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<Abstract>
I. X E F719] AR Fag 9L st Yot

(Vargas-Silva, 2008). A7} 53-8 F2|A] 5
ol ARl A Be S 2 | FHRoke] ddt 8ol A S8
Bh= 2938k A4F F o, Elo] /1AW S37] 8l wEA s FerEEe
gk P 5 sttt Hdle &
99| A7|BkE AR 9AZe] 3 BAY WAE 7HIY] wiEel FEvHAE A
g wel Zelo] thak 497} F25T 9 Al FAANAE T a3 dlAeln F
on] FEA wR AL Havke e WS W Sl BAlshe FAHR &
< Al fEi s FerEAd tiek gt

N
)
rlo
N

o A QAR R FEAS Holx ek, e U=
VAL AxEore] AE AFe Frm B 4 & oS50l BAITHRAR, 2021). Feat 7
A O (Leamer, 2007), FEI7FE 242 7] A A5 ARE= F9 39 2 As7t Sl vk
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AR AZEE B0 P53, Uo7t F-6A
A3} QAR AL FA FAo B hg
Ao EjE vidshetE f43 4R A

2™ Wu and Brynjoflsson(2015)= Hltl|o]
£ 5% 434t Bo et As
P58t AR JAEAR ) ASAEAE
IA7171 f1ste] Hld ool tidk F8Ao]
ZZE) 2 9 O H(Chen et al., 2012), F-54F A
A ee oflth =oAE R4 S
5 Al el adk el w2000 d 145
F550] o= AT

o,
5
O

e
i
Y
o)
>
=

Ao AL FAS BAGe] Fastae
T SHAKClapp et al.,, 1995). 12} 2 8]
tlolEE &83F F-s4k 7H dSATolAM=
HEake] 24 A gL A il %
date] ol THE FaL AFHE v
sh= A7 5 o]F3 Uth(Kusan et al.,
2010; Wang et al., 2014; Park and Bae, 2015).

AGe T FEae] &3 ) B4

vefsiar I EAdo) F-gtke] 7A@ Ael v

O

1o

< 33t Heds A8stat gk

o]F #l3l & dAFeliE FEIFTFAA A
Foh= A= ofutEo] tigk AAE 83
ok F54ke] 7HA ElolE= AAE HlolEl =
ARRE 7L Qlom FAek #7114 T8
27t EAEO] o] HAe] HAHo] Fasi
ANAE HolEle FAE FE31] 98l HP
filter(Hodrick-Prescott filter)7|H-& 283}
TFA ol = A7 AH3 T Al
7 A9S gAs] fste vlelErtold 714
ZF SR AFAED 71%23 wHEA
SOM(Self-organizing map) 7S %83}
AR 744 WekE YRl E A9E S22
Btk AR 7 A9S EdE Y
= 58S AAskaL EA el tigk vl
o] 744 s tg dFEHS TS5
3] SVR(Support Vector Regression) 7|53}
A 71 F AAIE oy dZol st
LSTM(Long Short-Term Memory) 7|2 &
|3tk LSTM2 7] AIAIE HlolE o=
st AAIE HlolE 9] ool Ho] AHEE]
= 7o E F54 7HE dSelAs gk

AE Hol=x| d2AHE wwslual sk

£

u

=
o

]

=2

H

ok

A

o

it}

I. O|2H HiZ
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< BE, ﬂ%il, o] J&r Aloll At Olﬂiﬂ <
SHAE St ARRA, AAA, FAA «le
7F AREE e Aol k. A

(2010)= AHHE F-54F AA| oA %}*ﬁ o}~—
x].o:]x% E/Hgi = 9)\ 1,]. TE/\L_,,]_ o]

