithm is more feasible and effective.

Keywords peak clustering trust degree of edge mixing parameter overlapping community detection adaptive
algorithm
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