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Abstract

Based on the gradient boosting regression tree, we analyze the factors affecting the average price
of second-hand houses in Shanghai by using the data collected from “HOME LINK” website in re-
cent three years. The Person correlation coefficient matrix and heat map are used for preliminary
analysis of each influencing factor. Moreover the collected data are divided into training set and
test set, and the support vector machine model, linear regression model and integration model are
trained and tested respectively. The final experimental results show that the integrated model
based on gradient boosting regression tree can more accurately predict the average price of
second-hand houses in Shanghai. And the MSE of gradient boosting regression tree is the smallest,
furthermore the correlation coefficient is up to 0.831, which has the best fitting effect.
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Figure 1. Heatmap
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Table 1. The average price of each administrative region and its ranking table
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1 HOH X 98,251.1382 9 AT X 51,128.7002
2 IRICIX 76,707.3964 10 FlX 44,035.8198
3 X 76,512.7462 11 FATT.IX 37,983.9645
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6 HiIX 63,642.8784 14 ZRX 23,494.7114
7 REIX 60,907.6722 15 EAL]PS 20,291.667
8 THZRBTIX 56,708.9189
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Figure 2. Price analysis of secondary housing in Shanghai
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Figure 3. Box plot about Shanghai’ each region of second-hand house aver-
age price
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Figure 4. Scatter plot between floor area and house price
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Figure 5. Scatter chart of building floor area on house price in each district of Shanghai
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Figure 6. The linear fitting chart of building floor area on house price in each region of Shanghai
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Table 2. The prediction accuracy of each model in the test set
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Figure 7. The fitting effect of Gradient Boosting Regression Tree
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