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A2 OI Al A4 A ofe], 3 Ui, AR 4L el Sale] 1 S ek 519k 20200
St AR AN SUV AES) 13k -8 50% oo Shejsiglon, stol el AEe Ak wolgo] Al
1ol 5 ) o 191, ol e ol A2 ] Faih AFIAE QI Ik, 1 e 03] A i
BYEE A o P U Adslel Fi3t b4 ol B ARk W 5 }Ex} AP SUvs)
stoluel= 249 Q7) vhd Y5ekn ok, ol ABE TR Fudt 4 o ke

e ) AR A BRI A A, SV, el Shluels AT E e }a PERRA
7210 B BElo] o5 AFE A S FAk 44 oS BES ek o) S8l 54 HE0 Lasso 3
B FE3jo] SHS AT F 5 ATYOR PP UL APk 1 A3 LE AFeIN H95 BE CBR
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HIA~E 53 At
gl sk FEoE ERIFATHLee, 2022).
Saap 2Rl EWE AH|AE AH2 o] At A
el A, Ak o], Au] o], TEa A} A
5 ST s RS Algstal Stk

HA2d (Machine Learning) < ZAFE7} WA
o zrIHY HA &1 5 7 e Y=
T o7 gojerh(Samuel, 1959). HAle g
2010\ o]§ HdloJele] EdF ol& FAeH] ¢
g dugE ol Ada] s A5H Ae] ¥
dow A& oR whdskal lth(Lee, 2022). &

& 3ol A7 okal Als]EEte e
%%6}71 A2kt Lee and Shin, 2023; Yim et
al., 2023).

20209ddf o]% = -
ol % mde] Ak 98
AFEdL) o] AFES
579 (Feature) 2} 22 i 34 SAS Ed=
1;]_01:6]— u{/\ 114 UJ ‘331‘6‘ )\hsg oq ;2}
7V e Aekaliey. 1 A oo
TollA < Hé— dlo] B} Bdof s n]gekF
27F AdHes ithe 2le ERIEIt
(Chaudhary et al.,, 2022; Gegic et al., 2019;
Shanti et al., 2021; Das Adhikary et al., 2022).

U AsAE APellA A 5 SUV AFa gfol
BT 2] s AEEI Qlrk SUV Ak
& Ul APl gl vid ekl glom,
2021 715 54%°] AfrES 7153kl Alde] A
TS ARG Kim, 2023). T3 slojHE|= 2=k
2 = AlelA 2023 127] ghliEo] 109,371

AgelA Faak 7+
Al AR
EAow kel A9
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Adsf 7] FElE 50,3630 oiE] vl
O vERtHLim, 2023).
Aol A 2R3 Adglo] AA) X}
e o ] 7Hs
: EHL.@EE Yim et al.(2023)> E%
AlFsFA
7S Agste] 54e
B Eg 7k
Agsilt. 1
W Apgo) Lt 7PJ‘
}Oﬂﬁ} :LFHUr 1

A

, OlE

1o Ho

2E 07 :TL"‘O}‘O% Z oBa:! =4
sttt w3k mlaley mule
g 54 A g 54 F8H(Feature
Engineering) #golA Eg 7]dF waleyd 7ds
283 EA Al (Feature Selection) E4 ¢
AHAE WS 549 o550 AR 9wt
At =4 vebrd Wo] slek(Géron, 2022). ©]
o] wet xE BEA M 93 3P O F Lasso
39 mue shgslolon ey Fo] MZyow
&’3=(Ensemble) FE& APt} He RS
AAaigieh mAete R Al H9r REE i
© % SHAP Value®

2 e e

A58 F1A 7V

HE
E
Il

AR A 2 Al ) Q"U il
o7 v gt Faak 71 A5l Ewel HaL
A o, olF 7+ AR nigA R Qs Ay
A e el Ado] ¥} gk
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23} SHAP ValueE 288 U F2% 714 o5

2. Malioin
2.1 L Sk} AlE

2018'dellA 20207k4] 3 &<t Sk A
A %7}5}5 FAlel AStek 28y 2021
a2k A 387HH 2 2020199 380““'/“3} Z
2bol7b Gl Ao yeRdth FEst 2021 Faak
A Ak D167 dh 2l 2.32u 2 et
 20201¢] 2.06WET st Ao® YERsTh
ole] whz} =] Alx} Auljk thn] Faab ik
O] HIEL ARsAk Azl ml=e] HlERl 2.4u)9}
Hjssgh AR Ve S Tk AR 457l
=g 2 4= itk (Lee, 2022).

