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Abstract

Aiming at the problem of house price forecasting, a combined forecasting model based on the op-
timal weighting method was established to forecast the house price. The analysis of two major in-
dicators affecting housing prices and historical information was carried out. BP neural network
model and NAR neural network model were established to predict housing prices and the struc-
ture of the network was determined by experimental methods. The optimal weighting method is
used to establish a nonlinear programming model with the sum of squared errors of the combined
forecasting model as the objective function, and the weights corresponding to the two models are
determined. Based on the data of housing prices and its influencing factors in Haikou City from
2007 to 2017, the three models are simulated. The test results show that the prediction error of
the combined forecasting model is smaller than the single model and more stable than the single
model. And the combined forecasting model established in the paper gives the housing price fore-
cast for Haikou in the next five years.
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Table 1. Haikou City Housing Price and Its Impact Indicators Data from 2007 to 2017
= 1.2007~2017 38 O BN R ESNIEREE

Ay A (1271) A, (JIFTIK) - As (feot) A, (JT) As OL/) A (FIN) A; O))
2007 59.97 170.46 393.69 12,289 995 152.94 35152
2008 76.17 176.29 44318 14,150 1155 155.82 4533
2009 78.44 191.78 490 15,237 1319 158.27 5344
2010 103.79 209.76 595.1 16,720 2001 160.44 5989.2
2011 144.64 221.8 713.3 19,730 2255 162.39 6634.5
2012 175.66 266.95 818.8 22,331 2876 161.59 6821.2
2013 256.40 338.19 904.64 24,461 3062 163.23 7423
2014 300.47 337.66 1091.7 26,530 3195 165.31 7903
2015 456.39 373.4 1161.96 28,535 3478 164.8 7948
2016 551.29 43271 1257.67 30,775 3591 167.03 9043
2017 603.25 549.47 1390.4 33,320 3897 171.05 11,989.6
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Figure 1. Haikou City 2007~2017 house price line chart
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Table 2. Comparison of BP Network Prediction Performances with Different Number of

Hidden Layer Nodes
= 2. TREIRREUZ T S8 BP W4 TN 4 REEL R
Rl 2 715 A Yz A R
3 148847.86
4 105693.77
5 83467.59
6 117866.06
7 199695.86
8 537962.22
9 234702.03
10 196106.28
11 54422.03
12 258791.26
13 51802.95
14 154915.31
15 84857.88
.
500000
400000
300000
200000 » °
. .
100000 — u _
0 3 4 5 6 7 "1 12 13 14 15

8 9 10
BRI 2T 8

Figure 2. BP network prediction performance line graph with different hidden layer nodes
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Table 3. BP neural network training results

5% 3. BP M EZi)IIZER

A Pt BSLEOT) B HE (T/) RFE(%)
2007 3515.72 4485.19 27.575
2008 4533 4534.46 0.032
2009 5344 5342.58 -0.027
2010 5989.28 6081.50 1.540
2011 6634.56 6633.92 -0.010
2012 6821.26 6976.44 2275
2013 7423 7257.81 —2.225
2014 7903 7905.79 0.035
2015 7948 794238 -0.071
2016 9043 9047.81 0.053
2017 11,989.55 11,988.09 -0.012

M 3 HRTCAUEH, R ZE R KGN 2007 FE1 27.575% . FRFEAR TR ZII7E 3%, &
METTIE 0.01%. FTLAMTRINGE FRE, BP #1248 4% A 5 5o & B CTT 0 55 A 04T T, 455 A
H—EMZHEME.
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MR AR BTSSR, KA TR, R VAR R AT IO . R
ARSI ASE ) & T AR B 2500 2007 4E %2 2017 4, AL S HAREERD,  RIHGE S 18 K BB ZEAT T o

fFF GML, DRI T TN, B 5 75 B B af 5 AT — Ik BV E 43 2008 741 «

(0 = (8 (1,69 (2) -, (n) )
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okt OF A5 B FR S B FIZS i SR SR AR — U BN 2T GM(L, DRy 1AL
dx—(l)+ax(l) =b (6)
dk
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Table 4. NAR neural network prediction performance with different parameter settings

4. TEIZSHILE R NAR 42 WL TN 14 AE

» BRI SRR E RIS R AL 4.

