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Using Mechanical Learning

Analysis of Determinants of Housing Sales and
Establishment of Forecasting Model
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Abstract

This study used the OLS model to estimate the determinants affecting the tenure of a home
and then compared the predictive power of each model with SVM, Decision Tree, Random Forest,
Gradient Boosting, XGBooest and LightGBM. There is a difference from the preceding study in that
the Stacking model, one of the ensemble models, can be used as a base model to establish a
more predictable model to identify the volume of housing transactions in the housing market. OLS
analysis showed that sales profits, housing prices, the number of household members, and the
type of residential housing (detached housing, apartments) affected the period of housing
ownership, and compared the predictability of the machine learning model with RMSE, the results
showed that the machine learning model had higher predictability. Afterwards, the predictive
power was compared by applying each machine learning after rebuilding the data with the
influencing variables, and the analysis showed the best predictive power of Random Forest. In
addition, the most predictable Random Forest, Decision Tree, Gradient Boosting, and XGBooost
models were applied as individual models, and the Stacking model was constructed using Linear,
Ridge, and Lasso models as meta models. As a result of the analysis, the RMSE value in the Ridge
model was the lowest at 0.5181, thus building the highest predictive model.

Keywords: Stacking, Machine Learning, Random Forest, XGBoost, LightGBM
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bayes), A|ZZE WE HAl(support vector machine,
SVM), QAFEAELE (decision tree), HE ZHAE
(random forest)50] QAL
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T W & ARIH] BRES Yot ‘people o=

2o el SE
Hire A& ZAAERTE o Hel Q4 AT 7] 4 @ S5 UEITE 11 QJolle ‘housing
& 712 0= SitY Table 12 7 HSAEE Kol holding’ ¥5~= 75 ch= FFEI0] ORd FFENO] HE
ZLt. FRE LIEH FEs HR S 42 1, HR/K &
2 o0] HEE SYHst FEUSATSY 229 008 Anlslol ulss 859, ke
OF FETHY FHELS Uthlle SEHdHs e A 72 ‘loan’ M= FEIAE thE %Er'% LIERH™
7= FERO] FEIVFAS 526K ‘housing price’ @t FEIXlE HES ot 4% 1, FHAE tES oA &
o] ALHEYS LIERJE ‘housing area’, ‘margin' © S Ao o oF FE50] HuHeE AN o}OﬂE}, =i
2 AE6I). e/ AT B =2 ‘margin’ HEe 3 g H420] housing_type = AF5HE FEE
= WHE0191S LIERAT [mH2teh ZREq0] mi =7+ /ol B S LIERACE =507 315 AW Table 13k 2Tk
2}t ZEl0) 2% THI/HA] S LIERACE 1S B
St 7119 EME LEME HFEE ‘dept, ‘loan, 3.1.3. 2 gt
‘housing holding’, ‘people’, ‘housing_type’ OF A H 7= 7O FHHQUIIE ol&5H] )8
BB ‘dept’ W= ARICIH] BAISS EAIH 7L Apdi vl 28 E oS0 7ig ke
Table 1. Variable Explanation
Variable . Explanation
(dummy/unit)
dizgzgint period (year) Housing Retention Period
housing price housing price
housing area (m?) housing area
margin the selling price of a house/
(ratio) the purchase price of a house
debt total household debt/
(ratio) total household assets
loan 0 : do not provide housing loans
(dummy) 1 : provide housing loans
Independent housing holding 0 : do not own a house
variable (dummy) 1: own a house
people number of family members
housing_type_1 detached housing
housing_type_2 apartment
housing_type_3 yeollip jutack
housing_type_4 housing type efficiency apartment
housing_type_5 (dummy) a multi purpose house
housing_type_6 a single room
housing_type_7 etc
Total 1,253
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AZE HEHAI(Supprt Vector Machine, SVM)2
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Cheat 22 AdeigEstE mSeith

hz) =wlz+b=wz, ++wm,+b 6)

F1AOIM w= d-AHC) ZFESA] MEO1L, bi= H
SH(bias)OICt ZEH &9 HE2 h(x) =00] HCL
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3.2.7. JB|CIQIE EAE
JIRCAE BAEE o je] 2d ERE R
2ot HElS THes & TS JAE WHOICE GBM
%‘*}6}7 I (Gradlent Descent)®'&
= Fl4sh e 5 AES 7SRO
E‘”O]E w= E%BHZ} 2 AolA AFEE Friedman
(2001)9] Gradient Boosting Machine &112|5& T}

St 4t

olgs) s

S5 2A18k=(Loss function) O], A] 291 ZH0] KA}
TS MH HHES10] AASITT

3.2.8. XGBoost
XGBoost= Ol1F FE= 25701 oA duksoz
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oIF A1kE TESITh= RlollM v, R8T Z&
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3.2.9. LightGBM

Light GBME XGBoost@1lZ|&51} HRRPIXZ2
Decision TreeZ11215E 7[HHOE oF BAY QS
718 = shJolth Light GBMS XGBoostH L} k5
AIRYO] T Fal, HiEe] AFgRE ATHA o= A}
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ZFEIHQY|7H0] Z2H
Ao AFRE 71 =
200915 2018H0ICE O=
~1IRARIQ] AL AIRE A S3I) HA]
Ol FEHRQYIZHS AN 1,253710] Bt 3