e} 5Hﬂe mEekal Faak 2l £
MUIAE T Tk AR vd Sk
oo wl= A FaAb 2Rl EHE Wﬂ] e
¥ O7 Carvana, Vroom, 133l Carmax %°|
Jom, S AEE Faak ekl EUFE AuIA

xAo7 47}, KBAkxEx}l, a8z K—Car

AUrk = FaAF AR e 2l EH
AR|AE 283t 23t AdEe 2021 457] V)
Fo% A Tk A o] 38.3%% ueht
IRl FuAt A 41.0% 2 oz 3}
A= AeHe)E], 2022). =] FaA} 281
PE AuIAE 2= AP 2] 912 ARV
TR, w71, 283 v B0 ARe) A 5
A1 of - &7, e - HErTo], b, il Al
E 9 ARE Faak 22l EH9E Au|~
Sl Al AlFskal k(Yim et al., 2023).
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Dols skRst

[=) =

2.2 Alz{d = 17 7 ol
Chaudhary et al.(2022)2 <l
Al 2] Al 54 (Feature) &

s
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Bt
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e oz mae

o d)
=)

A|Fst3A T
CART (Classification
Tree) B4, Lasso 37 R4, Ridge ¥# =Y,
7123 RF(Random Forest) R&S 2351910
A RF OREo]l Her RER AdEI
Gegic et al.(2019)2 HAUYol ZFual AlEA
el A, AES} A7 AEE 54 B
g3l Faak 7H oS REE ARSIt o
el SVM (Support Vector Machine),
ANN(Artificial Neural Network), 18|11 RF &
A5 Adgsiglon, 1 Ay RF Edlo] 7Y 9
sk 2aE A=
Shanti et al.(2021) oF FaL
ol A, A gn), HFE ofojul AJE T3l
nlaE 40 A4S E8sto] Atk 71 ¢
Tue Aoksllty. o] 98] ANN HE RF
GB(Gradient Boosting) &9, 18|11 SVM
Agselom,. 1 A7 GB mdlo] 7h
d2 AT Huang et al.(2022)-&
Ap APOA 2k A, AlRF 7HE, AE
A2 A g8ato] At 7H
ekt ol& Y&l CB(Categorical
XGB(eXtream  Gradient
831 LGB(Light Gradient
Boosting) & Assieion 71 Ay XGB &
o] 7k et RaE AgE gl
Nasiboglu and Akdogan(2020)- Kaggle®] A}
= tos Ao A SAS EEsfe] Hils
1A} 748 dE RS ARkEIGIt) olE fsl
% 37 29, Lasso 3]¥] 24, Elastic.Net 3|
, Ridge 3|9 24, RF 24, XGB 29, 1
2]32 KNN(K Nearest Neighbor) E.2-& 2e3}9]
o:q A 7].x1- _C,L_/Fs} 2ds Hﬁa].oﬂ\:]-
Yim et al.(2023) sk Faxk APgellA &1 A
A 54 B 7205 EEste] Hsd FaAt
7t o5 RES ARKIITE Lasso 319

1% 913 4% 31
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XGBR R¥, 723 LGBR RE& Adsle] nae
W FHe mds AFsiGith 1y Yol dgl]

TAE Lasso &+ 223 Eg] 7]¥F WAlelyd B2
g AR QAEA ZE sAFe] Uitk

Das Adhikary et al.(2022)< ¢l%=
oA 2 A AE FH SAHS ;_%;}04
2k 7H4 o= E%é Aljrepict. o

a @J% 7}%} -Or—’FU} 24z LGB Edo] =3l
t}. Wang et al. (2022) S T TAF AllA 2}
2] A9, A A Rl o AV 54 5
de dEstd ?JJ} 71 o5 BdE AR
o} ol Y&l CART =Y, AB(Adaptive
Boosting) &%, CB &4 GB &4, LGB &9, 1

?lan XGB Els Adeiglon, 1 A P e
& ez LGB Rdlo] A
TRk 7HA efiFo] FAIQL ti-e] ARATE

A, Ao Al EA dF 54 5ANE 48
gk sHARo] EAPBISITE A, b A = Bl
T der mald Rds Ay, Ak
(NI, SUV, stelBEm)e aesk] Esolth o
o et 2 Faak 7H oSl 3l 549 F
S5 4 F Sk AR, AR FuAF M-S

