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Associative Language Data Processing by Recurrent Graph Clustering Methods
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Words and their relations can be represented by a graph to make a semantic network. Markov Clustering (MCL) proposed

by Van Dongen in 2000 is one of the useful graph clustering methods, which makes words on the semantic network be
grouped according to their concepts. On this process, however, each of the words gets to belong to only one cluster by the
method of hard clustering as a main feature of MCL. After all, all clusters come to lose possible conceptual overlapping

among them since they are separated superficially by having no common word. In this sense, MCL might be considered

inappropriate for analysis of language data. In this study, we propose a new clustering method called Recurrent MCL, which

recovers hidden connections among MCL clusters. We show that the problem of MCL is overcome by applying MCL again

to the MCL clusters processed by this RMCL.
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