S71710] 10.045E O 2 LFERATE 4 0.25H9] Ev

=1 2537HL o, FE77H
AEagdolE 9]

X,/\

0 HI

SHIEE N S QI HOSt g gel Egg g 7RIRE HH 6071 ThIHA LERIT, et
RlstIn Ealo] 21015 245} & 4 Utk 42 B‘H‘%X*W“ O ORIz 7102 FARE A
Zelo] Fel7}A O R HOR, FEAS B 30
3.2.10. Stacking 821THAOIH, 4> 3FTH A oflAf |t 359 7FK] Z=AL
Stacking2 7I'EAQ] o] 1T |ESE A ZE A5 HQC) FEHAS Hyt 88m2OE LIEIITE o=
Table 2. Basic statistics of continuous variable
Period Hou;mg Housing Margin Dept People
price area
Average 10.045 30,821 88.444 1974 0.525 3.316
Std 8.289 21,860 29.579 2.212 0.997 1.202
Min 0.25 3,000 0.066 0 1
Max 60 350,000 214.5 23 14.29 8

Journal of Cadastre & Land InformatiX Vol.50 No.1 (2020) 189



Table 3. Basic statistics of categorical variable

Housing_ Housing_ Housing_ Housing_ Housing_ Housing_ Housing_
type 1 type_2 type 3 type 4 type 5 type_6 type 7
Frequency 195 871 136 13 31 1 6
Ratio 15.56% 69.51% 10.85% 1.04% 247% 0.08% 0.48%
Table 4. Correlation analysis
Period Housing price Housing area Margin Dept People
Period 1
Housing price -0.018 * 1
Housing area -0.065 * 0.291 * 1
Margin 0.271 * -0.012 * -0.016 1
Dept -0.145 * -0.086 * -0.028 * -0.033 * 1*
People -0.243 * 0.021 * 0.249 -0.085 * 0.049 * 1
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LIERACE,
DHW‘&@ UH?WPE'—S—E Fel AP 9] oA 0]
. THRIZ7FA ThH] tiz}7}
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LIERATE. 24 191 7HHRH |t 80| 7 =5
HOJFN Utk HE Hae0] 7IEEATS AR
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4.3. OLS

Table 5= OLSEA] A1lo|T}, A Al

GBS

4 & housing price(ZFEI7FE), margin(FiE=0]9)),
people(7HHE )71 FOIHISH A O Z LIEFSITE FE
5

71A0] B B9l 19] YOR K, FeziAo|

9] 5ol FEHF7RES 1638 HAsIT

Marging [I2}et =500 THi: 7FA/mi2oh S=El
o = mi7H ]S Vel = ], iz 0]9]o] 0.1 &F
Selol w2t 8 HRyRE 13637 S7fsh= 2
OF LEIITE E8t 71+ 47} ot 8 S7ke uf it
T} FEER7I7HS 1.3699E A4Sl LIERITE
HES He 5 UEFE (housing_type_1), ORIIE
(housing_type_2) H7F SARCE ROt o=
LIEFSATE

AZTE eV} T o)
0] 1358 & LIERACY, H=5F AZSEY
Q1 AR(housing_type_2) coefgt -2.074= 7
RIOIE E25ML 5, AFFE0] Ot EY A S
BRI T=ESE miHTE 20744
11.5116E10] EITh

BAo]l AFSE & ISR = 1,25371 0] R-squared
FH2 0.602, RVSEE= 7.34402 LIEFITE,

B FEHRE
S} ofuke
HH
Hi

aa

0]

-y

|

13

e

Table 5. OLS
Variable Coef Std P>|t|
Intercept 13.5856 1.043 0.000 ***
housing price -1.538 1120 0.017 ***
housing area 0.0034 0.008 0.661 ***
margin 13637 0.096 0.000 ***
dept 0.1642 0.218 0.452
people -1.3699 0.183 0.000 ***
housing_type_2 -2.0740 0.601 0.001 ***
housing_type_3 -1.1866 0.844 0.160
housing_type_4 -3.5195 2141 0.100
housing_type_5 0.3873 1467 0.792
housing_type_6 -12.5558 7443 0.092
housing_type_7 -0.6362 3.081 0.836
No. Observations 1,253
R - squared 0.602
RMSE 7.344
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Table 6. Comparison of OLS and Merchine learning model

Model Parameter Accuracy RMSE
LightGBM 'learning_rate’ : 0.25 'n_estimators' : 8 -43.6160 6.6042
Random Forest ‘max_depth’ : 4 'n_estimators’ : 20 -43.9727 6.6311
XGBoost ‘learning_rate’ : 0.05 'n_estimators’ : 100 -44.1632 6.6455
Gradient Boosting ‘learning_rate’ : 0.05 'n_estimators' : 50 -44.2054 6.6487
Decision Tree ‘max_depth’ : 3 -47.3174 6.8787
SVM 'C":20, 'gamma’ : 1 -67.3156 7.1046
OLs - - 7.344
44.OLS B¥q} z HAlz{d BEOo| RMSE HE A% ot 2 2 il dREdo o] 58S Af H

