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Abstract

This article takes the second-hand housing price data of Chengdu in 2022 as the research object,
and constructs a random forest model and XGBoost model to predict the second-hand housing
price. Firstly, the dataset is cleaned and visualized to construct virtual variables. Then, a heat
map is drawn and the entropy method is used for feature value screening to select important
features for training the model. Subsequently, prediction systems based on random forest and
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XGBoost were developed using grid search techniques, and the accuracy of the models was meas-
ured using three key indicators: coefficient of determination, mean square error, and mean ab-
solute error. After model comparison and result analysis, it was found that the optimized
XGBoost model had good prediction results for second-hand housing prices, with an accuracy
rate of 90.3%.
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2002 4, Lennart B [2]%%35 F Fhfd 1 #2228 A 80 Sk & ARAE G 22 e 2 Mk R AAR AL, LR St s
TR IR B, 45 SR R B 6 X % AR TR ()0 5 ) S v T AR e L . Dy o B A B 0 TN A7 6 (1) 1
2019 4, Liu R [3]9 k3T srih o & A O K S IZ T 5 4, AR T — Rk T KA ez A
AR R 2 ) s AN TN AR 2R, A B I — b ol R B R BA AT R B A S S A, R 2 90
R X TR B . SLIR SRR, 27T B I T 7 T R I €, AHAE T A8 G S Il £ 1
PR 2, R R DL R e e R, B R IR . 2022 4, LucaR [4]RH T =Fhii
AT HIRLER 27 2] BRI 3 R AT B B0 A%, 18k AP USCER I 23 % ElasticNet. XGBoost 1A
A IR A AB TR AT I R e FH ST S8 3 45 2 06 = AN fr 48 SRR AT L X

BT B MR, SBT K28 EERRN _FHE1Y, FEUERILT ZFEhsEd
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Ko TR TR 20 A o o T A5 [5] N E i 28 P T 2012 4E (0 s 5, IO bbby i 1 BENLARAARAR Y, X
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REJT. FHFREE[6]N NP B G a1 1 Ti7 i v b B i3, AT IR [ DS 2 kel 28 e o A 1R U8 3
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Figure 1. XGBoost model flowchart
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Figure 2. Scatter plot of building area and total housing price
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3.2. FHEERE

RFAIE 26 FURT DKS v 2 B0 e A O IR, AT B et e 4 O A T, 3 e ) TO AR AN R SR )
LR BE— D FEAE, LA G, RS, AR iz AL Re 7, I W] DLLEA YA 3 S 47 1)
e, JE LI SRR AL B 1] RV BB AR I ERAE A FR I R0 L, M 34 B i RO P RE[12] o

ASCRFALZAYLE LS 11 4, RRFENIERTREX . PifEta, PR, 2R, KR
[, A RO B, ZHPUE. ERIARRE L. B2 A BRI, ARRES 5
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1) Y€ RE(R-Squared, R?)— M ZE [ A A rpr, T P1fili FOOUEC RN S BRAE O AF-S RE S, 3R PRI
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1 EL s mT LA AR SRR (8 VR (R e P Ao 5 T 5 BSOS AR R T v 1, U R e B AR Y
AL — 5 RCR

4.3. BB

H T3 I (T T B B AR b N S SR A ™1, B LR AT — ki te, HF28— ik
DAL 5 LA IR 5 R A& RORIF AU AR PSR, iy AR —RARALI,  ELH ) BR b [ A A

DOI: 10.12677/aam.2024.139421 4421 N H it e


https://doi.org/10.12677/aam.2024.139421

ST, MREK

le7

Actual vs Predicted

>21

® Actual
—— Predicted
e

0 1000

2000 3000

Figure 3. Linear model prediction chart (Original)
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Figure 4. Linear model prediction chart (Once)
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Figure 5. Random forest prediction map (Original)
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Figure 6. Random forest prediction map (Once)
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Figure 7. XGBoost prediction graph (Original)
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Figure 8. XGBoost prediction graph (Once)
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Figure 9. Random forest prediction chart (Secondary)
9. BEHARFTIUME(ZR)

le7 Residuals vs Index
L]
1.5
L ]
L]
1.04
° . L/
wv
©0.5
-
=4
wv
L)
(-4
0.0
-0.5
L ] L]
0 1000 2000 3000 4000
Index

