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7] 93l 5733 LeCun et al.(1998)°l 23 (dropout)71%

HE ARESlCKSrivastava et al.,
A AU A71A FZEER] =T ofH] 2014). i AL o)A A2l Slo}
AN A7} 77k gd71E] o] AdaaAG & "ol 7oy MAlEd 7l vl ¢
#FH ARE ouidth <9 1> AT A 53 A%-S R2ltiLee and Kwon, 2017). ¥

7o) 718AQ FxEo|th dAF AAEEY s =
7% ZA A= S(input layer)¥} Z23(output o] v AT} Sold A% el e A
layer), skt o]’de] 4 71S(Convolution 7} 718352 07 ot o] dyol| Hky

layer)@ &% AlZ(Pooling layer), 183 &+ 3 e HES FYske Ade= & vl8o]
974 AZ(Fully connected layer)©.& FA4% WA=, 43 AW 8T = ol%
ok JE3oll on|A] Feje TlolElE AHskar & Seu|ElY s =Y T A Al
dF ASS & DEPl F4dd EA & 43485 =23 »Ad 5 ok

(features)= F=3tt A JE 9 A A T A Al 58 HlolEel A&
S5 243} 3= ReLU(R ectified Linear L Ao Ao 2A)51K] gd), 1 o)g=
Unit) 32 Z239AdE 24(vanishing A A2 AT dlolEu 418 Hlo]E A
gradient)S 3i23}7] flsf AREETH ol =A%} A A9 tlolEdl A& wjrET} ojn]A] T
QFAF, 2018). 3HH A I ASL olF & olgof] A& v o] T Hee HolV] W&
F R A5 g Gk QI A 7= olgtal AtEth sEA|RE A F- HloJElY 418

o

£ 7B Bk o714 Qe QRS HlolElsh 2 57 HeolEE ofulA) Hele]
o] §1go] 9lr] WEel, YIE U 2 AEsh uee - ok, o 958 A

8
&9 7L AASEN ek EEOR: 2 HY 4 AUrkHosaka, 2019; DA & 24

- 208 -



A8 Hlolel9] ofmA] Wghs &8 3w AETH X THsd ATATXANS o8& JIQ1A]887t

v, 2017). webA B ATelAE FA8E AA e AFAR st g dlid 2¥ Y 8=
BE A83h] Sfsll A HelEE o|W]A A= g9 sldle BV esAl TESIth A
tlolE wgeh= WS &8ehal, o]F e 7Fsd AT o3 B34S sj4sh]
A7 A8l JHIE il tigk AT = 8l 743, AAA el Aol e o
ojf AR5 wE:dh= AAS AN Gt EopllA ATEIL ITHArrieta et al,
2020; Bohle et al., 2019; Heyi et al., 2019;

2.3 MH I8t Q2l&ZX|s(eXplainable Sebastian et al.,, 2015). Shortliffe and

Artificail Inteligence, XAl)

Buchanan(1975)+= 713 7|4t JALEA HAS
e ojabEo] Sxke] WS AT = A

AH 7Fsdt 1Al e mAlEY B 9EY 331 ©]F Van Lent el al.(2004)2 S1¥A%s Al
< X3 AT 7IES ARl 7S 4 2Ee BasA slxut 2] A 7)S5=
5 RS0 B AR g =g o o 2 Hkdo] Ae] gtk AL x| Ash <dH 7}
AR T A o] AEHEAE & W 53 dFx5 9 Ade FAF o) da
71 Sish ARgshe ZIHeltHAdadi and g3} w1t o), = HHER B B sh=go]
Berrada, 2018). a'ﬂil HalEy 5 HEY 71 A FARZ AFE Bl AT AR
55 288l RS 7SS A5 HYgs F A Ay 7]&e 1A 9 sl=o] A%
& S8l oPOM JJrEMEi Mg seAY o] HlekAQl Ao 2 Ay} o FuksA A
s, 6‘} JHE= 7S oA ARBsl 531/ g gitk B3] A2 2§ Ropld=
TEE AASRE A7E WOAAL 3L ol A shsdt Al tid ATt WyE D

<I 2> =8 2okl MEE MY JtsT ASX[S (XA

AL ¢m2|E MNAHAE) AT ZAn ¢ oo

Rule extraction AFAAEE E83) ¢33 s 7R A498ES Hrishe 28

(Neurorule; Baesens et al. TEslaL, AW Balshs Neurorule, AR VYRS o] 83h=

Trapen; (2004) Trapen, HAIA2ES o] 83h= NefclassS 2tz 75 20| 2|83
Nefclass) A 7Fs8E Eolal BR B¥o] A& S Wlske V1SS AlAl
1Q1A-8H7 el 4 sSVME 288 Y-S 753 5, SYME E3)5ty

Rule extraction Martens et al AL Bles daEEs J8% 2yES 755 o8 F9
(SVM+Prototype; (2007) ' N8 7 e A8E o e FAS AP, 7S FE FEE
Fung et al., 2005) TER 7PHS APEAVEE Al 71%(C4.5, Trapen)E Ett o

2 2F AgEE 2Y F IS T
LIME, Vincenzo Moscato et al.|LIME, SHAP 5 XAIZE random forest, logistic regression®ll %83
SHAP value (2021) 21833710l AR WMol gk A1E)4ds 37t
Katsuya Futagami et al.| Lightgbm< ©]-83 230l Shap value 73S =& ojd H}
(2021) 719 AFAet B AS dSshet a3 MR A
SHAP value =
Yang et al. Xghoostell Shap values 283l 719 =4t di5olx] Abdel wg
(2021) A e Fa3 HEES FEE UL FH

