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Apartment Price Prediction Using Deep Learning and Machine Learning
Hakhyun Kim® - Hwankyu Yoo'" - Hayoung Oh™"

ABSTRACT

Since the COVID-19 era, the rise in apartment prices has been unconventional. In this uncertain real estate market, price prediction
research is very important. In this paper, a model is created to predict the actual transaction price of future apartments after building
a vast data set of 870,000 from 2015 to 2020 through data collection and crawling on various real estate sites and collecting as many
variables as possible. This study first solved the multicollinearity problem by removing and combining variables. After that, a total
of five variable selection algorithms were used to extract meaningful independent variables, such as Forward Selection, Backward
Flimination, Stepwise Selection, L1 Regulation, and Principal Component Analysis(PCA). In addition, a total of four machine learning
and deep learning algorithms were used for deep neural network(DNN), XGBoost, CatBoost, and Linear Regression to learn the model
after hyperparameter optimization and compare predictive power between models. In the additional experiment, the experiment was
conducted while changing the number of nodes and layers of the DNN to find the most appropriate number of nodes and layers.
In conclusion, as a model with the best performance, the actual transaction price of apartments in 2021 was predicted and compared
with the actual data in 2021. Through this, I am confident that machine learning and deep learning will help investors make the right

decisions when purchasing homes in various economic situations.
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Table 1. VIF Value Before Multicollinearity Resolution Table 2. VIF Value After Multicollinearity Resolution
feature vif factor feature vif factor
0 const 0 0 const 171.605
1 number of households 1.60671 1 number of households 1.30251
2 number of parking spaces 1.49463 2 number of parking spaces 1.40753
3 number of apartment facilities 1.34208 3 number of apartment facilities 1.18719
4 education facility existence 1.34007 4 education facility existence 1.14855
5 traffic information 1.19418 5 traffic information 1.13171
6 | number of convenience facilities around 1.3445 6 | number of convenience facilities around | 1.21192
7 dedicated rate 2.17566 7 dedicated rate 2.06504
8 number of rooms 5.64801e07 8 number of rooms 1.82055
9 number of bathrooms 5.64801e07 9 floor 1.08754
10 floor 1.10294 10 elapsed days 2.28491
11 elapsed days 2.4897 11 money supply 4.7987
12 money supply 2.76379e08 12 interest rate 5.3267
13 GDP 3.42709e08 13 employment rate 2.7404
14 corporate bond yield 1.08517e08 14 latitude 1.42608
15 interest rate 8.55834e07 15 longitude 1.31111
16 exchange rate 1.30405e08 16 construction company top4 1.44854
17 leading economic index 3.16993e09 17 heating method individual heating 1.30922
18 consumer price index 1.92641e09 18 direction south facing 1.07309
19 unemployment rate 1.87903e09 19 direction noth facing 1.04101
20 employment rate 3.97855e08 20 entrance structure corridor 2.05438
21 composite stock index 8.36246e08
22 latitude 1.82523 S 2R &, TPl BEF L 'S, AHIA=
23 longitude 1.80691 DL, 'GS’, 4324, o4’ S topd' & F2 7 HF
24 local pile CBD 3.01875€09 Y HETF F AfolER YK o]l “AHIAL I & A
25 local pile KBD 1.23989¢10 SR, AT Ao 42 eR AASA
2% local pile YBD 1.4229¢10 o M ATt w2 ViE WS AL UHAE W
27 local pile etc 4.69166e07 L oVR 2 5 AANAAL ddr e M AvErt '
28 construction company DL 6.10636e09 = HEAZ AT YeAE HdTe 1 'R 72 F
29 construction company GS 2.32534e10 AASHEE. AljE e B fi=, BEeh Aol UR =
30 construction company etc 1.40625e07 oF AR 2 X]—?—:ﬂ_ b 7@-@]—3}-7]]—3% 7ot i ?é]
: L5 97l HAS skt A9 BE S AR
T comcion oy tias [ 7ispety T FURRE VIFGE Table 204 99 2 ol
o] 10 "to = ts3Ad A7 sia= it teaA
33 heating method individual heating 7.91829e09 A BAZ A% 5 G Bzl Al 20/ ShE
34 heating method etc 1.78924e11 &z T Z|BAM 2 2u geAd R
35 heating method central heating 1.91607e09 ‘WEARARGIE 77He d7iR9] Ag]), ‘2w yotu oA
36 heating method district heating 2.78881e08 2 AL W & ‘= olE AR, By Z
37 direction etc 2.62406e08 7, T8E, %, Ar’, A} topd’, FHHFA] AR
38 direction south facing 1.90031e08 WP HUsy | QBRI Br PR oln
39 direction north facing 2.68301e10 Fig. 62 statsmodelZ 3|7 49 275 3Q1E 4= 3
40 entrance structure cascading 9.74359¢08 L 3ot} dutr o2 ARFShoE RE HeE e B
41 entrance structure corridor 2.79124e08 A 4= glok= AolA gt A47F E7Fsotet oA A
42 entrance structure copound formula 5.33905e10 SHstoA 2o ¥z Uel: R?o] 0.4 oJAtold
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OLS Regression Results

