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Default prediction of short-term loan based on integration of
rough sets and support-vector-machines

KE Kong-lin
(Finance School, Zhejiang Gongshang University, Hangzhou Zhejiang 310018, China)

Abstract: An integrated model of rough sets and support-vector-machines for the default prediction of short-term loan
is proposed. The financial data is discretized by using self-organizing mapping neural network; and the evaluation indices
are reduced with no information loss through genetic algorithm. The reduced indices together with relevant data are used to
train support-vector-machines and discriminate between healthy and default testing samples. 558 manufacturing industry’s
loan firms and 522 real estate industry’s loan firms are selected as test samples, The prediction accuracy of the integrated
model combining rough sets and support-vector-machines is better than that of other methods such as BP neural network,

multiple discriminant analysis and logistic regression.
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1 5|E (Introduction)

TE20044F6 H K A7 i B 28 208 B A o i, 2
K ARAT R WP SOEAE A AT R E R AR L
R PRARAR B RCRS: ) b AE, T AR P9 38 P 20 S Tl
FErp, T 20 ] B PRI B2 — AR R 00 4R 1) i) R
HAEr, XTFRRAWEL T REEMEEZENT
PANTT R — 2 P H R RAT TR R ) &
AME 4 7 s BdE KAl &, 40P Morgan 4RAT
HJCredit Metrics# %! . Mckinsey 2 H] [f]Credit Portfo-
lio View %7 . CSFB [f]Credit Risk+{% %1%, i T3
] ey b AR AT 3 4 Bl e i BOE AN R 58 3%, BT BLiX
AT AT T ¥ N FH 52 31 T BRI, — =R A b 43
T~ G v 23 A RN T3 e 5 AR A 3 i 24 1) il 4 Y,
B0 53 43 BT 25« Logistic %55 v 40 M B AL R0 1 2
W 4545 N T4 RER AR BB AFAE A (B i) 3 4Esk,
7 ¥ 7] & Hl(support vector machine, SVM)32 %] T )~

Wk H 38 2008—06—27; W& oike H 3#H: 2009—03—12.

ZRTE, "B RV G2 > BRR b BRI R B T S5 H R
I B /> A JER B )BT O L A 2 20 7 0%, FE AL 5 KE
2494 530 A3 P4 . P AR 1 81 EE AR 2.

SR S FF 1) B ALE A A B 5 BHiE b ok L o7
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organizing mapping, SOM)fi £ % 4% X} W 45 F 4 JEAT
BIE, 51 ONEE AR S0 b BIRE RS 4R 11 8 1t 24 15 1 L,
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P HEAT AT SRR ) SRR I, B0 3107 VE B TAT 1

FERNE, S A B PP G AE ] P PR G St Al 2.

2 FEET RGN SRR M EAHLE B BT K0S
2J A5 & Gt (Loan default prediction system
based on integration of rough sets and sup-
port vector machine)

B AR b B K B B R A DL T B R A
R, B—ITREA— DA, 8 —FFxR—
Ak, JE R 2 O 4% A B PR CRD TR 98 AR A 2k
F R MR IEH A s A ), PERRER
~AS = (U,CUD,V,f), HhURRX K ®
B, CRREZMHEWE DRRIEBIHEE, Vak
~a € CUDBMESL, f : UXx (CUD) — V&
—MERRE. SRA—EMKRIK, Hr € R, W0
Hind(R) = ind(R — {r}) , WHrk RFATL1E K,
BWr ARPAT A LK. Wikp = R — {r}@&M5r
1), M PR — LI, R P A AR ERK
RIR AL

T RURE SR B AN SCHF ) AL AL SR KIE L
FIMBR G L PRI 7> S 7 AR5,
BARS BRI : R RS R B AR DT E R A, B R
F B AU (SOM) #EE W 2 0 B AT I L2 @ PEME Y
Wt 55 B AT B B B, JE A AR SE N B AL
] 4 TUR VP T8 AR, 19 B R SR /N 1F R bk
5 IR G MR 4 1] 45 21 1) /N S TR MR AR S A L F)
JR G5 B0 B0 T BRI R AR R, IS 1) &
PLBEAT YIS, 8290 7 RARBUAL LG, KAy B0 e A4 o
B/ MR B Y (Y JR SR B AN BISVML H
T ZRGE P HEAT I LA, A A AR
2.1 FETSOM M 4 1% 4 J8 1 B B4k (Discreti-

zation for continuous attributes based on SOM
network)

