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A machine learning based approach to analysing latent substructure of graph data
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A variety of data can be represented as a graph. For statistical data
analysis based on graphs, it is important to consider setting appropriate parameters of graphs and
extracting informative structure. This study focuses on a methodological study of ~“machine
learning"® based on graph data. In particular, the label estimation problem on a graph and the
important subgraph identification Broblem have been considered. For example, accurate label
estimation methods and scalable subgraph identification methods are required by biological data
analysis.
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