= og B Ao E}%s}u}sl stk F-E
ko] l“**_i gl A We] Feakee
o1& A& B ¥ opzt 714

& W9l velA ol wﬂoll:— %

aézﬂr e EOIHI ek oked] A4 AL

I Ed}le] Wskelr] wiEel

AF3)A, 73%1131, 47 AAE FHHOZ v}

olgt Pavt gick
HEA2 FEde] B4E 7 Faat b

AL ol Aee] Y-S Wol etk whehA

+

o $E A

Aol tigk B4jo] et} vl=r2] Appraisal
Institute= neighborhood(ZH)E S H ¢4
§l EXJo]go] o] FoA|= ek o 2 Aofaty]
THAppraisal Institute). Clapp et al.(1995)2 5+
712 o] Wzo] e W XS ofe} o]
A= G vXe FE7HE WEol gt
St 75 22 Pollakowski and
Ray(1997)&= e =7}1e] AY FEHAEC]
ME ZFE AT dEAds Bolal e ¥}
SFATE Tu(2000)> FEHAIZON A AlE3kE A

FABAE dEE

2004). webA F5qk 7S B8k ﬂ—]a]w
= %‘—%«*& z}iﬂoﬂ 3k %}@,1@3;: 2
g3t 714 & sk ]

Sikol &

ol sy,

F el ol Fetol tisk AR A4 glo]
AR OB E 5U3 o2 BiFsh= 7]
Ho|th(Rai and Singh, 2010). S 2H+&
WellAe= Hdl fAMS 7AW, o A 7
e HA HAME THES Johs T73%Th
e 2HPL i, 72, S, X, Yst
=4 T ohdRE EobollA FHLleHA &85
Atk

ANAE HolEddA o] FeHHS E3fa}

I AE dlolE Ao ZRE] JAT HES 7
et ou] Q= ARE FE317] 3l AR
=k AAIE vlolEell= vlolE zRAol 73,
o], WMz} o] Eg=o] i, AAIE 7 A
o] Fro] AtloZ o] Foj7 i} o)
HZAE rlshs ikl S8 2EHE gag
Zo2 UFE7)7F ofHtiLin et al, 2004).
Nassirtoussi et al.(2014)2 AlAIE dle]glo] o
g S 2-EPEE AA AAIE S22 2HE, 5H
NA2 8289, 81 A Se2=Ege
37 AFE BRI JA AAE S92
g2 FAM T Bste] /E AAIE 3]
S 2EHP R 3k AALGR] NE A
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o 7|& Se2EHE A Eshs AEs ondth
sk A2 Fe 2B E-2 shte] 11 AlAIEe
A ATRE S 2HYR] told 95
Bl F=E AAIEY AR AE2Y s
SezE Pk otk AR FH2EH" S
AZE ZRIEL] A7 2437 el gholl o
g Aol 23s 7Nk R st AJAIE Al
£33} FABITE Keogh and Lin(2005)2 9]
A2 SEZEHL T AAGD F3=7]
ol SE2H P9 o7} flitkal sigith A
A FY2EH2 AAIE dolEY A ERIE
o] SE2EE e Ao] FFo)7] uidl &
ATolME HA AAE SFel=EHE-S 483t
12} 3}y S 2EE 7O EE kemeans &
12]E SOMe] g AREE I 9loH, SOM
S A 7|Nke] SR B dEEeE F
ozl FAIE MEstehet] ol 4851 Jltk
(o133, BdsE, 2002).

2.3 25 71 oIF A7

54k HAS BAA RS 98s o= 8t
w FE7EE 2L A7) F719 AAAE F
23p7] u&ol(Leamer, 2007; Vargas-Silva,
2008), A&3 H-54k 7H4 A5 Fasith

A FAe] BAIA 716l ofste] o]FoFTh
o BAol= 3AEA T slEY B¥o| A
SEom AAE BAoME i o
2 AAY BHog g4 BRT 5 ok

Fosht AAY A3t o) Fsh e wjet Wy
b o] B54k vlolEl7t A ESlem Hol
ot At SAHAE S8l 7IAIEE ¢
TEEE 43 A7) Bl o]Foix|a k.
Kauko et al.(2002)-> HTAE A 7)) T8 A|
7ol A7dT-& Ag3te] dlolEMlo A HElS

WAgoEA Fu B9 A% 49 ther

(e

2|

Eg 7]
e B4 7t IAE A Y% kst
WES gelSkATh Liu et al.(2006)2 A 22

Hgsbel oigk st 7HASES FHE] ¢

=
=2 7ke] oS e vlasision <

T AeS HAFUTE Kusan et al.(2010)

