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Fast method for community detection in tripartite networks
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Many social media such as Youtube, Delicious, or Hatena Bookmark, can be expressed by tripartite networks.
Community detection is one of the methods for analizing these networks. Detecting community helps us understand
their structures, so it is important in network analysis.
partitions by optimizing modularity. In the case of tripartite networks, Fast Unfolding for Edges(FUE), proposed
by Tkematsu, is the fastest among existing methods, but his method is still not fast enough for large networks. In
this paper, we propose faster method which is an improved version of FUE. Our method clusters edges quickly
with Louvain method and assigns community labels to nodes. In an experiment with Delicious network (around
80,000 edges), we show that our proposed method is around 2,500 times faster than FUE.
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