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Implementing a Semantic Network of the Synoptic Gospels based on Graph Clustering
Maki Miyake
mmiyake @lang.osaka-u.ac.jp
Graduate School of Language and Culture, Osaka University

In this research, we propose the semi-automatic construction of a semantic network for the
Synoptic Gospels employing a graph clustering algorithm called Recurrent Markov Clustering
(RMCL), which is an improved form of Markov Clustering (Van Dongen, 2000). A new method
of data processing for graph clustering is used where noise words are eliminated by a clustering
coefficient which is a feature of the network. In order to visualize the semantic network, a web
application is developed that dynamically represents the relationships between words and

concepts.

The effectiveness of the proposed technique is discussed by comparing aspects of

RMCL clustering with the parallel synopsis tables traditionally used in biblical studies.
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