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Abstract

Previous emotion prediction methods based on the categorized emotions have shown difficulty in recognizing
relative importance of the input variables. This study proposes a new emotion prediction mechanism in which HRV
(Heart Rate Variability) metrics and continuous valence-arousal scores are used to formulate the emotion prediction
neural network. The Garson’s algorithm was adopted to compute relative importance of input HRV metrics. The
physiological data collected from 50 participants was used to obtain that the relative importance of Mean RR is
35.6%, the best among a number of input HRV metrics. Meanwhile. the frequency domain HRV metrics such as
VLF, LF, and HF have low relative importance of 3.2%, 3.6%, and 3.0%, respectively.
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