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Market Analysis Using PolarityDictionary made from Textual Data
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There are little research on the construction of a polarity dictionary in the form that words of similar meaning
became one unit, polarity concept dictionary. In this study, we made polarity concept dictionary useful for the

market trend analysis.

First, we analyzed the method of constructing polarity concept dictionary, which was

proposed by our previous research, from the theoretical point of view. Next, we applied the analysis to the
construct of the polarity concept dictionary and improved the method. Then, using real textual datasets, we made
polarity concept dictionaries and estimated the market trend. As a result of comparison with other traditional
methods, the proposal method could forecast the market trend in higher F-score.
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