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An aproach to high dimensional regression problems on small text data using
topic models
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In this research, we investigated (1) high dimensional regression problems
using topic models for small text data and (2) prediction problems of car sales using state space
models with the search behavior of users on the web. The achievements are the followings.

(1) We showed that various shrinkage estimation methods such as ridge and lasso regressions are
effective in order to improve sugervised topic models for high dimensional and small text data.

(2) We showed that the search behavior volume data can be used for increasing the accuracy of car
sales prediction using state space models.
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