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Zhou(2013):= Oversampling 7]% 2 Under sampling
TS B3 = A3 B39 AeS Hlauske
2 X349, Kim et al. (20150 7)8H3
e E TAOE S GMBoostE At &
F HelHE o]Fo3 7Y F& oAF £AE
ATt} Zhou er al.(2019)-S GBDT, XGBoost,
Light-GBM< &-8-3to] p2P & F = tlo]E <]
Ed FAE A7, 2489, A8 E2022)
2 7Y = dolHe By A s2S 3
H|t 3 v} Support Vector Machined] 2315
At = 3t

Moo e
QLJX‘;‘-H

2.2 HIoje E27E 2M 4

A A EAsHE vlolEe] B9, 53 ¥
50l W3 71 A2 vinoe EF o] EAE £
thol] gtk wehd I3 wEAE ZE H o] E
+ 278 HolHZ & 4 JATHHe and Garcia,
2009), YHkH 0 7 424 W) g3l HolH
o] F7} b= W st HolH 49 10%

H
=

o]3}el ALE By dolHE ErkHe and
85 5

Garcia, 2009; 288 5, 2022)

AMEANA A AAH, dold Edd A
E /MASHA 1 B/ R¥E 5T A+ s
A3k BAZF AT 4 0k o) R B
23 dugEo] Hole7t 7d /3 £EE 7HA
I AU, LEFE A BT F e Hlo
=

sdstttal 7HY37] W ©|thHe and Garcia,
2009). 3tA9F AA dlo|Ee X7} EFdT 4

(E 1) Hllolg Fxz2| et 7= R oflAl

7b 2 whe] ARy o 2 Edo] B v
o] =& Ao|ti(Haixiang et al., 2017).

teoly ¥ A= 58§ woF 2d=
A m), 714 i 28 A2 5 o
Hofoll A st glom, A e A A=
g Holy A4 d7E il £ /7 28 A
A NS th(Haixiang er al., 2017).

doly Ead A /i ¥t =4 dold
A2 Wk (Preprocessing techniques)®} H]-& T17+
<5 (Cost-sensitive learning) 75902 T8 4
107 (Haixiang et al., 2017), 7-4 4] W& o
+7 2

o2 ruﬁ
o [ o o

or e

2.2.1 Hlo|&f MAe| gkt

glole AAz] Woke 28 3= A glo]E Y
E7¥S /N3 AS=E, Resampling 7]H 3}
Feature Selection and Extraction 7|Ho.E F&&
% 91THHaixiang et al, 2017). Hlo|E] Ax]g] =<t
T 2 27k R A< dAe <E 1>5 Tl

0175} oh:]_

Resamplmg 7S v W1 HlolH Y AlA E
a4 {1 volH Y A4s B3 tolH £ X
ZAshe 7IHs 3tk Resampling 712 &
23 daglEe T U2 Js A &
O= Aol AoH(Lopez et al., 2013), Over-
sampling, Undersampling, Hybrid sampling 7]% 2.

o = g

T A
Oversampling ROS(Random O.versa.mpl.ing), . .
. SMOTE(Synthetic Minority Over-sampling Technique)
Resampling Undersampling RUS(Random Undersampling), Near-Miss

Hybrid sampling

SMOTE-ENN, SMOTE-Tomek Links

Feature Selection Feature Selection

Filter, Wrapper, Embedded

and Extraction Feature Extraction

PCA (Principal Component Analysis)
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A 50lZu-x8 %

2 s & At

Oversampling 7'H-& & W5 tlo|HE A5}
of Ev8 TAE MAdste 7IHORE, A HF
Hlo|HE Y2 A4 3h= ROS(Random Oversam-
pling) 713} Chawla er al(2002)©] #]2+3 SMOTE
(Synthetic Minority Over-sampling Technique) 7]%
So] dg 0|1 I THHaixiang er al., 2017).