R KE 4 S99 AN B A 228 Btk 2, By AR 0
T 2k 5 W 55 R AR (B HEAT B RUAL AL BE. A
I FHSOMAH 28 W) 2% 14T B8 B AL Ab B, 2 Hod 2
RFEEIEERREH, B Raew Lz Wi
S BECHE o At L. SOM. 4% Hh I — Ak AU 7]
BW,; = W,/||W;||55 P, 18] RK EC R B9

d; = [32 (0} — 051" (1)
o SR R K E AU E AT BB R IE N
wyi(t +1) = w(t) +n(t)[p; —wu(t)]. @)

Hrj=1,2,---, M, n(t) %R,
2.2 %A E R 2% (Reduction of attributes)
B AR R REEE R IR ONELZ —,

AR 7R DR 3 A DR 308 2 H 0 B I AR 4 F,
MR A RECA EE A BN, EH A EX
IEFE BN AR R, HErH 2 MEEL
R TV, iy VRN . sh AL R AR T RS
BEMME KNEES AR EHEARINIZ E
FrRARAL R) 8, K A st A AT S A T, L AR SR
e et AR B AR — NPT 4R AR, T4 0 1
KRB RIS N IVEAN FE AR, 75 W) 2 R LT B () 7
Wriahs, XA E & — MR EEEP. & S
{HRRECA:

F(V) = n— Ly n 2Cy

n m2—m’ )
X PP FEAR B, Ly R RIEL "V T
PN RIS Cv R GOV BeX 2 K 2R A
AN mARNGFEA RS ZRBI T —H M E
A B LyIKER AR, F—#aK RS
X IR AR T HESS .
2.3 SCER R E LK YIS A PR (Traning and test-

ing of support vector machine)

K0 20 145 20 ) /251 B R B AH I F) S 4
HObE BB R ORI I SR AE A SR, 3 SR ) BEALEE
A7 2% RN GR it BARSVE I RO 3T 45 % il
GFEAER, {xivyi}?:l » Li = (xl(l)’ xl(?)’ T 7$Em)) €
R™ g N 1) &, RIEE TR RE AR B 2 14 J5 49 21 1 B
NFAF R y € {1, 1} Xt RS B far s, B
BNk A kSR B AR, e SO AR -

1 "
o + 79
Mgw et s

n “4)
sty Do wipi(x) +0) =1 =&, & > 0.

Hor: () AEL T BLS, wi 4R 1E 25 8] % B
By 25 R BRI &, bR RAE, SO RS
KA sAR &, v —F8 & W 8, B HIXT 5 5 A
IR, LI EARLE S 85T R E
Z B WA . R R A IR EE | Bk B H SR
I K ¥ & Mercersk /4 1 N FAUAX BRBUK (i, ;) =
() (xR B 4= RN R p(x) (), AT
AL A 4 f5 DAk Il KA T =X PR 4 1 B KA BRI 4
A

n n

n 1
max aai ~3 Zl ZlaiajyiyjK(wiawj)a
1= 1=17=

n )
st. Doy, =0,0< o <.
i=1
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gk, A£G H RADEa; > 0, W KIFEA A



12

Py FUAR: e TR AR 55 SHF g LI Al S ST aE 20 ) ) 1367

PR A SCHE ) & HKK T L 45 1 AT 45 1D, oo b,
(R 29 F 0 P Sk R A
f(z) = Sgn[zl ayi K (i, ) + bl (6)

