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A2 (Machine Learning)< 7
o zradY HA &1 5 F Qe
T AL u)sth(Samuel, 1959), H &
BAE7]s 2 A daelee] By vldolE g
W o Qs Malede] &gl Hat gy
Lee, 2022). Fgt MAlefd HFH erﬂ : 3
Agl Uolrb Abslafetel e ghgabr] Alsitt
(Kim and Lee, 2021; Lee and Shin, 2023).
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sAlEy BEE @8e dAelx 3
(Regression) 7|¥ke] MAale]yd mdle wsee] A7
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o, Egf](Decision Tree) 7]He] wiled mdle
H]€-8=(Cost Function) =3Il 29 7]k wal
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2. Malioin
2.1 L Sk} AlE

A2 397 FTA AdFL W F7kke A
ot 20203 = A e Ad tiv] 7.2% =713
2 ohje Ad) 29 mF oid s 9

A
ok 2020Lﬂ 71% AU Ve Ak = F 387H

f

KN
=

tolw, & A F9e 0= Aol sk itk
°l ¥ iﬂlXM]ﬁl e Fuak 7= F 2519 o
ojw, AuIAA e AxRe] =1 1907 el
1326l 23ITHLee, 2022

AEAp AR 2] A =

© 2019¢ 71¥ F 719% 9=
3605+ the] F wfoll @itk mRk Awxt A
SAlOl A AAANA TP E ARsA AE B
n=o] A9 Faak ) s 20199 7%
4,0815F &2 A=} Au) i F 1706‘3} &) 24HH
o g, Faatk AL 8406 HelE Ak A
gl 6,3659 Dol Ml & ZoE UEkT
(Yang, 2020). o]} 2& AHE T3 dA =l &
I3} AL 2)4R 02 AR JsAo] =)

= Faap APHETE o} s Faak AR
A ekl EFAF AHIAE B3 FAF A
TEZF AHAb st ok ml=e] Faab 2890
ZYWE Au|~E Carmax, Vroom, 123 Carvana
5ol thEAeln, o] Faap 2Rl SHE A
Hl2~2 a7}, K-Car, 18]al KBxakAF o] i3
ojtt. ml= Falat A g 2Rl ZEE AfH]
Z shUQl Cavana® 219% 7|F Aol
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(Lee, 2022).

2.2 317 2MS 85 Z30K 71 ol
Lasek and Wyszynski (2019)=
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Khan (2022)2 Kaggled] 21 Al W= o
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A Lasso 39 Ridge 3|9 a9
11 CART(Classification and Regression Tree)
ggslo] Taak 7HES ASSIInh
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SR A9 A 972 AEE o8 ggn

g 7k oFE E8sisick 1 d¥ P 98
gt HEle Lasso 3] EdE  ZIEQH:
Chaudhary et al., (2022)2 % ZF1x} AlES
os A A Wes T8 A 39 B,
Ridge 3|79 R4, Lasso 3|7 B9, CART =g,
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oA Bl A Arawomo and
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AAA ek} wEe ol
2](Decision tree) 7]¥F HAlgY mElS Alsisio] 1]

=
G5 A7 P $E mEs Ak
4.1 DLHEEIL K-Fold WARES

waled mEle] el ok AnE difo®
<+ A|E(Training Set)e} A3 HE(Test Seh=
2lohs A& (Campling) A& Aty wAled
mdo] A Al FH AES H47t AlF AES] A
Fol mlg] FwsAl Eow A eHOverfitting),
Wil 242 3HUnderfitting)o] 2t sh=, 2o 2] o]
BAaAFRL O st Fig 4-D2 - 7}
t)Zgke] e zo)thRamampiandra et al., 2023).
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Fig. 4—1 Overfitting and Underfitting
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FQst Igo|r, o]F 93l K-Fold ma5S A8
st} K-Fold a5 @ AES 75 AE
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Fig. 4—2 K-Fold Validation Test

<Fig. 4-2>+= k7} 59 wj¢] K-Fold wA%2] €
go]th(Staartjes et al., 2022). CV, &= HAlEY &
d9] Performancel] Hit, k= WAFEE9) 347 1
21 Perfomancew $d AEE 53 Hiled 22
o AF AEd g y(RAR T YIS 3t
MSE (Mean Squared Error) ¥ R? X]ojt},

4.2 Lasso 37 mala{sl =

Lasso 3]7] 29 tfi2|] 37 7]vk Al
2d F spoln], 7| AF 399 A
5H€3h7_7<} ARk mdot), Ay 3] AT

