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Abstract This paper proposes a machine learning-based emotion analysis system that detects a user's depression
through their SNS posts. We first made a list of keywords related to depression in Korean, then used these to
create a training data by crawling Twitter data - 1,297 positive and 1,032 negative tweets in total. Lastly, to
identify the best machine learning model for text-based depression detection purposes, we compared RNN,
LSTM, and GRU in terms of performance. Our experiment results verified that the GRU model had the
accuracy of 92.2%, which is 2~4% higher than other models. We expect that the finding of this paper can be
used to prevent depression by analyzing the users' SNS posts.
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Figure 1. Word cloud of depression and sadness
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Figure 2. Word cloud of non-depression
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Table 3. Simulation Environment
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Table 4. Accuracy Comparison of 3 models
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Figure 4. RNN training and validation accuracy
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Figure 5. LSTM training and validation accuracy
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Figure 6. GRU training and validation accuracy
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Figure 8. LSTM training and validation loss
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Figure 9. GRU training and validation loss
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