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Abstract

In order to manage credit risk effectively, financial institutions have developed various quantita-
tive models. Various categories are used for credit scoring: to distinguish good and bad borrowers.
However, the unbalance of the credit data set will affect the performance of the classifier, and dif-
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ferent classifiers are not used to process a single credit data set. Based on BLS algorithm, this pa-
per studies the classification performance of various classifiers for the same credit data set. Firstly,
the classification principle of each classifier is given. Then, the unbalanced credit data is processed
based on THE BLS algorithm, and then the model analysis of the classifier is given. Finally, the
performance of different classifiers is compared with each evaluation index. The results show that
the random forest classifier is the most suitable for the classification of credit data set, and the in-
tegrated model can be developed with the random forest as the base classifier in the future to fur-
ther improve the accuracy and performance of the prediction.
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Wt 5 L IEK I < R AT P 55 O RO R R, T IR 65 (4R Bk S5 A D, SRR 7 0
TEOTARI R AT IR, O AT B SRICBT R B ) LA R LA B4 R SR 1] TS PP A
VR GEE I — 73 R, AT LR AE SRR 73w 5 0 RAFIOAE RO, (5 RIS BN 2]
A5 T QO E PEAT W — IR R AR SS, SRR ZOT A ARTRIE PP A, DAHER
bR BUABATHAS RAFRN, IR RS F XU B B ARAT 10K 0 A A7 R A Sk R AR e £ 0 E
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M 20 tH4D 60 FARKRIFUEBEE BT IR K E, SRR B AWk, FE2aigd T
R ALK S F VP 2 O HERf I, (5 VR BB AT LA 28 BE TR Guit iR Gt B AN ik
TN TR REHARPH R [3]. 15 F VP2 55 WA P 1R Gom A S 2% 1 A ) A 0 A I 4 [ ) A
TR H0 500 43 A o R B SRR AN AT A5 DRECHE Hh e 0 1 S ON R I i 3N RS DR i 7 2256 FEAS
AIREARSE . TR, (RTINS R IR RR, T DR R AF O HERR AN AR R R, AN
R IEENHARZ —ZTERVES[4]. MEENTREGERRRE, BT —RIAESH L RREMS
>, BAEEEAR AL SE[S], IR EETVERAE N KA R E S P AT 2, Dl MU ZREE B gy
FrzE. WK ERERES R, v LARIRAE I oA, SEIUE PR, FRAK AT REIME H
KUSE[6]

W. E. Henley >R KNN J7 0 AR R L) W AT 7028, BFFE 7RI B AEHES B S0t AR
HERIAR k- &8 77 VLS VP43 [ B3 P (R REFH [ 7] SCRE T ENL(SVM) 2 Vapnik 52 H 1) —Fh e it 73 875758 ]
SR ) LA AR G0 T2 ) BV R 2544 AU 5 /M SR B2 T 1) 40 2R AR . SVML 43 R 88 il P THI 1)
JUfTR R, T LAAS H i — s O 0t AR A Tl R A 2, DA B A T R il a3z At 22 R A mT e
FITA9 53 535 R TE s 4R N 25 (BRI NI ZRFE A S A T B AR Lp e FH T W0 FH A < i 20 B0 B0
RN, T ELE B ARAK, DR S 3E ) S AL 40 R AL T3 B 2 43 28 il /(9]0 1 06HE FH VP43 1] 7,
ZALEF R T svm B HEAT 0 35[10] [11]. Kiran JEF AN DU 80280 KNN B 715 R IE
Kr[12]. Okesola K H DU 4 A AEM B ARATWAS PP LAY, DL D Ge it A Fa b5 o N AL 2%
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S DI A BE[13]. Yung-Chia Chang {8 FH SRl PR AT IHIE 2y, DL AR — A e FE A AR 2R R X 431
AP N FE TR N[ 14].

