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Abstract

Based on the credit card customer default dataset from the UCI Machine Learning Repository, this
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paper establishes a predictive model with the presence of credit card default behavior as the response
variable and 23 explanatory variables detailing customer information, along with monthly repayment
status and amounts during the data collection period. To enhance the accuracy and efficiency of credit
card default probability assessment in the financial services sector, we propose an optimized predic-
tive model known as the Refined Least Squares Ramp Loss Geometric Non-Parallel Hyperplane Sup-
port Vector Machine (RLS-GNHSVM). The RLS-GNHSVM model seamlessly combines the strengths of
the Least Squares Ramp Loss function and the Geometric Non-Parallel Hyperplane SVM. This integra-
tion aims to address the shortcomings of traditional convex loss functions, which are prone to perfor-
mance degradation due to sensitivity to outliers. The RLS-GNHSVM model not only maintains stable
predictive performance amidst noisy data or the presence of outliers but also significantly enhances
prediction accuracy. In empirical applications, the RLS-GNHSVM model demonstrates superior per-
formance and applicability compared to three other mainstream models in predicting credit card cus-
tomer default probabilities. By offering a more precise risk assessment tool, this model provides fi-
nancial institutions with a powerful means to refine their decision-making processes and enhance
their risk management capabilities.
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1. 53|

21 el RIRAETEH, SRl BRI E BN AT KA P R OG5 8 A ) 6 Rl
WIHE A4 Tk, SRS RSB S IE . (5 A RS EAZ LA™Y 2, A TS 2 i
K-t 4. FliEkmigae. HEEEO. HHRem. RN & M k@F], ks
HA N ALGE T RGN T 50 9817 WA PR, AL IR S XU . Dy 1 RO Sk
i, @R FI AR IR E N Jeidt . BRe0E R IEAG 7% Hdr, BT REER ML 22 214
ARG A P B LML TR B 25 52 00 . X LU R et Ab B . 248 30 508, B B R
AR I FE, 429 Bes e B8 1 5 IR 2 R, AT SR 75 7 i 24 XU (A fE T«

Vapnik 1 Cortes T 20 tHZREFEH T —FBr i T2 2@ r TR [1]: SZRF A= HL(Support vector
machine, SVM)& FH T M B 2 I M E D) e s ok 1) T H, 75 & Fh i St 500 S AR e 2 B3z U 1 732K
AENH. EFER, CREMENR AN ——3 AT PSR M ENAR R TR, 5l T AR
T2 N o M R U B I R TR AR FR A1) T SV AR B R AR B 1 Ak 1 DA K T 4B XOR $i 4 £ 1,
AN B AT T Y SVM TR REAE A AN BE AR i), Jayadeva. Khemchandani A Chandra [2]#4 % T — Xt
A TATHEFIRCR X 0 T REAS,  FRONZEAR 327 A S AL (Twin suppport vector machine, TWSVM), TWSVM fii
RN GRFEA [ ST B SR B0 7 (R T - BT TWSVM H 75 ZR AR N5/ QPP, R E iz
AR R LY AR S BN DU . T TWSVM (I RIFPERE, W2 SCERESEUN T 0 el R e .
Kumar 1 Gopal [3]H&E LA RMA B AERLW, =/l 1 &/ 3k TWSVM (LSTWSVM), FEHIHR T
TWSVM HTHEFE . {Ha2 TWSVM ZE I ZRATINGE A2 P AR AEA — B i) @, Ktk Shao [4158 AN ¥it 1
— PP AR PATEE T SVM (NHSVM), 12 SCRF ) S AL AN SCRE ) LA AL 1] 3R] DASRAS A 7 55
FECPID,  AE A5 S F R AR DI ZRAT T o2 — 80 . Qi Kai 25 A[S]4EH 7 NHSVM 78 JUAT 41 B b3 1R

DOI: 10.12677/ecl.2024.1341454 2757 HLF 7 55 Ve


https://doi.org/10.12677/ecl.2024.1341454
http://creativecommons.org/licenses/by/4.0/

Tl

BF e SOIFR T — Mo e d /s 3R JUART 147 8 P [ SR 1) B HL(LS-GNHSVM), {H2 LS-GNHSVM
AR NI R R, 2B R MERESZ S 5 E IR0 T P . Liu [6142 H 1 — P v S 6 (B A0 B B
AU R SVM, Ramp Loss LSSVM (RLSSVM).