- 209 -



FARAZEATL, A30A A4z, 2021F 129

A=, 58 wopllA AW 7hsd AFA
g o]& A8 A= <3F 2> F Ik
H Al el3dA H3KLayer-wise relevance
propagation, LRP)= AW7sdt AF3A e S
T3] #% 71 T shE, o]n|A| HlolH
of A&ste FAT RS xS Heid
719l s4e s AlgHtKBach et al,
2015). EF3Ad  Z3KRelevance)e}
(Decomposition) .2 d=o] 31,
Bl Hulgk BEX Adgs 93

o ol

il

o 2
e N ¢
oo > ot

waleh 1 1EE Bufsks spgoln, Ha)
oY B AE B8 dofdl YA T

A& gdstar sl FFoltiLi et al,
2019). 5, LRPS &8s geld 7S &
B3 753 myo] 4H=Eg A ghs Tl A
8310 Yo R RE] 753 BF 7 ATS
A3 AL e o] dlolEfol] oH
Fitol| & FES whol A7 3he AEIEA
UehllE= 3|EW(Heatmap)S 3= 31,

o1& B3l A7 Y] FHE 2 S 7

ELERET

HESITi e

________________________

off
oX,
filo
Hir

A 4= AtiJung et al., 2021).

. 7 Zaelels

B Ao ZgdYas <9 2>9F 2ok
A4 deole 3 9 dxE] dAdAE AS
2] 9 oA A, vv] M3t 9 g, Bt
tlolE] Eele} 22 A Hf BE =¥
o AHE 2 dlelH FFAH R s, o

B AL o8 mHel A% B4 T3,

l

s

171 A4 53 22 FXF HolHE o]nx

tlolEl 2 Wglksh= S FUHE 0= 113
T} o]o] HalE] HRoA= 24, <& 4l
AEZE WY w4, e S-S A
& 247 7581l v BAldlAE e
Huynt 44 A3s vt s A3 Bt
sYict, npA|= o 2 |ayer-wise relevance
propagation(LRP)E A-&3f A9 713 U+
AsE T AHE AvjEch

AN

i

(

ol o

o oM ot

o

o

ofl
l

n
il

J

m b fd
o 2

oz Ha H d8Itse o3 s 7

Y

<ag 2> A7 = YYa

- 210 -



3.1 Hofg] =& A Hx2|

tlole] 43 TAlelA] ml=e] P2P tiE A
Q1 A Z7(Lendingclub.com)oll A d=, £7]
3 A2l A HlolElE A3 W Rot St
711 418 dlojEuo]~E 5Tk

B S0 gk ZEA 2 Hxg] GAelA

7
AZ2)7} 40% o ZAEH= W= Al Ak,
BEx71 IQRE2] ol 2J3) o)A Z AHejd A
L A=2E AT =3 = 52 Stk
A Wae 29 ek A3 dad
A7F & 5 Qo] A= AAS fFAZL 5= 2
7] W2l AARH. o] WFHE W A5
M 7 AL A on7t 91, 1007 o)
e S A =8 239 AlF
==

Hol=Y 4 91| WEo] 2 MFES A
wde] 29 oelshe 195

1, BY9) g3t AEE 95 volEE g
Holelst 2%
olo}A] 2

ol
g
o
o
ull
Mz
o
o
o

L
EH
>

le] Qs OE2 T1 0
< 9% FHHRI AAEE Aash=t), oE
H A Olg, #5243 do uy] 44
O 2 FPHT] B ATlA FA dlo]ElY
olm] HlolE| & Wdlsh= WHEL 7Y =4t
of| Sl 95 A17H-E A-8-3F Hosaka(2019)
o 2SS Ech WA o W gAl gis
o] 7% 9 W= et diSEe AAE
o g Adstal, o] FARE HyES
gAdlof| wjx|git}. skA|TE s Al el
= olu|A|e] F2lo] FARIE ¥ Wt
e FAY wEo 43 #AVE 52 Wy
o] @ e FAY w A= AAE
A 2 4 QJtHHosaka, 2019). ¥ AoA=

A1 ol o] ojv]A] Meke 283 FEE A

i)
>

4 7hsd AFTASXANE o83 A8t

FARE 5485 7L Yl WrE 1 24 9
28] A7} 7Pk A =ek, Aol 54
AL e s 1ol Al fjx)9f Azt ™
S5 CS(Coreelation Score)e|2} Ae|sl,
ol 74k A1 B8 )3} Aok 1A i, je
dejef M gAdlolm, x(i)<} y(i) o] 735 =
A o] 712, A= = HXolth Ri)= A ol

AR |FE ofrlta, = A igk I joll
A M-SR FHBAE 2Jnlsich oo
Qo2 Adof| x| F HFE A8t +
o] YRS MAYE o o|drTE CSe gt
o] ZOjETHH FAS YAE v YHE
B3l HHo gy W wixE A gTk
CS= 2 jyep | c[r(),R(j)] |
*(2() —2() +y6) —y()*)
oo} =] H o] B7|(BN) 4789
T T 2ol AAS) & A=A A i

5 07H 2557HA| 2 A2 Yehlie], vhek

A2l g o] 83l == gho] 0XTh & 73
$- 0o Wkl 255K F 739 2552
g3ty

BN = ‘ *100 + 128
o[R(i)]
3.2 2y 1F
Y 75 dAA A2 FFRE, <
AW 2y AXE WE WA 728 g3

- 211 -



FARAZEATL, A30A A4z, 2021F 129

o &
o4
s
N
e
FE '9-'
> (o3
Jm o
- b
)
E e
ot I
flo o
42

or 28 > et gt
po)) i
o i
L= E
i o
) il
o >
%o
ol
ol
X
i
)
b
ol
fo
ox
o
4e,

HiA <], 2018). W A
g Eo] SASARE 2 el
2

EIRY
%

r

o

(o3

!