H-g-5H F ahel MSES] #HAslolrk

Lasso 3|7 RE& F7H30% HdEE Hofst
o] MSEE HaAslsith oldg ddeE 43t a) 2t
3L sp, SAAT(w) o A7)E Alojsity dulgt
o] T7RE IHAATE AAsh, o] S L1
14 (Regularization) 212 3t}

Objective Function :  Min(MSE+ Penalty)

= Min(MSE+ a(L1)norm)
= Min(MSE+a)_, | W, 1)
i=1

Lasso 3|7 B9 AT digkel s dg
£ Folste] o] AdiFow mu|gt sAAT
£ 002 EEsith ofF Fall A% 34 Rds o
s (Generalize) 3HA] WHeH, A 23hs WA|sh=
&37F Qlth(Khan, 2022; Venkatasubbu and
Ganesh, 2019).

3 E2| 7|t DAl B

Eg|(Decision Tree) 7]8F wAleid 2de Axjgk
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+ The <Tab. 4-D¥} £t} CART(Classification
egression Tree) B2 Eg] 7]k wilzy
g oM 7hg 71Eel mdolr) B Aol A
el FaA e d&%F Rigo|ER
Regression Tree R@ls A&shd, ohE Eg] 7nk
maled el 9] ESF Regressor7b b 2E

and R

m

[

Tab. 4—1 Decision Tree based ML Model
A4z HTY A4z 943
CART (Classification Tree) CART(Regression Tree)
Random Forest(RF) RF Regressor(RFR)
Gradient Boosting(GB) GB Regressor(GBR)
eXtream GB(XGB) XGB Regressor(XGBR)
Light GB(LGB) LGB Regressor(LGBR)

CART(Regression Tree) F29] 7= 715 23
BEAG J)

WE,,)0) 1 710, BI)He BAgSs
T eApgke] FHAiglelth w1 wE T Y
(areal, area2)X MSE,, i areal W A7 5]
MSEOI®, ., & areal W) AFRE] 5 ougit
(Chaudhary et al., 2022).

Objective Function : Min(E,

weight )

mawal mareaz

E‘weight -

MSE,

arml

MSE,

area?

CART(Regression Tree) R 2olX areal ™} area2
5 Ure 71E389 7k QARNE,,, WS #AE)
_i‘l' Z-]S 1‘E(I\IOde)‘—"/}‘J_ gﬂ]lﬂ 7}\ LEE _EI_E j

“(Loop Node), "HA|2 =5 ]~ »-=(Leaf Node)
2hal &9k o]¢} é‘% == A Vel et E
2] £&o] ¢ F P T & Adge] Has
HE Aygtow AXsth = =T+ Hyper

Parameter TuningS 53l WS 2498 4= Qluh

RFRandom Forest) 22} GB(Gradient Boosting)
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A9 P2 CART 249 Ajalg 948&
sk7] 98 #lkd Relojty. RFRRandom Forest
Regressor) ®9:> CART(Regression tree)
N AEete] olze] Adbgkel tigt His =&
\q.. RF 24l& ﬂ.\;ﬂx%zﬂ_o_ H]—X]'g]»_— x}x%o gj\ob}
ne A717F o= A% TS W ol 4 ¥
gEo] HolA)= whido] glrkKwon, 2022).
GB(Gradient Boosting) Al % LGB(Light
Gradient Boosting) ®&2 2|3 wEF X|&EHOo0®

Gk

j=g =) KeN
e

n

e

g
-2

T Z T4 Ed D) A5 oRwE A
ok 3 LGB Rl AgAgte] A ow g

,j-]io]\/]. oA ste] gaAo] Ao 2 =u}
B =@z} XGBeXtream Gradient Boosting) 2!

o 01]31 7] okt 85712 Ed| Ssslal o =3}
WA 2R d5E Aol TEeAE Folske 3
< B3 LFZ AT GB Reit XGB R
Ego] Zlo]2 gl og Q)3 Eg Rahow
A, 7P e E] 7R waleld s grpt

ot AsAzte] Ao Zrk= o] EA)st
St XGB REl2 HHsa(ts CPUS AlYske]
GB mdof ujsf Aarzto] gron, HojAgts W
k= o] gltkKwon, 2022). o]o] wet & A
v g8k SHelA GB Ry & a7t gl
XGB He& & A7l 2ggirt
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4.4 Hyper Parameter Tuning

e 2o gl K-Fold wakls
% Hyper Parameter Tunings A&ate] 2 3le
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Tab. 4—2 Hyper Parameter

Tab. 4—3 Cost Function & R?