43”01]/\1 OLSEAlS Sofl FeiHF7ITo] gt
S NIX= QOIS ujelSh = RMSER) 7.3445 =506

OﬂE} 2 ZolMe 2t miled By9] RMSEgE &

Sot0] Ag 2 mildd HY oS8 S vl
SlalAb Sith 2 At AEE milgld BEe
LightGBM, Random Forest, XGBoost, Gradient
Boosting, Decision Tree, SVMO|H, Q% EgH4
+ housing price, housing area, margin, dept,
people, housing_type Ot} ZF HAIMY HEH
GridSearchCVASE Sdfl 25 TRRMEIE &
ALt ZF e E 24] &3l LightGBMO) O*QE:
-4361600]11, RMSEZE2 6604202 olIE=0] 7}
& =2 A0 LT SVMO] A= -67.3156
0121, RMSEZE 7.10462% o] &20] 7he W 7
OF LIEHITH

OLSQ} 2t Al ollE8 & Hlwet 23 B T
Al B0 RMSEZO] OLSS] RMSERLHH B
LIER MAl2d 289 oiE2o] OLSE ol HIH
AR OZE [ =2 02 LJERITE

O|F &2 ¢4t= OLSEAS Safl LERt FEH R
7IR1ofl A8k MIX|= H4=91 housing price, margin,
people, housing_type_1, housing_type_2 2T H0]

192 X3t FE™E, H502 H1s. 2020

451 MEEHE HA 24 At
B FoE AEEHESH(Support Vector
Regressor, SVR) & AMEoHES 510] FEH K770
OIEHEE TEotalAt STl SVRY| OIEEE =0
71 Q15 AL 71 (kernel trick) & -GS AGA]
ZEHHMAIS A TIO[EoIA Bttt TEHOE
HOJHR] &= U Bfot ds Tt
gt Aot} AgglsE thi?V'E Hgsigion, 1o
T 21210 sloly mlehue#E 2ttt
GridSearchE Safl 59| ul2H|EIE AIESHT
Az rbf AdS A &alAU oM, £ lolwut
2HE] C 9} ‘gamme™ S TSIIAL SIRICE GridSearch
=slolmulziilE ‘C'et ‘gamma’ S HIIAIZHA] I
A5 ]BH AEE AZ(validation)E|OIE1Q] &4
RMSEE AFESITY
hf AE B4 A1} ‘C=05, ‘gamma’=0.19] BS%
RMSEGYO] & 428k 0671391 ZIO= LIEFIT. Table
82 SVRO| ‘thf AL S & &8t GridSearchZTO]C].
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Table 7. SVR : rbf kernel

Table 8. Decision tree

RANK PARAMS RMSE RANK PARAMS RMSE
1 ‘C': 0.5, 'gamma’: 0.1 0.6173 1 ‘max_depth' : 3 0.5492
2 '‘C': 0.1, 'gamma' : 0.01 0.6213 2 'max_depth' : 4 0.5501
3 ‘C':0.1, 'gamma' : 0.001 0.6234 3 'max_depth' : 5 0.55%
4 ‘C':5, 'gamma’: 0.1 0.6256 4 ‘max_depth' : 6 0.5647
5 '‘C': 0.5, 'gamma': 0.01 0.6287 5 ‘max_depth' : 7 0.5711

452 oIMNAFLIRE &4 21t

B 071 GridSearchBAS E8f| QAIEARUE &
1259 ofoly ueEQl ‘max_depth'E HSIA]
7HA] 10-fold WARASO] OI5H AE HlolEQ] 4
RMSEE ZESH} Table 9= QAFEELIRY] Grid
Searchi=4] ZgFdtolct,

OAEEUR AAP]E2 max_depthE SoliAl
zIth ZI01E AT&sH & 4= ATE max_depthgto] =0t
A= ECPVtH BF6E S LIERACE Of= 22 Jith
HEog Adwo] B9 o|E=0] Hojzitt B4
A7} ‘max_depth 7} &7 Zojrlo] wle} RMSEZES
H E7fohe HES Hol1l QLOH, max_depth': 3
01 A RMSEZHO] 05492 OF 0520] 71E &4
LIERITE Table 8= SAFEELIR IBHQ] GridSearchE
&gt ditolrt,

2 oi5of A EE JAREFLRO] FF otoly 1}
HIEQ] ‘max_depth’ : 3& A &30 Z|4~ RMSER:
2 LE0H 4t 2t =gisE S ik 0]9] 40}
7t ¢ = ST SRRl ZhE 2 AEkS )
e ZOF UERITH

