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3AH
EEMHE
WHA 80 320 4.0
WHB 70 420 6.0
mEC 135 1350 10.0

iR D 200 800 4.0

80 328 4.1 2.5
70 434 6.2 3.3
135 1 350 10.0 0.0
200 860 4.3 7.5
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BKX . BReEFEROLXSRBFVNGEE
HIRE A M T B R B I G ER TR
BE, T—REREE IR T X Y FR MK,
BFEIEEBAIREERER -3 LBRTFT
fis far s foBNRLEREBT—IE, 5
RERBIFH R, HXPNERK. K KER
ZE - BB SRR EMNEARRLWRIER
U,

230 il BP-Adaboost Tl #% 1E 4 55 3t 7
MBEEHBTRER Z —, BP-Adaboost Tl illl 2%
UL BP M MEERBER MG TR, &
Adaboost 8 %75 8| 8y i1 £~ BP # & P 4% 40 5L Y
— MR T 2E

= XHRAEMRAEE

% ¥ [q & #l (Support Vector Machine,
SVM)OU ) Bye G it2 S B iy VC Mg g
W R B/ R B Rl bR R ER M — LA 2F
SFHE . XFFEE B AR S R L E 3 (e
LY R, Vapnik 78 ¢ AR K R ERE L
BUT e XFMEEFN (e - SVR) , BEBI—
A~ IR B R Ak [ B

!
min %nwuw%i};eﬁe:}

sct[(wex)+0)—y <et8& »i= 1,2, (1)
yi—[(wez)+b]l<et+8& ,i=1,2,,1
g >=0,i=1,2,,1
XFFIEL MR IE R, 5] ATBR o AR
SEIE YL |, 5 A Lagrange R, 3§ M K
F R0 i) S Ak R TF T A9 B T L
min %Z}(a: —a) (o — ) K Cuiru) +

a(")ERZI
1 l
82((1; +a;)—2vi(a,~* _ai)
i=1 i=1

l
st (e —a) =0
i=1

(2)

0L al” L Coi=1,2,,1



g2/

HERE ETHSRBENFAFNEBLATURBERLERE 17

B3 £S5 TR B AL N
f(zx) 2(«; —a)KCu;yu) +b (3)

ﬁ*,K(ue,;i)ﬁ&Eﬁ;c HENBE ;" =
(a1 sar s**sarral )T i Langrangec e F &, a
fMa’ AEMBPHTE.

A3 R X R B E A PLE K B = T 0 R
BPTUNERNZ - EAZEHRAS TIERE
M8, FRERN TN ERRAL.

P SCAERF R
(=) BEABEHRESLE

A3 LA 4 b 3 T B0 5 4 P T 55 M R B Xt
2 RIEFHLENEEETNERMOKS, &
XWET 2010 1 AHAHKRE2017F 6 AXT
BT B4 26 A BE SR AR B4R 90 K (I E 3 i),
BEES , BERERR ML Tl i
Bk — A BER, B FRME N RH KB A
FAEANTHMKMEBIR—A 506,
W T 2 E0 LA RS L3R BB R
B RESERABERRYBHAERE . £X
B 258 A B B9 B 4 T 5 200 2 0 T OB
HR.

B3 A XM T G IR RN R

H#
'

201071 2010/2  2010/3 -+ 2017/4 2017/5  2017/6
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A3 & Bh Python 9 ) Scikit-Learn #E 5 &
ST BT R & B 04 e 3T AR
A, Scikit-Learn #IRFH T SVR #1 NuSVR %
M| H 75K, X F &4 SVR, NuSVR 3§ 7 —
MY REWZFABRNE W, EFANS
SVRHy S8 e EHh. IRBEAUTWIER,
AXHBETHAMEIES KWL, EEEERE
ENE G REN BB,

REPEXFHEIREO, Z R LR
HEFWXFHFHBHREROERE. 23X F
FAHY Linear ¥ e 88 .42 5] 2% R Sigmoid #%
BREUH Poly B REMB T X A Hr . A4 Pk
HES AFTE 28 S8 #THL. BRETER
S HUNE 4 FiR.

R4P, FEMANSEAVER. BREK
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SVR NuSVR
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Rbf Linear Sigmoid Poly Rbf Linear Sigmoid Poly
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B1 Z¥AREANSHRKLKRE

AFARE RS R SR MBS L #
MU R BRBET 1 EREEMNEBEEN
PERERT, HEERXN
D Yyma — Yaga)?
D7 Yaga — Yaga )

2 #5117 NuSVR-Rbi # i) & MR 1 45
R BRALLERAIBBSHIGEOBESRE R
Z,KABERAMUREOUSHRERRK T,
REF2HBER. S CHBRRMELE 3.0 Mik.
BI3IB/UTAREBERBAFAT 8 MMM ENR
% . Hd, B 3(@QFREEX N ALNOLEHE,
I EFAERFINGENBERE, K HHHE,
KAFE. LTRE R B, NuSVR-Rbf SR 8
BB, TE N X m BB H R AL BB R,

