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ABSTRACT

Due to the popularity of Twitter, the massive volume of Twitter data has become an interesting source
for studying in various aspects. This paper focuses on studying the correlations between Twitter data
and financial instruments. We expect the efficacy of the correlations in predicting movements in
financial markets. This study requires knowledge of finance and information technology. Accordingly,
we intend to conduct the discussion of the related financial theories, online social behavior in Twitter
and some of the related works about correlation between Twitter data and movement of the financial

markets or any financial instrument.

Keywords - Twitter; Microblog; Financial instrument; Stock
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