AIHER Ag3le] A% o) 9k AR
B ATE A oy 2% )2 welsel 4
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3kl Lasso 37 RUS E3)] EA HAuHe A3
P REol 002 U S48 aoAsinF
54 A, theow om yu
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3. K= +E ¥ SY 43

3.1 A= £

® e Fuak el FHRE Aula T o)
A Afgo] 7P &S d7Hencar.com) o F
A RS EBSinh e B Ao 24t

= HATS] Fuxtolw, Ao}
A4 A2l Aok, o]
A AEAY, w4, 7H
(Crawling) & A&ato] o]

3.2 BYo| Holo} 53

54 (Feature) > maledo] djdls ghsst &
A% ke BFE T¥sk b Fest oY AsE
et} (Sikora, 2015). & B S9HSE 4
IS EEHTE etk

2 ATl A Al B Faak 7HE 4
=2 St AYATE Fxste] BA=: AU

, 20 @), 3t 1ok 4 AR, 5 2, 6 ),

Ty

, B, on),

wu: A%, 2 FE

A=l 94, 20 7K, T8
348, BAE, A8
B FEAY, W%, ZLE] Ao 2 SISl
oAl A SH B
al.(2019), Shanti et al.(2021), Huang et
al.(2022), Das Adhikary et al.(2022), 18|11
Yim et al.(2023) 9] AARATE Farsialon, v
Mo fFEow FEeisith A, ol - e H 5
M MFEE e dF Aloltn|y, dF EY
3, IXRERO] F23, Fara] ol
2EO, e AE0, 3k AE|old, HEAE
E, ECM Fv]9, slolsi, AEoH FJJ_t, o]
Tojgh aela 9] Ane R 0, i DE
Ttk A, b e AL olojul (A

o

Gegic et

Al
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2} SHAP ValueE &3 2L

D, Sl E5), APCIED, ool (D
Belola A, vlmEwA B, Eolo] 2]

AN, A3 A AoV,
ojg A, FA 7 AN
W), e, T—i— 3

el A,
), F3F 7 A

& ) ZE, aejal ofgke=
0, f DE FsISITh A, He
2 dEutlo] # L—% AFA AEE, AR
FaREeld, dEq taEde], A ooz, vl
A, L& ZolE, BEERI=(HFA), BEkI=(F
W), AntE7], A Eojis, upAleld, W
V EUE, $H AV 2UE, USB &2, EF524,
CD Zdolo], 18]z AUX @&} 5(F: 0,
DE FAsI8ith JAl, AE 3 S48 ABAIE

@A), ABAEGESA), ABAEGS), 7H
S SAAEQH), SHAEGIR, o
o AE@AN), el AZEEH), $F A=

(TXW) AMECESH), 183 % *lE(EA
0, 1 DE AT

% el He A5 9
—0_2 0, HID I = 1,

H—1

TE3) E_EZ 741534

)

K
ol
_O|Lt
=%
.—E
;1
Y
Li

3.3 Rlzo| BR

= A7 A Al meh EReslth A
& Ada SUVZE diEdeln, sfo|He|= AEL
AZAPE 718 At @0e) Ao st gl
on, Ak A Ee] Ao Q1AskaL gl
olef me} sfolH =S A MFE XISk
T ARz ﬁika Alglg Al SUV, 1

A=k
2] fo|B Y|t xRS E 24,9432 EQlE|ck
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4. DAl ZElo] Al apy

52 g mAled 2o A e ¢4,
Aeo A A F waledel FelHe S
Adehs 54 3o At o) 2w A
95 A% § K-Fold wA5E Aqsto] 4
9 B gldt teoR maleg mdd
stold] vfetrle 7 IS Fal HskE 2o
HFE B2 5 ol &8sl mled nds
ARt v Eo R vl BEl 3 HSdE
Hlasto] 34 RS ek e 730
4.1 54 39

54 ¥ (Feature Engineering)©]& 54 1t
(Feature Space) ] W#2 53 A=E 2-83lo]
d5  EH  Aes FPI=  FHEeln
(Nargesian et al., 2017). & wlgd mdle] &

&2 5SS Addshs o, AA F 7 3

o] Attt AA, EA FZ (Feature Extraction)

2 FAE BA(PCA), A i 24 (LDA), 17
1 22 wE BN (QDA) 5ol taEAo]th(Seo et

al.,, 2023). 4, &4 A9 (Feature Selection) 2.
2 39 7wy B B EE](Decision
Tree) 7|HF Waled RS Asto]
gt 53] Eg 7|k maleld
Aele Cardinality (A2 A¥HE "E]ﬂ %53 1 A