R-squared:  0.505

Dep. Variable: price per py

Model: oLs Adj. R-squared: 0.505
Method: Least Squares F-statistic: =~ 4.488e+04
Date: Sun, 02 Jan 2022 Prob (F-statistic): 0.00
Time: 12:2319 Log-Likelihood: 1.3945e+06
MNo. Observations: 578928 AlC: -2.789e+06
Df Residuals: 878907 BIC: -2.789e+06

Df Model: 20
Covariance Type: nonrobust

coef std err t P>|t] [0.025 0.975]
const 0.1667 0.001 240.883 |0.000 D165 0.168
number of households -0.0072 0.000 -21.514 |0.000 r0.008 -0.007
number of parking spaces 0.2765 0.003 105231 [0.000 p.271 0.282
number of apartment facilities -0.0240 0.000 -114.282/0.000 F0.024 -0.024
education facility existence 00293 0.000 61942 (0.0000.028 0.030
traffic information -0.0454 0.000 -171.0790.000 [0.046 -0.045
number of convenience facilities around -0.0132 0.000 -54.279 (0.000 [0.014 -0.013
dedicated rate -0.0517 0.001 -90.865 |0.000 +0.053 -0.051
number of rooms -0.1480 0.001  -247.346(0.000 0.149 -0.147
floor 0.0139 0001 22973 (0.0000.013 0.015
elapsed days -0.0635 0.000 -131.401/0.000 -0.064 -0.063
money supply 0.0725 0.000 190.782 |0.000 p.072 0.073
interest rate 0.0092 0.000 22655 |0.000D.008 0.010
employment rate 0.0011 0.000 4822 (0.000p.007 0.002
latitude -0.1040 0.000 -381.371|0.000 0.105 -0.103
lengitude 0.0539 0.000 228.583 |0.000 P.053 0.054
construction company top4 0.0121 0.000 92013 (0.0000.012 0.012
heating method individual heating  -0.0303 0.000 -250.901|0.000 }0.031 -0.030
-0.0042 0.000 -38.041 |0.000 r0.004 -0.004
-0.0396 0.001 -35.568 (0.000 r0.042 -0.037
-0.0028 0.000 -16.068 |0.000 r0.003 -0.002
Omnibus:  601821.995 Durbin-Watson: 0.434 o
Prob(Omnibus): 0.000 Jarque-Bera (JB): 17033962.706
Skew: 2920 Prob(JB): 0.00
Kurtosis: 23.761 Cond. No. 113,

direction south facing
direction north facing
entrance structure corridor

Fig. 6. Statsmodel
Regression Result Judgment Index
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Adjusted R? of Determination
According to the Number of Variables

Stepwise Selection Forward Selection®} Backward
SelectionZ vl AW} WZdolrty &8stz W4log = 1)
A2 3 H4 FHEstoi B4 s} gl wirlR] wEgiTh
npA7IA &2 7 GAute 290} 4 Hlat adjusted R*ES
ARESIRAH. Fig. 73 9014 & 4= QU%°] Stepwise Selec-
tionQ] Z3= Forward Selection?] Ao} 435 Y25k
o mebA] TEEF, A%, AE, Y, W g, 9
Al A, olE A, ‘wEAHR, M3} topd,
A 71RAE S, BAEYE, wSAE 5, FH
SAIE 4 & 14709] Forward Selection¥t 2 S@¥H47}
A= Qi

ZE20F Forward Selection, Backward Selection,
Stepwise Selection 25 ThE IS #AA HSLE A5t
FARE LT 14719] SFAsE A=kl

3.2 L1 Regularization

L1 Regularization< I&go] Higt £F402 73 |
] He2x AF F sholtt. L1 Regularizatione 7]
£9] loss function®l] 7FEA9] AdizkS HEE R F71514
7F$AE 0= vhET TEbA $85HA] g2 HE4EL loss
function®| 0°] Eo] AAEE=E L1 Regularization2 ¥
4 A"9] 7|58 7}Ath L1 Regularization® 23 o=
0.001¥ @ mse=0.003(Fig. 10)2.& 7} £& A7t Y
gtom ojnf AeE SPAFES T IR B, AE,
‘A3 topd, OHGE ARY, HEE, WeHE, ¢
WA A, ) 5, ‘o) Fig. 11 A¥E =9
HeEo]| tigt 7FeAE YERd Aot

gefdlt Hilzgs 0l

ol

5t OMIIE M74247} 0= 65

MSE Error
Lassofalpha=0.001) | 0.003
Lasso(alpha=0.01) | 0.005
Lasso(alpha=0.1) 0.005
Lasso(alpha=1) 0.005
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Fig. 11. Weight by Independent Variable

