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Depression is a serious mental illness that affects an individual's overall life and causes changes in emotions,
thoughts, physical condition, and behavior. Therefore, it is important to accurately diagnose depression in the early
stages, and to this end, several systems are being developed using deep learning. In this paper, we propose a deep
learning model for bi-directional LSTM-based diagnosis of depression using speech signals and compare and analyze
performance. For training is used bi-directional LSTM model, one of the deep learning models. Features of speech
signals were extracted using Mel-Frequency Cepstral Coefficient (MFCC) and Gammatone Cepstral Coefficient
(GTCC), and data augmentation was performed to resolve imbalance of class. The performance of the Bi-LSTM
model before data augmentation was about 56.58% and after data augmentation was about 98.49%, which improved

the classification performance of the model by solving the imbalance of class through learning data augmentation.
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