BB EATAT AT, S AP i 0 BEE EdAT 7 R S M AT R AP EL
LR, FFEAPEH T ZCRFEFI RAEHIAR . Nitesh $2 H 1) SMOTE SHUE[ 152 —Fud REEH AR, EhEEA
TIPS, CATES PN ATURAT USRI R o TR 4 ERIREARR G R ., B, £
AR T — ) SMOTE H.3%:: BLS (BorderLine-Smote) 595, IhHE = T TS EE[16]. BLS &k
CUEBR T IT . X2 22 A 55 AT B B [ 17] 18]

ETEREIEA Y, |2 T BLS FyEU1 &Pl a5 k. Fi Ca R s B AR
3 RAEXTIEL) 5 MG FVE4 [0l REGEAT 732, ARAD A X &K 0 e fE |l — B a5 kAT b B . SRt
M EZE R — R — M RNE IR A, R SR T RAFMTTINGE /). FIHANE 73 24855 [F
—REAREATAC I, WS EAIRITERE, T RAA SRV TR P et — e O E, RN R E 55
KIFREE IR L F SRR E 5%

AT E H bR BLS FEH TE AT DA &4 B8 TS B2, B e o % P E A
P S SR AT A P S A B AT AR, AT 2 R HLAS A SIS AR RN L AR ER DU, BEATLAR AR
S HF ) BB TS P 40 S8 0n) 8, FE0 AT T 1t RE AT i @8 P 3 P Mgk AT VPAl A 8

2. HEXEP
2.1.BLS ®3%

BLS (Border Line-Smote) & %25 T smote HIEIFAT 0 B — Pl KA EE,  smote B2 I BEALK
FEG BUBTFEA, T BLS SR A 7 B DBERAEAS, DLZAEA N B & BOBTREA, AT BB AR A
BRI I3 AT . H TR R D BERREAREAT 02, KRR E — LU LA BRI NIL A ERIREA,
73RN Danger 38, AR FEARR AT H W F AR

New(Xi):Xl.+difj><5 €))

ot New (X, ) Fomm ERIBIREAR, X, FO-W7 9 Danger KL HEE,  dif, FoRJEREA X 1) K 4R,
KBTI x 10 n QERFAES 0], G B By 2 6] (R RK R BR BS FIAL S e /N K AN TR, 5 #R [0,1] Z T R BE AL
o WHE KT AEELEI AR, I aa AT, R AR i D B

2.2. ZiEEFRE

BT 1944 41 Beckson 2 HH[19]. XF {5 HIPFI: A8, 3248 [l SR 22 4 ok 5 LA
BEREAT HL#R[20] [21]0 logistic [MIVABIRIME AT — 73k gl R M IE BB T W H TE Aoy . B8RS
e AT = o3 PR AR B f [l VA7V o AR AR B AR B VAT R, e K ALR P SR 2 A R G vt 2 25 1k
TR A] VA £ 0 e T — 2 T AR B R R B A AE Bl R A AE 5 5 1 ) R BLR 4. AR AR T
LRPERDARER, (EE TR R = AR A AR AR A s S EACE, TZ R AR R AT
TR

1

P{Y:l} = Bo+Bixi+-+PByx) (2)

l+e
Horh P{Y =1} R 0 BPREAR R AR, RS0 E T FoR % P AR, 1 B, B, B, Fan
HRE, R R RS — R, W

In ﬂ =L, +fBx ++px 3)
I—P{YZI} 0 171 s
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R A AR AT DL & R AR B X — HB R @R A b, — N D BROE  E HL
farh R B A A A RN L G R E ., AP RIRAA R, BREMAREL
A1) R RPN AR A ) o AL A P A VR A RS A2 A [ AR R LU A B 5 AN A 35 DD A S OB rh
AR AT R A AR RN T R BT I PR L EE AL AR R I AL o — MR AR AR, NAZBAE A
Rivh, TANVE HAGTE R B G RE AT — I AR R RS B T AT 2 A RN AR T4
SFFASE P 1A T A 3 7 ¥ oR 3 2 B ALL AR A e 8 ) A2 LA FH 0
2.3. FhEIAMHTE

