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Improvement of Community Detection in Multislice Networks
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Community detection is the one of the methods for network analysis. It is used for simplying networks that are
easy to understand. Temporal networks and networks with multiple types of links can be expressed by multislice
networks which are combinations of individual networks. A method for detecting communities in multislice networks
was proposed by Mucha. However, Mucha’s method cannot be used for multislice networks of arbitrary coupling
because this method considers only two special couplings. In this paper, we propose and discuss a new method
for detecting communities in multislice networks of arbitrary coupling. Proposed method is the same as Mucha’s
one for the multislice networks of the two special couplings. By executing community detections, we confirm that
proposed method is superior to Mucha’s one for the multislice networks of arbitrary coupling.
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