WA D) 12 Ak R E(RBF):
K(z;,x;) = exp(—|lz; — x;||*/20?); 2) Sigmoid#%
PRE: K(x;,x;) = tanh(kx; - x; — 0); 3) Z XX
A K (2, 25) = (2 -2y +1),d =1,2,---. RBF
K% R BRI 25 R A A 28 12k b B S 281) B sy 4 11 2 1)
Hh, DI BE 5 fif e SIS bR 28 1 g 1 1) SJE 2 1 19 O &
] 7. Sigmoid A% bR 0 H A7 U — L8R 5 2 50 1 g
FIRBFAH [A], 75U 2508 i ) nT e sk, 22 X
R E S 50 H LELRBFRX R 20 22, DR LA R 1k ¢
B oA 52 2% HNZRM BoFeIs 55 2 thah, 2 10k phi 2
HAE F BRI AT RS T Ie 97 8. IRk, AR SR
FHRBF R EUAE S SCRF ) ML pR AL
3 SZiE4 BT (Experiment)
3.1 HdickUE K552 & (Data and variables)

ARSI B 2R 5 M DX R K R TR 1] 2 2002 4F
TH~I12H, B8R B H 2003412 H Z 1 (14
R HR TR MU SR R AV A FEAS, JiH B AN B Al
A e WAL BIFEA, 5 2445 2015 24 279K (45 Ik
2 ATEERIE DR IR), SR 5 T Bl AL A A () £ 1)
IEH A (BLHE IR JSEDE )5 R AT, H558 %K.
T B IERBL RE A, AR Be A bR A L 1z Ak
e e Fe v, A SR F3-47 A8 IR 11 U7 vk, 3
BRAETT L B SS8F AL AR BN 73 B34 B A
AL ) 4ES1, Sa, Ss, BEAS TAEHR A F O3 5K IEH A
MEAN93FIE Ay A, INZRAIAT S b AT 3K, 7550 1IkiE
RIS, H4.So, SsVE RN INGFEAR, SE NI FE A, 1F
S2UCGEARKE, BS1, SatE A INGRFEAR, SofF 4 5
FEA, TR 3BT, K4Sy, SolE N INGFEAR, SsfE
R0 FE AR IR AE AR I 29 4 0 kG B A% T i 3%
IEA B IR AE AR LA 4 ) B B LA T 116, A 50 A A iE
240 ) 90K B A T B 33 AR A 36 AN O i A
AECBR LASSS. J& B LA AR W) 1 7 v, B IR HUAR
R X Hi e b 24 26 1 K A IE A k2615,
52258, 34728 HGUEIN R AR AR AL 5 8T K IE
AN A7 K i 2y b

5 1] PN A DG SR s SR A R M AR AT b T 45
VEAG TR AR AR R, IS HE T 430k, 2B 58 4 il B
viAE ) (A5 U R O, Ut/ A T3 5577 Ca, F)
SR B AEELCs, Tl LR Oy, M) LR Cy, M4z
HCo), W55 2300t (L FE5 89 45 FE 2R C, R % Cy,
A B R 2R Cy, BT 7 I R CL), e
B AR R B B RO, [ 5E 587 H R Cha, 17
B i F.C s, N R e 22O ) AR JE fe D1 (1

T KO, MR K HRCg, B
RO TT LR T 174N 58 m e A A AW UR W 55
fabn AR &, WKL HbAb, 2 830 SE R A JLE A
A [R]J&E T Rl— AN BT I, o — KA 24T R
2308 TR AR IR A3 1 s wAE R i 2 W] e PR g
PRUEDEF HRIP DR A5 F DRk A TR D3 3K S5 AN [+
FA R 7 2R A3 2R B 1R 5% i AN [ 24— 5K
A ) 2 ST AT DRI, 2 SARAT SR Al
K, ANIE T — FAAT G, 51 LR I1E 58X
K AT RE s P i, AN SCTINGE PR bRk Rm X e 2,
WA A A “17 RoRr, AR R ik
27 o, WAk2.
3.2 ESJE M B 45 B (Continuous attributes dis-
cretised values)

AL S N FH SOM M 4% 54§ 558 55 Hill it b A A A
VIV 55 45 bR AR S REAT B A A A B, I A o BUER
A H AR OCHE, SRARHH D, W RES A BIAAH AT
PR ARG, BB HEHZ, IS EE S, 45
203 AW B, F FH SOM A8 9 28 4 B AN 45 FR A
RN, SR WA
3.3 IEFRERE AT 45 R (Result of attributes reduc-

tion)