AAE LS-GNHSVM FI Ramp LossLSSVM 15 & F#id& 7 —/~2&T Ramp Loss f#] LS-GNHSVM,
M RLS-GNHSVM, JiHT-3HEH R 2 P B2 i il ot b, SR m TR . R 2 AR R, 3%
LS-GNHSVM H {45 2k B 2 B 4 R 2, B AEMR D LS-GNHSVM Hh 45 2K bR H00H B mUR 7 (R 1)
UK ) . T TR ) RLS-GNHSVM & — ARG 8, F CCCP Say2ont H % #e sl 2R Bk ™ LA, 1) 2t
HEATSRAAE, F CVXR ALSRAARAAY o sk (R A 45 R de /s 30 S LA 147~ 1T 52 45 ) WL (RLS-GNHS VM)
TR EAERA G, SRR iSRRI SR A T A R T .

2. XA
FEARE G, IRIRAE T RIS SYM. #1452 LSSVM AT LS-GNHSVM.

2.1. sk SVM

ST 0 AR I BRI p 400 = A KR, K | MM A SO (X, y,) 5 S X e R?
REGAE, v, e 411} & x AR AR . AT 0, A, FEBHEA 0 A, Hn=n, +n .
X, e R™PHIERHARMIERE, X R N GKERAIERE, Y = (yy, -y, ) Jobrgsi . Ao
WIRS, A R RN R

BRSO LRI B AR R B MU 0 T T HOE 20 B PRI RE A . A2 2 8 BARAR
AN SR 2 I 0 T LT D R B S TS . R B, A TURAE LA 1

H 1 T
min  —w w+ce 1
mn 3 4 1)

Hrr, X eR™P REIRAEFE, D=diag(y,, Y, ) & HBEEEMR S B MR, JFH e N1
n . weRP filbe R 2P HIE RFHE PHIGEFAREMEET. c>0 REBESH, £=(&, &) i
SR, SIAMAGAREE N T SRV GRRE A S SR I A R
FRUERT SVM #5458 Hinge 2 2% B B (WL K 1(b))
H,(z) =max(0,5-2),

b, MR s R Hinge sifOMLE, UGS 20T RAOEEAS,  TIARIME SVM 1 J i) B ) DA — 2 5 pQ:

. 1
min EWTW+ ce"H, (D(Xw+eb)) 2

BT Hinge H 2k AL BIN, ArdE SVM X T 7 5 A B A BUS . O 1385 SVM B & Ht:, i
bt AR A SRR R R, R TR UR R ET] (LA 1(2)), ARV EHER Hinge 57 2% BRI 4K
0, z>1
R(z)=41-2z, s<z<1 (3)
1-s Z<s

WEAE z MEDN T HOEME s <1 B8R R BCT AR Hinge UK ERHL. R, (z) W LAZ il
Hinge #5 5 F1 M5 2 (L 1(c)) 2,
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Figure 1. (a) Ramp loss; (b) Hinge loss; (c) Concave loss

E 1. (a) BHEIKERE; (b) Hinge Mk R#; () MIKEE

I, AHR 2 SVM (RSVM) R i & m DL A -
1
rpvybnEwTw+ceTRs(D(Xw+eb))

:%WTW+CeTHl(D(XW+eb))—ceTHS(D(Xw+eb)) @

141 85 %

™R B
XA L@ CCCP it FE[8] 5k 3R fif .
2.2. #HERL LSSVYM
REPRAER SVM ()IEZFE I FERRIL R I, (HRMATHE R E L o(n3), Hon BilgGreA

HcE. Bk, FRHER SVM 2R TR JORAEAR I . AR JOX — a8, 2t 1 b ISR EAL
LSSVM, LSSVM ¥t SVM A SER LA B NHERLA W, LSSVM BRI 2 Wi F Ak v i«
min lew+c§T§
wbe 2 )
st. D(Xw+eb)=e-¢,

H T T PSR P TR BT B s R SRR R /N, AT ok SR R B K TR/ [8], RIS, T - S PR
PSR T TAR) A 4 )2 B A, e TR BORRISCRR R, TSR AR B X SR R s . DRt
RLSSVM Z M & -SCHF [l PN & - ABUBHR R R B B AR, M3 1 fn 1 Ao 1 et

