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Analyzing Stock markets through Deep Learning
* K. Katakura and H. Takahashi (Keio University)

Abstract— In recent years, a technique called deep learning is drawing attention in the field of machine learn-

ing. In this paper, we utilize the deep learning method to analyze financial markets.

This study also makes at-

tempts to investigate the relationship between sentiment indices and factor returns, which have been widely

used in finance to elucidate the mechanism of price fluctuations.
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