3.3 PCA

PCAE THEHQ] 4 Zd LHeZoleh. 2 doleo] 3
AEYASe] 2L sy £ES L2l7) o Bt ozl 3}
A% o] ANEE g9 FAL Fadte B
"oAolt}, PCAY] Yl Bk HlolHAlolA ato] Ay
9 %S 23 9 Z3} ALSHAA] Bao] HThol the %2
31 Zlolth. PCAL o] 83 ¥ O sk B4 4

o

PCAE FAE E4olgt1: ot=d 1 olf+ n¥A £
Aot THHEE nHA TR 517] wiolth
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EPHRQ FAE S5 AAE] AslA Fig. 129 22
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S5 YEH B R Fig. 12014 A3 FHE &
g 5 Qlh RAE 24 HEE 0982 9
= E—t’cﬂt}—t— ojujolet. ol= =A<l
9l 95%KTH 288 15%¢Y

2]
>
>,
m&
%
N
oi
S

=\.‘=
4

i

4.1 DNN (&332

DNN2L t}4=9] hidden layerE 711 &h55H= HAlY
39 gt HWOE glo]g 7}t Egto g Eoj7td 27| 715
HEARDS o s ndE s5AI7Ith. DNN(Fig. 13)2
IHuE Bl 2 layerg9] 7FEA(W)E 2G04 229
ndg zh=tt

N

oF
W (t+1) = W (t) — ow, X Ar (3)
9E _ " 0E 90 a0 (z,) o0z, @
oW, foo, do(z) 0z, oW,

Equation (3) ZAAPIHE U= Alolth. BAlshd
Holgt di&gtn AARSY AE drE HET loss
function(B)9] FAagkE o= #olt. FAFsH ol A
loss functiong 7FSX2 23 Hu|ESE g2 27] o] ¢
Equation (43 Z©| chain ruleg S3] F3tc}

4.2 Boosting

Boosting 23t e5718 &XH o2 }dsto gk 5t
F717F A% shEtt HolHE o Sk5717F SHEA §F
&SIEE T1EH2 010}?1/\1 52 AP &, & 7

Ol

Ol

Fig. 13. DNN

1) Gradient Boost

Boosting2 #4-HA Ego|l=en ZA7F A LAFgH
ot WA= 299 A& g Zolg yEha BARZ
d&gtsc] AR Eojd A=E UetliH &2 A losszt
sich EAR-EAF Efol=ox BAIF BEAld WHERe BE
a3t 4 gioke Aotk

Gradient Boosto]2t Boosting #4410l ZAE 3715 1
Aog &£AF o dd ot 57 IER RS E0lHA
& 2Y¥Z =T Gradient Boost= A} HAE £
lossE 2421 5 = Aol AR, AZ o] dojd &
AotE G- = A%t

Loss =5 (g~ /(x,))* 5)
residual = g;(ojls) ©)

Equation (5)2 Gradient Boost2] lossgt< HEFH A
Z mse?t 5YHS & 4 Ut Equation (6) Equanon
(5)ollA 3t lossikS Hu[E 3t gho] ZExRQlS yEbdtt.

2) XGBoost

Gradient Boost B4 1|9 2 45& 7HA1 YAk
AE A& Sof7te BHlolB g BAFlo] AT 7hsAdo]
=T} XGBoost Gradient Boosto] A2 71384 1t

L HI

23t ZAE st
n - K
L:Zl(yi,yi) + ZQ(fk) @)
i=1 k=1
2f) =~T + %)\ W2 (8)

Equation (7)2 XGBoostd loss@o@ AA 9
Gradient Boost9] loss &3 4 ¥ 3¢S &35t Ao]
t}. Equation (8)2 Equation (7)9 AAFE YEI & 4
O =& T 7} oFgt 8145719 node &7, Wi Sh5< &394 U

= 7EAE gugith 9 2= 242 T Wol sidEE
Fofsf| eh5717F ERSIRHA DA gto] sk RS WA
gtttk o714 Tek y, A7F 0°l2tH  7]€9] Gradient
Boosting¥ F A},

XGBoost 318 Wl ¢ ) o], 7 =]
Zolkth A8 A Bl WBY U, UEE. A&

A% o) stolmstetulezt Exje, =2l 3449 gel
£ Eg} dolgE Hel @ WA dlolHE Belg 4 o
LA opuie of gol 345 doldE o & Belax
g, ThEto] Yofubx sHsAIzte] Soluet. 7 Eel] 3
ojultt g AT BI&' S A7 EFe] YoloA A<l
A5E Aokt ASEAE Juiste] BAFL WA 9
o ASE AE L ENE Aol T uf Aokt @
o] & AUAZ ettt SRS