.1 c
‘E,‘J‘E"VT"”ERM (e—D(Xw+eb)),

b, Ry (2) R & RS AHIE K RS 2(2)),

(t-g)', 7>t
R, (z)= (|Z|—8)2, 5S|Z|St (6)
0, |z]<s

15 & - AU R R R B (LI 2(b))
I, (z)= max{0,|z|—g}2
TE|z|>t> e FHRBHI . B4R & -ABUERER R RELR, , (2) 7T LAMEN I & -ANHUR ZIRBUR 2
R4 2K R B (L B 2(c)) A,
Rs,t(Z)ZIS(Z)_It(Z)' (7)
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Figure 2. (a) Ramp ¢ -insensitive Loss; (b) ¢ -insensitive quadratic loss; (C) & -insensitive concave loss
2.() & -PHUBERBEMRAERE; (b) Do -THRBEIRMKERE; (¢) MIRKEH

2.3. LS-GNHSVM

Ty — P b TSR AR T R RN BN RE AR, BB IE B 2R AR SRR M & HL(Twin Support
Vector Machine, TWSVM). 55 SVM Fll LSSVM A[FE A&, TWSVM SR AF I X6 N T 5N 2R 1 — % F 3E
PATHEP . B8, — NGB KA NOZAE I SRR AR R — Bt e . 2R, TWSVM 7R
Sk R A 25 R B AN 43 258 T THT T8 PR R 5 o 3K A ) R RT RE Sx BRI B 45 R AE T ZE I LR .
N TR E L, Shao S [4145 tH T —FhoEr B FE-FAT P10 SCRF I EHL(INHSVM) . 28 NHSVM 2 —
iy, H2 Qi Kai & A[SIR IR NHSVM 78 ) LT HL R i A AR BT (1) 7€ o BRIkd it 1 5/ I fepiiAs T
) GNHSVM . X TAF R — X1, @& n] PR 3 —AN P35 P 1f «

T:(w, +w ) x+(b, +b )=0.

Forr, wy, Filb, A& TE 8 Y[R A7EE S~ T PR [ S MVBGER 0T 40 SRAEAS xR EEIT IR (F) S8k, MR A&
SN BOAL TP YT B (R)J5 e BRI, FEAS S AN - D AR 28 EG A T DA A Dy AR T~ 58~ 1 )
P E A . W5 NHSVM A, LS-GNHSVM 78 J U _E 5 A F I L3 LS -
X, (w, +w_)+e, (b, +b )>e -¢,
X_(w, +w_)+e (b, +b ) <& —e, ®)
£ 20,E >0,
I LA A @) H AR — RIZAR G LR B0, ARAELHS), E(G)FEA R EIE
PRI ) 7 (R 7). B BaAE O i BE Sl IR ()8 P i . R, Z0ASR A (8) 5 TNl A i B AR 58 4
—EL RS EME (X w, +eb, [ +[X w.+eb | ) RIEE. M LS-GNHSVM H4:

min %(||X+w+ +e.b, " +[X_w. +e7b7||2)

Wy by, &y
1 2 o 2 ..\ C 2 2
+5WMH+QHMJ+h)+§WiHHKH) ©)
¢ X, w, +eb +X w +eb =e -&,,
s X W +eb +X w +eb =& —e.
3. PHE#I SR/ ZFRJLTIEFITEBFE ZFEEN
ARHIE TS5 E & -ANBURRIE R BT AR J UL A B 1) 5E X AEPAT #ET T SCRF R 24

FRON BRI 25 i /N — SRR AT 8- T 2 5 17 EE AL (Ramp Loss LS-GNHSVM, RLS-GNHSVM). 7£ ) L[ 41L&
AR 2 O HLAEUS M v — k351 5% B 05 BRI X T 5 8 (B SR 1) 831 DL B A 45 3 4 e = AL R B A
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3.1. MR
Q(z) R _IRBIUKREHL, Q(z)=2"z. FIHMREIBE U SR RILITL I, WA & -ABURRH

