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News based Stock Market Sentiment Lexicon Acquisition Using Word2Vec
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Abstract

Stock market prediction has been long dream for researchers as well as the public. Forecasting ever-changing stock
market, though, proved a Herculean task. This study proposes a novel stock market sentiment lexicon acquisition system
that can predict the growth (or decline) of stock market index, based on economic news. For this purpose, we have
collected 3-year’s economic news from January 2015 to December 2017 and adopted Word2Vec model to consider
the context of words. To evaluate the result, we performed sentiment analysis to collected news data with the automated
constructed lexicon and compared with closings of the KOSPI (Korea Composite Stock Price Index), the South Korean
stock market index based on economic news.
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