Figure 10. Random forest residual graph
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Figure 11. XGBoost prediction graph (Secondary)
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Figure 12. XGBoost residual graph
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TEASCH, MWIRREHREE 2 A5 T 2B BENLARAR LS XGBoost — Rl (1 iPAN Fa b5, &5
RN 1o ARHEE 1 BEE EoR, et RNABRL A RO AT TS, BEALAR ARSI (PR AR L T 2 1m0 )5
R, 1 XGBoost BN I T BRI AERE . 75— RIS J5 159 3 i S B R & UR A T 12
FPETE, a5k 2 fow, LRI i p) ) R? 2 0.085 T4 0.603, FHMLARAKN R {H FH 0.248 127+
% 0.853, XGBoost 7 [) R2 {5 1 0.256 #2 T+ & 0.834. Wi —kAltk, MR RIERELTF, HEEHL
AR RILE LT . RS, FRATATLAE 2132 3 MIBENLARMR WA BRI 2545 1-1¥ R? 2 0.853,
MAREE L R? 2y 0.859, LS HAME, BAMEIIGE LM R BSA T, MR LI R? fRF e
XGBoost M [KIHTaE B ALE I 2545 LK) R2 v 0.834, il EfY RN 0.903. &k S ¥fft)s, AL
S B R2E—DHEF, AR B R2BSA TR, 7ERENLARMBIRS b, S84 1) &E n_estimators 1
PRI KR max_depth R DASE S B ) 2R 58, AT AE — @ FE B3R s TS 5 . AT, i 22 AR Bl
SE VR FRARS AT B8 B Y I SRt (I 3E AL SO (9 KUK . 7E XGBoost 8L, F#{I 2% 2] 2R learning_rate 7]
DAE R IOEARIE K AR/, FRE T 2 WA ARE DOR BIAH [F 45 K s8R B, XA B T s A )

DOI: 10.12677/aam.2024.139421 4425 N H it e


https://doi.org/10.12677/aam.2024.139421

ST, MREK

TSR . [FIBF, max_depth A1 n_estimators [ 1 %t 75 2225 FE BRI K2 AL RE JIRIINZRER A o X LL P AR
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1 PR T RE BE ARG

Table 1. Comparison of initial model structures

1 VAR BEELLIR

R2 MSE MAE
A LA EIVEY T 0.085 4487390808171.969 3325.653
FEHLARA 0.248 3687939313299.952 7561.426
XGBoost F5 7 0.256 3648063029321.772 8561.466

Table 2. Comparison of optimization results once
2 2. —RIEERELE

R2 MSE MAE
2 CAEIPEL: St 0.603 1944944939377.614 173152.504
BEHLARA 0.853 719498490957.419 224981.523
XGBoost 1% 0.834 812526188231.589 258817.536

Table 3. Comparison of secondary optimization results
= 3. TR RELER

R2 MSE MAE
i HLAR AR 0.859 690116324089.372 344325531
XGBoost &% 0.903 573083127172.155 340561.704

5. MiRGEL. BUATE
51 WiR&L

RSO R R L PE IR BEALARMRRT XGBoost AU T 5 G5 A ib AT U, 3 ik A Ak 2
RE TR DL AR R s S5 2R (R sttt JRATTOLAE 1 55 U TSR, sl FL 00 &85 2R SE 3l SE B i 347
B BT BERIRAL, ¥ XGBoost A7) R2 #2742 0.903, U1# 4 T/ & il 43 3 S -5 TR Fr) a5 L
AT RLR I =M K B % 22, XGBoost BB iR 22 By, H ARSI v 52 s (R B R AR AT R
%, WA . SOEESERESE . DR E AL R[]I, ARRNIHEFURT ALE He Ak fity btk —2b
WA S H, HESINEZ MM KRR, LR BRI SV, RIS, B 5R7E by ™
TR EhAS, DI S SRR, e 3 )