A

|

2



AT HAo] B T HE Aol FoHth. ‘47
A57 242 6 2 592 BEIA o BE FRE
of st A 4 AT FAZol WAL HsHel &
oblth ‘gammat mWO| A 42 Aolh ueAl
‘gamma' 7} 248 REL AE WA ool FEo] W
oHA] g,

3) CatBoost

XGBoost= & %“17 e WA o] fAEER T2
gAS AET += Qoo olaw BAS dEsaA
CatBoost= Order Boostmg urAlS ARSIt

Fig. 142 R CatBoost= 1HARE t-2¥4 Hlo[gHE
7ML eSSttt o]% -1¥A] dlojgZ Zdo] A5
= B7tota AE A4kl et S v o R
29g grEh A2 29 452 ¢ WA HolHZ Bt
@-r,}. CatBoost= o]a@- 31,}1%2 7\]_3_;(4 og H]—Eo]-q— 7]}_
Boosting 2L RE Ho|HE tjioz IS AT
9 Catboost= Y HolHE 7ML HdE TEIL, thx
ol 2 ZAE FollA HUo Hes= FHAXIL ES
XGBooste} @] E|9] 27} tiiHolalA Z} 7pA] 9] gt
= oAzt WE R AT 4= lvhs A 7HIT mebA
7|2 Boosting W49 Eg| 20| vl A E-S FATL 5
A= Hok oflzt HEYE BEHO0E AT 4 Atk

HAlH Y S5 d= HolE 9 S3¥S #hol 5Lt
Adgho] TS B9, 1 2RSS oo E ATgE vt

Foh ol YL BEg 07 o wlolEogt Ay
ShgHthe @40l Sl CatBoost= Target Encoding=

ARESA o] BAS 43ttt Target Encodingolst AA|
glolg 9] Bor AXFS HHtE Ao ot dA7HA]
o}t :ﬂohzu Yo ® AAYE HH= Aol Target
Encoding? StE&Es LA HEAw avdos 34
e+S WHA%). §3] Target EncodingS W33 do]g7}
B 0 £ 5L HojEh CatBoost?] 3to]Hutetulg
= ‘Eg| o], ‘§&%E’, ‘L2 Regularization’©] Ut}

H

Model prediction

—+
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Residual calculation

Fig. 14. CatBoost
How Catboost Works
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4) Linear Regression

y=XB+e O))
Y1 Ty * Ty B, €1
Yo Loy * ¢ ° Ty, B, €9
VA o O I P I L)
yn x'n,l ¢ xn B 617,

Linear Regressiono|®#t EYPH4e} S&H,0l IAE
Agog rdagsl= Aoltt Equation (9014 y= 54 W
F, Xe S48, Be 9 A, e A7 9ugith
Equation (10)2 Equation (9)°] E°j7l= H4E JE=
E St Aolt} Linear Regression?] E¥= 229 B} ¢
£ o} A7} 7} A2 Equation (9)& 2= Zojth

5. B st5

U3 BAE sidsiA B4E AlA & & & B4
Forward Selection, Backward Selection, Stepwise
Selection, PCA, L1 Regularization & 57} Yoz ¥
& Ad 9 255 5to] W39 7 S tH(Table 3). ©]
£ 59l 2do] Y& B2 M-S ShGofA 2Hzjeto] WA st
Al He @S =S ik

7t mElg o7 Aol 878028719] HlojelE A
Ye 51 7 QR dolEe S FI 5 ool
ERERERUEER B DEERIET Y
q9e gozA 2YY A5de o ¥9 4 9

S doleist BAE HolHE RAN 8 ¥ 7
)% 2 mo] YolH 54 A4 of

o @ Hu

_o@ﬂioE.
0o 32 d

—|°|' [‘lo o

Hu
fz
o
B
_Q

N\

2o B 8

&

DNN9J activation function2 ‘relu’, optimizer=
‘adam’, batch size:x 128, 64, 328 A|&=sttt. SFARt
batch size7} 128, 649 wf shgo] HF EQHYS|A 328
TASFALE o]F layerd 42 ZF layer® node 5 HIH
7tHA S5 Astatt

£ =2 XGBoost? -’347(49] 3}°]E1ﬂa}ulﬂe 271 9
3] GridSearchCV €18&& AFE3 ‘o' & 10 & %
7] & 1070= 1243k PEﬂoﬂjﬂ Aol ‘EF Y ZHol'=
3, 5,7, 10, 20, T5E'2 0.025, 0.05, 0.1, 0.2, 0.4,
0.6, 0.8, ‘gamma’= 0, 0.1, 0.5, 1.0, ‘M=g #H&'L
O 1, 0.5, 0.7, 1.0, “Z Ed9] Zolult} A8 AF H]&

