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Recently, many methods for analyzing networks have been proposed. Among them, the methods called commu-
nity detection based on graph theory have advantages that they can make networks simple and easy to understand.
However most of them had not considered the background knowledge of data, thus some methods called constrained
community detection which take such background knowledge into consideration have been proposed. In this paper,
we propose and discuss the speeding-up and interactive environment for constrained community detection. The
proposed method improves the computational efficiency of constrained community detection with its accuracy kept
comparable. Our proposed method is a variant of the fast-unfolding method which is known for its computational
efficiency. By using the proposed method, we evaluate the performance of the ordering of the stepwise constraint

adding in constrained community detection.
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