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Abstract: In recent years,the mining and discovery of high—quality communities has become a hot topic in complex network research.
However , most community discovery algorithms are mainly directed at undirected networks, but many real networks are usually directed
weighted. At the same time , the label propagation algorithm (LPA) is a community discovery algorithm close to linear complexity. It is
simple and efficient,and does not need to provide prior knowledge such as community size and community number, which has been
widely concerned and applied. For the directed weighted network,a label propagation algorithm ( CRI-LPA) based on node similarity
and node importance is proposed. The node importance list is obtained by weighted ClusterRank to avoid random selection in LPA.
Then, the Jaccard coefficient is used to measure the similarity of the nodes. Combined with the node importance list,a new metric CRJ
(importance and similarity ) is calculated to improve the stability of the algorithm. Experiment shows that the proposed algorithm is
feasible and effective with strong robustness.
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