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Abstract

This study aimed to enhance the accuracy of personal credit scoring models by utilizing the SMOTE technique
and the TabNet deep learning model. A primary issue in personal credit scoring is the tendency of models to overfit
on payment compliance data. This overfitting arises due to the relative scarcity of default cases. To address this, the
SMOTE method was employed to artificially increase the data of the default class, mitigating the problem of data
imbalance. The research adopted the TabNet deep learning model for efficiently processing high-dimensional financial
data and enhanced the model's generalization capabilities through transfer learning. This approach enables the model
to perform better predictions on new data and reduces the risk of overfitting. The performance evaluation used
metrics suitable for imbalanced data to compare and analyze the effectiveness of TabNet with and without SMOTE.
The study results indicated that the TabNet model combined with SMOTE and transfer learning exhibited superior
performance compared to other models.
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(a) HELOC Data

(b) UCI Data

(c) Bank of Korea Data
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Fig. 1. Frequency of payment and default in HELOC, UCI and Bank of Korea

3.1.1 HELOC

A8 AF3i)

HELOC HoJEIAlS % 10459719] dlolEl2}l 237}
of WE st Stk o] AFAA FHE £
o= W4E ‘RiskPerformance’©|t}, ©] W= 2470
4 B¢ 904 o AAE HA$E BadZE, I¥A

e HE Good OB BRI FEWSE, Hol
¢

, 'Good'= 022 HEH AT

2371 W4 F ‘MaxDelg2PublicRecLast12M’,
‘MaxDelq2PublicRecLast 2M’ & WFE HFE2 EF
Ht}.  ‘MaxDelq2PublicRecLast12M‘S 0F-E 774,
"MaxDelgEver'= 25-H 87bA]9] WS 7HAH, =
A7} FEFE A 73] A As Yudth 9=
gAY AHE7E (e ZASAR AYHA
HELOC tlojEol& 9 ol =53 gEo] A
e, 72 20 ENESS UET, o (0%
A=A -8 EA4stE Ay Y7t fle A
HE YeplARL & #gsdA F83 BEE
%3t Q7] WlEo] NaN #o2 A & A=

A oA FHL AAY.

tolEle] 71& TAEY EXE 2dysr] A
A8t HELOC tlolEle] A1y waso] g
B, 4 FF8A 45, AE 59 Ve AT
S 200

3.1.2 UCI

UCI ©loJElE Yehdt Lien(2009)0] thite] F2
2ollA Ag7te a9 AHF Eolgy HeolHE
ZIMko 2 3 ZAog F 30000719 tlolele} 2470
o] MR FA4H0 ot SYHWTE XI1FH X23
HZ, 47l A& F=XD), 4EX2), 21L&
(X3), AL JH(X4), Hol(X5) T AR} X35
o} At} X6FH X112 #A9 43 FHE, X12F
Bl X172 #A AFA FHE, I8 XI8HE
X23& #A AE FHE& Yepddh A, w8, 2
E, A 48 dH 52 159 tolEE, o] o
& A ARE Yehd] =EoA AT F Aok
21]. TEHSE s © AT Bold o7& et
W, o] dlojEe EFgsA x50 3o, A
A7t 2336471, AT Eoldo] 6,636 02 5]
o} Atk



Journal of KIIT. Vol. 22, No. 3, pp. 11-21, Mar. 31, 2024. pISSN 1598-8619, eISSN 2093-7571 15

dlole] $A4el kA, Ual Holele] 447 w4
@ 71 BA%E Avng. oldE B,

S, A5 5ol ZgHof Yok v}
Bz 2 W5 gl 2 89 AolE wol7] u)
2o, w9 5% Aol HolHE AFsss B4

3.1.3 $=23) 73 DB

23 o] JHAFA dHolEo] 2~ 2016 3¥
S 7|Fo2 Y A8 B tolHE 2t 9l
om, F 14,2969 HlolHE FAE ] 9t} o] ©
olHuo| 1~ FEHHEFE At 33709 Al

AH W7 2o 9lom, I g MFF EolH
e AT 20ld °4‘j A, A%, 71E=d, 29

2 28, HE 39, FA4HE, 78 3§ dE o8
E 50709 W47t 2A3tE B AT AE o]F 33
e} Fofrlg dlolEHE AEstaA 5S skgith
golel= EBFdo] u]$- Aldte] AHAF Algxl Ho]
B7F 1251570, &% 282k HolErt 181742 +
450l itk ol ElojEe mITAANLE B4 A
SWsl 1gsjor & T 240l

32 209 ololg X2l - SMOTE

iy

743 golgl@d 3 Fej29 oy} g
2o Hs) A3 A BLE EaH, ol 7]
oM 528 ZAZ 94ARY. F2 2do)
T Y29 HolHE 7NeR ggHo
Z# 29| dolHE AR oZ3A F3)
o] St olgd EAE sdsy] gt
olr] MZYyt oun MZgo) oq:rLgJ_ 9
MEGL b 2929 Holg
o7, o] HANA Fad HrI}
o] k. Hh, o MEH
HelEE S7H71e Waoes
54 &S A goH
dol Sl
SMOTE<S Ahgste] 232 =4d< 2T ),