Table 4. Comparison table of real value and predicted value data

4. ALESTNEREI R

- EaiAE)=| BEALARA XGBoost
TE TR TE TR E TE IS
949,198 1185111.631 24.85% 1018282.916 7.28% 943985.25 0.55%
2,306,570 2547989.367 10.47% 2349308.98 1.85% 2217678.5 3.85%
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3,904,560 3420350.717 12.40% 3885626.04 0.48% 3818799 2.20%
1,035,988 1960463.073 89.24% 1062816.651 2.59% 1015695.75 1.96%
2,102,430 2443966.966 16.24% 2315790.51 10.15% 22024115 4.76%
172,326 191030.1793 10.85% 187835.777 9.00% 171991.8438 0.19%
1,368,000 1167558.728 14.65% 1318147.476 3.64% 1311244.125 4.15%
5.2. #iY

AT AN A E =, A8 Qi 2 R R RIEE ORI, R i fh B i K
IE S 4 DY) i i B T I O AL D33t RS BOR AN — D), TR ARGE A F A 18] A 37
AN 1) G EE A PRBOR . RO BOSOER . NAVE P BUR. BUE BT IEBIBGE . iE =T
5P SFECRAN LR & I Al R

WU b s FTBCR TR A BR AR, 8 = F 5 i e 5 8RR tsory, itk 7
WA PRI BURNINGEN —F 55 iim e, fE Mg s AoaRms i, b ayiams
BTN, PN AT RIRE S Zh k. RS MERmER, RaiimEiE, RIMETRER
fio AT OB AT WARERINE, HES P AU S S I SS R, 4B TRk . T LA LI 5 X
ML R RAIAE B, S AT L b B SR AE KT [RI, AZ A N G PR SR, s Aotk
AT NAEZROL,  DAMEH 2 Al A .

T DOl R R R BORRMN. S ERETTH Vg Tnshds, Wi s H R Rk
W93 HRAHUAE —F 8 o b e EE M, TWhi & W LBV, K& E ST, SRR AN

RO M A L W 553 mT LU A ARG 3, S B B T BUREEM O Hrae 1, (8 S RE
Iy LA ANCR FE A A% 004 2.
53. T &

AW FEMATH LRI AR T =T pi S S Mt M T W48 TC s AR (R et TR B 1 25 T L85 22 ST i
T, 3830t S 17 USE B TGS T B A (KA RO A o AT X T B S U AT EE R BT A
T = TP A A R MBS L EREMSAE — B AR LA S s O A T SR B,
AL BT IR, BRSO SLA R LR J LRI 2 -

1. ARSCAERER R (B R AR AN I R rh St 1 22 Fh 3, (L m] BEAFAE — 8 IO BUdE o 2 ) AL
il Bl (s B A ERAE O RRR R, YDA BB AR AT REAEAE RO L S B A A ) A
TRV RE 20 TN 25 R A — R B . AR FU AT DARE — D AR B TS VoM B B BOR DA i udie ot

=

2. AWFFCRHAT T ANk [0 VA R BEATLAR AL AT T =T 3 BRAS U B B AR SCRE i R R 3R AT 1 AR FE ik
X RERAT REXE LSS 2 ST S B A AN R, WA SRR F . S E AR A RS
SJREREF, TR RAE TAR R, DUIYIIH AR B i 14 3R A5 SR A ) PO AR i A B

3 AW I BT I AR AT, g b i AR R, AR AT RETCTE K S R BB ) T 37 50
&, BRI S o AW TTRT CLIRZORE S Bl 51 ABERY, DL ey P Fr) S AR 17

LR MR, N XGBoost # Tl TIT —F 53 1T KA AR TN R AT SEBRR FME - AE AR AT
FLAE, BATRAFEERI 23], B AT SR AS R AT Sad i .
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