2025, 05, .02 A8 8t A% 7 Eejo) golu}

o AREY ZY HEX &'o] 28 191
‘gamma’ = ASFE § 2 AWF Uit e
‘gamma’ = &gl 028, ZF 7HA9 HAa 7HSA et A
=3 vlg’L AUl 18 25 1435 ‘EF Y| Zo]
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Table 3. Variable Selection Result

DEQf & dole J&t A123 HM25(2023. 2)

feature variables total

‘money
supply’, latitude’, longitude’, number of
housegolds’, number of rooms’, heating
method individual heating’, elapsed
days’, ‘traffic information’, ‘construction
company top4’, number of
facilities’, floor’, ‘direction notrth
facing’, ‘educational facilities
exitence’, number of convenience
facilites around’

Forward
Selection

14

‘money
supply’, latitude’, longitude’, number of
housegolds’, number of rooms’, heating
method individual heating’, elapsed
days’, ‘traffic information’, ‘construction
company top4’, number of
facilities’, floor’, ‘direction notrth
facing’, ‘educational facilities
exitence’, number of convenience
facilites around’

Backward
Elimination

14

‘money
supply’, latitude’, longitude’, number of
housegolds’, number of rooms’, heating
method individual heating’, ‘elapsed
days’, ‘traffic information’, ‘construction
company top4’, number of
facilities’, floor’, ‘direction notrth
facing’, ‘educational facilities
exitence’, number of convenience
facilites around’

Stepwise
Selection

14

PCA pcal ~ pcal5 15

‘money
supply’, latitude’, ‘longitude’, ‘construction
company top4’, ‘elapsed days’, ‘dedicated
rate’, traffic information, heating
method individual heating’, number of
rooms’

L1

Regularizatio 1977

o} S8 % 71 sfolwietulE e

CatBoost= GridSearchCV ¥¢13&S ARSI
‘ov'E 1028 145ty ‘E o Zol'= 3, 5, 7, 10, 20,

‘L2 Regularization'= 5, 10, 20, &5E 2 0.025, 0.05,
0.1, 0.2, 0.4, 0.6, 0.8& AM&3}ATh

5.1 Feature Selection

Feature Selection(Forward Selection, Backward

Selection, Stepwise Selection)2 2% 147]9] 53t =
%tﬂ £ Adgsiqitt. Add SEHSES BI, 9k,

, TR, g, ] JEdEY, ol E AHat
%1’, JJ-%;@H ZAHBIAL topd’, HA 7| EAE 5,
BEF, ASAE §5, FH HAE Folnh 5,194
= o 14709 SHReES 7HA 29 shEdth

d

1) DNN

DNN 22-& A3A4g fjof= hidden layer? 7ia+= 174,
27K, 37}, node == 327, 6471, 128709 2o 2 TER
ot 919 Table 4= RIHEZ train Ho[HE k5 & test
ol & 3713t toltk. DNNOJA layers7F 371 o 7k
& A= Btk 181 layerZt 370Q1 2E FoflA
A hidden layer®] node”’} @il ulA|9}t hidden layer?]
node”l 2H& W o £L2 A%5S EA} Feature Selection
o=z d EgdHasER 5% DNN 22 3 78 450]
=22 ®Yl layerZ} 3700]al ZF layer @ node Z§o]
128-32-32¢ W2 o]t maes 0.0179, rmse= 0.02940°]
o}, o= layer7} 170 o 7P £ 2 mae®t rmse
7V Y2y oF 20%, 10% " grolth.

Table 4. Variable Selection Method & DNN Result

Total hidden | Hidden layer
layer node mae rmse

32 0.023879 0.036030
1 layer 64 0.024150 0.034863
128 0.022389 0.032161
32-32 0.023405 0.038736
64-32 0.022264 0.035598
64-64 0.021839 0.034775

2 layers
128-32 0.021076 0.033142
128-64 0.022579 0.034766
128-128 0.022927 0.038002
32-32-32 0.020873 0.032942
64-32-32 0.021078 0.031945
64-64-32 0.020315 0.032610
64-64-64 0.019422 0.030988
128-32-32 0.017902 0.029445

3 layers
128-64-32 0.019621 0.032508
128-64-64 0.018869 0.032047
128-128-32 0.018385 0.030592
128-128-64 0.018532 0.031668
128-128-128 0.019312 0.033084

2) XGBoost & CatBoost & Linear Regression

XGBoostg GridSearchdt 23} %2 9] sto]muztn|g =

ShEE 0.4, ‘Eg] Hof ol 200|tHTabel 5). 'Eg] Xt}
710] EE]— “GP/\E’_,] Oﬂcg:EﬂO] ﬁOEq ‘S ]-/\E’O 0025_'_]3
0.47HA] AZLE 4450l FoHAL 0.68EH+= HolHh