Oversampling 7]"§-& & HF o]y 44 %
ol A 22 T (Overfitting) 417} LA E 4= Aok
< TH-o] ¢HA AthLopez et al, 2013). °] &
s As}7] 913k 715 2. Adaptive Synthetic Sampling
(He et al., 2008) 7' 2 Borderline-SMOTE(Han
et al., 2013) 7| S5-°] Aot= .M (Lopez et al,
2013), =4H, FWF022)E &3 A Ay
273 %-S(Cycle GAN)-S- SMOTE 7|H¥} Agtst=
Wk AAE = AT

Undersampling 7% T W3 HolH A|AE
3 BEdd £AE ANdee 7IHeE, b i
F9] HolHE doE A AdE RUSRandom
Undersampling) 7] o] t3E & o]t}
HE vloly AA B4
T UTE @0l 1o (Lopez
et al, 2013), AR £ FAE HagsHA dlo]
HY E73S &3t 4 = Near-Miss 7|H 5
o] A|9+= A THMani and Zhang, 2003).

Hybrid Sampling 7192 25 5 Hlo]E] A4}
ok JF HlolEl AAZE 3 o] Fo A= TS

Undersampling 7|
B 4o wag

(& 2) HIg 22 3% 7

U

Elis
o

25}, Cateni ef al(2014)7} Dubey er al.(2014) &
Oversampling 2 Undersampling 7] & 75‘?}8}
A7 A,

rlr r

3+, Feature Selection 7]H-& H|o]E|¢] A &
A e T dE EA HS5E delste g o

W o 2 HE(Filter), 2 (Wrapper), YUHIti=

(Embedded) 7| o8 TR F 9o Ry

F 23] A5 NS 93] E&€th dolH
By TAVE A2 A A HE gl
Z

J’%(Nmse)oi ogAA 4 oL}, Feature

._/K-] Eﬂ"l"e xﬂﬂ
o G A ME}(Ll et al., 2016).

Feature Extraction 7]H-& dHlolg &4 WS
IS Sashe 7o, AA 54 W = ¢
A WE A9 E}= Feature Selection 7] ¥
2] N2 EA W42 A= Jo)-o] ¢
ok 78 di3E4 ] dl 2+ PCA(Principal Component
Analysis)7} $LOH, o|u| A} HIAE T3} 22 H|
A HolHE t& Wl A5 AHS-¥ ThHaixiang er
al., 2017).

N

uth
HO mlm

et al.(2017)°ﬂ u= )
o] AA A 7HAE FEE 5 ok

T2

8

Methods based on
training data modification

Modifying the decision thresholds or assigning weights to instance when
resampling the training dataset according to the cost decision matrix

Modifying the objective function of SVM/ELM using a weighting strategy

Changing the learning process | Tree-building strategies that could minimize misclassification costs

or learning objective to build | Integrating a cost factor into the fuzzy rule-based classification system

a cost-sensitive classifier

Cost sensitive error function on neural network

Cost-sensitive boosting methods

Methods based on Bayes
decision theory

Incorporating cost matrix into Bayes based decision boundary
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T 5 WEw7h FH=nd
(p( Y= 1|X: Ty Toy Tgy vy xk) %
3}5 S Decision Threshold$} H] 1w d}ed kA
=
£

X
2
<
4,

[e]
AR B B Hro R 7|E

shA ks AF F BAY TlEe
Decision Threshold= ¥WFH 0 2 50%, =
M7k F4d FEP)o] 052 A ET
gk HolH Y X7 Ed @ B4 50% =
= Decision ThresholdE &2 gko] o}d 4 9o
(Esposito et al., 2021), Decision Threshold®] %
3l g dole TAE NAE 4 St} o

Y o ifg i fe g

oo H oo o orfr 4T oMt n g

O o |o

KON o

AU et

oN rlo ofk
Shs
=il
of
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>
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Hz
Shid
Lo
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#] ) THSheng and Ling, 2006).