Hyper Parameteri= WAleld =gl A& A] Alg-
A7F ARk e gojw,
Hyper Parameter #h& 3l #HZAshe waleld &
ue Agek S 011:} Hyper Parametert= #4le]yd
n;;_ I} 0 E£E7) Ajolrh 9lom, <Tab, 4-2-
o)A O 7 A]%QL Hyper Parameter®] =]t}
(kwon, 2022).

4.5 HIgER:

Cost Function)?] #HA3lo|c}). et A}
13} 7o) A48 WMol whel vl gEre)

+ MSE, RMSE, MAE, 18|31 MAPE7} §lor,
fijdos 2545 e mdolo gt nlg-3t
ofxgl gPo] glom, AdjAoR 55 ¢
b mdot) (Tab. 4-el Y= waled 2dl
3 A=) dEgh ve AR AAg a1

n& A2 FAE nlgint

=

rir

¢

oo Ay oy ox
off

Hyper Parameter Definition Cost Function & R? Definition
a Ridge/Lasso/ElasticNet 3|7 Al &3 RMSE(Root Mean 1S, o
cv uIAE Squared Error) \/;[;(Y"7 r)
min_samples_split| =& &2 9ISt A5 ME £ MSE 1 oy
min_samples leaf | 21 TC0F S| i8t HA ME & (Mean Squared Error) o (h- 1)
max_features x| HO| &2 st feature == MAE 1< ~
max_depth Eclo z04 20l (Mean Absolute Error) n = (FmT) |
max_leaf nodes 2T o FU e MAPE(Mean Absolute 1 (-7
n_estimate Eeclol = Percentage Error) w4 ‘ 2 100 |
subsample S stE Al ALEE OI0IH B2 R2(Coefficient of ~
Dt(etermination) Var(Y)/ Var (Y)

112

5. Malz{d ZEio] Al Zn}
ol 87 ) viAled 2t e

K
(o]
=
&
o
r
o

(Decision  Tree) 7|4t 2Rl
CART(Regression Tree) RFR(Random Forest
Regresssor) LGBR(Light Gradient Boosting
T18]31 XGBR(eXtream Gradient
nals Adsi) o)gt e I

=S =1
P52 wasle] BAEE b 54
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Regressor)
Boosting Regressor)
e AA v
oF RES MAsith
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710} BR=e] A% =7 o] 3502, EEW
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Fd AEY HEE 20% 10%, 183l 1%= A
T Fd AESE A AE 3F ScoreE MIwEFAaL,
1 A T AE 2F Ael7h 7 AA YeRd vlg

2 192 Uehdtl theo® Lasso 37 2dd o)
o K-Fold wAdsS Asste] Bjas ojs 2
Haloith B4 A3l K-Fold 53+ k= 64 v
7V 955 Zlo g FelE Q)

99k e WS AR § HFH R Lasso 3]
Ras Aeate] v)gslr, st SAAS, 1Ea
gaFeo] 091 BIFE ERIsGith Lasso 3]+ 2
o] w39l p2S RMSEZF 234.246, MSE7}
54866.734, MAE7} 173.797, MAPE7} 8.43%(%), 1]
Il R?o] 0.956°% ueRstth <Fg 5-1> Lasso 3
A2 xF3} SAAFCAE 715, 15917FA) otk
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A Study on the Prediction Models of Used Car Prices for Domestic
Brands Using Machine Learning

Seungjun Yim*, Joungho Lee**, Choonho Ryu***
ABSTRACT

The domestic used car market continues to grow along with the used car online platform service.
The used car online platform service discloses vehicle specifications, accident history, inspection
history, and detailed options to service consumers.

Most of the preceding studies were predictions of used car prices using vehicle specifications
and some options for vehicles. As a result of the study, it was confirmed that there was a nonlinear
relationship between used car prices and some specification variables. Accordingly, the
researchers tried to solve the nonlinear problem by executing a Machine Learning model. In
common, the Regression based Machine Learning model had the advantage of knowing the actual
influence and direction of variables, but there was a disadvantage of low Cost Function figures
compared to the Decision Tree based Machine Learning model.

This study attempted to predict used car prices of six domestic brands by utilizing both vehicle
specifications and vehicle options. Through this, we tried to collect the advantages of the two types
of Machine Learning models. To this end, we sequentially conducted a regression based Machine
Learning model and a decision tree based Machine Learning model. As a result of the analysis, the
practical influence and direction of each brand variable, and the best tree based Machine Learning
model were selected.

The implications of this study are as follows. It will help buyers and sellers who use used
car online platform services to predict approximate used car prices. And it is hoped that it will
help solve the problem caused by information inequality among users of the used car online

platform service.

Keywords: Used Car Online PFlatform Service, Used Car PFrice, Brand Lasso
Regression Machine Learning, Decision Tree Based Machine Learning
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