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A Study on the Explainability of Odor Classification using
Odor-dependent Hemodynamic Responses of Rat Olfactory Bulb
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Abstract

Recently, brain-computer interface-based odor detection technologies have been introduced based on the fact that
the hemodynamic responses of rodent olfactory bulbs appear differently depending on odorants. However, in order to
use the technology for odor detection, it is necessary to confirm and verify the judgment basis of the machine
learning algorithm. In this paper, it is intended to verify the feasibility of machine learning explanations using partial
dependency analysis and Shapley values. For this purpose, six features of mean, variance, peak, kurtosis, skewness,
and slope are extracted from the hemodynamic response signal recorded from the rodent olfactory bulb, and data
analysis is performed by calculating the partial dependence analysis technique and Shapley value. As a result of the
analysis, in the selected model, slope and peak appeared as important factors, and kurtosis and skewness had
relatively low importance.
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