FER DU A T DU B — M 26 T7 ik . I SR A, AR DU AT DL ST B AR

A HAME [0 B A BRI AG F(X,Y) o BRI RRMRE DA P{Y = p, |, k=1,2,3,-,n, T2 AMF
A, WF

P{X=x|Y=p,} =P{X1 =&, x% =40 xm = &) |Y=pk} 4)

IR AT 5 SR AT MR R AT IR BB S MR AT, BRSSO L T, 7R

HARMEREAT 72 20S, FEMIN x GBI OLY, AP0 SR A, DU A BOCRA AE A I, 48 e

MR R RS A0 P{Y = p, | X =x}, KIS A p, Soph 3R D2 7) 22858 7T H
TARER:

P(Y=p)[TP{X' =2 1Y = p,|

y = argmax _ , _ .
Y P(Y=p )X P{x =5y = p |[TP{x/ =2 ¥ = p,|

€

2.4. RERFFEHL AR

PSR, A DN X FMIBNAT7 i, PSR A 45 58 R AR 25 A T BORER Ai vl BLDRs 34T 73
K, W EBURREL BUEK R B MU LA I, AT LS 7 2T I AT B SR AR RO
L. Breiman F 2001 552 H BENLARMAR R [22], 14> CORAR 9 —FIE T B9 20 RANENE 595 . BENLAR MRS i
5 T JUABENLOER, IR SRR EA TR TN, 728 5 Bz K T WM B i 3R 58 v 2R I H
TORMIVERE . AW LL AR BRIV A 44, R AR R KN, O RN, IR AR ER
HESER, FROYIIAR o SRR H BRI TN AR BT A TR A o 2 30 AR AR T AR e — AR
R 7 B T BT o DRSS Hy = Al ARTT A PR ORI A, DR S SR A AR 1 P9 T R
TER I ZbRUE23 ] T R ) 3 R BT S M RO A T o S SR 20 SR 8 2% S5 7 T AS RE SEBILAE T ciadt, U
G R R, I WO R MR RS A B, IR AR R SR I ORI R K 2, OF
HIGERPIA 5232, TERPIASES e FAT R0 RARHER B B ot . FEE TR AU aE L. CART J& RS
Bk —, TR IREORME = X, DUEFEREA AR sl > AR . WL A (05 JE R 4L
N:

Gini(p)=1—2p,f (©)

Hrp p RoMEAR G IR TH K RIBER, KRR K m 8T K 42K,

BENLAR MO — R AR 2] T3 E B 1345 R HHa SR 1) 1 2 AL 16 ¢ TU 2 8 7 SRR AR VP
LR, B REITA B SR DR RENLAR . 8 TSR RAM “ 287 22BN, MEZHEA
RS LA . MBI LAS A S SR Bt 7 AR 23, RN ZREH AN il eds o BE LR pk S

DOI: 10.12677/fin.2020.106057 551 G


https://doi.org/10.12677/fin.2020.106057

R ERREZ — R R E LR . AR HEEA RS R BN R R AR RBRIEE . BNk
PRI GRS X ] A2 3 AT DU R O ZRFAREE SV 24, 1 ZRIFUAGEE Bk . MEWRIE T B A2 JE 4R
241

2.5. XHFEEH
SCRFREAUR RGN o 4E 80 2 8] rh 3 B — AN T IR B 2 2 PR, 70 S i) R O 502

F(x)=wix+b . R W b A RE SR . BRI kAR, J {x )i =Lek
LSBT0 SR LN TR 0 0 3 A T DA AR — i — e )

min (1) = 2wl =2 ww @
v, (W' +6) =120 ®)
T AR P 5K R B e 1) FE AL TT DA 4R B 2R ) BE B B K 1) 2 B T T, AT EAT 202
3. FEG 2BF RS
3.1. HIEE