I FH 358 A% B35 SR At o) 3 b A4 M W 55 8 A A
PEFR bR s D2 TN, A8 XMES P = 0.8, 2 57 it
Z P, = 0.04, L1953 26742 45 &, Hrh3AN 5/
é’aﬁaﬁﬂa{@, Cs, Cs, Cha, Cis }, {Cs, Cs, Cy, Cha,
Cis }, {Cs, Cs, Cy, Chy, Cis }, 1EREAT A0 A0 I 9%
A 2 ) I, Ay B 2 BT R SR AR e TR R U
/D B B 171 R 2% R0 1) 3 G B R OBk, B
PN FEAR A — SR P RS N R 2, I A
7 AR B R, %A A A] DLTE I 5 S L ok A A
R = (No— N,)/(No — 1), 20 N, R 2 71 1 )1 5
FEAREL, N, R 2167 Ja 040 ) 0 000 4. AR B e K 2Rk
El 1 Jg i, }A%/J\Z@ﬁﬁpliﬁﬂg@ﬁ{C& Cs, Cy, Ch2,
Cis PR SCHF S HLEAT I 2R, AT R Y &
RN L B AT AL T 1 2 S R SRn)
3 MV A 30 A A RBEA T 347 A Ik, 43 HA 35 A% S
217 J5 [ PEAN H8 F5 EOR0 RS 30 45 A (1) 1 38 158 ) 6 o
/N, ORI
3.4 SVM BRI 1l 2 FAS B 45 B 4> HT (Training

and testing results of SVM model)

152 1) 1% PR BURBR)H AN 2 4 i 22 15 1)
TR GE BE62, 3X P AN S 50 1) 18 8 6 S ) B LA
RUFUNORS B2k A 22 QA E I, AE M S
EF R RS A B S AY, HERILS
B R 18 P AT T H TR, A SOR I AE Xk ok
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FEREMNSHE. KEREENE Ty a2
MIEI20042 4k, T2 BE0> ¥ Bl 2 12120028 16, AN

SRR STRF R B34 28 XCRAIE IR 2 A 3R B 4
RIPR.

k1 M5HAFBRLKE

Table 1 Condition attributes

intervals for discretization

P AR e 1 2 3 4
TR &) [0, 0.4127) [0.4127,0.6435)  [0.6435,0.8072)  [0.8072, 1]
AR Co [0, 1.15) [1.15,2.24) [2.24,3.18) [3.18, +00]
S PR R AL Cs [—oc0, —0.11) [—0.11, 0.98) [0.98,3.61) [3.61, +00]
B Cy [0, 0.68) [0.68, 1.79) [1.79, 2.83) [2.83, +00]
HEF LR Cs [0, 0.33) [0.33,0.91) [0.91, 1.47) [1.47, +0c0]
ME AR Cs [0, 0.04) [0.04, 0.12) [0.12, 0.20) [0.20, 1]
BERNEE Cr [—o0, 0.0199) [0.0199,0.0785)  [0.0785,0.1917) [0.1917, +oo]
B & Cg  [—o0, —0.0093) [—0.0093,0.057)  [0.057,0.095)  [0.095, +c0]

MABAFNEE  Cy [—oo, —0.0312) [—0.0312,0.0459) [0.0459, 0.0936) [0.0936, +c]
SRR R Cho [—o0, 0.0022) [0.0022, 0.0154) [0.0154,0.057)  [0.057, +o0]
REF R C11 [0, 0.0228) [0.0228,0.0733)  [0.0733,0.1944)  [0.1944, +o0]

e Rr=RAH%E O [0, 0.0173) [0.0173,0.1825)  [0.1825,1.076)  [1.076, +oc]

TR Ci3 [0, 0.437) [0.437, 1.962) [1.962, 3.138) [3.138, +00]
N EER Oy [0, 0.551) [0.551,2.177) [2.177, 3.746) [3.746, +00]

WERABKE O3  [—oo, —0.1243) [—0.1243,0.0791) [0.0791, 0.2148) [0.2148, +o0]
FE R Cig [—o00,—0.114)  [—0.114,0.0911) [0.0911,0.3676) [0.3676, +oo]
BB KR Ci7  [-o00, —0.056)  [-0.056,0.0721)  [0.0721,0.148)  [0.148, +oo]