Figure 12 4 sloly ulehnlH gte QAFEEL
F dlof] Bgsite ulf ZF M0 SlYAls ghe 1
P2 AJZtS} S Z1s LIERACE
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Figure 1. Decision tree

e Hekok= Hl 71Z6it) Ol A= THE defo s
AR ofe] Erlo] 41HE o= o582
=041, A ele S01ES 5ot B A=
HEHAE BAS 918 GridSearchE &g3510]
Z9] Slo|HIIEE F6lalAt ofICt Tz A
E9| stolwutetn|Eli= WAghe 7iAdsk] flal LI
9] Z101E AEA= ‘max_depth’ @t AHEZ9] 4=
£ A5k n_estimators ©F AJESIQICE HEEH|
AE BA A1} ‘max_depth’7} 30131, ‘n_estimators’
7} 209 mf RMSE&{O] 0541992 ofl5=0] 71 =
A LFERATES

2 o170 HgE g EHAE HHO| FF 51o]
1 IREHEQ] ‘max_depth’ : 3, ‘n_estimators’ : 20
& M &alo] |4 RMSEgte =&0 2k, 2 =7H
= S margin(Miz 0]9)) W47 FEHEFY|TH0)
7t & deks NRle A9= eI
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Figure 3. Gradient boosting
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4.5.4. Gradient Boosting 241 Z1}

Gradient Boosting F@19] = Qo 5101 ultn|E]
+ learning rate(855%), n_estimatorsO|C}. ‘learning
rate'2 OJFEZ|9] @FF0] 7|8ksio] Anpt ZakA
HEg ZQIXIE Aoleh= HIE, & JIetdE B
g o] skag Tlae uj UH:} HEdhe g5EY
S on|sic} E5t n_estimators®” S weak learner®)

42 LIEPACE Table 102 GridSearchE £5t 510]
H nf2talE] 24 1k LERICE? §5580] 0.1
Z 18EAE E2 n_estimators?} HAAasEE
RMSE7} £0150] 0]5=0] =0 = H5e HolE
L+ 8L} 0] AL n_estimatorsS A< 74
Chl B4 450 EORITH= 212 Ot 24

A
o, 7V W2 RMSEgre HOIFE S8 013

H

oy Y

194 TXE3t FEXE, ®502 M1z, 2020

Table 9. Random Forest

RANK PARAMS RMSE
1 ' max._depth': 3 0541
n_estimators' : 20
'max_depth' : 5,
? 'n_estimators' : 20 0.5511
3 max._depth 14, 05557
'n_estimators' : 30
4 ' max._depth': 3, 05618
n_estimators' : 10
5 max'_depth 1 6, 05687
'n_estimators' : 20
Table 10. Gradient Boosting
RANK PARAMS RMSE
1 !earmhg_rate‘: 0.1, 05483
n_estimators' : 50
2 Iearnlr]g_rate 101, 05503
'n_estimators' : 30
3 Iearnlhg_rate :0.01, 05612
'n_estimators' : 100
'learning_rate' : 1,
! t 15627
'n_estimators' ; 100 0.56
5 !earnlpg_rate‘: 0.2, 05728
n_estimators' : 10
n_estimators 5071 FERSOZ AA5I9CH

H od720]] A 2% Gradient Boosting EE9] &
E}O]TH TRHIEIQ] ‘learning rate’ : 0.1, ‘n_estimators’
— 7:—]9_0}04 JJ RMSE7]'9 J 7E:1jL} z]- =

HHRE & w09, 7 <, —75—‘14 A, AF=
B} OHIIE, AFEFE] TH=EZREN Ha =2 FEIH
K710 7R 2 dEke niRles ZeE L}EP;lE}.
Figure 32 A SlojH ulee ZHE Gradient
Boosting I&of| FE3FIAE W) 2t H4=9] SHA=
e ez AJs) oF ZS LIERACE
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Table 11. XGBoost

RANK PARAMS RMSE

1 Ifaarnlqg_rate ': 0.05, 05580
n_estimators' : 50

2 Iearnlhg_rate 101, 05610
'n_estimators' : 50
'learning_rate' : 0.1,

’ 'n_estimators' : 100 0.5625
'learning_rate' : 0.2,

! 'n_estimators' : 200 0.5642

5 !earmhg_rate‘: 0.05, 05783
n_estimators' : 100

o

W3)6h= XGBoost® Gradient Boosting H&}
R 2 learning rate@} n_estimatorsE Qo
ol ulehE = RIFSitt A9 otoli mr]E
£ ££317] 918l GridSearchZ O] &31 2, Table
112 XGBoost2@ 9| GridSearch@dS Zy1E LIERA
£}

BA A} learning ratezbe 0.05, 0.1, 0.29} n_
estimatorsgte 20, 50, 100, 2007kK] TIFSHA LIE}
LIT}. O] & learning_rate 0.050]1, n_estimators 50
A o, 7V W2 RMSEZLQ! 0.5580 ©& LIERL} F[&]
TepaE 2 AFEACE 2 At HEE XGBoost
neo] FA stojy ulehEQ] ‘learning rate’ :
0.05, ‘n_estimators’ : 50& &&£5}0] RMSEZS &
0t 21} 2t =HHaE S 0]9] M) FElH
SRl 7k & dgks nRls Aoz UERRLC
Figure 4= ZA 51o|H aleE 212 XGBoost HE!
ol B&oIS W H0 oA gle Iei=E Al

]