=
mdo] 323 Overfitting) & 913 o] Atk SMOTE=

gl
A

ot

r{r

ol
o
hintd)
2 |o o }‘>’

it g [ SLox G0 o Ay

:;

HHN
o

rir Al ¥ r{r

b ml

1

i}
ot R S8 o

b
i

g o
~
>

b

b
o)
o
k)
X

4o o lo rff

A% Fzo] RS FH WBS ANEY 79
28 dolEe BES i £go] HAT, o 34
o4 Edo] AgHoE MY AU AU

A3 S5 & ek ol BAs] 3 BE
of B8 FH) ASHA @ o] 4F AES
3 mde) 4% Ho s o] Fast. £9
dolEl st A% doled mrolAl 2o 452
BUHYFOEA, BUE 245 B4Te 95
s Az doldel td Yue 59 124D

4 dFYT
SMOTE+= 7]& o] i% L€6l A5l 7]E
oW AZY VMR B4Y dolHAS ATst

© O FF Asdt o 71%*% A FY 2 Ho
Bl FRAA ANEE HolE ZRJAEE Fhse W
Ao Attt FAHOZE A FHx9 )
H dole] ZRIEE MYsta, I dolEg kil
7V 7k ol HolH EQE Aol AYE
At I8 o, o] Al 999 HEs A
43t 22 dolH IJEE AT de B
Ao} &gl SMOTEE 9 7+ 9 Y2 24 7
AE X8 EE 98 dojHE fASt AR
E4& YA,

B Ao = SMOTES &-83e] HELOC Hl©]
EJA A ‘Good” EICIHE o 10% SHAIZT ©

= WAE, UCl HolgAldAe AF Eold o
oIS FVIE 30% F/MIAHTE vRATe R 714
BAgo] At d=x2d /U4lE dHolHeAME
A7 Bold HlolHE 50% Z7IAZATE o3 +
AFY 7 g g HA¥E T3 AU
T} 8 TabNet Z2o] HAYslA LOHAE A
ol FUFehe WS 7S HolHE ngoz %
ATt olgldt BE HolE FAAANA k #e S
2 23 olgA HeolHE FAAR T
do] Adse HeolH 4 A Hlm 43t
SMOTE7} 2dlo] 8% A% ojdt &S v
A 7kt oldd A W E4F ol
Bl BAE At Rd9 oF 5Y& Asste
b F8< T3tk

£ }-11

o

o



16 1857t BAL 9% Hole 2743 Holdh%
33 22 - TabNet

+ G7olM 287 Hed WESZE TabNeto]
T}, TabNet2 Google Cloud AI®] Arik¥} Pfisterol <]
3 e 2R Ay oy 7 E3tE] 3
o AeHoE, BY oy EF EdPAME 9
AARUT 710 GFE Bdo] AEE AT o]

(<3

=
o
&
rlo
>
ofo
o
X
o
i o
2
‘“i >
> oft
(i
o
(S
off
fols ox,
o ~
2 4
(AN

Y s HEARl 56 A E5E BAE,
g BrelA F2@ dE ¢ 7

olg] ¥A& aHAo R A3t} o)y EAE
TabNetS A& H7} Bopola 7|&2 A
7}

& Holol ¥4 78 BF 3= 4

TabNet 3 B2 dlo|ElE 22dH3st7] <1s) 1
T S32Q 92 oIEA R, NLPollA AHE-H
= Edlaxr] 293} AR} Feature TransformerE:
Y T 2aR AT ot dY S4E &4
g A WEsiH, 24 2% gAY A 850 Hol
Eol thet ofslE A2 7). TabNet

oA AR, ol Fo WAUES Ba 2o

2 WANA dolEl Bed ZEe HBES

A mde EF o 29 BAE 5 WY

Ae@eh, 2 Bl Q% 54 Aeeka oF

Agdtel el EHS AeolET o] Y
gode %

of\
to
ot
J|m
oX
=2
=
ot
:oé
1
tlo
)
of
ek

rO ok i O
B e
R

(=

o wu [ g
>

2
X

T AR P (< A ] of |
B
)

[
ﬁnE

o oy
ot
i)

4

27e v
A

PagEglo] diolg A9 A
TabNet E&olt} o] mdle A

= An)
A
2,
o]
S
>
R
%
)Y
i
N

RELET

o
Aol Hgate] mae)

o
a£
&

SRR

pye)
s

o)
o
Bz

LIMIT_BAL GENDER EDUCATION MARRIAGE AGE
250000 Female University 75
100000 Female Single 27

Male Graduate school Single 25
460000 Male Married
50000 Female Graduate school 26
50000 High school 33
30000 Male High school Others 54

Male Graduate school Married

TabNet encoder
LIMIT_BAL GENDER EDUCATION MARRIAGE AGE

Married

University

330000

Graduate school

40

Single

Male Married

180000

45

J&l 2. TabNete| AFM &5
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