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Due to the advancement of E-commerce in recent years, recommendation for not only mass-produced daily items
but also special items that are not mass-produced is an important task. In this research, we present an algorithm for
real estate recommendation. There is no identical property in the world, properties already occupied by someone
else can not be recommended, and users rent or buy properties only a few times in their lives. Therefore, automatic
recommendation of property is one of the most difficult tasks. As the first step of property recommendation, we
predict users’ preference for properties by combining content-based filtering and multilayer perceptron (MLP). In
the MLP, we used not only attribute data of users and properties but also deep features extracted from floorplan
images of properties. As a result, we succeeded in predicting preference with accuracy of 60.7%.
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Table 1: MLP

Input w/o w/ w/

image feature image feature image feature

(pre-trained) (fine-tuned)

MCC 0.127 0.142 0.149

Accuracy 0.612 0.616 0.619

Precision 0.439 0.446 0.451

Recall 0.396 0.418 0.423

Confusion
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FN TP

) (
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Table 2:

Input w/o w/ w/

image feature image feature image feature

(pre-trained) (fine-tuned)

MCC 0.150 0.159 0.166

Accuracy 0.600 0.604 0.607

Precision 0.437 0.442 0.446

Recall 0.500 0.507 0.514

Confusion

matrix(
TN FP

FN TP

) (
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7693 7682

) (
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7579 7796

) (
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