CatBoostT GridsearchE 3§t 23 ‘Ef] |t o] 7,
‘L2 Regularization’ 5, &<5E 0.1°] &9 slo|njntat
n]E|$itkTable 6). ‘E| | Zol'= 774 AALE A5
o] ZopHARt 11 o]®E= Q5|8 "ol SEE L vt
AR 0.27H= 4450l EUTHT 0.458 = 450l 2o
Zt. ‘L2 Regularization'= 5, 10€ @+ & X7t ¢l
A 209 W= 545 dsol DojFoh



Table 5. Variable Selection Method & XGBoost
Top5 Hyperparameter Performance

Variable selection

XGBoost Hyperparameter mae rmse

learning_rate | max_depth
1 0.4 20 0.0191 0.0303
2 0.4 10 0.0192 0.0304
3 0.6 10 0.0195 0.0311
4 0.6 20 0.0197 0.0314
5 0.4 7 0.0198 0.0307

Table 6. Variable Selection Method & CatBoost
Topb Hyperparameter Performance
PCA
CatBoost Hyperparameter — .

depth |L2_leaf reg lefrr;lti:g
1 7 5 0.1 0.0178 0.0290
2 7 10 0.1 0.0180 0.0292
3 7 20 0.2 0.0181 0.0291
4 7 5 0.2 0.0181 0.0294
5 7 10 0.2 0.0183 0.0298

Table 7. Variable Selection Method & Fit Result by Model

mean_ mean_
model r2_score | squared_ | absolute_ | rmse
error error
Linear o 04 | 0.0026 | 0.0332 | 0.0515
Regression

Variable
selection XGBoost 07965 0.0008 0.0182 0.0291

CatBoost | 0.8464 0.0006 0.0155 |0.0255

Feature Selection® 2 AFH 1479 HF-ESE EH=E
Linear Regression, XGBoost, CatBoostE ZgslgoH
XGBoost®t CatBooste oA AHH Z9] sto]wu}a}
nElE A835tct. 1 AY CatBoost”t mae 0.0155, rmse
0.02552 7} £2 %S EYI Linear Regression
mae 0.0332, rmse 0.0515% “d50] £A] LAYTtHTable 7).
Fig. 15, Fig. 16, Fig. 172 Z 229] As& A|Z3%H I3z
o} JHZE FRIS|EH Linear Regressione XGBoost,
CatBoost®} H| W5} o FA7 Hato] §h-g-oFA] F3tct.

5.2 L1 Regularization

L1 Regularization & 9719 =H¥4-E A=t
A EYHSEL B39F, ‘AL, AHI)A} topd’, ©fF
quE AT ALE WEAR U 3

, Rl&olth 52004 = o 979 SHHSeES TR
E%% "ZAT&E}
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06

05

04

03

02

01

00

gefdlt Hilsd
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0183 OHE &AH2H7t 0= 69

Linear Regression

x  prediction °
e actual .

0 200 400 &0 800 1000 1200 1400 1600

Fig. 15. Variable Selection Method
& Linear Regression Plot
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Fig. 16. Variable Selection Method & XGBoost Plot
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Fig. 17. Variable Selection Method & CatBoost Plot
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Table 8. L1 Regularization & DNN

DEQf & dole J&t A123 HM25(2023. 2)

Total hidden | Hidden layer
layer node oS rmse

32 0.025712 0.042970
1 layer 64 0.024718 0.038688
128 0.024781 0.035931
32-32 0.025603 0.040184
64-32 0.023505 0.035845
2 layers 64-64 0.023790 0.036236
128-32 0.024657 0.036367
128-64 0.023976 0.035872
128-128 0.026494 0.042556
32-32-32 0.022637 0.037110
64-32-32 0.022820 0.036940
64-64-32 0.022202 0.035752
64-64-64 0.021751 0.036720
3 layers 128-32-32 0.020808 0.033928
128-64-32 0.021711 0.034994
128-64-64 0.021010 0.036734
128-128-32 0.021444 0.038571
128-128-64 0.020469 0.033863
128-128-128 0.019849 0.036133

1) DNN

L1 RegularizationZ £3 ¥
&3t Z3l= Feature Selections B9 92 SHHSER
k&R ATpEeh 24 gttt ZAE layer’t Zojd4E H

2 5S H93 hidden layerﬂ 271 370 A A layer
T2 ¢ 22 452 AT L1 Regularization
o =YHLER 43 DNN 2dl & 714 A

242 3 Jayer & 128-128-128Z mae=

0.0198, rmse= 0.0361°]tKTable 8).

