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Emotion Classification System for Chatting Data
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Abstract

It’s a trend that the proportion of using an internet messenger among on-line communication
methods is getting increased. However, there are not many applications which efficiently utilize these
messenger communication data. Messenger communication data have specific characteristics that
reflect the user’s linguistic habits. The linguistic habits are revealed through frequently used words
and emoticons, and user’s emotions can be grasped by these. This paper proposes the method that
efficiently classifies the emotions of a messenger user using frequently used words or symbols. The

emotion classifier from repeated experiments achieves high accuracy of more than 95%.

» Keyword : &7 24(classification), 712 2&F(emotion classification), 7I& =A(emotion

analysis, sentiment analysis), Z{2 C|0|Ef 24A{(chatting data analysis)
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Table 1. The Number of Texts for each Emotion Class

Happy Angry Sad Neutral Total

77 61 46 80 264
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