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Abstract

Housing is closely related to human life, which is an important part of the total wealth of residents
and also affects people’s happiness index to a certain extent. Therefore, great importance is at-
tached to the qualitative and quantitative research on housing prices both at home and abroad.
Based on the Boston house price data of Harrison and Rubinfeld, this paper discusses the compar-
ative analysis of OLS regression and nonparametric regression in house price prediction by using
R software. The results show that the OLS regression model is against the OLS regression statistic-
al hypothesis, and OLS regression is not in line with the theoretical basis. Based on the characte-
ristics of nonparametric regression, it is more suitable to use nonparametric regression (Lasso
regression and Ridge regression) to predict house prices, and Bootstrap method and circulation
method are used to select the model. When using multiple linear regression to analyze the data,
we can’t ignore the premise hypothesis when the multiple linear regression is established. However,
the data in reality are often not ideal, so the applicability of nonparametric regression is wider.
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Table 1. The coefficients and significance of OLS regression (1) and (2) models
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R 52.57004*** 50.04133***
CRIM -0.11131** ~0.10626**
ZN 0.33454
CHAS 2.73477* 2.77260*
NOX —19.25825%** —20.87625%**
RM 4,32148*** 4.34167***
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DIS —1.54062*** —1.26070***
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Figure 1. OLS regression diagnosis chart
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Figure 2. Model error of different lambda values based on
Lasso regression
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Figure 3. Coefficients of predictive variables
in Lasso regression
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Figure 4. Model error of different lambda values based on
Ridge regression
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Figure 5. Coefficients of predictive variables
in Ridge regression
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Figure 6. The mean value of MSE difference (VS) between Ridge and Lasso
regression obtained by self-help method

& 6. BENEFRSHY Ridge 5 Lasso [E1Y3 MSE 2 (VS)#It{E

5.4. IRBEHIMSHR

JERE ERSrHT, Lasso [ AL A RO BEAF, DRI A SOR R ER Lasso [Rl X AL 3E AT H0 & A T S I4T
FIFNE IR, SRELA 5B B L& Lasso [B1H, 28 XEGIEEFE MM IET SN 0.4564, TIHIE K
Lasso [l HH Yy .

@ =16.92617 -0.00816 * CRIM +1.66474 * CHAS +4.26095 * RM

—0.15784 % DIS-0.79626 * TAX —0.71296 * PTRATIO
+0.66186*B—-0.52029 % LSTAT

H AR 7. B R i A B S S B  Z, B T e, B R
f£0 4t ER¥E), WG RERZMRAHN

10 20 30

-10 0

Index

Figure 7. The fitting effect of Lasso regression
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