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Label propagation algorithm based on weighted clustering ensemble
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Abstract: Label propagation algorithm (LPA) is one of the high-efficiency community detection algorithms for pro-
cessing large-scale network data. It has attracted much attention because of its nearly linear time complexity with the
number of nodes. However, in the algorithm, the label of each node depends on the labels of its neighbor nodes, which
makes the iteration speed and clustering performance of the algorithm very sensitive to the order of label information
update; this influences the accuracy and stability of the community detection result. To solve this problem, a new LPA is
proposed based on weighted clustering ensemble. The new algorithm runs the LPAs many times to obtain several parti-
tion results, which can be regarded as a base clustering set. Furthermore, the modularity measure is used to evaluate the
importance of each clustering. Based on the evaluation results, a weighted similarity measure is defined between nodes
to obtain a weighted similarity matrix of pairwise nodes. Finally, hierarchical clustering on the similarity matrix is used
to obtain a final community division result. In the experimental analysis, the new algorithm is compared with several
other improved LPAs on five real representative network datasets. The experimental results show that the new al-

gorithm is more effective for improving the community detection accuracy.
Keywords: data mining; network data; community detection; label propagation algorithm; clustering ensemble; base
clustering; modularity measure; weighted measure
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Fig.1 The framework of the proposed algorithm
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Table 1 Description of network data sets

Vel S #vertex #edges #Classes
football 115 613 12
karate 34 78 2
dolphins 62 159 2
word 112 425 2
web 75 113 5
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Table 2 Clustering results of different algorithms with re-
spect to NMI

Bdfide B85 LPA LPA_S LPAm LPAm+ BGLL
Football ~ 0.903 0.704 0.780 0.874 0.893 0.885

dolphins 0.602 0.413 0.533 0.447 0.454 0.445

karate 0.733  0.431 0.837 0.626 0.609 0.587
web 0.152 0.128 0.098 0.135 0.147 0.045

word 0.119 0.085 0 0.021  0.065 0.008
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Table 3 Clustering results of different algorithms with re-
spect to ARI

¥tk L% LPA LPA S LPAm LPAm+ BGLL
Football ~ 0.820 0425 0.444 0.739 0811 0.804

dolphins 0.569  0.255 0318 0.223 0.248 0.280

karate 0.772 0.365 0.882 0.470 0.446 0.462
web 0.016 -0.011 -0.001 0.026 0.037 -0.014
word 0.001 -0.002 0 -0.010 -0.001 -0.009
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