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Abstract There are situations where we need to induce emotions in our daily life. Music is one of stimuli that can change
emotions. Since there are individual differences in emotions they feel, it is important to use customized music. Therefore, we
proposed an emotion induction system that predicts emotions using electroencephalogram (EEG) and generates music based
on the emotions. In this paper, we propose using convolutional neural network (CNN) for emotion prediction from EEG.
As a result of calculating RMSE between the predicted and measured values of the models, the CNN-based models showed
significantly lower RMSE than a linear regression model. The emotion prediction from EEG using CNN is expected to be
useful for constructing the emotion induction system.
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