stepwisee]  A¢ AW MAeH¥H(forward
selection) 3} ot A 7% (backward
elimination)o] EAjl=d], ¥ A9 A% F
W B AR 7 7HA ] s REED
27y 2222 39w 7S A8 R S
TS A AEEs Bel v Hro s
T3 2 F Logit o)k Askar, 34 A

APe Fo) WE WrToR TER RYL
L

W AR stold witvg Al vk
HEo] EAEIANE % 2 AFAe f3
2] Z(Genetic Algorithm, GA)S A-&3) ¥
& AdgstaL sto|y debrelE 283 f+

A daElEe FofzE e 283 235

oL

2

dyg]Eo =z Z7|3Initialization), A€
(selection), Z1©](crossover and mutation), 4]
(termination) 2] THAIZ o] FolA Y1, H]-E-S
HE AAE Bl A3AE 714 A= 43
ol =Y sty e Fidolut
A ARESHA HE oS AAE w=Y
A tHPourbasheer et al., 2009; Sedighi and
Afshari, 2010). £ A7odX= FHA Lare
S 483 AFNEEH AZE HE #Al

s TS5k, 42 GA NN, GA_SVM©]

k
rlrow

4% B
o

Rk e AW BE ] e HA e
Al A R8E 27 Tlo]E e or] A
olf] WS Fall AAE HolElE ARgel T
3} LdubQl b AR TRt 2ol
23 AlS(Convolution layer)¥ &3 Al
(Pooling layer), <t A2 AS(Fully
connected layer)S 22 #o} LE3}a1(0] %
Aol ok, 2018), A AT B =9 AT,
TEal 9 A AT kE s B B
HAs 7PHA Hlo)xQE  H & sKBayesian
optimization)& %3l ¥4, 83t

ox [

3.3 29 Jtstt USKIS(XA) 71

opA e AW 7 QIFAIE FadAE Al
=9 Bl AIHLRP)E S8l =y 2 2=
Aol gk A Alggith ASE el
Zzke] 7182AQ1 7P F Al 7Ex|QlE), A W
Ae 2t T o= AR E9 ghll 7|8k
e 7RIt Aola, T WHAlE B A
T 7|9z} 2= relevacne score=
#HoEHRE 4 Z7kA AE drks Aol

o

- 212 -



=

A& ol 9] ojr]A] Mk 283 F AEEH AW et ATATXANE o8] MUt

i

mRE o ® A HAlE Y FOo= V|HEE 1] 418 2 A AR HEdE W] A
AZHA] 7] o] F gk REFITE Aol = 15071°]™, o8l 2,694,81770¢] #ZA]
2 AFollMe dEE AEHE 288 753 2 TAE ATh F8 HFEY 7E FAF
2187} By o] A3t gholl LRPE 283l 7E o] A4 <3 3> Atk

ASAERE 53 Al e A v Ax2] dAA ASA7} 40% o EA st
WSS9 BhlE) 28o] B % (Transparency) + ¥ AARA, <3 3>o4 FAE 5 2
g zole S AARTE B AFoAs = Z1x1¥ Number of mortgage account(X:.7]
Bach et al.(2015)7} A A& WHES e} Bl A A P)ok 22 dgllA Hol 3 949}
3 A5 4F=E3sh] 1@l Taylor seriesE AR 2E HEL IQRTAS A&l oAt Ak

gt StaL AANT = 7jQle] A5 Bold of 5
& ddap] gl ‘B e ARl 55

Al 7103 Azt &5 AreE o] 3F thEAt

V., AlS Qi AlS Zziq] d M & AARS =2 e S

< e 5 s o] tiE: 270l &

4.1 H|o|g| 2 Fxa e Heeel W] WM Ji7F U 22 100
A ol W= A ZH Yol wet Al

B AT Adol ALeshs Hlolg)s me /13T F 150719 M KA o)F 6171
o] p2p W= 7|Yel AgZe ol Aol AL -/] A7 Eokon, <5 Ml v thE
dolelelch,  wgEyel  Falelqe R AT Cloan status'S 28l A
Lendingclub.comel A ElolElE 2 trege Tk AIFHA AT HlolE ] loan status=

o Adel ALeH HolEle] 7|7He 2014 Wy W=, fully paid, charged off, current,
19 195E] 20109 129 3197kAel), /) late TO= TS} 9laL & Ayellr= e

ZHAE=x v P o _
el e | et sy | (af sy | EEEA | Huz | sxu
Interest rates 0.0 12.0 16.0 5.0 31.0 5.0
Monthly payment 0.0 437.0 478.0 275.0 1720.0 8.0
Payment to date 0.0 16970.0 8919.0 10429.0 71629.0 0.0
Loan amount 0.0 14512.0 16126.0 9574.0 40000.0 725.0
Number of trade 23.6 3.0 3.0 3.0 78.0 0.0
Number of mortgage account 0.0 2.0 1.0 2.0 94.0 0.0
Number of card account 0.0 8.0 8.0 5.0 89.0 0.0
Total upper credit limit 0.0 186934.0 150952.0 186176.0 9999999.0 0.0
Number of public records 0.0 0.0 0.0 8.0 13485.0 0.0
negatively impacting credit
Annual income 0.0 80092.0 73196.0 115316.0 | 110000000.0 0.0

- 213 -



FARAZEATL, A30A A4z, 2021F 129

oJu|3l= Charged off & H-2 &A=
3 T4 HeE AR =8 A i
2o} A tEA1e] BlE-2 80.5:195% B4y
P BEXE Ho|u e, o]dd By Ho)
% I 288 753 4% 714 g5
AstAl7)E akle] E < UTHEHE
9, 2019). et B Ao E EE Hol
HE 73 tolHZ 1] 93] 7 dielH=
FE] 10000708 F3l5-=, & doiEDES
Tt olo] By o] sFat WIS {3l Hlol
HE skFulolE el HrHolH 2 Zed=t,
A o &2 ARIA-E 7] 75 mlEe] ZA)
Al i AAAE SHtEA BRske Blol
%2317 wjEoll(Mai et al., 2019) ¥ o)A
£ 2014¥HE] 20187149 ElolHE dks
Hlo]E| 2, 20199 TloJEE A dolEE A
A & 2 2Pt
olo] FAdu AAEE 71 AL-S Hsl 71&
A Ho|HE o|v|A] HolH = wgth ¥
T7F 6L 8x8 Fxo TS FEHIT,
311004 AT dE Wy I oS HH