RegtZ 1 i 4 JERTENECH 1:2 JERTEY N 1:3 JERTENECH 1:4 JERTEY N 1:5 JERTENECH 1:6
1 412,816.84 1,711,314.41 2,142,368.91 3,029,573.65 2,291,175.09
2 583,038.33 1,163,135.70 1,322,083.79 978,957.16 1,785,630.09
3 1,052,999.37 433,136.75 1,120,002.94 2,874,277.21 746,291.09
4 597,078.54 31,941.87 577,148.75 1,361,644.58 1,043,650.06
5 2,134,515.92 155,275.92 352,094.65 707,018.62 1,340,981.25
6 1,155,516.08 6,441,306.01 2,754,042.26 1,314,337.48 518,486.72
7 1,479,148.93 291,768.31 489,330.12 875,432.42 706,411.40
8 1,531,954.74 794,630.83 291,162.93 1,633,335.34 1,221,448.90
9 561,602.14 217,386.48 1,512,196.47 3,988,283.61 1,490,414.25
10 720,542.41 815,551.49 429,679.58 802,904.96 2,415277.47
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Figure 3. NAR network prediction performance line chart with different parameter settings
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Table 5. NAR neural network training results
%< 5. NAR MK ZRLE

G20 P SO B i BB (7T/) RZE(%)
2010 5989.28 5973.05 —0.271
2011 6634.56 6620.24 —0.216
2012 6821.26 6847.94 0.391
2013 7423.00 7432.37 0.126
2014 7903.00 7493.26 —5.185
2015 7948.00 7946.42 —0.020
2016 9043.00 9048.40 0.060
2017 11989.55 11979.58 —0.083
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Figure 4. NAR network training error
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Figure 5. Error autocorrelation map
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B PO 2 45 22 PRI 7 2 PR TR 45 SR A B, TN TR 45 SR RS FE R S i . i
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S HR(12].
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PEEAT O, FOEE RN dyy UL d, RoR ¢ 2R BUSAR, T ¢ B 20— PR 2 1) 3000 5% 2 A I () i
MREZE T
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€ :Zwien :Zvvi(diz _dl) (8)

TAE AR HA R TN R Z A B B/, R RSB REAT R R, AT ASE P A7 I 2 000 &5 SR 1 1%
ZE P IT AR R o L, AT SRR ZE T J5 AN H AR ek 8, L AR 2 IR A A .

min Z(Zw (d,-d, )]Z

st Y w =1Lw >0

(€))
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BN 1:3, ALBEXT 2010~2017 SR B AT T, AR SCAVAR B8 TR 2R E 2010~2017 SE (TN &5 R A7 1
B, AT ES T BP M ML N AUESET 0.7385, NAR HZ W28 % RAUAE A 0.2615. 18 FH 5 H )
BB X P AP (T F B2 A TR AL, I 5 B — R iR 22 AT X B2 6, 3¢ 7 FIE 6).

Table 6. Combined model results and error comparison

6. AEBRERINREXTLE

E4 ERASKECT) ASTMECT) SRIEIIRE%)  BP MATIIRE%)  NAR AR ZE %)

2010 5989.28 6053.14 —0.466 1.540 —-0.271
2011 6634.56 6630.34 —-0.054 —-0.010 —0.216
2012 6821.26 6942.83 —0.482 2.275 0.391
2013 7423.00 7303.45 0.629 —2.225 0.126
2014 7903.00 779791 —1.365 0.035 —5.185
2015 7948.00 7943.43 0.013 —0.071 —0.020
2016 9043.00 9047.97 0.002 0.053 0.060
2017 11989.55 11985.86 —-0.019 —-0.012 —0.083

Table 7. Average error of three prediction models

= 7. ZHIRBLEIRE

BRI R 2 (%) BP 25 TR 2 (%) NAR [ 25 Fl % 22 (%)
0.38 0.78 0.79
= BALIMBTERE o
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2
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1 .
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Figure 6. Comparison of prediction errors of three models
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SN, S ARG BTN R 2 R L R R o (RIS T SR A 1 A TR AR 7R A o o — AR AR 1)
TR &5 AT AL . ¥ BP %A NAR W% AE 2018~2022 4 55 M P 45 AR N AR, 75 A&
B TRIAE (WA 8):
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Table 8. Combined model prediction result

= 8. LHAEBITINER

gy B A GE)
2018 13234.79
2019 14195.40
2020 14789.28
2021 15899.43
2022 17329.10

7. &Eig

M 2010~2017 FERITINEE R AT LLE Y, FE T AU nBU 2H-& TR AL (P35 T iR 228 0.38%, /T
BP H#IZEMZ51] 0.78%F1 NAR #ZE M 1] 0.79%. MTIRMRZHTLE B o] LLE H, PRI AL 25 g 40
GG, WEBENRE. 4Bk, HETNEELEE R T b ik 3R 5200 R 206 Ak b i 210 ) 2,
DAL UL e 8 Al SEANAERA A FI0I,  IF HLREREAE — B AR AL B30 o — BB T R 22 (3l s RTINS E

SE MK
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