Cost-sensitive Classifier 752 49 W H9]
Hoj gt &/ H-&S AdHoz aA 243}
o 27 E¥ H& RIAEE =ol+ A oA
gt} ol= b4 Awgh uhel o, & W Hlo]
ol digh &7/ H&-2 v W5 dlolg o
S QEF HERT F 797 B7] Wit ol thLi
et al., 2016). Cost-sensitive Classifier -5 ZA|
PRE 7 B/ EES TS A #HAHY
g g]Ee 53 &< (Objective function) == H]
£ F<(Cost function) S F83sh= 2oz B/
%+ ) Uh(Haixiang et al., 2017). & 716k B7
2y F5& 9% 7" o2& v A (Bagging), F<
H(Boosting) 5°| o™, &Y 7 EFof vl
23] g5l v Hold Aoz 4eA ot

5ol 5o BF BYS 75 F 1 ANE 2

S}sle] S83l= 7]HS walth Random Forest

YEL W7 FEE DI PR S B R
sie))

o® ofl

=0 1 00 T
29 /12 BEA A2, RS A9
Zol= o a3 o|thMellor et al, 2015). F2-8
o ¥ w3y

o $AH49) e ol 5L )

£ aHFoE AfMate
(Mellor et al., 2015).

23o] gl tigk AL FES 7
Hlo]= A% o]&(Bayes Decision Theory)2 %3k
E73 oy TAE /N4 T Hl§ WIgt g
o2 BFE T Atk o]9} ¥ HE JAZ= Datta
and Das(2015)7} A|1<tet NBSVM(Near-Bayesian
Support Vector machine) 5°] At}

olg]gt Hl-& W7k k52 dlolH A Wt
£3] Resampling 7|H el BI3l| && 231 Aiko] 7}
SOtEE B &9 HolHE thFrlol AgeA|
gk 52 g e HE s A AY S
diE|FS 2Hshe Blo] AU Z oHo=

A

o] ) Th(Haixiang et al., 2017).

ARz o) BF REL <X 3} L
£% 3yES 53] TN(True Negative), TP(True
Positive), FN(False Negative), FP(False Positive) ak
S A FH, = (Accuracy), W17 = (Recall),

=
A H = (Precision) 59 AEE AFS Hrsich

o =
78 %4 &3
(Positive) (Negative)
GA TP FN
24 (Positive) | (True Positive) |(False Negative)
= e FP N
(Negative) | (False Positive) |(True Negative)

Weiss(2004)°] oJstd Aotee= v M dlo]

Bl o e 71FAE Ho3lug, B o= &
E =

Y3t 2ol 24 WF dolHe] AFFE BF
Fole A L Yk mepy Ao
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Me UpEe AUEE 7Fo 2 B9 A
Brtetarat gk

S, MIfES AdEE A5 #Ald Jlem
2 (Buckland and Gey, 1994) B8 Hlo|EE )&
© 7 239 A3t 45 e AdAe F
AZE A 15 dart Aok Fs Score= W17
T Adr e AR 7t 248 Fa 7
ARE THHOE 1 eHA AF R HEF o
7Vsstthe A3 ol oM, Fp Score # 2] 8h9}

A A9 (Dembezynski et al, 2013; Musicant et al.,
2003; Nan et al, 2012) 53+ 523 A o=z
AAA L St

mEkA] B A v Adre] 23
it B F ScoreE TH A5 HUF AR EE

& Aotk WA=, BT, 9 F; Score?] A4
o

N

<

y N Ry i ws
okl A (-4 @ ol AL 5 3
TP
Recall = —rp TN M
P
Precision = TPt FP )

(14 8%) X Recall X Precison
Recall + ( Precision X ﬁz)

F; Score = 3)

w2

m, |7 4+

3.1 &7 HIOIH

A% B4E A% HolHE 7S (Kaggle)ol A
A 3-3H= Loan Default Prediction Dataset-S 283}
Ak o] HolEHe R& o 2y 755 9%

PN

st<&2 djo]E| 2 FA|#H(Coursera)?] Data Science
Coding ChallengeE 53l A7/5 %o, 254 4
o) g7} EANSHA etk 54 o] Utk wEkA
AZA) 9} o] A AT WA wE By 45 2t
of FAE A& + Ade FHo] doH, F
255,3477§¢] ol T F-I= o= 29,6537 =
oF 1314% 9 Evrd HES Hole WY

dlolElehs e 7 v & Aol 4

29l B GRE A9)g AT HolEe]
& <E 42 B3 2AY & At

(% 4) A7 Hloly 54

A4 W&
LoanID Al 2L
Age ks
Income A4S
LoanAmount e 39
CreditScore 283373
MonthsEmployed & 7|3t
NumCreditLines NEAF
InterestRate e =¢
LoanTerm s 712
DTIRatio THAY G &
Education & FF
EmploymentType 18
MaritalStatus 2 A%
HasMortgage gEYE 7
HasDependents PRERS T
LoanPurpose 85
HasCoSigner B2EQ 5

