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Abstract

The real estate industry is related to the national economy and the people’s livelihood. As an im-
portant part of the real estate market, second-hand housing transactions need long-term, stable
and healthy development. The transaction process of second-hand houses is complex, which is
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particularly urgent for buyers to understand the price of second-hand houses. At the same time,
the price of second-hand houses is also the focus of the market supervision department. This pa-
per uses the web crawler technology to obtain the relevant data of all the second-hand houses that
have been sold in Qingdao in 2021. Comparing the prediction results of Lasso, random forest,
XGBoost and LightGBM, it is found that XGBoost model has better prediction advantages. Due to
the limitations of a single model, this paper uses Stacking algorithm for model fusion, and the pre-
diction effect of the RF-LG-XG model is better than the above single model. This paper constructs a
second-hand housing price prediction model to provide more transparent and accurate reference
prices for home buyers, as well as reference for the government to adjust policies, which is of
great practical significance.
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Figure 1. Numerical variable box diagram
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Figure 2. Characteristic distribution after deleting outliers
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Table 1. One-hot coding example

%% 1. One-hot #RFE R 151
JaitEyid| one-hot %4
Loft (1, 0, 0, 0, 0]
=59 [0, 1, 0, 0, 0]
T [0, 0, 1, 0, 0]
K= [0, 0, 0, 1, 0]
HE [0, 0, 0, 0, 1]

DOI: 10.12677/aam.2023.124173 1675 IR Esid


https://doi.org/10.12677/aam.2023.124173

w5

B AREHLIE R S R, S T VR A, R R B e N T
A, SR AR R ML, TR H AR R ML
L) =S1(v.5)+ (1) @
i=1 k

=1

Horb 1O BUR RS, RPRFORTINE 5 P EZ R 225, BIREA x, KIlZRiRZE . 58 0P Q( f, ) &on
55k BRI 0T, PSR AR SRR Y RS

B RE BN PEAE Y, R I 15 70 20 A BRI DT AR I 5 5] — WUR SO IF 1541, i LS 32E AT 58 « UGB ACRT,
B 1R T2 INZRTE R, SO BT 2 — 1 BROB R 1) 200 22 00 I D0 3004 8 Dy 5 1 5 80000, R e/ M)
H AR R RO AR B T

L) =21 5)+ 2 0(h)

im1 =1 3)
= il(y,.,f/[(’_]) +f(x, )) +Q( f, )+ constant
io1

FrUABIAER HARt R, Rt —A> £ (¢) (645 H AR #i /. XGBoost FIH 1 HFR A —FirfE 8. X
FAAT AR AE ) IR R HOIATIET, T IR BB A, BRI AT DA A 45 e AE — &I 1Y
RARAEAEEE . XGBoost HL A LR A5

1) XGBoost %82 VBRI E AL, A T IEWI, BABIFHZARE

2) ERCATYRE,  Refg b O RS A .

3) BAETEMR, SR CIBALL, AT EAER SO ] DU BOE RO .

4.2. BERE

R il PR AR 0 2 AR R o T8 T 2 AN B R (R I 45 SR AT A, AT SR i TR FE o AR
S R 5 ] DL AR il G — PSR T B A% 2 ST RO VERE JF N s A AL R AR 5 SE A PR R N B SR 1) 82
o, B ElA () 77 HE Voting. Averaging. Stacking. Boosting Al Bagging. L' Voting i& & 72 7] /8,
Averaging i& & [F)H [0/, Stacking S5 5% /e 5 T AP & Mok, ASCIEAN Stacking FEBEAT B EL &

Stacking FVEMARTZ Mo EZ4H, EHATUIZ . Z8E L, AW RSEhr B, —RksE
IR . ZENERDIRAEE: EER A — B ) da e IR B B AT 2R, SRR s L R
WEEREAT S —Z RN Gk, BT Stacking HRRUHT B S SR B RIFISL, 456 T AR IR £
FEVE. v 7RI B AR, SR 2 48 IR E . BARE G VAR B ] 3 .

WL

train

R 2% Vi L T 45 2R

MOEIE RO

Figure 3.Stacking model fusion framework
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Figure 7. Comparison before and after parameter adjustment
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Table 2. Model accuracy after XGBoost parameter adjustment
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