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Abstract A lot of electronic documents are distributed via network recently. Their number is increasing rapidly,
and it will become difficult to discover important information from document data. In this situation, it is helpful
to automatically analyze contents of document data and to detect what subject is included. In existing methods it
is common to use clustering, but application of Independent Component Analysis, which was developed in signal
processing area, to topic detection was proposed recently. However, its property has not yet been made clear. In
this paper we examine the topic detection method using Independent Component Analysis, and show its properties
by experimentation.
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