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Judging contents of tweets and blog diary whether positive or negative is useful for successful equity investment.
In order for computer to judge such contents automatically, the accurate dictionary specified in finance is important.
However, creating the specified dictionary is needed special knowledge for finance, and maintaining the dictionary

by manual is so troublesome.

This paper propose the way of creating the dictionary from the stock bulletin board data automatically. Actual
test shows that valid dictionary for judging positive and negative is produced.
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