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Abstract

The rapid development of the housing rental market has led to an increasing demand for housing
rental information. There is always a problem of information asymmetry at both ends of the rental
market. The rent is determined by many factors together. Accuracy of a single prediction model is
unstable and is often affected by factors such as model performance, noise, and over-fitting risk.
This study aims to develop and evaluate models of rental market dynamics using stacking integra-
tion strategy on data from the DC competition community. We use the three basic models of Ran-
dom Force Regressor, Extra Trees Regressor and LightGBM and establish a rent prediction model
for integrated learning. The experimental results show that the prediction accuracy of this method
is obviously better than any single prediction model, which improves the accuracy and stability of
the prediction, and confirms the validity of the model in rent prediction.
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Figure 1. Solution of the problem
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Figure 2. Stacking strategy
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Figure 3. Feature correlation analysis
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