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Effect of local changes on the overall impression in music—An analysis based on GTTM
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Yue Zhao Haruaki Fukuda Kazuhiro Ueda
HRRT
The University of Tokyo

In recent years, GTTM theory has attracted attention as a method to understand the structure of the music. However, it is
considered difficult to capture the effect of local changes such as blue notes. In this paper, we examined how local changes
affected person’s impression of music, taking blue notes as an example and using questionnaire survey. As a result, it was
found that such local variations could affect the overall impression of music. In addition, relatively superficial features of
music rather than its hierarchical structure such as TS tree structure were found to affect the overall impression.
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