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[Abstract]

The keyword search index of Naver Trend well reflects current social issues. The purpose of this study is to predict stock
prices using deep learning, which shows excellent performance in predicting stock prices showing long-term dependence with the
Naver search index related to COVID-19. The results of the empirical analysis are as follows. First, Naver's Corona search
intensity showed Granger causality in the KOSPI index. Second, LSTM model on both KOSPI and KOSDAQ indexes showed
better predictive results than the simple RNN model. Third, the profitability of the Alexander Filter Rule using the LSTM
predicted stock price was higher than that of the Buy & Hold strategy. This study is of great academic significance in that it is
the first attempt to reveal the usefulness of the Naver search index in predicting domestic stock prices in the COVID-19 pandemic

phase, but its failure to expand and analyze various deep learning models is a limitation.
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