<E 1> 2SN 1 o5 AP
T & =AM e ATAL
GEERS Bailey et al.(1963)

Benjamin et al.(2004)

Meese and Wallace(2003)
Bin(2004)

,
13
oft
e
1z

Patrick et al.(2000)

N
rE
v
'
o
M
1%

Das et al.(2009)
Forni et al.(2003)
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i)
Ajksted F& Amj7AS oS3k o
Azadeh et al.(2012)2 FH =
skal A5l ZAE flsl HA AF 3] 2 o
ARJNA| W& 7O 2 Sh= sto|HE|E darg
5 =itk

H

to 1%
el
=2
N
-~
il
£
N
fllo
1o
o
M
D)
i
AL
|
g

?'é} OM}E @7%311 7}73‘11—’?% %%6‘}04
ARIMAEY, 9 XHX1E
3 Tl 2R S T 04]—?.‘—*3‘52 )
W3IATE Gerek(2014)2 8] s 7148 >
5] 9 7Sl Agd Al
(ANFIS) HE5 ARkttt 18 = 9tEjA
Tdg AMSSHE ANFIST) 51 S8 2HY &

& AHSHE ANFISET 9573 452 B
om A 71eS AH8RE ANFIS7L 8171
Aol AeAor AREEJY. Wang et
al.(2014)- PSO(Particle Swarm Optimization)
2 SVM(Support Vector Machine)= 7|HFCE

ol
i)
Y

<E 2> I|ASEE HE

SOM¥#} LSTMS 883+ =97

el 354 7hA %

REA A4 ol B Akskgon Aok

PSO-SVM2 F-54F 714

A darelgel vlsf -

Cﬂlé—"ﬂ/ﬂ RS
qSAIE B

oFAT} Gu et al.(2011)& %;sjz} Sk
7 SVM 9] 6‘}°lﬁﬂl5 7Mo% G-SVME &

g3te] FEHAS %

3R o™ G-SVM] 4

431 A1 g oIk 28 93

ST <E 2>+
]6]—./;_0_ bl Q_J__

2.4 NAE dsS

o]
1
of gk dSA P74
S AFAARL
=0 o
= =
Ao
Zl

l':]_
= 4?40}%‘5}

t 714 52 S8 7

flet ®ald 718

A1 74" (Neural networks)2 Ho]E] 343
H 718 glo] BT AEE A=A

AEL B WA
w2 A7 EolE] o

9% YT SFE A Bolgor R
) BAIE B8] 918 Tk FEEe]

= AT} MLPE H538}e] RNN(Recurrent
Neural Networks), ESN(Echo State Networks),

GRNN(Generalized

B RSN I 5T

Regression Neural

A ElI=

HE7|H

oA}

2000~20103 F= 7
B2k Hd w74

SVM, BP neural network

Wang et al. (2014)

2005~2006'd 2] Fol]o}EH

SVM, MLP

Kontrimas and

EA e A Verikas(2011)
5] A&, CHAID
2010 EAop Exh §l?’1 gi—IAID c;xRT Anti d
oPIE 7} AEVEHaRE2914 austive . , ipov an
o}gE KNN, Boosted Trees, Pokryshevskaya(2012)
- Random Forest, MLP
. 2004~20073 F703 C4,5, RIPPER, Nai
A4 o= S anve Park and Bae(2015)

Al E

Bayesian, AdaBoost

HE Fsb A5

o= 1890~2012 A& & A&

VAR, Bayesian VAR, SVR

Plakandaras et al.(2015)
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Networks), LSTM(Long Short-Term Memory)
Fol Aol HToll= Held 7'Ml <=3
AZTHRNN) o] AAIE Hlolg] ¢lSe] Bo]
€53 AtLipton et al, 2015). LSTM
RNN9| 3 e = uPdel RNN9| AR