T 7 =& BAE HEsk= 4

3 7Fs/do] & wilo] & H?PHGeron 2022)
Lasso 3|7 222 3]9] 78F wileld 2dl &

shube A9 3412 %@% 21 MSE®] #4:3}e]

HIER duta)E T olE 3 A

(m)e  =A71E  Aofshd, ol L1 Al

(Regularization) 2}a 3} (Chaudhary et al.,

2022). ofgl] AL 11 A2 o)tk
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Objective Function :  Min(MSE+ Penalty)

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

L1 A=
,OE’VH 03]6‘]:

ﬂv"iﬁl?ﬂ

4.2 BiCiixet ¥ K-Fold WiIES
tﬂ E]H AnR=Iks)| )\Tsﬂoﬂ oA AEE TH AE
s} Al MERZ Felele AlEWGampling) A&
Ageit) waAyy mdo] A A Ta HE A
7} A AE Hepel vlsf HwskA s A5 A
2 Overfitting), W= k42 FHUnderfitting)o] 2}
SHcHRamampiandra et al., 2023). A3} i

sk Ajole] A¥EE F= AL w23,
K-Fold wabA52 Ads Edl MEH] e
S ol 4= 9ty K-Fold w5 & AE
£ As HMERZ st & ki HhEss S A
Zt}(Staartjes et al., 2022).
4.3 g o

EAE 5 ) olde] CART

= (Ensemble)
mas A9 3 oA Edgk B3
(AL A5 o® HF dAghs AEshe
Alo]th(Shanti et al., 2021). ¥ &7:e] ZAujgk
Zux} /1AL 9d&do|m g B ol lofA
e BEle T Regressor’F 71
St} <Tab. 4-1>2 A3k 30
ot
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Tab. 4—1 Ensemble Model
A3k 15y Ak 953
Random Forest RF Regressor (RFR)

Light Gradient Boosting LGB Regressor (LGBR)
eXtream Gradient Boosting | XGB Regressor (XGBR)
Categorical Boosting CB Regressor (CBR)

|=R=]NeR
a e

RF (Random Forest) CART

(Classification and Regression Tree) E29| I}

A&gS ddsy] s AbEey dagle] d%
g9 w #FEsE=  RFR[Random  Forest
Regressor) E2& n7/l2] CART(Regression

Tree) B2 Aygkel digt B-S E=3Th RF
s} RFR nel A7t o= A% 7S W
ol% 459 ZlolR|= o] Attt
(Breiman, 2001).

LGB (Light Gradient Boosting) g3z
CE A&EH o7 Hoksle] oF QA5 TAAT| =
4], o]& A Eg] gtole} gt} ks LGB
AgAgto] oA oz F-e
=2 o] EAsitt
(Huang et al., 2022; Wang et al., 2022).

GB(Gradient Boosting) E@2 LGB Ed¥l=
gz2A #38 Ef £&o] EAo|M(Huang et al.,

|=R=]NeR
a e

el

=R =] KN
aav

F

a-

Holu,

2022), Agoll= oy 7MY ofst 5715 A4
o= siGata oS53 & A oSS Aajgkel 7b

FTAE Fold] eFE /s GB B AdA|
Zro] f Rl vls] Ark= wilo] EAsllon,
olelst wls alAsp] I8l XGB(eXtream
Gradient Boosting) =F@o] A|QH=|SltHChen and
Guestrin, 2016). & <17+= GB F49o] n]gsh
o} Zpol7F A9 Gl XGB Reks A3 —33}

CB(Categorical Boosting) T2
E7} tido] ozt A ¥ /‘ﬂ
k] ARk $ AyE EdlE
0. E3] (B REo EXSo] W
A= 71k 4= vk (Chelgani et al.,

E
j=h =] KN
aa=
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2@} SHAP ValueE &8¢t =W St 7H4 o F

20| ot ¢17

4.4 50| m2iojE| 7

sfols]  mEpulE]  Fd(Hyper  Parameter
Tuning) ¥4 HAshd waled 2gs A8s)
7] 3t Zvl7H4=(Hyper Parameter) ] #hs &=
Z3h= golth <Tab. 4-2>% dnbdo=z ARg-
H= 2vi7iRgEe] S50t (Yim et al., 2023).