3.2 97 Ei

B A7y Haks v 2ok WA F9 o]
ol A3 HolElE £Ed F, FH tolHE &
o] EAs= T4 | o]E{ 2} Resampling 7]
(olat vlely A5 7S Bl 20 E A
£ NS T4 vlolHE PRt Haled ¢
o o]F AlY HolHE B ¥ ol

Y& 5

EAshe F4 dolHE g5 RY(EY #1)T
By FAE fA3 E4 GojHE g3 2
(E3 #)9 A& 5, 74 239 R 4F 45
(B #1 A5, B3 #2 H5)S Hrigth olojA
Eigo] A5t £4 HolHE e 7Y
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RE YA
b s s = |
Adjustment 25 QAN =8 &1)
—H (Decision Threshold
Adjustment Effect)
| cole g2 e w3t
(Resampling Effect)
clolei 2% eas £ns sgn | || =ue =wr | |
(Resampling) = djols =) =) =
Qg 1) A7 =it
(Z3 #1)9] Decision Threshold(¢|3} = A X)) IV cﬂ.;!. 7é3;].
£ At B39 45(EE #3 A5)S Hrigt
th ol Sd Rx odF EF oy B ¥ 4.1 HIO|E 2|MEE 7| HE
7041 & 3K (Resampling Effect) 2} F= JAX] =4
& Y (Decision Threshold Adjustment Effect)S H] <i# 6> BT o] EAske Fd ol 9} b
48 Aolv, <Y 1> F3 Awkze A olg] FHEY 7S SO Bad EAE NS
Azrg gotd 4 ok TH toHE st BP9 Hes 8ok A8
Aol &85 doly & 7 F 67t oJt}.
A7 <E 5>Z 53 &g 4= 9lom, H& HE dold gEE 7Y A& vlgo] HoldsE
< 5% T (15%~100%) 2 2AsAT F = IA W 5 d sA FEo] HoAlE RS F
2 TS 5% FA(5%~95%) = 28 FA4S X g o, Y9 A EE Asete v A
et 2yl 283 wiled gugse & U v stegete As 2dE otk & &
7 Aol g8 20]a S)& Logistic Regression, o] ROS 7%} Logistic Regression &12]5S &
Random Forest, XGBoostES &-&3}3 o0, 224 23 2¥9 AT Wyt AEE AuHETE ROS 7]
e Mg AR gt HE 15% HE2 488 4% U35 2.05%,
AEEE 57.05% ol ROS 7S 100% HI
_ £ 2 48 A IUEE 6520%% Aedte Wt
(% 5) dlo|e 2|MEE 7Y W AT 2036%8 3 AR sl
T A T 3tk ol= dolH HAZH 7Y A& v ol
_ ROS FoldrE By S Fall AA B AFE B4
Oversampling g\ iotE A5z AR A58 5ol RelAE v,
Undersampling RUS T2 o33 257 AA *‘?"11:— A 7 T
Near-Miss g Yolzltte AR A + Utk
. . SMOTE-ENN S, dioly &Y 71 A& Hl& o] Yol
Hybrid sampling N
SMOTE-Tomek AFE AT 7 B 4 5 T35 YolA|H,
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(Z 6) Ho|5] 2|3 7| Mo mE 23 M5 9k (Ch9]: Hlole 7HE, %)
dlo] € 22 = Holg 45 H7F AFRAZ vlolE)
SR ;i% &4 dolH) = ek ke
71 N Y LR RF XGB LR RF XGB
None None | 157,985 20,757 0.71 5.00 7.77 70.79 57.64 52.79
100 157,985 65.21 9.48 60.51 20.36 50.15 23.08
ROS 50 78,992 34.67 9.38 37.69 29.55 50.39 31.49
15 157,985 23,697 2.05 5.76 10.03 57.05 60.52 50.91
100 157,985 65.09 23.54 19.45 20.71 24.52 32.00
SMOTE 50 78,992 36.39 17.29 16.34 28.64 28.92 38.50
15 23,697 0.37 6.44 8.82 63.46 56.12 52.06
100 20,757 61.21 68.69 66.41 20.08 21.22 21.11
RUS 50 41,514 18.91 40.45 42.34 29.82 30.57 29.18
15 138,380 20757 2.18 6.86 10.49 58.08 56.17 50.35
100 20,757 59.77 67.85 66.00 16.18 17.80 17.42
Il\\I/(Iaifs_ 50 41,514 23.21 36.38 38.22 24.18 26.45 24.84
15 138,380 0.07 5.51 9.11 75.00 56.78 50.98
100 76,731 103,353 7143 37.79 32.69 17.59 24.52 28.78