4.5.6. LightGBM 241 Z 1t

LightGBMC] 5}0J1 Teh|E = XGBoost?} e
BHo] QARSI 8L LightGBME 2] =57}
AlS BEEHA B9 2017t ZI0AEE ofHSH
Eg| EYof o= sloly mletalg A&o] I Qs

people
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Figure 4. XGBoost

Table 12. LightGBM

RANK PARAMS RMSE

1 Ifaarn|qg_rate ': 0.2, 05614
n_estimators' : 8

? Iearnlhg_rate :0.2, 0.5634
'n_estimators' : 10

3 !earnlr\g_rate': 0.1, 0.5681
n_estimators' : 20

4 Ie:armng_rate :' 0.25, 05711
n_estimators' : 8

5 I'earnm.g_rate ': 0.25, 0.5750
n_estimators' : 10

2 AT0IA= ERZOIE Aldsh= ol ule e
Ol ‘max_depthE 7IEtQ]l 30E AlFollom
XGBoost@} TEEIKIZ GridSearchE Ed &9
learning rate@} n_estimatorsE AFE3ICE Table
19 LightGBM &3t ZAztolr}

BA] 23 7P W RMSERE HOlFE S8
0.22} n_estimators 82 ZELPCE AL =2
o170l A2 LightGBM HEO] & 5101 Tl
E1Q] ‘learning_rate’ : 0.2, ‘n_estimators’ : 82
5101 |4~ RMSEgte =0t 23, 2t =3
I O]9] M4=7} FEH Q7|7 7Fa 2 o
A= ZA0F LIEIIT Figure 5= FF 510]
NE kS LightGBM &0l HE31UE
O] SlPAI Zte Iei=E A1Zs) oF AS LIERK

ok o>
= oy oo

g Mo M

N E
T
T m
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Figure 5. LightGBM

45.7. Stacking 24 A1t

GridSearchE | A1ZE 2)%0] 510] DiehulE]
£ Z o]l H&510] RMSE #te =E0IRIT) 24
A3t Random Forest ®8J0] RMSE7} 054199 Lt
ERLL 71E o] £520] =L, BhHoll SVME S O] RMSE
= 061739 LIEILE 7} ol 520] WA LIERKITE
Z} O] RMSE Z|4%k Table 131+ 2T

Stacking R F £F9| o] FQaHE A H
Riji= ZHEAQ1 7] 0] 5], &= WA= O] 7Hd 7|5t
HEO| o ZTIOJEE Sl5H|OIEZ WS04 slsat
= F|EHErZEo]T

H =12 SVM, Decision Tree, Random Forest,
Gradient Boosting, XGBoost, LightGBM H& = 0
=20] 7F& &€ Decision Tree, Random Forest,
Gradient Boosting, XGBoost 2 & & 7HEA| Q] 7]dhz
gz A ZESHEIREES Linear, Lasso, Ridge
Regression 8 OF ST}

A, Z} Decision Tree, Random Forest, Gradient
Boosting, XGBoost HEHZ o]&510] LEE HH
S Stackingsto] SKSHIOIHE e F, Stacking
= slgt|oJH o] ZEMENZEQ] Linear, Lasso, Ridge
Regressiong Z &SIt WA 7iAsH] <k
GridSearchCVE A1 OM, WARIES 9ISt CV
w7 102% AJ-sirt B4 4i} RidgekZ g9l
RMSE7} 0518108 718 &2 ol5=S HOELL

196 XXt ZEXE, K503 H1Z. 2020

Table 13. Comparison of predictive power for
each machine learning

MODEL PARAMS RMSE
Random ma>f_depth 4, 0.5419
Forest 'n_estimators' : 20
Gradlgnt ‘Iearnlhg_rate‘ 101 0.5483
Boosting n_estimators' : 50
Decision 'max_depth': 3 0.5492
Tree
XGBoost Iearm!’mg_rate - 0.05 0.5580
'n_estimators' : 100
. | i ' 0.2
LightGBM earning_rate' : 0 0.5614
n_estimators' : 8
SVM oS 06173
gamma': 0.1

Table 14. Stacking

Model Stacking : RMSE
Linear 0.5322
Lasso 0.5269
Ridge 0.5181

Table 14%= Stacking B4 Z1}= L}ERAC],

(9]
my
ru
p =
>
>
oA

)
2

Aot FAg UAe 121654 e &
EL AIERE, TR
S 7l QAT 58] 1A 1578R0]
SH S FEe dolotal, ITAl AlEs Hetet
A AEAIE Bis et oIl 1216554 T
A2 o AEet g 7 HERSHIA QAo FE
HR7RI) AFTRYE FUKRoEH 9dds Rt

o
AR
o
2
ba|
>
&
0
R
10

X,
M

2

o
She 15EIRI0] A0l 7% FRio) B A O
CERES

AEAPH S B71 4 AT OB
@)

AV Obsh B wistol ofet AVEA)



7K BS7170] B EQ1ASS ¢ 4 AL
Z8 7 A150] o] FojRIM K el
A gaﬂm =) 4 a* HS71Z10] HoII 11
ESE
$7} FRsaizint, 01