SRERHR,  (2) 05 Q(2) Mt T 1 F AR AL 1

min S ((%0, )" X 0, + (X ) x,w,)%( N, + W)
R
+%§[I5(e+—»D+f*(X+))+Ig(e_—-D_f’(X_))] (10)
MR
—%[lt(e+—D+f*(x+))+|t(e,—D,f*(x,))].
EIFEEE
Hep, X, =(X,,e,),X_=(X_,e.) ~I=(WI,b+) Wf=(wf,b )T,
(D, 0 : G fm N [ £(X)
D_[O Dj f1(X)=X; (W, +W_),i=+ f(X)—(f(x)].
R4 CCCP HEZL[6]LA Sz LS-GNHSVM I AT LA H il 51 (10) (4 % {1 1] 1 o
H, ex0RERSH, 5, eR™ . eR™ 7, eR™,p_ eR™ o AT, BAIFINTHS:
Q:_%yiw
aYif(Xi)_l
—cz(|f(xi)—yi|—t), yi f(x)-1>t
= cz(|f(xi)—yi|—t), yif(x)-1<-t
0, N
Holri=1n, 0=(07 O) i G MRIFIE. WRHE TS .
. T e o O (-7 T - _ AT
nyjln —(7/—7/) Q (7—7)+¥—De (7—7)+g(7/+7/) e
e 2
(7-7)e=0 (11)
st. {y>-0,
7>0

Her, y, eR™,y eR",y, eR™,y. eR™ REMBIHFTHE, 1,2 p+1Habifk.

(el GG

o ] o o ATor e ‘
Q:Q+@,i:LugnoQ=X[“pﬂ+qXIXJl+<hﬂ+quXJl}XT,Q —Q+2, IR nB
2

BibE, 3=y -8, 7 =y, +6, i=12-n.
Zibpnk, gath VAR JI% ) CCCP R AR 4N 5 1 o

ESREaia
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Table 1. The process of solving model parameters

F 1 OREERSHITE

RLS-GNHSVM
(1) BNVGREAR X, e R™, X e R LHABHFEEY =(y,, Y, )
() HEHZH o150, WHEANETZH e, >0 RLRHK (X x) , WAL E°6°, Hk=1;

(3) MG IFRAFER k MIEAD R QPP il i

N Ll € 2 7 _ . _ .
n;vlyng(%y)TQ (7*7)+M*DET(7*7)+5(7+7)Te
2

(7-7) e=0
st. 1y >-0,
726

(75 7) (W)

TR RECH (X, ) =X, (W, +w ) +(b, +b ), f (X )=X_(w, +w )+(b +b);

(@) i5(0%.6")

() #(0%,0")=(6""6""), M@ PRI wi bl EATHE)F, TMA k=k+1, BEFEHE)D;
(6) & MHMIFEA K X, - RIHIIT SRR EON ILHAT 505K

|knew

+b |
Classi= m|n
= w

3.2. E&MER

BTk, BATK RLS-GNHSVM MERAERE B BIFERIEMIA R T, & ¢(-) 2 FIAREAR 2 1) B 54
o YE A KA RS A, K R R R R Bk, o TR AR A XX, WA
K

(% %) =6(x)" 4(x,)-
L ARIS, AR TR AT B T

K(x ,XT)W++b+=O, K(x ,XT)W7+b7=O,

& Xy =(K(X, XT)e, ) Ry =(K(XXT)e ) W =(wl,b, ) @ =(w'b )
MR PER RLS-GNHSVM JE SUA

min %(wiw;r va”vf)+%(()zmv~v ) R W, +(X ) R, )

Wy, 774(r)

12
Un

C
+ 2. | +

(12)

s.t.
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B ) A -
. AT _ . 0 (7-7 T
min E(V—y) Q(7-7)+ (z 7) De' (7 -7)+e(7+7) e
V4 2
(7-7) e=0, (13)
st. 1y >-0,
7>0.

He, Q= XK[(|p+1+01>z.ljm)’l+(lp+1+01>Z.I,XK7)’1}X;+|—”,

2 _)ZK+ - _ 77+ ~ 77+ _e+ _9+ —A.0
Rt R W H
AT CLABL, AR ) @ (13) 55 L P37 357 1 SRR IR il (11) 52 25 BAA o 2R 4003, 153 w,,b, J5, WTEL
TN TR SR R BN BT I HIREAS fU3E4T 702K,
K(xT XT)Wk+bk

new !