Tab. 4—2 Hyper Parameter

Zul| 7S %9
cv(k) A Z B
min_samples_split = 7S 98 Ha NE
min_samples_leaf X =55 98 HAa NE
max_features 24 239 feature —’F
max_depth Egl9] Hu o] 4
max_leaf_nodes g =0 A 7H—r
n_estimate EZ (CART) 7

ANePE AR ol% 57

% A ALgE dolE mg

learning_rate

subsample

4.5 H|28k

Al o] EA 8= (Objective Function)+= H]
43 (Cost Function) 8] #A3lo|t}.

Tab. 4—3 Cost Function & ®r?

H] g3 R? 9
RMSE [
(Root Mean Squared Error) niE Tl
MSE 1 ou
(Mean Squared Error) n ,;(Y’ Y)
MAE 1 5
(Mean Absolute Error) ;,-:IMY" il
MAPE =
(Mean Absolute Percentage iZ\ (¥; v Y x 100]
Error) " i=1 !
R*(Coefficient of Determination) Var (V) Var (V)

2 AT Age AEFYo|lmE 2 AofA
89 v)g3E= MSE, RMSE, MAE, 181
MAPEo|H, Atjdo g F27} Ze4E 953 2

o}, B3k R M7 o AN A o7
FR7} 242 9548 wdo|th <Tab. 4—3>0A]
Ve mley mae Ads AR ogh vie
A5 AL a8l nd AR F5E u|ditt
(Yim et al., 2023).

Kl

4.6 SHAP Value

SHAP Valuedt 78 5459 23S
g oASHel  dig 549 7]ok(Feature
Attribution) & S o®  ARXKF kg oJujdit
(Chelgani et al., 2023). Lundberg et al.(2018)
& e B 549 AeEr A8 =
(CARD I} gefEs 2L wkdslr] 93] Tree
SHAP ValueZ AQF3ISiTh

TN =E

Tree SHAP Value = E,|f (z) | x,]

12> 71 Ez](CART; Regression Tree) ol|4]

%% HF ==(Leaf Node)°l #74 A}

e Batgk(eSgholn, o] A5 dA &4

AEAN z7F 25d HF k= & T AES ¥

Z715 7]19%k (Conditional Expectation)
F3 ol= A Bl A7 7|9k

e o,
-

B

X

o,

5. D{Alz] Dcilo] AlsH 24q}

= AT 542 AksE Her E Rds
AAshs Zlolm, e AFE Her ZES o
Fow F9 B4 AdA o 549 ek
= Zlsk= Zlolt oF S8l & A= A, A
55 A AEEE Adslt A, AEE
54 A9l Lasso 3171 RES Adsto] Faat
7 Aol WA= ko] 0o Ut BAS EE
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ALt =4 As)). A, 5 4

220] v e EEste] A
dxé stk mpAHo R g
Tree SHAP Value®| A7}
4 7]0112 HL61:H :]_;q_,_ E

selstgint
5.1 MIEF Skt

A Tk & 11,823 (AvAI A 3343r41
ol 3,957¢, 71ok 3,377d), Axd: 720), =
1074t = veRskom, ape] Ald 54 \“4%
<Tab. 5-1>3} A},

Tab. 5—1 Sedan’s Specifications Feature
EF

oan)
EA] . e =03

= w}g (hp) (kgg m (km/D) % (kg)
mean | 225102 | 30.560 | 11.344 | 1628.773
std | 75428 | 10.631 | 2.377 | 257.558
= AME71ZE | AT 7] &
EX] g Re)

54| HEED i | Gm) (co)
mean | 2739.419 | 43.811 | 61076 | 2516.474
std | 1357.038 | 16.906 | 38001 | 744.791

A A T o R AMEY(30%, 20%,
10%)& Ay 1 43 FH AE FE6S
AEn) ok Al AE A4(elE Fg8w) 1t xo)7t
7V AA e Bl 10%2 VERELL, CART
2dE K-Fold waH5s A3t A7 k7t 64
w 7Fg $5sksiek ol wek Fd AEE (10%)
7 k3h(6) 0% Lasso 37 Edly} oME HE
T o5 Agstolth

Ak Faape] o mdof ghgsly] Y3 =
A AYo= Lasso 37 Edl(e=1)<S A3siSlrh
T A HWFY 54E ALdsta gEEe] 002
ERt 54 99jeols, EFFA, smartkey, B

= o1

2ol LEOIE, SERI=(F), usbdal, F

34

za EAE, ABAEEAY), FEIECGS
FENEEAY), AFA|CHe, FAEolG
MESA SRS, e, A

SN
TZL ESC, ellojuls54],

| FAAAN (), ECM, oo

cllof (Fw), 12

}H
_1

goly eue
(1), ABS, ofloful (g4,

I TCSE = BRIl ofe] et o] 545
S AAT U Y AEFeE sjold ety

9 B9 AN PR 29 AFsck <Tab,
5-2>t AW A PR B vEES 5

A|o]t.