_ 144 m[o

oJu)sh= Fully paids A7 &A=, 95
71E
2%

ok
F{

l‘ rUlrLl

E]
3%

15].0
N3-S

2 3

< 3>

olo|x| HlolHZ

(AZ2E AN, 8

312004 AT FAdo) uy] HA W AE
gtk olo] fAlGE EAE 7T Qe HTFE
ko] A f1A19] Azt 7k AEek, Aol
& 58S 7 Qe MgELe

o] A7} A AHX<Ql CS(Correlation Score)E
HAs Pl 2 7EE AlEHA
(Montecarlo simulation)& AR&-3l 3 2|3}s] A
Zqo] ¥ Itk <73 3>
2 W3k J0E 218 dHolEE oln|#] ¥4
o2 Uehd g oAje]th

SRR e R

42 0l 28 1=

o 2 4

gtEl Al ololE] ofA

—

2 tHEX} Hlo|E])

- 214 -



A4 elojele)

olW|A] WHEHS 2

ol ¥ ®WFES AAIT, olof logit
stepwises AW A, 9 AANS 742t
2438 F 2719 WS 7=k oo EX]

el o] ==
ok U}WWE
E g vl 2o 73%011—5—
@3 Cof W] 29k
=2 W97H °
4= A3 GA_SVM

s g, A

u]_x]tﬂ—o 2 %l—/H" /‘\_]_751130]—

7] HoH Dropouts—< 71t
o] =& 5= o] ARt 47%4%
283 CNN 23S 73k
43 o=
<E 4>+ ZF BEO 45 AA4E Jehdth
8F5(Train) 2 H7KValidation)dl©|E1<] 73-¢-
2014 3% E] 2018 =2] 711 218 HolE &
ARSI, AS(Test)HlolElY] 7% 20199 %
o] Hlo|EE AREIth Held 7S 83
CNN =E3¥o] B4 7I"i& &3 F_Logit,
B_Logit 23, 7181 f-3 gaelsd w4l &
d 7I'H< 283 GA NN, GA SVM 28 X
ot dF A sl Yt <9 4>

(e}
o
H3kE ol g HlolE|E YHFOE AR 2] ROC(Receiver Operating Characteristic) =
om, o]m|z|e] Z7]7} 8x8 PO E Uk o A3} AUC(Area Under ROC Curve) d42 &
<E 4> ZY 48 o F Yt
=y ) .
Elo|EfA F_Logit B_Logit GA_NN GA SW CNN
3l<5 HolH 65.66 65.80 67.68
w7} do]H 6526 6534 66.86 66.20 66.89
7% dloly 65.23 65.47 65.70 65.97 67.30
<¥E 5 "ot HY Z3

B_Logit GA_NN GA_SWM CNN
F Lot 0.06 74,21 283+ 110,625+

-9 (0803) (0.000) (0.09) (0.000)
B Logi 70,83+ 225 107,080k

- (0.000) 0.13) (0.000)

24,08+ 7 5owxx

GANN 0.000) 0005

T4 4w

GA_SWM 0000

- 215 -



FARAZEATL, A30A A4z, 2021F 129

Fostive Rate

True

04 s 0
Flase Positive Rate

ROC Curve

— I_Logil, AUC=0.710
B_Logit, AUL U_/UB

— GA_NN. AUC=0./09

— GA_SVM, ALK-0 /11
CNN_ ALIC=0 714

0B

<38 4> 2¥ H ROC Mot AUC B

ANE AokE BT 5 g, Yurkow

ROC =41 o] H&E& AR

g 3t oS B Aozt %9]‘3]‘%}% el
sl7] 913 T F Atol] Bt 2polE A s
7] {13l A== HY e MceNemar) 4748 4
AZTh <3F 5>+ #Hunt 44 Azolh. CNN
232 F_Logit, B_Logit, GA_NN, GA_SVM
2y 259 FoE 1%A4 BAXSE f
oJu|gt ApolE Ho] 65 Agite] Apolrt B
Ao fojujsitial E 4 3l

44 89 7

ro
ror

2USX|

__I.L

oIr

<% 555 =3 A89 71 23] LRP
2838l <% 3>9] Ho[HE BR/3 2y
=X ' S EWS YERATE LRPE &8s}

AT

L

7} Do) SFshs WE Akl n)HE
FEe o 4 AT, )& ol TAF 414
e A8e Held nHe B BAF
shaske o =28 4 Qlok 94 29 U
Ao] SERS Uil 22 192 Alug,
3% FYol YN WrEe) FAEI

A SRR £ 3ick A AN 9

FEo] A7}t o H, A
E=ES] 7414 T, Ad 24714

P st Azt vleola
glo] zp7folm, At 12,
7414 F7F Ao ®
o, A7} gle AFe] vl driz o=
%7] witol] B¥o] A fEAE EHITkar
S 4= Q). w5k 4 tiEAke] AHEE o
Sl YAFH

ot L & ro

- 216 -



218 vlolEle] olulA] W3

WO W B W W e S

i oo o X oo ox N >

o > &AL 3 o¥

d

kl
X
i
=2
X
1

Emekter et al.(2015)->
Eo|g] oAHE TS F
ATk FH A, vl 5
5 2R AR A
L=

=

|

il
o
N
o
ot

F AIZAF(XANE o] 85 71487}

T T I

803 00¢ 0OS DI DT
SIEYM(YZEE AN, £ £ Ho|H)
V. &3 &2
L] | -

Z T COVID-19 He|9 o] X&Hol wa}
AH BHEE 4 7HE AP 91 U=
A A o]

