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Abstract

The optoelectronic is a technology that combines optics and electronics. In recent
years, Taiwan's precision optical components have developed rapidly, benefiting from
the rise of smart phones, which has driven the development of Taiwan's optoelectronic
industry. According to past studies, text documents on the Internet will affect the
mood of the investors, and then affect stock price indirectly. For investors, it is
important to know how to analyze the potential emotion in text documents and use it
to predict the stock trend. In order to test the importance of text emotions for price
prediction, this research established a model that mixed unsupervised learning and
supervised learning.

In the part of unsupervised learning, this research used the LDA model to assign
documents to topics. Next, calculated the sentiment index to find the sentiment
tendency of each documents. Then this research used the visualization to find the
topic that was probably a leading indicator and helpful to classification model.

In the part of supervised learning, this research established the SVM model and
the LSTM neural network model respectively. The result showed that, mixed with
technical indicators and sentiment index, the accuracy of the SVM model was about
70%, and that of the neural network model was about 60%. In classification, the SVM
model was better than the LSTM classification model, but in both of the SVM model
and the LSTM model, the accuracy of the model that included the sentiment index
and technical index was higher than that which included only technical index. The
former could improve the accuracy by up to 7% compared with the latter, showing
that sentiment analysis was able to improve the accuracy of the prediction of

Optoelectronics stock index trend effectively.

Keywords : Sentimental Analysis, LDA, SVM, LSTM
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Precision {r Recall 7.5 % -

A - B 5
ik T &
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