2) XGBoost & CatBoost & Linear Regression

Table 92} Table 102 L1 Regulariztion AFE-3S o
M 22 AdsE HolE stolduetny 2 57iolth
XGBoostE GridSearchdt ZA3t 9] sjo|wu}jetn|E=
TEE 0.4, 'EY FHof Zo| 2002 Feature Selection
A9 Axtel FLstelrt v R 2 0.4, 0.6
d o £2 A5Z Elon URE IAY £ 7§T°1]L s
o] "ot} CatBoostE Gridsearchdt 23 ‘E o Z
o' 5, ‘L2 Regularization’ 5, &<5& 0.27} & 9] s}o]
Haetu]E Pt ‘Ef] FHf Zol'= Feature Selection®lAl
o oE2A 59 o, ShEE2 0.2 W7t 7P Adsol =5k

L1 Regularization® 2 AXQH ¥ 97E EHZ Linear
Regression, XGBoost, CatBoostE g5} 21 XGBoost
9} CatBoost= oA A78H 29| slo|mujetu|EE &
251}t 11 A3} CatBoost”t mae 0.0157, rmse 0.0268
2 7P %50l £ Linear Regression mae 0.0334,
rmse 0.05302 “d5°] £A| &UcHTable 11).

spag o

Table 9. L1 Regularization
& XGBoost Topb
Hyperparameter Performance

Table 10. L1 Regularization
& CatBoost Topb
Hyperparameter Performance

L1 Regularization L1 Regularization

XGBoost Hyperparameter CatBoost Hyperparameter

learning_rate| max_depth depth . aLfZ_;eg lea;;[iélg_
0.4 20 5 5 0.2
0.6 10 5 10 0.2
0.6 20 7 10 0.2
0.4 10 7 5 0.2
0.4 7 7 5 0.1

Table 11. L1 Regularization & Fit Result by Model

mean_ mean_

model r2_score | squared_ | absolute_| rmse

error error

Linear | 608 | 0.0028 | 0.0334 | 0.0530
11 Regression
Regular | XGBoost | 0.7984 0.0008 0.0186 | 0.0296
ization

CatBoost | 0.8273 0.0007 0.0157 0.0268
5.3 PCA

PCAE & 15719 EgUHSE 25319tk 5.3004% o
S S 15708 7R RdE shGRlch

o}
o

1) DNN

PCAE AMSSiA AddE 15709 =H¥SE 7FA 1 85
2 At} Table 125 E43EH layer 71 B2 w, hid-
den layer® node 471 & © A%5°] =ttt hidden layer
9] 747} 27)01® Al ukAe} hidden layer®] 7H47}F A& of
Z£2 52 Byt E3SE hidden layer 7159 A#glo]l A
hidden layer®] node 47} B35 £2 A45S EXth
PCAR @2 =H¥ISERE 5% DNN 24 5 7MY 85
o] 22 w42 3 |ayer ¥ 128-128-1282 maex 0.0183,
rmse= 0.0285°]t}.

2) XGBoost & CatBoost & Linear Regression

Table 13% Table 14= PCAS ARSRE o 7 £2
AIE Kol stoly mtu] 23t 570olth. XGBoost
£ GridSearch?t 23} 9] slo|rjueir|g= TEE
0.4, ‘E&] Zd Zo] 10°]¥t}. CatBoostE Gridsearchdt
A3t ‘Ef] FH Zlo]’ 7, ‘L2 Regularization’ 5, S&5E
0.10] 229 sto|wuletn|E gict. stol#uietn|E d5 top
59] ‘E] Hdf Zol'= BF 70|91 THE 2 0.12 w7t
7V A3t 2%

PCAR AAE ¥4 15712 EYIE Linear Regression,
XGBoost, CatBoostE A om 7 HH9] sto]nju}a}



Table 12. PCA & DNN

Total hidden | Hidden layer
layer node mae rmse

32 0.024137 0.033693
1 layer 64 0.023786 0.033258
128 0.023148 0.031761
32-32 0.022474 0.031898
64-32 0.022608 0.031492
64-64 0.024179 0.033879

2 layers
128-32 0.020270 0.029140
128-64 0.021261 0.029897
128-128 0.023492 0.033251
32-32-32 0.023052 0.034661
64-32-32 0.020141 0.031623
64-64-32 0.020365 0.029687
64-64-64 0.020477 0.032148
128-32-32 0.019895 0.029952

3 layers
128-64-32 0.019485 0.030074
128-64-64 0.019616 0.029076
128-128-32 0.018567 0.028794
128-128-64 0.018649 0.028581
128-128-128 0.018303 0.028503

Table 13. PCA & XGBoost Topb
Hyperparameter Performance

Table 14. PCA & CatBoost Topb
Hyperparameter Performance

gefdlt Hilsd

o

0|85t ofmt

|m
>

7 AIE 71

5.4 7t 4
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Table 16. Additional Experiment 1 - 4 Layer

Total hidden | Hidden layer
layer node mae rmse

128-32-32 0.017902 0.029445

3 layers
128-128-32 0.018385 0.030592
128-32-32-32 0.023788 0.035477
4 layers | 128-128-32-32 0.021641 0.032464
128-128-128-32|  0.024537 0.034465