Validation Cureve with NuSVR
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AL S KA 90 MANBER A
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HBPHZNMESATTREMMOTIRERE. b
34 by 3 4 Y B (8] P 34 R Il G5 4R BT AR AR U X R
S B2 1 B 1] B A T 800 6K B A SC LA 448 4B R AT 80
AN RIS, T 10 B % LS
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RS5 IHABAARBXBLER
Dataset1 Dataset2 Dataset3 Dataset4 Dataset5 Dataset6
y_pred y_ture y_pred y_ture y_pred y_ture y_pred y_ture y_pred y_ture y_pred y_ture
104.276 105.4 109.825 110.1 104.920 103.7 101.216 102.1 100.884 99.8 101.943 101
104. 114 104. 4 95. 081 95.2 105.829 105.3 117.525 116.8 109.758 110.1 101.814 101
101.049 99.6 106.569 105.3 102.420 101.3 102,582 102.1 98.485 97.8 96. 114 95.5
106. 601 107.8 102.608 103.1 96.578 96.7 110.458 111.6 112,763 111.8 108. 713 110.3
117. 680 116.8 102.304 103.4 110.234 108.4 109.169 109.9 101.416 101.7 104. 364 105. 4
96.870 97.5 107.554 107.5 104.075 104.6 107.769 106.7 110.333 109.6 100. 017 100
95.256 95.2 105.990 106.3 106.295 106.8 100.580 101.2 102.676 103.1 109. 644 109.9
109.507 109.9 107.314 107.8 95. 411 95.2 109.793 109.8 98.083 99.6 117. 394 119
107.854 108.2 118.083 119 104.309 105.4 107.720 107.8 101.801 101.1 108.175 108. 2
99.711 100.6 117.304 118 108. 880 109.1 100.570 101.5 117.685 116.8 96. 637 97.1
% 6 BP-Adaboost BRI R R
Dataset1 Dataset2 Dataset3 Dataset4 Dataset5 Dataset6
y_pred y_ture y_pred y_ture y_pred y_ture y_pred y_ture y_pred y_ture y_pred y_ture
104.380 105.4 110.305 110.1 104.982 103.7 101.345 102.1 99.784 99.8 101. 841 101
103.913 104. 4 95.694 95.2 105.580 105.3 116.789 116.8 110.262 110.1 100.787 101
100.578 99.6 106.592 105.3 102.687 101.3 102.586 102.1 98.875 97.8 95. 293 95.5
107. 115 107.8 102.496 103.1 96.514 96.7 110.018 111.6 111.436 111.8 110. 718 110.3
117.381 116.8 102.748 103.4 108.256 108.4 109.389 109.9 102,136 101.7 104, 847 105. 4
97.180 97.5 106.767 107.5 103.594 104.6 106.612 106.7 110.365 109.6 99. 581 100
95.840 95.2 106.604 106.3  106.156 106.8 99.984 101.2 102.687 103.1 110.700  109.9
109.362 109.9 107.292 107.8 95.588 95.2 110.768 109.8 98.885 99.6 117. 391 119
107.180 108.2 120.026 119 104.161 105.4 107.471 107.8 100.786 101.1 107. 743 108. 2
100. 186 100.6  117.298 118 108.754 109.1 101.719 101.5 117.587 116.8 96. 784 97.1
F7 BPHESMBERAUIBEE
Dataset1 Dataset2 Dataset3 Dataset4 Dataset5 Dataset6
y_pred y_ture y_pred y_ture y_pred y_ture y_pred y_ture y_pred y_ture y_pred y_ture
106.116 105. 4 109.22 110.1 105.219 103.7 102.136 102.1 97.687 99.8 100. 781 101
99.378 104.4 97.537 95.2 106.846 105.3 112.407 116.8 109.096 110.1 100.924 101
98.425 99.6 102,005 105.3 99.806 101.3 103.799 102.1 99.397 97.8 97.828 95.5
104,113 107.8 99.366 103.1 95. 944 96.7 105.915 111.6 107.758 111.8 96. 537 110.3
112,436 116.8 102.993 103.4 104, 43 108.4 107.383 109.9 100.766 101.7 100. 438  105.4
99.646 97.5 109.937 107.5 101.816 104.6 106.524 106.7 116.616 109.6 96.423 100
97.978 95.2 107.198 106.3 102.769 106.8 102.393 101.2 100.62 103. 1 109. 246 109.9
111.506 109.9 106.944 107.8 96.773 95.2 114,072 109.8 98.138 99.6 123. 679 119
105.845 108.2 118.482 119 93.564 105.4 109.934 107.8 102.781 101.1 106. 586 108. 2
101.72 100. 6 114.135 118 112.068 109.1 102. 424 101.5 113,078 116.8 96.515 97.1
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RS ZEMEARITEMHRBHLTRER
H 31
-

2017/09 2017/10 2017/11 2016/12 2017/01 2017/02 2017/03 2017/04 2017/05 2017/06
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Abstract: The price change of real estate has a significant impact on social and economic develop-
ment, It is particularly important to accurately predict the price change of real estate market and to ef-
fectively control it. However, the use of house price as a measurement index to evaluate the real es-
tate market has certain limitations. Residential sales price index is a relative index issued by the State
Statistical Bureau, which comprehensively reflects the general trend and range of changes in housing
commodity prices. In order to explore the forecasting methods and effectiveness of the new commercial
housing sales price index, it utilizes related real estate supply and demand relationship, social macro-
economic indicators, national monetary policy and people’s expectations of housing prices. According
to the data, a set of real estate price index system is constructed. Two machine learning algorithms,
BP-Adaboost and Support Vector Regression Machine (SVR), are used to construct the real estate e-
valuation model, and a parameter adjustment algorithm is designed to optimize the parameters of the
SVR model. The monthly real estate data of a city in North China are used to train and forecast the
two models, and The ARIMA model and the classical BP neural network model are compared with the
model proposed in this paper. The experimental results show that the prediction error of BP-Adaboost
model is the smallest, and it is feasible to use BP-Adaboost model to predict the real estate price in-
dex.

Key words: real estate forecasting; BP-adaboost algorithm; support vector regression; residential

sales price index