A2 TERBFEE
Table 2 Qualitative attributes

M TRRR S 1 2 3 4
B Cis g X7 a4 £ F i ETa4
HEFRX  C PRUEBEER IR HEEK TR K

HFCRIL  Coo  MUA—FKBUTHER 102 FET K

£3 TRABKT LH@BM3-I X LKRIE 69 35 45 514 B(%)

Table 3 Classification accuracy of various parameters in SVM using 3-fold cross-validation

52 =1 6% =25 §% =50

§2=15 82 =100 5% =200

T mk W% RB W% BB

gk mK g kR % KBk

1 86.92 73.12 8136 7634 79.84 7545
10 9220 7097 8297 78.67 8271 78.85
50 9480 6810 8405 7921 8566 81.00
75 9633 68.64 8539 7796 8629 82.80
100 97.67 67.74 8647 7724 86.11 81.54
150 98.03 67.56 87.28 7742 86.83 80.29

200 98.66 6720 8790 76.70 86.92 79.03

7849 7455 7724 7294 76779 72.58
81.00 77.24 80.20 75.45 80.02 74.73
83.87 79.39 83.87 7849 8226 78.32
84.77 81.72 84.41 7993 8226 78.67
85.39 82.08 84.68 80.47 8324 79.75
85.66 80.11 84.59 78.67 84.14 80.11
85.84 79.21 84,50 77.42 8459 79.03

B4 H T 0%=501F, B4R R E 5k 2E
TR PR AR LR, NR3FE IR E H,
2 (B B BN, 3 Ml I ZRAE A 33 20 1) R
F5E 388 0, 1) s M AR B8 AR AN 1) 33 240 340 S0 S B F U B
I (L 38 N T 186 o, 2408 B — i R 5 X Bl {E 4

BT ST (6% =15 0L 5b, LB 2040 504 B B
YEIG AN B, KRB A I ZRAE AL
HR/NIAE AN, T BN GRAEARRIR A A S
LA AN . B245 1 T =750, LA HAIHIKE
FE5 96 BE6% R AR 1 AL I, A IR3ANEI2 AT
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H, K2 BN Zr ke A 138 2 ) 5 ORS B Bl 62 888 in T
TR, K 2 R I6 A A P 3T 24 ) B ORE T U B B
S2AEHE TG N, 240k B — e R 5 X BESAE 1S n
R REFETFRE, XRFDMIES FEIZ
FEA I FERL A, 3E 4 0%H Ae 15 B R A B 4 A
BIBR. NRIFTLUF H, Hy=75FM52=500F, ZHF
v B ATLAS: 2] B I PRI ARG B A A 35 240 A Sl K £ 82.8 %

88
86

84

oo | IRER

| /—/-
T8

76 Ko pe A
74+
72H
70

FIHEE /(%)

I 25 50 75 100 150 200
y
1 ARG R B AE §11 3 R 4T 2 Bl (57 =50)

Fig. 1 Classification accuracy of various ~ in which §2=50

100 T T T T T T

gk A

PR FE A

FURIRGE /(%)

Il L
100 200

B2 RS BE SR> AR T (y=T75)

Fig. 2 Classification accuracy of various 42 in which y=75

AL 5350 R F 22 T A% bR £ Sigmoid % bR
FORAT3-Pr A8 XHAE, 15 H A2 17 A% R E(RBF) XY
o 560 5 A 1) 3 240 ) K B s T LA A R 4K, TR
i % Fe 342 1) JE 4% bR BL(RBF)AH ot T HoAth 4% oR %k
PRI 30T, A S F 20 5 4% 1) R A% R BU(RBF) 1 <2
R BN PIAZ R EL
3.5l b K 50 B A K- A5 BN 3 2 A RS BE L

$ (Comparing classification accuracy of man-
ufacturing industry testing sample in different

models)

AT S G b B0 R R 4 5 SRR 1) LA A
07 S 30 DE K0T 20 400 AR, A SCHERS-
SVMAE Y 5 1l 18 M 46 56 #F A% 1) 55 47 0 50 4% &
5BPHIZE M 4% . £ J6H 34 BT (MDA) FlLogistick
S I 4 RS FE HEAT LA, JE B 2R Rk
FE BRI TMRE BE, 28 12845 R e OB i 24
MV A TEH Ak, 8228483 8 O HE IE H 4k A
B LAY, 3R IR A B LRI RS FE R 51 T
x4