Tab. 5—2 Sedan’s K—Fold, Cost Function, r*

M.L RFR LGBR XGBR CBR
K—Fold 0.971 0.971 0.972 0.975
RMSE 199.058 195.766 | 195.313 | 193.241
MSE 39624.098 | 38324.16 | 38147.3 | 37342.2
MAE 132.424 127.096 | 128.132 | 122.017

MAPE (%) 5.552 5.303 5.351 5.002

R? 0.978 0.979 0.979 0.979

Ak Fake] oAHE mde] A& Az n)gs
+(MAPE 7] "r7<17} e 2E
CBR(Categorical Boosting Regressor) &2

(n_estimators=600)¢] A4 ow CBR E2o
H]-§-3== RMSE7} 193.241, MSE7} 37342.251,

MAEZ} 122.017, 28]2 MAPE7} 5.002(%) &
ERgtth

oerz=r I
~ux [
azzzes [N
scu= [N

50 100 150 200
nean(|SHAP value|) (average impact on model output magnitude)

Fig. 5—1 Sedan’ s CBR SHAP Summary Plot
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I LR 71 oS Z-of et oy

<Fig. 5-1>2 Alet Fa2}9] CBR Rd Ao
e Ald AES] cSgtell thet Tree SHAP
Value?] AlZtglem] 57409 A4 7o) 575 &
ofFtt A oR A, AkF A7|(4AF ~ o
), B, ARVIZE v, HEAIZES] GG
A AEE 50.7%), 183 T (RE 64.2%,
FH 11.5%, AHF 24.2%) w02 Mg Faatk 7}
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Tab. 5-4 SUV’ s K-Fold, Cost Function, #?

M.L RER LGBR XGBR CBR
K—Fold 0.978 0.979 0.978 | 0.981
RMSE 159.798 | 152.576 | 160.515 | 148.630
MSE | 25535.441 23279.56 | 26764.8 | 22090.8
MAE 110.684 | 106.306 | 107.993 | 101.770

MAPE(%) | 4.963 4.780 4.858 4.581
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Tab. 5—6 Hybrid's K—Fold, Cost Function, &*

M.L RFR LGBR XGBR CBR
K-Fold 0.950 0.950 0.945 0.957
RMSE 187.427 | 173.776 | 196.905 | 172.247
MSE 35128.79 | 30198.23 | 38771.6 | 29669.1
MAE 140.758 | 130.010 | 144.621 | 125.544
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R* 0.957 0.963 0.953 0.964
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A Study on the Prediction Models of Used Car Prices
Using Ensemble Model And SHAP Value: Focus on Feature
of the Vehicle Type

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

The market share of online platform services in the used car market continues to expand. and
The used car online platform service provides service users with specifications of vehicles, accident
history, inspection details, detailed options, and prices of used cars.

SUV vehicle type's share in the domestic automobile market will be more than 50% in 2023,
Sales of Hybrid vehicle type are doubled compared to last year. And these vehicle types are
also gaining popularity in the used car market. Prior research has proposed a used car price
prediction model by executing a Machine Learning model for all vehicles or vehicles by brand.
On the other hand, the popularity of SUV and Hybrid vehicles in the domestic market continues
to rise, but It was difficult to find a study that proposed a used car price prediction model for
these vehicle type.

This study selects a used car price prediction model by vehicle type using vehicle specifications
and options for Sedans, SUV, and Hybrid vehicles produced by domestic brands. Accordingly, after
selecting feature through the Lasso regression model, which is a feature selection, the ensemble model
was sequentially executed with the same sampling, and the best model by vehicle type was selected.
As a result, the best model for all models was selected as the CBR model, and the contribution and
direction of the features were confirmed by visualizing Tree SHAP Value for the best model for each
model.

The implications of this study are expected to propose a used car price prediction model by
vehicle type to sales officials using online platform services, confirm the attribution and direction

of features, and help solve problems caused by asymmetry fo information between them.

Keywords: Used Car Online Flatform Service, Used Car Frice, Vehicle Type, Ensemble Model,
SHAP Value
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