21857} A8
4% A5 Hol ¢
A837] 915 549 Hlolgl
EREENEER DIEERtEE
5 golelol] g Adwe

rvoo=
g} o}

Yt oA £l

]

o
=

o,
>
2,

> o
ofo

ju!

r
[e2

=

2 o mh
i

o
£t
i

o

¢

ftlo

o
=
e
o
-

il
T

3
&
7k ArellM AbgEl= E
7IEQl BA2E S HEA
, AZE HE HAlS 289 =Y
A= AoE Hglow, Huyrt A
oS Bke] Apol7t TAH o

o =9 P A

o

of N X
L ¥ oo
N B
i
> o
ATV
Xt
e
X

N

_g_ﬁ

Gl

O

N
=
>
of

d

o2

do > ya
01

Y ox
2

L ro
o L of o

N

[e]
T

He 83 2y

o
it

of
:?L_',

)
=)

o
-

- 217 -



FARAZEATL, A30A A4z, 2021F 129

o] Al eldA AIHLRP)Z fﬂ%éﬂ g

zgoz A AFA] v tE A% R

= s o] ofH HEEo| Bl & 93
0| X =4

sfebshs e AN

2 A7 ool et gk WA Aj2IAl
7ol 2 ASHA U BT AL
283 41§ Bk BGS FEAT |2 7
AEE ML EE SRR T
F Aol 2 AGHA Gd ol F sht
£ 218 37} dlolEls 17 HlolElel Wi,
@-

==

1
o
o,

>

HE AZFe o)A dolelE X
S5 -2 BTk otk AT B

A= X8 HolEE olu]|x] g2l b
olElZ WEs) BHF A Yo ALE
G A9 PYF AR ol AY 5 Q)

=<
£ 28 4% BN B3 Byt o8 59
12

NZHHE FIAND 5 AOH, FIE oIS
AoRe 25 2 p2p thE YA tiEA 7
T4 AR IA0R, AU 1AL B4 17

Sk Z1zol si4e] BwE stk 54
A3, Z el Hol 4oHE Ho|
AT 27 A g3l Aol epgol 9l
g He wolgit, B AToAE Peld
wyo| P2E F§ Ropolds A AgEA
8 g s 28 49 7
52 TAYL, Batro) B4
1@ 1

EyolA BSA l té T8

AEE ol o 1A ¥ A5Y A=
Aro] 7FstES A8 7F B3] FHEE
=Y = Atk E3] EUlAE= 2018 HeEdS
23 G ES 8l AsshE ARlaE
A 7195 A AHe a7 4
25 7HA s IR REge Al
= S(HAS 9], 2021) A AAZ o2 A
7Fsd 1% Aol gk o] FtiE
Ae AHelA T3 995 et E

32
£

T2 ;4017} —:sz&E}. w}a}A]
T2 dlolElE o]u]|A] Hlo]

HEeh= o oksk S ©§E g
7} Aek %&H B Aol 61702] WFE 71

Eﬂj/\}&?—%ﬂ- 0]“ ?é} di A8
= g2 A3 o:]{-L— Rt} 22 F7)E 7R

l:l

o 1 J
_IE
jn)
o
o
it
i
ol
P
ro,
jn)
o
v
o{t
o
Ho
2 1

o

Sl GoogLeNetO]b‘r ResNetTJr 710] 7)1 o]
M)A R BA T AR $5ak At
7} THE BYES A83lHA ZYrk webA
ATollME ZHJAIE BT Rl A€
shy WS A A 2RHE o d7e)
| =718 i Bask ik ntoz

AR7bedt ABAS(XANS 4§ LIME
(Local Model-agnostic

_1
T g

%

Interpretable

- 218 -



A& tloje| 9] olw]|A] WIS 2

Explanations)e]u} SHAP(SHapley Additive
exPlanations) & THFst HHS 283 AT

=
Tk ¥ Aol B AETY

< a4
s ol 7 mEHoR B8Ew Qe AS
8 By AnE 28 chep

AL o
g
rh
o
iied
%
ofy
ko
r'E

Hake 5 o 45

AT, HYA, 2EE, 2°9E, oldd, s
d, vy “F 2} 19 U2 Fa=o)

AF” [KIEP] AlAl
ZAA A2, A204, #1135, 2020, pp.
1-19

A7, kA, “VIFAETT dS5S g A
9 Y 2EQ] 387, AHEAAT Al
329, Al1Z, 2016, pp. 187-211.

Zem), vxe, “22R1 P2P A HEd
< A&3 R 7N JiIA eSS

= ARG A AT, A

199, Al4Z, 2019, pp. 43-57.

2

]‘Z‘Eﬁé”.

2D Auig e, A RS S

< HEE=F3] 2017, pp. 1337-1339.

TR, PP SE =87, A

FAT, A3BH, A3E, 2020, pp.

439-463,

H, “THQ1 218 357 Sl thgh Tt v
A 71 A7, AR 8 Ao =&
F, 2017, pp. 291-292.

=
=
_[:‘

f3, 0

]

[ = Y|

Lo 1y

O] EA,

o414,

- 219 -

U, B,

3w 7hsd ATATXANS o83 7i1-847F

3AS7IHE o1&
gk 22l P2P tjEA 9] AF-Eol3
of| Sl g AFAT, gAA
8}3] 7], A|23¢, AI3Z, 2018, pp. 207-
224,

19A, “&3) F87dFolA Zetolul W
A AEFAG AARHAE 3 oAb
A7, ARAZ"AT, A284, A4Z,
2019, pp. 333-358.

