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Investigation of the impact of room properties on rent determination
using propensity score analysis and explainable AI techniques
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Abstract: The rent of a rental property is determined by various factors. In this paper, we focus on the room
layout and attempt to identify the structure considered important in determining the rent. As approaches for
this purpose, we utilize propensity score analysis and explainable Al techniques. The former can be expected
to effectively identify the important structure through the estimation of causal effects excluding other factors.
The latter extracts the structures having high contribution on the prediction by machine learning models for
rent estimation. Through the experiments using about 1,800 of rental properties, we succeeded to extract

some structure having high impact on rent.
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