A Al H S s iR, BdE R E Kesci #EIX . T2 7 KM R 5IE, W% 25eT54,
MK % P AT 402 SPEE P AN BB A MR P BATH AW F sk & - rER. BT
A SR LE N o 72 o SRR L AU BB B, 1 SR 6 B S B AP AR S R AR, AR SO AT EHE b
AT B PR RAB AT 7 A2, DA AR ASEEY ] USRI EEAT I 25, X Ab 3R R AR JG PO BAR AT T, 3t
23] 112410 2%80E, KA ERSE 1119124, HAR 7 H 8357 /4, HAE 9 MNMEMEE, 1 A~ HAnH:
W HAR AT, PR NGREEANINASE, A O BEHL B A B AR R SR AT AL, b 25% 3 SR
RMREE . BERERIFHELIE | s,

Table 1. Characteristics and categories of credit data sets

= 1. ERBIREHER K5

KFE 4 A0 H AR 44 X FEARIHE A5 A 5 A it
Serious Dlgin 2 yrs JETIE A ¥x S 0: FfF 1: &Y
Revolving Utilization Of o N AR AT R 1 24 A ¥ e
Unscoured Lines 15 IR FIAS NS BGRR[0 6.08 el SR
Number Of Time 30 - 59 Days 125 2 4F, R A 30~59 K " -
Past Due Not Worse WRE 0.44 A FKhrE
Debt Ratio it & 352.3 Bi SERE
Monthly Income ELLON 5356 HiE SEFRE
Number Of Open Credit Li A 1| 2 A " -
e i Loams S RS SRR 8.43 Kt b
Number Of Times 90 Days Late i 5 A\ igidH 90 K uk L _E 17k 0.27 By SRR
Number Real Bstate Loans O ey o s o= sy St 101 Hl SR
Number Of Time 60 - 89 Days 2 2 4E, {53k Ni@HA 60~89 K (1 " -
Past Due Not Worse & 0.24 Bt Kb A
Number Of Dependents FREFHF BN 0.73 $E SRl
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IR Z-score FRitEAL, ZFRHEALIALTTIE N

Hodr g NRFIE TR IIME, o NRHIE FEEERbRE 2, B b 5 RIES G, BN, TEN 1.
3.2. BUIBISE

IR L3 BEEAGZERIELA 0y 0 A1 1 MWR%E T, EETRAREERET, B knREE, K
RIBYENRHE R R, SEMEEANH (x,p,) T, AEERENFEANEL, Horb oy, 9 n ERRHEIE, 8
0, 1 =pRaE. BHRXNHALERT N, WERFALENEAR T EZ SR, WE 1R, &
A AT B AR EAT AP, il T REACh SF 20 A 2% 7 AP, EEH] BLS S0 AP Hs ik
ATAREE, DL efs ST 1) (1 A HER A
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Figure 1. Data set distribution

B 1. BEESHIERL

AR A FLS , AERPEALE {(x,00),(x0,22)s (%, 0, )} > FERERSEHEAT 2281, S0 BIRIZ5
ERPAE . BEA A BILLG Y 0.25, BIREAHED 75% MRS BENUIREUAIZRAE, 1A 25% M 4
1E A LE -

4. BB 34
4.1. IHEESHE

AR HUE R R UH L AN DU . SR L BEBLARAK . SRRl SN L T RR 7 SR80S Bl B B AT I 2K,
DAL SEFNPEAL Y Zrds (IPERE . F T BENLARRRI R S 2 I TEEE B KR, BLAEXTBEHLAR AR 2 R S5
BEAT BARULI . BENLARMOR RS TSRS, S TR - R AR A, (RN R 8E f 1 R SRR )
LBk T, B HLARAR > AR T IR S 23 A% o BENLARAMR 3 2K G 3 AN S HT LA %S : n_estimators,
max_features, min_sample_leaf, IX =ANSHOR] AR S A TN RE 77 . MG BEHLARARAR YN, OR¥F
HASHERN, 0l SO =S4, S5 A T 1% o

S E S8 n_estimator, BIYRHEM AAEL, TEOCRFER OB, WG AR UER LI AR 4k, ¥
2 fIi7R
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Figure 2. The influence of the precision of random forest simulator on the number of
trees