SEfE, A9, “AleTtE MEA RS
G839 I EHNEY, TA
719, A9, A3, 2007, pp.
73-98.

SHE, “Bd FeAIEHE o] &3 A
J2EH7IEY”, ARA AT, A
163, Al13, 2007, pp. 1-21.
RS, RUFAALES o] 88 T4
A =AF A Zello] A1) HIA T B e
84 A4S, AT ="
], A1, A1%E, 1995, pp. 123-134.
A% “AAL dSE 913 LSTM 7]
g g 719 A88A A5 AP
ARA|2HAF, A 299, A1E, 2020,
pp. 241-265.

—

N

IBA5 AR 5
|5 W& 719 AT 7|9 F7}
AE5RY HudAF AHEATF, Al
279, AI1E, 2021, pp. 103-128.



FARAZEATL, A30A A4z, 2021F 129

e,

Abdou,

AR, o)Ak, A8 “dH 7hss
Al 71ES 283 218387 2 o
g A, ool Bl BaEls] A, A
323, Al2%, 2021, pp. 283-295.

1k A58 QAT “PPEEZol Ao o

24 2884 AT 8 HAE, @
B, ojUzE HEr, ANAGAT, A
213, A335, 2020, pp. 229-247.

d, &S “ROCHA Zolo] Adr|E”,

=t o|B Y B ste) ], #3114, A5
, 2020, pp. 851-863.

A&, 7o), “GANZ DNNS &%
Held 71wk Asd AdAE 3
&, JAEHAVEA AT, A119
4, A1s, 2019, pp. 1-16.

H. A. and Pointon, J., “Credit Scoring,
Statistical Techniques and Evaluation

o AN ol

N

Criteria: A Review of the Literature.
Intelligentsystems  in  Accounting”,
finance and management, Vol. 18, No.

2-3, 2011, pp. 59-88.

Adadi, A. and Berrada, M., “Peeking Inside the

Aurrieta,

Black-Box: a Survey on Explainable
Artificial Intelligence (XAI)”, IEEE
access, Vol. 6, 2018, pp. 52138-52160.
A. B., Diaz-Rodriguez, N., Del Ser, J.,
Bennetot, A., Tabik, S., Barbado, A., ...

and Herrera, F, “Explainable Artificial

Intelligence (XAD: Concepts,
Taxonomies, Opportunities and
Challenges toward Responsible
Al”, Information  Fusion,, Vol. 58,

2020, pp. 82-115.

Bach, S., Binder, A., Montavon, G., Klauschen,

Bae, J.

F., Miller, K. R., and Samek, W., “On
Pixel-wise Explanations for Non-linear
Classifier Decisions by Layer-wise
Relevance Propagation”. PloS one, Vol.
10, No. 7, 2015, e0130140.

K. and Kim, J., “A Personal Credit
Rating Prediction Model using Data
Mining in Smart Ubiquitous
Environments”, InternationalJournal of
Distributed Sensor Networks, Vol. 11.

No. 9, 2015, 179060.

Baesens, B., Setiono, R., Mues, C., and Vanthie

nen, J., “Using Neural Network Rule E
xtraction and Decision Tables for Credi
t-risk Evaluation”, Management scienc
e, Vol. 49, No. 3, 2003, pp. 312-329.

Bayraci, S. and Susuz, O., “A Deep Neural

Network(DNN) based Classification
Model in Application to Loan Default
Prediction.”, Theoretical and Applied
Economics, Vol. 22, No. 4, 2019, pp.
75-84.

Bohle, M., Eitel, F., Weygandt, M., and Ritter,

Breiman, L,

- 220 -

K., “Layer-wise Relevance Propagation
for Explaining Deep Neural Network
Decisions in MRI-based Alzheimer's
Disease Classification”, Frontiers in
aging neuroscience, Vol. 11, 2019, pp.
194.

“Random Forests”. Machine
learning, Vol. 45, No. 1, 2001, pp.

5-32.



Buyukyilmaz, M. and Cibikdiken, A. O.,
“Voicegender Recognition using Deep
Learning. In 2016
InternationalConference on Modeling”,
Simulation and Optimization
Technologies and Applications
(MSOTA2016). December 2016, pp.
409-411.

Byanjankar, A., Heikkila, M., and Mezei, J.,
“Predicting Credit Risk in Peer-to-peer
Lending: A Network

Approach”, In 2015 IEEE Symposium

Neural

Series on Computational Intelligence.
December 2015, pp. 719-725.

Ding, X., Zhang, Y., Liu, T., and Duan, J. “De
ep Learning for Event-driven Stock Pre
diction”, In Twenty-fourthinter national
joint conference on artificial intelligenc
e. June 2015.

Durand, D., “Risk Elements in Consumer
Installment ~ Financing”.  National
Bureau of Economic Research, 1941.

Emekter, R., Tu, Y., Jirasakuldech, B., and Lu,
M., “Evaluating Credit Risk and Loan

Performance in Online Peer-to-Peer

(P2P) Lending”, Applied
Economics, Vol. 47. No.1, 2015, pp.
54-70.

Fung, G., Sandilya, S., and Rao, R. B. “Rule
Extraction from Linear Support Vector
Machines”,
eleventh ACM SIGKDD international

conference on Knowledge discovery in

In Proceedings of the

218 dolele] ojvlx) WgHe BaF FAF A

3} A 7hed ATASXANS o83 7iI-8H7F

data mining, August 2005, pp. 32-40.
Futagami, K., Fukazawa, Y., Kapoor, N., and
Kito, T,
Prediction  with

“Pairwise  Acquisition

SHAP
Interpretation”. The Journal of Finance
and Data Science, Vol. 7, 2021, pp.
22-44,

Grezmak, J., Zhang, J., Wang, P., Loparo, K.