AlIE ergatol {1

N
=
=2

i)
Y
rok
=z
ox
2
_t
rHI

re
rjg

N

_]Tl'l

HL

=
N

~N
=
02
Lok ool
B

1o

Stacmgg%i-g— Hg510] 0% j5o] =2 Bl
EIQICH= Hofl ApEAo] It E5o)E Ea i
Oﬂ%— PNABKS WHO 9*97%@—;_— =Bk

A Uoprt e Al

4= QACH= FollA] 2l9]7 ATk OLSTEA] 21t
{71710 Gk HRlE QYIES =019 (margin),
ZEl7}A (housing price), 7F- $=(people), AFZE

ol el e BE o

) SE)_EHE2RE (housing_type_1), 717578} )
OFmHE (housing_type 2% LERITE olo] w2

RMSE Zt2 7.3440% LJERIOM, 7} mAlzYo)

RMSE gtHT} SiAls] =0} 6530] Uas uefd
T QAL olof FEHF7 o] Jeks Hixle Wy

HoE THA] HOHE 58 & malggdHol
SVM, Decision Tree, Random Forest, Gradient
Boostig, XGBoost, LightGBM2] RMSEE E3ff o=

S HwslAC Hial 23} Random Forest &9
OlZ20] 7k S5t 210 LRI, 2L} SVM,
Decision Tree, Random Forest, Gradient Boosting,
XGBoost, LightGBM 9] RMSE7} M Z H]sz6H] T

ol TAlEEe] olSHE IR AR ZOR B
gr} T8k 7 mAlEY REo] BA A ZEF o=

margin(=010) AL FEER7 0] B 38
& WA= 210 Uepte, o= FeEio) iz
O} o710 O &2 42 FEHG7I00] 7101

AL =S} = e Hey|7to] ey A WEs)

0] ASZE UERLL Lo, Hi FElo] FXIAY
pars) Dx] ?Q'*UHEg St A Aol ofjedet 4= QT
2 o]580] 7k %2 Random Forest,
Gradient Boosting, Decision Tree, XGBoost# &<
MEREORE FE5}H, Linear, Ridge, Lasso Re-
& el ER 5107 Stacking QAME
e Agslrt &8 A1} Ridge Regression =8
9] RMSEZI0] 05181 OF 7V =& o] S2S LIE
WLk O]g Soff & Ao FeE EE By &
Stacking g 00| 7V 46t ZI0= LIEHG:
Lt FEHHER|TH0]E REE Safl 77 Hest =
YO =RE Huprte] 717 Sofl tHEAEO]
Leffsk=Al olE 7hsolit Beot R Al uheto

gression &

o]

TRl RomAl FEAEel 55S ok 4 U8
S AAICE 2L 0] e BRI AA]
A ZAQ9, BRG0 5 Tt ASIE Bake e

I} offgt HS ] WlsR] Bet Alejola] A5
EA4g 76l ol & AL9] SHAF o= |
o, olgt SARES Bl o I3
2 LR}

[

l

r
i
L

OIFTIX| F 9 RS0l ZS BRIt 11 Ojat
Oof A2 50%, l'—=1 0|4t 214 O|Fto] AL 40%, 214 Of
ke 22 7|2 B 64203 BBt Y b
B, o] Z201= BRI 1d nlgto] 22 40%
141 0|449| ZP 7|2 TINS(6~42%12 XECE

. KT 0|E| 1XHAE A= 2008140) AlSE|Q

onj, £ AiPE WIYIHIOIE 2AHHE TAPLH

HE51917| 20| AIZHY #Q|= 200913 ~20181A 2!
3. 02 S0{, 20091H0] A|8H = 2KHAE EFAFO| AL,
BE BeE A 2 IIFQ008H02 A

T=

T4 FH LO|M HHZ AHF SIA ==, A, shE,
T, CHEEde & U S HRCE I1|9|°F 2=

D:lX-I og 7'<EH7C-|O!:‘||. kﬂ:- 71|A|-° 6|'I_ 7|_7l'_<_ Ex_.!
- WELEHOIE & AT 7|F HFHEN(h_ba002)
b REZEIE OMLBIN HEZEY 9 FEES(h_

ba014)E SHX| = 7tt= M elgh & FFEX= X
QsiAsS X2

. AARSIZAH S 'MXIMo 2 HEEE Q| AAS E8f o
x?l-‘ll- AIF| ZfO| XHO|7} ZHOFK| = HIgkM O 2 FHX|

I 3| TEtolH ks YOI0|E oA 2 A

Journal of Cadastre & Land InformatiX Vol.50 No.1 2020) 197



oN
rlo
a

= L2H0|HE Fots WA
=7. INorm:d, (p,q) = lp—ql, =Y |p; —q].
=1
HIE p,¢| ZF AAE0| Xo]o| HChgtol &

=8 DR2Norm: llzll, = /i +-+a?, HE pqgo| S
2|C|9F H2|. &, L2 Norm 2 HIE po| ¥ o ZEE
o zj44742)|

9. Lly,y,) & 71Z2 H|8sE =8t

Z10. MHEAZE 2EAZ} HES|E O]X}2]2). 2019. AR Y
mikA with IHO|M, MO|ZIH, HIMER. ZH, p.
105-128.