B 2. BEALARMAR IS RS 2 B R0

—fkun, MRBER S, MEREL, (HRAREEE . ERATBE S, UEEILARMR R E R
BRI, BEHLARBR 73 S 38 K0RS B LR EIR, IR BTG EIAE 0.7615~0.7645 2 8], 8 1% B BEHLAR bR 73 2K 3%
1) n_estimators Z4(h 20 5 30 JyH

T FEAG G BEALAR AR, RS TR SR T 7 (1) B SR A0 % ASARTE], PR SRR 9 4 Kl 43 T-REAEAE 1A
A5, MR FRATT 7S 2 max_features M) Z BO0Ed 48 U RHIEHEAT 164, max_features 7 Bl HLARAR 01 1E
AN R SR B R R AE SR, 4 max_features [RME L, I BEALARM A 1 s AR A8 &, IRZ,
max_features [F{E BRI, BEALARM A BRI 22 R0k, ORFFHABE A, 24 max_features [F{H, M
SREEARAL, ik 3 FrR.
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Figure 3. The influence of the precision of random forest simulator on the number of
features

B 3. BEALARMAR L2 EBEFHE SRR

HE 2 nTUUES, BERPLARMRER KIFIEECN None F1 0.95 WSS s, HA None R
max_features H 456 THFESEL, 0.95 RIR RVFBEALARARLE LAIZAT 1 3REL 95% 1A% & .

TER R BE NIRRT AL, B /INFEART /N2 B I P S A AR 3 15 Ao /N I {2
B OIS ERAE TR, AR MRE Z RS A LR .

DOI: 10.12677/fin.2020.106057 554

i
;é


https://doi.org/10.12677/fin.2020.106057

FA, BkEIE

Wk 4 g, VLR AR S MEAR RS, SR MEAR RSN 25 I, R BBl S/ A RS 13
INBRIG K, S FRENLARMR R E I, N i MEEA T BB N 25~50 2 Tl

0.8050
0.8025
0.8000
g 07975
£ 0.7950
0.7925
0.7900
0.7875

5 10 15 20 25 30 35 40 45 50

BEMLAR B NEEANT RS

Figure 4. The influence of the precision of random forest simulator on the number of
blade size

B 4. BEALARMARBISE EREH /R~ IR0

4.2. {EEMEETAY

SR FH B BE VEAS 8 b B FE A (accurary), A S (precision), 7 [A1 %K (recall), f-434{(f-score), X
LEPPALHRARTE Z IR Z W SR # R, B — N ba#8A & R R R BRI, B hr 4 & Re e T8
UFIIVEAL 7 R AR I PERE o BEREAR S =0 R I R PR 45 50, TRIBHE PR & — P AT 3R k. R
AN S0 AR F R N TE ) Hh (57 2 1 L B LA T () 2

15 2 fizn, TP (True Positive) NI IER, FoR%RMER TS, /I8 N~F(5; TN (True Nega-
tive) NEL B, RoRE RS EL), 2R HIWAIEZ); FP (False Positive) MR IER, FRE BN
SPAE, A REEFIWTANIEL); FN (False Negative) WIE R Bil, FRng @M RNIEL), /a8 N <F(E.

Table 2. Description of credit data confusion matrix

= 2. [RREIEREEME A

Wit % e
SHA Ko TN FP
Pl FN TP

F5 1 (accuracy): A% R IR 73 FAR LR 0 RAOFEA T I ELBI, RS EERSIREA I T, KEERT T
AT X
TP +TN

accuracy = (10)
TP+TN+FP+FN

1R 2 (precision) F 7~ FAE 1 IE G 5 G 8 IEGIAEA B LB, FE A SO s gl o <345 i 5 %
PO RE LR, AR AT RS N

TP
TP+ FP

(11)

precision =

i
;é
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4 I8 5 (recall) B B T 7y a8 o B B RIPERE, A SCrh 47 18] R B & (<7 (5 5 7 v A 22 il o <
fEES, ARRITRRN

recall = P (12)
TP +FN
FAER A B R TILS, TERASE, RIS 3] -5 % (f-score), f-score HITHHE 7201~ =
£ _ 5y Precisionx recall (13)

precision + recall

ROC £ 3 4 32 i TARRHIE L, ROC #hEE T8 T 70 KA BRME AR 1L, S8 1 70 28488 70 KINB
IEBIEEREEBIRE, ORI RIA a1, =4I FPR 507 20 oK.