A, and Gao, R. X, “Interpretable

Value

Convolutional Neural Network through

Layer-wise Relevance Propagation for

Diagnosis”. IEEE
Sensors Journal, Vol. 20, No. 6, 2019,
pp. 3172-3181.

Han, D., Liu, Q., and Fan, W., “A New Image

Method using CNN

Learning and Web Data

Machine Fault

Classification
Transfer
Augmentation”, .Expert Systems with
Applications, Vol. 95, 2018, pp. 43-56.

Hand, David J., and William E. Henley.
“Statistical Classification Methods in
Consumer Credit Scoring: a Review.”
Journal of the RoyalStatistical Society:
Series A (Statistics in Society) Vol. 160,
No. 3 1997, pp. 523-541.

Hajek, P., “Municipal Credit Rating Modelling
by Neural Networks.” Decision Support
Systems, Vol. 51, No. 1, 2011, pp.

108-118.
He, K., Zhang, X., Ren, S., and Sun, J., “Deep
Residual Learning  for  Image

Recognition.”, In Proceedings of the

IEEE conferenceon computer vision

- 221 -



FARA|2HA, A30A Al45, 2021 12¢

and pattern recognition, 2016, pp.
770-778.

Hearst, M. A., Dumais, S. T., Osuna, E., Platt,
J., and Scholkopf,B., “Support Vector
Machines”. IEEE Intelligent Systems
andtheir applications, Vol. 13, No. 4,
1998, pp. 18-28.

Hosaka, T., “Bankruptcy Prediction using

Ratios and

Networks”,

Imagedfinancial

Convolutional ~ Neural
Expert systems with applications, Vol.
117, 2019, pp. 287-299.

Jung, Y. J, Han, S. H.,, and Choi, H. J,
“Explaining CNN and RNN Using
Selective

Layer-Wise  Relevance

Propagation”. IEEE Access, 9,
18670-18681.

Kim, B., Park, J., and Suh, J., “Transparency
and Accountability in Al Decision
Support: Explaining and Visualizing
Convolutional Neural Networks for
Text Information”, Decision Support
Systems, Vol. 134, 2020, 113302.

Kvamme, H., Sellereite, N., Aas, K. and
Sjursen, S., “Predicting Mortgage

Default using Convolutional Neural

Networks”, Expert Systemswith
Applications, Vol. 102, 2021, pp.
207-217.

LeCun, Y., Bottou, L., Bengio, Y., and Haffner,
P., “Gradient-based Learning Applied
to Document Recognition”. Proceedings
of the IEEE, Vol. 86, No. 11, 1998, pp.

2278-2324.
Lee, H. and Kwon, H., “Going Deeper with
Contextual CNN for Hyperspectral
Image Classification”, IEEE
Transactions on Image Processing,
Vol. 26, No. 10, 2017, pp. 4843-4855.
Li, H., Tian, Y., Mueller, K., and Chen, X,
“Beyond  Saliency:  Understanding
Convolutional Neural Networks from
Saliency Prediction on Layer-wise
Relevance Propagation”. Image and
Vision Computing, Vol. 83, 2019, pp.
70-86.
Mai, F., Tian, S., Lee, C., and Ma, L., “Deep
Learning Models for Bankruptcy
Prediction using Textual Disclosures”,
Europeanjournal of
research, Vol. 274, No. 2, 2019, pp.
743-758.

Martens, D., Baesens, B., Van Gestel, T., and

operational

Vanthienen, J., “Comprehensible Credit

Scoring Models using Rule Extraction

from Support Vector Machines”,
European journal of operational
research, Vol. 183, No. 3, 2007, pp.
1466-1476.

Moscato, V., Picariello, A., and Sperli, G. “A
Benchmark of Machine

Credit Score

Learning
Approaches  for
Prediction”, Expert Systems with

Applications, Vol. 165, 2021, 113986.
Nehrebecka, N., “Predicting the Default Risk of

Companies. Comparison of Credit

- 222 -



Scoring Models: LOGIT vs Support
Vector Machines”, Ekonometria, Vol.
22, No. 2, 2018, pp. 54-73.

Orgler, Y. E., “A Credit Scoring Model for
Commercial Loans”. Journal of money,
Credit and Banking, Vol. 2, No. 4,
1970, pp. 435-445.

Pant, D. R., Neupane, P., Poudel, A., Pokhrel,
A. K, and Lama, B.K. “Recurrent
Neural Network based Bitcoin Price
Prediction by Twitter  Sentiment
Analysis”, In 2018 |EEE 3"
International Conference on Computing,
Communication and Security (ICCCS),
October 2018, pp. 128-132.

Pourbasheer, E., Riahi, S., Ganjali, M. R., and
Norouzi, P., “Application of Genetic
Algorithm - Support Vector Machine
(GA-SVM)  for

Activity”,

Prediction  of

BK-channels European
journal of medicinalchemistry, Vol. 44,
No. 12, 2009, pp. 5023-5028.

Rao, C., Liu, M., Goh, M., and Wen, J.,
“2-Stage Modified Random Forest
Model for Credit Risk Assessment of
P2P Network Lending to “Three

Applied  Soft
Computing, Vol. 95, 2020. 106570.

Roondiwala, M., Patel, H., and Varma, S.,
“Predicting Stock Prices using LSTM”,
International Journal of Science and
Research(lJSR), Vol. 6, No. 4, 2017,
pp. 1754-1756.

Rurals” Borrowers”.

218 dolele] ojvlx) WgHe BaF FAF A

3} A 7hed ATASXANS o83 7iI-8H7F

Ruyu, B., Mo, H. and Haifeng, L., “A
Comparison ~ of  Credit
Models

Spark-Evidence from Lending-club”.

Rating

Classification Based on
Procedia Computer Science, Vol. 162,
2019, pp. 811-818.