ZF11. 0| 2|0 =, Crel(Polynomial) 72
([((Ii,Ij) = (a:iij +1)9), AEMH E (Hyperbolic
tangent)?{ (K (z;,z;) = tanh(xij +offset)) 50|
Ak

F12. 07l Ol &te(otL|

F13. StLto| OiC|22E 22(%|0] LiZt 27 O|4ke| OtL|

F14. 2w (Impurity)2t s #H3F otof M2 CHE G|o|
E7F dotLt 440 JA=XE KotC) QA EHEHLIR =
T2 5l 2t 99| = (homogeneity)?t 7t 2
E(impurity) 22 £%Hdd(uncertainty)O| Z|C{st
LASIEE St WO R StE S T =27t
S7l/2gdd0| dAdts 4 T FHO|BUME
M 23| E(information gain)O|2} 1 $HC}

F15. X|LA = 22 ZHSoM 2ES X|+=E LIEHE
I A= Al4=0lCt. ZMEXel ABtE X|L
(Crorrado Gini)Q| O|E0f|A & A2 A 00| 7}&
gsot 12 2458 £%ssict 1Lt milzgd
o A8 W= 20|22 2 XsliA] Z|0f H|O|E{ 7t
CHefst 22 748 HEoIH, 8 U2 X2
A 40| 2ESsH 40| =Lt F, CH¥do| FE=
E oYt w= Q07 B, 12 248 7Y
7t EQBE XU ATt 22 SHE 7 |ERE 2
atsl= 20| =Lk

F16. HEO|S2 AE2T| HHS 7|90 R St AER
Il Fol GiojH Hgte| =fE(EeR)E 20|
Stehl, ME CHE 2410] 40 /US 42 JE=ZD7t
=1, 242 710 440 QoW AEZ2mJt It HE
O|E X4 10|A HEZT| X2 Wl 7S LSICE
Z (L-AE=ZmO|) X[5=7t Elot A AR = 0]
H 0|5 X2 28 7|&2 FIt &, HE 0|50
=2 SHE 7|ECR 2Dt

Z17. MHEAZE 2EA|ZL HES|E O)X}2|2]. 2019. AR Y
mikA with IHO|M, MO|ZIH, HIMEER. ZH, p.
137-140.

Z18. 250 MF| AIYUS v, THE vz, -z, TH
o 7|5kt oI SESE Flu) 842t 3 1f, 284
h(z) =y—Fz)7} ECt. 28Mh(z)E %|23} 3}

= WS 2 7HX| D HHE X o 2 TR K| 22 Yo

Z40| ZAPSHY H(Gradient Descent)O|Ct.

Al B E mdhe 2t AHl==(Correlation

o
|
(o)

rr o

4
LA
o
0% |mr|

198 ™X|®t ZEXE, K502 X1Z. 2020

ES)

21

=22,
=23,
=04,

Z=05,

6.

=27.

coefficient)= &+ 2t
QIIEAE dFSt= A L|C.
8 7|1 g 0|85t0| M2 E4S WO

N2 Go|HE Z&SHA| o 2 E
Clole ZRIESO| HE|(AZHE &) AlLetch
7I2A|9HGaussian)HLE 2 22l O|l=

oot £4 Z7t0f| 0fEsHe AR BE Aol 2

€ CHAlg it deLt §4ol /s 1

Aol 2% F0|EC0t

Sto|mHmtZt0|E = ZH Ha5S SHA717] {8 o

Al 2{dol 2to|2e2] gLt Sl P2 M

QF0] CHet HA|(Penalty)2 X|0{St= 5t0|m mtzt

=)

STOO|E Q| T HEFHO|

O|m mztoly

GridSearchg S3f 'n_estimators'€ [10,20,50,100],

'max_depth'E [234,6]2 2 X|dst = 22 SHRY

JEX|e| Sto|mut2tO|H & AHESH Zat

weak learner7} &XX02 @5 7f2 EHY| L

=0 H&3l= Alg 0~1At0[9] g2 X += AU

o 7|2¢f2 0.1l

weak learner7} =XHo2 @58 HHYSIEZ 7|

F7t UEE o5 450| LEFENA| B0 =

AOLf, O It WE+5F 2 A|Zto] 228 7|2

Zr2 1000|C}

. GridSearch2 &3d|l ‘learning rate'= [0.05,0.1,0.2,
0.25], 'n_estimators'S [10,20,50,100122 X|™Hst
= 9| SHRM7TX| Q| Sto|mut2t0|E & A= At

. 'learnning_rate'7} 0.10| 11, n_estmatorsZ 109! [If
RMSEZ}S 0.583122 At=El

. GridSearch2 &3} ‘learning rate'= [0.001,0.05,0.1,
0.2], 'n_estimators'S [20,50,100,200]2.2 X|Hst
S 9| SHM7TIX| Q| StO|mut2t0|E & AHETt At

. GridSearch2 S3d|| 'learning rate'= [0.05,0.1,0.2,
0.25], 'n_estimators'E [3,581020122 X3t =
A2 SHRYILX| Q| StO|HItZIO|H & &St A1t

0E

9lot a1zl 3}

—

HOEd

References

PAZS

oo

. 2017. FEHS JSEO] FEIER 7R 1]

A= P8k Sh=FElsts). 25(4):5-19.