= 58S FelolthLee et al., 2015).
LSTM YELIE=  Hochreiter and
Schmidhuber(1997)°1 2J3f 271=$lom wid
2} RNN| 7] W2elE Bkt RNNO
Al AR 555 AlsHE vlEe] A AlolH
HAUSE 7idS et Zlolth Ao’ =AY
=20 Q8 "zt £ A0|EE ou|dhy ol&

w7} A RARE g

U 3lEet AT AR AATTE wEbA
LSTM =9 4159 8 HARE FASAY,
Ta3HA e ARE TSk TES /AT
W me] AL AVl tigk o EYEHE 74
& Z%1A] AAR &, LSTMS HHE A%
st UES T4 11 7IRE B¢ 278 A
A7 AYS B3t RNNS] TH& Bk

Hok <T¥ 1>2 LSTMY] 7|E 722

=
[m
1o

h, |

cw 5 \Ct _
9% N/
4 Aol -ldul=® L L] dul®
h[-l hl
"Nl
%
<Jg 1> LSTM #=
A dleolelet #d = sk ol

Al
251F g+ 7I3e] glojzith. 12lEE LSTM
FEle ZF 713kl tislA 2713k Favt 3l
th Aoz FHE7}F ARRE A, 1A H
71 WEe] NERZ 858 LSTM WESH A
= ZF AAIE 713 B oE 1" PR s
HAE g ot sk5E vES] EAT A
AG 71248 0 2 7EA &i}ﬂr olo]
gz W2 Aol 2JsiA 2HETHSmyl and
Kuber, 2016). LSTM2 <3 3>3} o] tjofgh
LofollA &85l glow 53] AAYE Fofell
A z¥gas ik O]?'Sﬂﬁhﬂr L AIEH2020)>

27} A7) el AE A, WE A, a8
9lo] = AL d&E= Aolth KIS A1-834 2] AAD dS5 23] LSTM=
LSTME 1 AAIE tlolele] <219} Ao Hgstaaom 7ol wis) 01] A7t 24
93l 8717 St Z1ds)oF 3 Fa Aol 9) A= BRI Ae FRlsit
<¥#¥ 3> LSTM &2 &of
= Fou7
8ok Kim and Won(2019), Baek and Kim(2018)
7ol A Lee et al.(2015), Sangeetha and Prabha(2020), Wang et al.(2020)
AAE Sagheer and Kotb(2019), Karevan and Suykens(2020), Zhao et al.(2017), ©1&4,
oS Fof 2A2H2020)

- 152 -



I, g3 ==

B Ao ZyYPYae <ay 2>} 2ok
A FEuFFAA AFde FHEolH
APIE B3l A9 ¥ et 7PARRE &
Hsta AAIE HlolEol ek AA & T
th. FE4F HojEl = AIAIE HolEE FAI9k
F717 774 847F EAF Qo] LFE e H
o|E1E 93l HP ZE{(Hodrick-Prescott filter)
< A3tk oo Fsike] AL vk
a17] fl8l A H7Ieke] &S Fgith A
H7Igke] FHEMS 7 AYEE SOME A
&t FARE A RS A AR
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2 Zn
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7Y AAHE 288t S ENERY
F3lolH APIE Fall 2006 1€5H 2019
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20063 195E AAYP} ATHA b= A
A= ASJskaL 192719 A Hell thal Z- 168
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2y AS5e A% A58 HolHE 412 EF
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ol2]3t FAIE o= Hx FE3)y] Yal HP L
EE #8313t HP FE|E Whittaker(1922)
7} =913k Hodrick and Prescott(1997)°l 2]
3l 54 FEE AAstlA de] 28H= b
o]e] FE|F 7]"Ho|th(Peter and Sainan, 2015).
Hodrick and Prescott(1997)°14 A<kl w}o}
2ol NAEE A¥E vUehlle A 4234
HAES Jehle 88702 7449 3o
2 Stk

ANAEE y= g, + ¢, o o] A7 Bto] 0
2 5E ¢ o FARE g, 2 FEeke
o og,—g 2 BYY BEEY Al
[(g: = g:- 1)+ (g1 — g, 2)I & ABRE Al
sl 2(1)3 2ol #e Haseles AAdS

B3,

o] Alo

T T
mingtEC? +)\E [(gt 7!7,:71) + (9,:71 79172)}2
t=1 t=1

2(1)

