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Estimating Affective Based on Brain Wave Analysis on Music
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Recently, to gain a better understanding of humankind, many researches about sensitivity are made. In the
area of music, they conduct extensive researches on the influence of sensitivity from music. They have researched
getting information about sensitivity by analysising electroencephalogram. However, greater part of sensitivity
which is got by analysising electroencephalogram is not known. In this paper, to come out that part, we analysis
electroencephalogram corresponding to sensitive when subjects listen music. Then, we formulate estimating in-
strument of sensitivity by analysising electroencephalogram with machine learning. This lead to make automatic
music composition system which reflects individual sensitivity more accurately.
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