Shég;E- 50 89,126 32,282 26.10 19.06 17.42 30.89 33.51 37.76
15 109,785 574 0.00 1.38 2.47 70.69 58.82
100 145,978 145,978 64.73 24.99 21.10 20.10 25.20 31.58
S’II\‘/(I)(I)nZE_ 50 146,632 67,639 26.14 17.15 15.25 29.36 31.32 38.53
15 147,547 13,259 0.03 3.88 5.82 75.00 63.89 58.60
Ry AUEE sste v Ui EE dtgst SMOTE-ENN 7|"§& 15% HI& 2 A& 35 2
T E5S Btk o) oY E48 A 5 ol YISV} 002 YolAHA Yo AUE
o] oldrE BFS T FEE 535 A7 7} A H A e d4o] YEhdth ol £F 3
AA FEZ o]ojd 7ol FolA= HiH, A do] TP ¥ FP gko] 00] = U7] wfjZolth
A F= 275 AR AR 2R dS8te Bl
T3 Folzlthe AS 9|t 4.2 2 AR =H
< 6> T3l A HeolE JAEH 7
I Ay GaelEed wet 2 2y A A <¥ 7> BTl A k! ES
4 3K Ao} o, R SHED A G 28] $E DA LAl A4
o] 28 Hl& ol A% A EFE A 7HA T2 8% Ao oy fAEE 7Y A&
A4 ZY(LR: LOngth Regression, RF: Random < B3l vloly E7d £AE Ndste A5
Forest, XGB: XGBoost)| A 25 Fd3l Ak AR A5 Wl S Helth
Bt AS AT 4 Utk A, Logistic 2y Hr JAXNE e F£F07 23
Regression ¢al2]5 ol Hybrid sampling 7% % 8%, Hole gAEE 71 A& vl o] Fof
176 AEdwse?, A6A H2%
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A Study on Default Prediction Model:
Focusing on The Imbalance Problem of Default Data®

ok

Jinsoo Park”™" - Kangbae Lee” " - Yongbok Cho

EEET]

Abstract

This study summarizes improvement strategies for addressing the imbalance problem in observed default
data that must be considered when constructing a default model and compares and analyzes the performance
improvement effects using data resampling techniques and default threshold adjustments. Empirical analysis
results indicate that as the level of imbalance resolution in the data increases, and as the default threshold
of the model decreases, the recall of the model improves. Conversely, it was found that as the level
of imbalance resolution in the data decreases, and as the default threshold of the model increases, the
precision of the model improves. Additionally, focusing solely on either recall or precision when addressing
the imbalance problem results in a phenomenon where the other performance evaluation metrics decrease
significantly due to the trade-off relationship. This study differs from most previous research by focusing
on the relationship between improvement strategies for the imbalance problem of default data and the
enhancement of default model performance. Moreover, it is confirmed that to enhance the practical usability
of the default model, different improvement strategies for the imbalance problem should be applied depending
on the main purpose of the model, and there is a need to utilize the Fg Score as a performance evaluation
metric.

Keywords: Default Model, Imbalanced Data, Resampling, Decision Threshold, Fz Score
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