H R415 50, 5851, So, SsZH 5 £ A DL K34
SEYIME B, RS SRR SZ R i AL R 20 A
TSI 5 A B 1A IR AN 5B 28 A R A R AR B B
& TBPHH £ P 45 A Y | MDARR B4 FllLogistics Y,
MB35 3R A R A, KRS 5L 0 =2 RF 17 EAHLEE
F5& 17338 24 4 ) B TR 5% ) 643 ) ELBP A 5 I 4%
FEAY . MDARE R A LogisticAE H11%4.48% . 10.04% .
8.96%, i B HLREHE AN SR n) BEALAR RN AR Y 3 4
I B8 T B

R4 BRI A3 R UIIE A 3 49 F) A 4 R

Table 4 Classification accuracy of manufacturing industry testing sample using 3-fold cross-validation

Slﬁi S2ﬁi
R . . . . . X
FIREER(%) F2RER (%) BRAIRN( %) BIEER(%) F2REHR (%) BIRHZRN(%)
RS-SVM 15.05 17.20 16.13 18.28 17.20 17.74
BPN 19.35 21.51 2043 20.43 23.66 22.04
MDA 24.73 26.88 25.81 30.11 26.88 28.49
Logistic 25.81 24.73 25.27 29.03 25.81 27.42
S34H 3YPIME
LAY
IR R(%) F2REERI(%) BARFIFN%)  BIFREER(%) H2REERI(%) KRHAIZFN(%)
RS-SVM 16.13 19.35 17.74 16.49 17.92 17.20
BPN 23.66 21.51 22.58 21.15 22.23 21.68
MDA 29.03 25.81 27.42 27.96 26.52 27.24
Logistic 26.88 24.73 25.81 27.24 25.09 26.16
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3.6 b5 N A B RE A A5 Y 3 4 A )R R
H. % (Comparing classification accuracy of real
estate industry testing sample in different mod-
els)

O FH 36 MV AR A )R O DI RS 56 T v, 452

5 H =N N {Cs, Cry Cha, Cys, Cro PRI SCHF

] EALBEAT YIZR, 24y=75F102 =50, HRESR IS

5 1) WL AR U B A B 0 1) 3 440 K 00K B2, RS-

-SSR of 55 b 77 M AS: 56 A A 14 B3 3 541 31 K

HBPHIZEF 4 . 2 TCHI 53 HT(MDA) M Logistict

[ B 0 P R B LR 45 R AN RSB 7. 34

FBIRA R RE, =T HERERN S EHE

5B 3 240 ) ol 5 R R ) R ] AR T L B3 A

B LA AR, b I B v K IR R CREL i B R S

] S LA B A ) C (BPAR 42 Y 48 A5 28Y) C (logistic

M) C(MDAERY).

RS BT AR I R 2 F) R 45 R LR
Table 5 Classification accuracy of real estate
industry testing sample using 3-fold
cross-validation

R BEIZRENIRI(%) H2BEER(%) BRFIZ(%)

RS-SVM 18.39 19.54 18.97
BPN 22.99 24.52 23.75
MDA 30.65 27.97 29.31

Logistic 29.12 27.97 28.54

4 45 (Conclusion)

AR T — P REE R 5 2 Fm ZALE
FSC R A M 5% T 24 )l A Y 34 B R L AR S X
il 1 b R 5 B 7= S 3 DR K A M 16 T 2% H B i
AT3-PT 2 XHGUE I SEAERF Y, 45 SRR 3. iz Ff
REGEHAL X PEAN PR b b AT 29 17, KK T X KF
i) B ML 45 M), FELRE SR AN S RF ) AL Bl 13 29 A1)
SRS SR K B B B AL T BPH A M 48 55 . MDA
FER AT LogisticB A, b 43 Ml 4 82.8%, b5 =
Mk 4181.03%. i £ A = 5 m) AL 4 B PR 29 )
AR TR FROCINRS BE 5 iR 22 16 T IR Ty f0 98 P 02 K,

X -3 b R0 B B =, 24y =75F162 =500, ks
BRI HF v B LR O B 0 S U AT I R A 3
2RI ARG B
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