Class i =min
WK (XX T w,

4. EF RLS-GNHSVM W A& FEAB R mNiEE
4.1. BIEFERSIERRIET

AR IER K UCH HLAE 2 3] FE (https://archive.ics.uci.edu/) 2 JF IS, %5005 5 4 S U IX 1945 A&
B P RAR G SUR B, @ E, AR B A FE R, TR 24 N 23 (1 SO0 A M 1 5 SR L 4y 36
= R(MEERARE MR ) EANE. B TEL M E SRR, AR T MR R g 2
FNFERAGTHE L E SR . BABIEREAR A 23 MBI, A N AR B % PR S L), —
LHEPFATRERPRGS . BAMAEL . LREFEREER S UMIFRRHE, EARZ MK E T EEHE 7L
T 23 MR AR N I RS AT @A AT, XS R 5 R PR TR ECOE A m A R R[9]. &
BRI 2,

(1) F#e(age): ZIatr G H REFHEE, HTRIE P TR FERT B B — N ZFEITETr,
TG T EEBIZFER)IZ R B AR R B2 P S AR I F5 SRAE FH SI8 A T AN R, (A |,
BRREA—MAT TR, E&FREHIA—E M PG FR% P Ge g HEH I~ 1H 2R
PERR S S, T AR 2 2 AT e VR ELAS R S et E AR R DU RS . PR,
RS R AR AT E R P SR — N E LR

(2) W54 (marital): ZFa bR 2 % P ASWRIR DL, A B T4RA7 A i . 1 2 1 1)/ A AS AT AR TR S
WS WRDUAE — B FEE b B T2 A G AR e MM SR S N AT R DR 5 JE 54T 1 B8 v 8 0 45
BRI FICs%, X REXH 5 VP 72 AL R i o E XA RIS AR 25 7, 4RAT AT R il e 22 Ak 1)
R, B, N TOSCENES, AT REaHEH T 2 5 5 R AR BE B T T R4S
BCRASIE T, U] RE BE v EE R A A S IR S5 AN

(3) tl(gender): ZFRbRE % HIVER, A5 F R % 7 MR R AR AT 7R 20 B RN T 3 4 4 I8 25 R )
— AR . ASFIPER B RS BRI 2 I TR — e I . M AR T R S P KU
il . BARXIFELNT, (H—2emfffidath, MR a5 e ErTRe B R, 5y SRR AT X
Sl T 5 e P AT R B A I T R e XU A A AL o . XA ZE e T AT E SRS A R
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Table 2. Data indicator variables
= 2. BIRIERTEE

A 2 A FEYH ARy ]
. \‘ Q\
e REEATR % P R A K o
: LJ‘]
L (age) BPER, BRI AR B . 20~80
1. O
U& YA (marital) ISR GL:  “0gs” , “my”, “Hfh” 2. B g
3: HiAth
1I~$%|J(gender) ‘Ti%'J «%v “ﬁ” 12 %
’ ’ 2: I
1. WHAE
S 2 T R . ZHERRE: 2: K%
Xﬂﬁ$3—£§(educatlon) {{ﬁﬁﬁﬁz” y “j(%‘l'” , “%EP” s “ﬁ,{m” 3: %-‘EP
4: HAth
%*%%% QL\ I A pos
«H%'fﬁ)’%é}:\@ﬁ 0 RIVAS . 22 A S 3
(Amount of the given credit) NEE LR GIE IN N EU{E N IE#E %
—1:  “HERAL”

1. “HEBRfEK 1A

. 2 Y
L 32 5 (2005 4 4~9 F)AEIEEIES  2: “HERAE 2 A

(History of past payment) C
9: “IEIRfFR 9N

T BA<
(Amount of bill statement)

LA B
(Amount of previous payment)

id2: 54 H (2005 £ 4~9 AE A KR EH  BUE N

if% 54 H (2005 4 4~9 H)IIEEAFTREAT U A B

MR 55, Gndfar T A RS 5 0 e BB S A .