FPR = — 10 (14)
FP+TN

i ROC iy 5 703481 AUC {, ROC HiZk5 FPR HhZIE ARy AUC f6. AUC fE3%
AR MEERAE, BRI IEREARHHE FOREA AT S, AUC HBOK, IR 7r K vl RER IEFE A HE
FESUREARTIT, BEWRE 7> KRR BITE L1 R4 R

453 K285 R BLS FUEAL IR S BAR AT 402K, B REE R RS, Wk 3 PR,

Table 3. Evaluation index and score of credit score of different classifications

% 3. FRIH KB ERTHITAEATS TS

R accuracy precision recall f-score
Logistics A1 0.7797 0.7510 0.8366 0.7916
2% UL 0.5272 0.5142 0.9854 0.6758
BEHLRR K 0.8039 0.7922 0.8194 0.8056
SCHEIA)EAL 0.7678 0.7137 0.8944 0.7939

AT, accuracy RILT 40228 T IERERIMESR, precision s T 73228 LA ) X 43
e 77, BIXTIE 2978 X 43 B8 T, recall 37N 7 B 48 X IEREAS IR X 23 68 77, BEXS <SPS % P X 43 RE T, f-score
1E precision F recall Z56, RIL T /0 RAaEMRE, PUDUPAS TR R, U089 RE8E 1% /) |
PERERLT o TINS5 SR E BEALARARIR 73 S5 BE /& T8 48 (0] 5 43 SR A8 RIS R I AL 40 2R, kb DL
R 53 SR AR IR BE R IEL 72, WOR 28 DUt e 2 R 28 AN RE T8 R VP20 10 . Bl WL AR PR LE a8k e AR LE 491 7 T
(1 RE R IR IR B i, AR ARL TR 0 v - HoAth o 28 8% W P B AR rp R BIE LN, AR I S S 91 1 75
KT, S RENRM B oAb DI 838 Rz s T HoAth 73 2828, HIRSCRR I B L7 K48
ST BENLRARFZ B3 2828 RN, ELREREE T, BN IPERE B TSR EHLAE 4
[ 2RE%, TANR MBI LSRG VR I N R INELE

Wil 5~8 1) ROC BRI 25 RIA TR LUE th, BEHLARM A ROC B SEE e BJr, HRZ 14 H
AR EHLE) ROC MG, DRI T 2R SR R Bl HLAR AR CE L R b b R I HH S0 (1) 73 2R RE ), IR IR
YT RS FIBEALARAR B BIEL, P DA 28 7 A5 A S 2R 47 1 43 R AR

M 4 ) AUC (SR AT UG, BEHLRAR S SRE3 K AUC {E s T HAh /3 S528 1K AUC 18, 1Az I
T AUC BB AN S R 2R, XK, i T BENLARMR I BRIME, nT LA B HE 4R a1 4 S 2
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Table 4. AUC value of credit score of different classifications

= 4. FEEBERITES AUC &

IR AUC {4
Logistics [7])7 0.8596
AhER Ty 0.7534
BT AR 0.8871
SCRE A EAL 0.8681
1.0
0.8
T 06
2
E 0.4
0.2
0.0 ——ROC Curve
0.0 0.2 0.4 0.6 0.8 1.0
FPR

Figure 5. Logistic regression ROC diagram
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Figure 6. Naive Bayes ROC diagram
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Figure 7. Random forest ROC diagram
7. BEHLER#E ROC
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Figure 8. Support machine ROC diagram
B 8. X #¥[EEH ROC &

5. REERE

LERERH], BENLARM S RESAERIETINE DY P 2 B AR IS OL T, fEX 2 r 5% 7 M X 7 i
0% PR DL 9 T Hoph RS, RIS BEALARMR B0 TP Al ROR B i, 5T BEALARMR B R W] LA 2 S 4
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