Table 17. Additional Experiment 2 - Many Layer

PCA PCA
XGBoost Hyperparameter CatBoost Hyperparameter
. L2_ |learning_
learning_rate| max_depth depth leaf reg rate
0.4 10 7 5 0.1
0.4 20 7 10 0.1
0.6 7 20 0.2
0.4 7 5 0.2
0.6 10 7 10 0.2
Table 15. PCA & Fit Result by Model
mean_ mean_
model r2_score | squared_ | absolute_| rmse
error error
Linear 1 6059 | 0.0027 | 0.0338 | 0.0528
Regression
PCA | XGBoost | 0.5494 0.0014 0.0240 0.0375
CatBoost | 0.7453 0.0008 0.0184 0.0298

U&= GridSearch Zi&

AF&-ATt. CatBoost’} mae

0.0184, rmse 0.0298% 7} £2 A5 B3O Linear

Regression= mae 0.0338,

AUTHTable 15).

rmse 0.05282 A5o] £X

Total
hidden Hidden layer node mae rmse

layer
32-32-32-8-8-8 0.025485 | 0.037570
128-128-8-8-8-8 0.025029 | 0.034871
128-128-128-8-8-8 0.021716 | 0.032492
128-128-32-32-32 0.021059 | 0.032425
Many 128-128-128-32-32-32 0.027442 | 0.038417
layers | 178-128-128-128-8-8 0.020669 | 0.031445
128-128-128-128-32-32 0.021959 | 0.034212
128-128-128-32-32-32-8-8-8 | 0.021300 | 0.032735
s By P
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Table 18. Additional Experiment 3 - Variable Number of Node

Total hidden | Hidden layer
layer node mae rmse

32-8 0.025062 0.037725

128-8 0.021491 0.032510

128-32 0.021076 0.033142

2 layers

256-8 0.021397 0.032252

256-32 0.020904 0.031108

256-128 0.019824 0.029743

32-32-8 0.023586 0.034460

128-32-8 0.022575 0.034400

128-32-32 0.017902 0.029445

128-128-8 0.022827 0.035499

128-128-32 0.018385 0.030592

256-8-8 0.020958 0.032229

256-32-8 0.019933 0.029693

3 layers

256-32-32 0.021210 0.030324

256-128-8 0.020503 0.030810

256-128-32 0.020473 0.030973
256-128-128 0.020547 0.030925

256-256-8 0.021564 0.033102

256-256-32 0.019766 0.031342
256-256-128 0.021253 0.031285

B =22 F 86712 DNN RS 7HA| 1 Rdg sh43
o™ 3 layerd 128-32-32¢ @ mae 0.017902, rmse
0.029445% 7V¢ £& 452 E3lth

6. 2% HAE

g sh&oA 71 diEE o] EUE EE-2 CatBoost(E
2] Ao Zol: 7, L2 Regularization: 5, 355 0.1)o|ch
24 HAEAE tha BES 7HX]L Al HoE <l 2021
| olgE mimjdAHN A S oS AA| HolE et B
S = ot
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Fig. 18. Apartment Complexes Traded in 2021
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Fig. 21. Complexes with an Actual Price of
0 to 50 Million Won Per Pyeong
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Fig. 22. Complexes with a Predicted Price of
0 to 50 Million Won Per Pyeong

Fig. 23. Complexes with an Actual Price More
Than 50 Million Won Per Pyeong
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Fig. 24. Complexes with an Predicted Price More
Than 50 Million Won Per Pyeong
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Table 19. Summary of Learning Results
Recording Only the Best Results for Each Learning

pick
model variable hyperparameter mae | rmse
Variable |, . .
. hidden layer: 128-32-3210.0179(0.0294
selection
DNN L1 . R
Regression hidden layer: 128-32-32|0.0198|0.0361
PCA hidden layer: 128-32-32{0.0180(0.0285
learning rate: 0.4
max depth: 20
Variable gamma: 0 0.0182/0.0291
selection sampling rate: 1
branch’s minimum
weight: 1
learning rate: 0.4
max depth: 20
XGBoost |, U1 gamma- 0 0.0186|0.0296
Regression sampling rate: 1
branch’s minimum
weight: 1
learning rate: 0.4
max depth: 10
PCA gamma- 0 0.0240(0.0375
sampling rate: 1
branch’s minimum
weight: 1
. max depth: 7
Varlable L2 regularization: 5 [0.0155|0.0255
selection . .
learning rate: 0.2
L1 max depth: 5
CatBoost R . L2 regularization: 5 |0.0157|0.0268
egression . )
learning rate: 0.2
max depth: 7
PCA L2 regularization: 5 |0.0184|0.0298
learning rate: 0.2
Variable
selection 0.033210.0515
Linear
Regression| . L default 0.0334(0.0530
Regression
PCA 0.0338(0.0528
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