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Abstract As an important tool of data mining, clustering analysis can measure similarity between the different data and
classify them into different categories. It is wisely applied in pattern recognition, economics, biology and so on. In this
paper,a new clustering algorithm was proposed. Firstly, dataset to be classified is converted into a weighted complete
graph. Data point is a node and the distance between two data points is used as weight of side between these two data
points, Secondly,local importance of each node in the network is calculated and evaluated by Laplacian centrality. The
cluster center has higher Laplacian centrality than surrounding neighbor nodes and the node with higher Laplacian cen-
trality has larger distance. Finally, the algorithm is a real parameter-free clustering method, which can classify the data-
set automatically without any priori parameters. In this article, the new algorithm was compared with 9 famous cluste-

ring algorithms in 6 datasets. Experimental results show that the proposed algorithm has good clustering performance,
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Table 1 Comparison of clustering effects on different datasets of different algorithms for Specificity

83 2% F34 zachary synthetic_spirals synthetic_cassini zahn_compound fu_flame synthetic_cuboid
LDDC 1.0 1.0 1.0 0. 995 1.0 1.0
DDC 1.0 1.0 1.0 0. 991 1.0 1.0
k-means — 1.0 1.0 1.0 1.0 1.0
k-medoids 1.0 1.0 1.0 1.0 1.0 1.0
DBSCAN 1.0 1.0 1.0 1.0 1.0 1.0
Affinity 1.0 1.0 1.0 1.0 1.0 1.0
Hierarchical 1.0 1.0 1.0 1.0 1.0 1.0
DensityCut — 1.0 1.0 0. 935 1.0 1.0
SpectralClustering 0. 997 1.0 1.0 0. 999 0. 998 1.0
MCODE 0. 788 0. 999 0. 999 0. 996 0.991 1.0

F 2 AMBEHBFEARNEHE BT Rand Index F5H7 B9 R AHERI

Table 2 Comparison of clustering effects on different datasets of different algorithms for Rand Index

ik X F i zachary synthetic_spirals synthetic_cassini zahn_compound fu_flame synthetic_cuboid

LDDC 0.94 1.0 1.0 0. 96 1.0 1.0
DDC 0. 941 1.0 1.0 0. 951 0. 999 1.0
k-means — 0.518 0. 84 0. 889 0.727 1.0
k-medoids 0.9 0.52 0. 939 0. 889 0. 745 1.0
DBSCAN 0. 522 1.0 1.0 0.973 0.978 1.0

Affinity 0. 695 0.521 0.721 0. 819 0.553 0.843
Hierarchical 1.0 1.0 1.0 0.98 0. 956 1.0
DensityCut — 1.0 1.0 0. 941 0.999 1.0

SpectralClustering 0. 624 0.75 1.0 0. 883 0. 816 0. 843

MCODE 0.56 0. 525 0.99 0. 902 0.492 0.908
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