Van Lent, M., Fisher, W., and Mancuso, M.,
“An Explainable Artificial Intelligence

Tactical

System  for  Small-unit

Behavior”.  In Proceedings of the

national conference on artificial
intelligence, July 2004, pp. 900-907.

Vapnik, V., “The Nature of Statistical Learning
Theory”, Springer science & business
media. 2013.

Srivastava, N., Hinton, G., Krizhevsky, A.,
Sutskever, 1., and Salakhutdinov, R.,
“Dropout: a Simple Way to Prevent

Neural Networks from Overfitting”,

The journal of machine learning
research, Vol. 15, No. 1, 2014, pp.
1929-1958.

Sedighi, M. and Afshari, D., “Creep Feed
Grinding Optimization by an Integrated
GA-NN
Intelligentmanufacturing, Vol. 21, No.
6, 2010, pp. 657-663.

Selvin, S., Vinayakumar, R., Gopalakrishnan, E.
A., Menon, V. K.,and Soman, K. P. ,
“Stock Price Prediction using LSTM,
RNN and CNN-sliding Window
Model”.  In 2017

conference onadvances in computing,

System”. Journal of

international

- 223 -



FARA|2HA, A30A Al45, 2021 12¢

communications and informatics

(icacci, September 2017, pp. 1643-

1647.

Shortliffe, E. H. and Buchanan, B. G., “A
Model of Inexact Reasoning in
Medicine”, Mathematical
biosciences, Vol. 23, No. 3-4, 1975, pp.
351-379.

Sohn, S. Y. and Kim, J. W, “Decision
Tree-based Technology Credit Scoring
for Start-up Firms: Korean Case”,
Expert Systems with Applications, Vol.
39 No. 4, 2012, pp. 4007-4012.

Srinivas, M. and Patnaik, L. M., “Adaptive
Probabilities of Crossover and Mutation

Algorithms”.  |EEE
Transactions on Systems, Man, and
Cybernetics, Vol. 24, No. 4, 1994, pp.
656-667.

Takahashi, N., Gygli, M., and Van Gool, L.,
“Aenet: Learning Deep Audio Features
for Video Analysis”. IEEE
Transactions onMultimedia, Vol. 20,
No. 3, 2017, pp. 513-524.

Triki, 1., “Credit Scoring Models for a Tunisian

in  Genetic

Microfinance Institution: Comparison
between Atrtificial Neural Network and

Logistic ~ Regression”.  Review  of
Economics & Finance, Vol. 6, 2016,
pp. 61-78.

Wiginton, J. C., “A Note on the Comparison of
Logit and Discriminant Models of

Consumer Credit Behavior”. Journal of

Financial and Quantitative Analysis,
1980, pp. 757-770.

Yang, H., Li, E., Cai, Y. F,, Li, J., and Yuan,
G. X, “The Extraction of Early
Warning  Features for  Predicting
Financial Distress based on XGBoost
Model and  Shap
International Journal of Financial
Engineering, Vol. 8, No. 3, 2021,
2141004.

Zhang, Y., Jia, H., Diao, Y., Hai, M., and Li,

H., “Research on Credit Scoring by

Framework?”,

Fusing Social Media Information in
Online Peer-to-Peer Lending”. Procedia
Computer Science, Vol. 91, 2016, pp.
168-174.

- 224 -



# & & (Won, Jong Gwan)

Rkt 7 d sl A
shaelelE FHS538kTh a4
Horst B gstt 49
BAZ AA ol Agt Fo
th F8 AER= A5Y
g2, ssiy %, A&
B37Y, ", Al Soltk

= El = (Hong, Tae Ho)

AR FA st 7 e
TFE A Foltk KAIST
A AN 2R BE
S FstAel BEALE
FS31t) 8 BAlok=
H|Z=Y 2 o 2 gl Heid,
L34 mlold, CRM °]
. F8 =E& Expert
Systems, Expert Systems with
Applications, Information

€

Processing&Management,
Asia Pacific Journal
ofInformation Systems, X
A ZH AT Soll ARSI
H 2 & (Bae, Kyoung II)
19943 2¢: =}8lr) <
o 53t} 3pA}
1996\ 2¢: =38l )&
2 4473ttt
2002\d 2.¢€: g3l
9 G Tt aat
2002\ 4¥~20051 7¢,
20119 11€~2014d 2 &
=IBM
2014 2¥~2016'd 6¥:
EF|EFA
20183 102~FA: (F)oF
B3
<ol BEAIRL &

=3}, 2433t

- 225 -

A ol o] ojv]A] Meke 283 FEE A

Oft

kol

-

-
o

TAS(XANS o] &

3k 714857}



FARA|2HA, A30A Al45, 2021 12¢

<Abstract>

A Personal Credit Rating Using Convolutional Neural Networks
with Transformation of Credit Data to Imaged Data and
eXplainable Artificial Intelligence(XAl)

Won, Jong Gwan - Hong, Tae Ho - Bae, Kyoung Il

Purpose

The purpose of this study is to enhance the accuracy score of personal credit scoring using the
convolutional neural networks and secure the transparency of the deep learning model using
eXplainalbe Artifical Inteligence(XAl) technique.

Design/methodology/approach

This study built a classification model by using the convolutional neural networks(CNN) and
applied a methodology that is transformation of numerical data to imaged data to apply CNN on
personal credit data. Then layer-wise relevance propagation(LRP) was applied to model we

constructed to find what variables are more influenced to the output value.

Findings

According to the empirical analysis result, this study confirmed that accuracy score by model
using CNN is highest among other models using logistic regression, neural networks, and support
vector machines. In addition, With the LRP that is one of the technique of XAl, variables that

have a great influence on calculating the output value for each observation could be found.

Keyword: Convolutional Neural Networks, eXplainable Artificial Inteligence, Deep learning, Imaged
data, Personal credit rating
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