B Ao BB AAY vlolEE o)
2 A 9 48 P Bk 1A
o HHe AH Azel
PPN Sk HP BEIE 2 §5hA <1

Aol JReE

It

¥ 3>3 2ol foJ§le] o] AAH e

FALE F U W3] @ 5 Atk

=}

——raw data
——data with applied HP fier

Rl B e R B B B R B B B B BB B B B

e e e R

1927}6] 2|95 744 Mgl AR 2|9
o2 EFHe] fs) soMe #H8s3lon
MATLABS &-83l5ith. 48 A7) 744 A
TE 7PN E SOME a7 A3, A
7HA WEAol AR 8700 TR B
Atk Zh TRl tiEk 712 BAFE <& 4>}
ol ZH3OR EFE Ade] /M wekon
THTE ZE Aol 7 Atk w7k A
) 7HA Ao Hito] /b wE TR T4
= Uepstow 7H4 A4 ol 7P w7

<E 4> ZHY J|= SAYH

=% S AR 1A XE Ha EZHA}
1 33 148.06 9.19
2 25 148.92 8.28
3 36 122.64 5.90
4 14 193.63 15.80
5 32 152.90 8.22
6 23 94.62 9.59
7 11 165.53 10.30
8 18 136.10 8.18
A 192 145.30 9.43
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3l SVR# LSTMS 28383l o d3A34E
H]W39TE SVRE RS ARESI1 9™ Liner
A& A3t FEHER] CoF o= 18]
T BA7THS 2838t HA Y ghs AAEA
o). LSTML python] keras 37125 &85}
Rom ReLudrE A3t 54k 714
< 723 g2A MsAol e Agel7] w
ol A3t 7HAo] ohet U3t 7S E49
oo s itk S84 Wl AR 7HA

Uel= 84 7FF0 2 171E & 271
A Fo) hAe 27 dzasic A oS
8% = RMSE(Root Mean Squared Error)=

filo

ﬂd'

!

eI o™ <3 5>¢} 2t} 17]€ = SVR
o] RMSE7} 1.77%°]" LSTMS] RMSEZ}
1.42%% LSTM©] SVRET} =31 Ao 2 1}
it 271€E %9 gFHFIAE SVR
(1.64%)Et} LSTM(1.18%)2] dl=Ad37) ¢
T3 AR Yepgton 3719 $of oS4
o = SVR(1.64%)XTF LSTM(1.38%)lA]
T ASAEHE BRAFUTE AAIE HlolE
£ A83 dSRF A Held 7'Ml LSTM
o] SVREL} 953 ER1E = QI3dth SVR
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4 29 371 9 St S Hle R
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<Abstract>

Real Estate Price Forecasting by Exploiting the Regional
Analysis Based on SOM and LSTM

Shin, Eun Kyung - Kim, Eun Mi * Hong, Tae Ho

Purpose

The study aims to predict real estate prices by utilizing regional characteristics. Since real estate
has the characteristic of immobility, the characteristics of a region have a great influence on the
price of real estate. In addition, real estate prices are closely related to economic development and
are a major concern for policy makers and investors. Accurate house price forecasting is necessary
to prepare for the impact of house price fluctuations. To improve the performance of our predictive

models, we applied LSTM, a widely used deep learning technique for predicting time series data.

Design/methodology/approach

This study used time series data on real estate prices provided by the Ministry of Land,
Infrastructure and Transport. For time series data preprocessing, HP filters were applied to
decompose trends and SOM was used to cluster regions with similar price directions. To build
a real estate price prediction model, SVR and LSTM were applied, and the prices of regions

classified into similar clusters by SOM were used as input variables.

Findings

The clustering results showed that the region of the same cluster was geographically close, and
it was possible to confirm the characteristics of being classified as the same cluster even if there
was a price level and a similar industry group. As a result of predicting real estate prices in 1,
2, and 3 months, LSTM showed better predictive performance than SVR, and LSTM showed better
predictive performance in long-term forecasting 3 months later than in 1-month short-term

forecasting.
Keyword: Deep Learning, LSTM, Time Series Data, HP Filter, Regional Analysis
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