Predicting Airbnb Listing Price

Yuanhang Luo, Xuanyu Zhou, and Yulian Zhou
royluo@stanford.edu, xuanyu980@stanford.edu, zhouyl@stanford.edu
Department of Computer Science

Abstract Models
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e The NYC dataset: 44317 listings, Oct, 2017-Oct, 2018 * XGBoost T
o The Paris dataset: 59881 listings, Dec, 2018-Dec, 2019 e Model (k trees): ¥; = YK fi(x), fr € F E}“ieshf;"d y
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e Continuous: 30 features, 2-degree interaction terms are added. e Input: 30 continuous features. VYV AV A e Data cut-off or label transformation alleviate the problem caused b
put: 30 p y

e Categorical: 20 features, one-hot encoding is performed. abnormally high price listings.

e Optimizer: Adam optimizer oy Ay | A
e Text: 12 features, tf-1df of unigrams and bigrams followed by Ir=1le~ %, weight_decay =1e™>  J\ )L | =~ e Continuous features work best for price prediction; categorical and
truncated singular value decomposition. R VN A VN A VN text features are added to boost model performance; date features are

less useful 1n this application.

e Loss: Mean squared loss
e Date: 3 features, converted to continuous values.

Figure: lllustration of neural network.

e Price: 1 label, thresholded or transtormed. e Neural network works well with only continuous features, yet it 1s
subjected to overfit problem with all C + O + T features.

Results e We observed similar model performance in both NYC and Paris.

In future work:

e Additional feature engineering, error analysis and hyperparameter
tuning of neural nets.
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e Transfer learning with neural network to other similar tasks.
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