(4) ZHE RS (education): ZIEIREH RE P B AR, CORVFAGHAS RS I8 2% 215 &
AL BEARAR 2 — . ZHE RS R P I8 B & R U 5 B R /)RR =R, AR TSR
AT R T ER S R A A RN LR 57 R e 9 P 2, AT G AN 0 BE I S H F@ A . 7
BRI R, ARAT SRR R 5 1 ARG U AT S AN A . BN, 6T A R R RN R E
EHER RIFIE T, HATH AT R4 T35 1S FH A

(5) 4 TIEHE4& B (Amount of the given credit): ZIEFREFE N ATE FE RN NG 7EEHEIE
B, (G084 AU R 18 12 ARAT B B S R % P B8 IS AR, B 7 m DAAE — & BA PR P93
SCERAE IR KRG80 X /NEIRE R ARAT RIS B P 145 DRI . WONIKSP L B3R 71 46 R R 25 A PRAl 5

SE o

(6) 1L ZAF KB Bl (History of past payment): i ERER 73k 2:(2005 4 4 A & 9 A& AiRzkid sz
T 2005 4 9 HHEKNE L 2005 4F 8 H LKA NL; ;2005 4 4 FBBEFCIRE . & FRIL 1 &
FRAEN: —1= %0304 1= RATE— N H; 2= IR NH; 5 8= EIBAIEK\ANH; 9= %
IR 9 AN H K UL

(7) Mg EEA(Amount of bill state-ment): i iRiE: 1L (2005 4F 4 2 9 H)&EH % BME Rk
L P
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(8) 1T ZAFFK & Hi(Amount of previous payment): F#EERIEE T i 2:(2005 45 4 A% 9 A)& AR AT
e R &80

4.2. (ERFERELFRTNERAE

AT AT IAE 7T, B3 RLS-GNHSVM I H T35 Fl K I8 508 20 R SRR, Szig #57E
R4.4.1 Hhik T, T RGACE Intel(R) Core(TM) i7-10700 CPU(2.90 GHz)#1 16 GB RAM [f] PC Fiz1T,
A THA CVXR KRR, K THREAESHNLE, AT LSTSVM. NHSVM. LS-GNHSVM #i
RLS-GNHSVM, % & C :{2-8,2-7,--.,27,28} , C, :{2-8,2-7,---,27,28} , C, :{2-8,2-7,--.,27,28} ; W H RLS-
GNHSVM i ¢t [EUE G € ={0.1,0.2,0.3,0.4,0.5} , t={0.50.6,0.7,0.8,0.9,1.0} . JELLIEMEN, Hik
ETZ R, PPN FRAR A HERR R (Ace) . X T RT AR SR E R, A SCfd F a7 38 IR IEVE K% R AR Y
RS H. N T I SEIGRENLIE IR, 3547 100 IRBUE 2L, TSP 55 I T 28 (Ace) Al br ik 2
(sd)o P& BREAE ARG AT 73, BT DU iy i s N AR 2R PR T A0, R S5 B 3 Fom . $EHH
PR ALR T TINERf 22, R N T 15 F R IO 2 ME AR TR Y AT DLy ok BE A R RO

Table 3. Data set prediction results

3. BURSETUNLER

LSTSVM NHSVM LS-GNHSVM RLS-GNHSVM
Acc. + sd Acc. + sd Acc. = sd Acc. + sd
e 0.510 + 0.029 0.825 +0.015 0.829 +0.015 0.835+0.015

5. &

AR SCRAE T AT S iR 25 U5 ROE LOMES VAL IR PE AN &0, T8I0 UCH MLas 27 2] FE P s
FREFELEAREIRN AT, R IFEIGUE T — PG5 (0 TR0 B —— ok 0 R % S 3 J LA 9k
SPAT R TH S HE M S AL(RLS-GNHSVM) o 1A% B 3a i fil A R 5 2K MR 30S B/s — 3e LA P AT 8~ T 5
Frr AL A, ISR 1A% 48 45 2 bR A A B e B a7 A S (B B A2 . MERE R
(1 JRBR o 7ESCUERF At FEH, RLS-GNHSVM 2 f B 1 HL s bk fr s R0 SRS 2 o AR A - At = oot
A, RLS-GNHSVM AMUAE AL B 2% 2748 ()45 F < 2 7 B s s e 0L LR 5 v R 8, i ELFE Tl % P i 2
MR T SEHL T B35 AR IR T, NSRS E T — e R e R R VA TR
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