Kang SH. 2017. The effects of Housing Price

Z3]

o=

Growth on Housing Tenure. Housing Studies
Review, 25(4):5-19.
UL A, 2013 MERAS E6 olilEARA

9] 27 R 2EQQlo] #et At S8A1AA



T~ 11(2): 165-182.

Kang HM, Kim JR. 2013. A Study on Factors
Affecting the Time to Sell an Apartment.
Institute for Finance & Knowledge 11(2):
165-182.

HET. 2019, WOl Haled 7ol Q17182
p. 179-284.

Kwon CM. 2019. Prthon machine learning Perfect
guide Wikibooks, p. 179-284.

A&7, 2019. 71AlSs SaIelEE 0188 8 1Y)
Al Felof thet AlTES] ZgollE. AlE =5
FH. 49(1):65-84.

Kim YK. 2019. Prediction of Citizens’ Emotions on
Home Mortgage Rate Using Machine Learning
Algorithms. Journal of Cadastre & Land
InformatiX. 49(1):65-84.

Aen|, AaE. 2019, AABAHESeE FEHF 7
ZEQRl0] ot KL BSiHEA, 5(3):31-47.

Kim EM, Kim SB. 2019. A Study on Macroeconomic
Variables and Determinants of Housing
Retention Period. Journal of Real Estate
Analysis. 5(3):31-417.

HERE. 2010. FEC] ARr o] HEks niXlE g4
4

105-116.

Kim TK. 2010. Exploring Impacts of Housing
Market Policy Variables on Home Ownership
Durations. Korea Planning Association. 45(5):
105-116.

MHIAZE EIAIF) HESIE nRIR2). 2019, HAIMY ol

A with mOl, AOIZIE, HIMER. ZH, p.
105-128.

Sebastian R, Vahid M. 2019. Machine Learning
with Python, scikit-learn, and TensorFlow,
Gilbut, p.105-128.

Qr=gok e, Alet 7101, 2017, wHold 2ol He
oS 285t malefd. SHEITIo], p. 101-151.

Andreas M, Sarah G. 2017. [nfroduction to
Machine Learning with Python. Hanbit, p.
105-128.

SR, 2008, Qi A HR7 R AP Q01 BA.
Skl AARSER] =1

Hwang JY. 2008. Analysis on Determinants of
Holding Period in Seoul Office Market.
KonKuk University.

Archer WD, Ling B, Smith. 2010. Ownership
Duration in the Residential Housing Marekt:
The Influence of Structure, Tenure, Household
and Neighborhood Factors. Journal of Real
Estate Finance and Economics. 40t 41-61.

Collett DC, Lizieri C, Ward. 2003. Timing and the
Holding Periods of Institutional Real Estate.
Real Estate Economics. 31: 205-222.

20204 05€ 03 2l <=(Received)
20204 058 08 1XpA AL
202014 059 262 2KFAIA}
20204 068 12 AXj=HH(Accepted)

1st Reviewed)

—_ o~

2st Reviewed)

Journal of Cadastre & Land InformatiX Vol.50 No.1 (2020) 199



X E

- =

2 Rt olsEES MEOl FHEUZl ¥NS OjKs A¥adg =
Decision Tree, Random Forest, Gradient Boosting, XGBoost, LightGBME& S38ff 2+ 2 o=
H|WSHRALCE O F20| 7ty 2 ZES 7|2 E Mot 4= BY T 5Ll StackingZd 2 HE
Of OZ 0&520| 22 ZHS T=SI0] FEIA|ZC| FEIA RS Tiefet 4= UCH= Fof| Ml A+
Qto| Xto[7t RUCt OLSEA Zut OHE0[Q|, FEWILA, 7h7 R = HFFEHHEH(TH=FEY, OLIE)O
FEIHFT7H0| S22 O|X|= A2 LIEHH 2D, RMSEE 7|Z40t 2f tiAlefd 2dd}t O F53 Hi
wob At oilx{d REO| 0E530| O 2 A= LIEHHCE O|F, e O|X|= W= HO|HE
st = 2 A2 dE M 8510 oZHS H|wstem, 24 Z1F Random Forest2| 0f % 20|
15 Q45F o2 LIEFGCE EESE 0= 30| 7HR =2 Random Forest, Decision Tree, Gradient
Boosting, XGBoost2 2 7| EH O Z X85}, Linear, Ridge, Lasso2 &2 HEIZHZ 510 Stacking
DYE FEIIRULE F41 Z1f Ridge2@ Y M RMSEZLO| 0.51812 2 IH JHA| LIEILt O =2{0] 7t
T =2 228 FHSRUCL

0
o

0%k
g

s sv

2

Ot nijo

FQ 0O : Stacking, A2, 2HE LA E, XGBoost, LightGBM

200 TX|HIZEXEL, K502 X1Z. 2020



