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Abstract: Because the credit history data of small and
micro enterprises are small and the problem of class
imbalance is more serious, this paper proposes a Smote
XGboost-Bayes Minimum Risk (SXG-BMR) model based
on the sample-dependent cost matrix. The whole sample is
oversampled at a low rate to weaken the problem of class

imbalance and reduce the risk of model overfitting. The
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model combines the integrated learning model with the
minimum risk Bayes decision to realize the cost
sensitivity. At the same time, this paper introduces the
sample-dependent cost matrix into the model. The cost
matrix is related not only to the category, but also to the
attributes of the sample.Therefore ,it can characterize the
cost more accurately. In the empirical study, this paper
uses a standard credit dataset and a real credit dataset of
small and micro enterprises in Shanghai. Besides, it
compares and analzes of various algorithms. The results
show that the SXG-BMR model proposed in this paper has

a good performance.

Key words: credit scoring; sample-dependent ;

minimum Bayes risk; XGBoost model; cost sensitive

learning
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B i TR B o AR (AR AR HE A X R
TTRERLIE RS, 7 FIH T RGBS TR LB
5%, E W AMIT IR AT 3 2R AR 12 2 J7 iR 48 7t
RIRIPERE . Kaltur 3T SVM KStar kR Fil
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Tab.1 Cost matrix of sample x;
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Tab.2 Sample-dependent cost matrix of sample x;
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THAR AU R Cop MR, R THREAS
B RS, IR P 5 K S PR A& o, LU
BEARSE A2 DO B FR R 9 e PR A HA %
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SEAE R TP B bR R [FIEE, 7 H AR R
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Tab.3 Sample distribution of UCI credit data
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F4 EREEKRNERE
Tab.4 Cost matrix of credit data
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Tab.5 Sample distribution of credit data of small

and micro enterprises in Shanghai

FEARETH FEAKEE FEA LR/ %6
NS EN 159 3.83
PIREEN 3994 96.17

3.2 EEIMEEEEIER

FEAF VAR G, — AP0 BT A 5584 7 75 S 7] i
TR A AR 25 P 118 ] Bt bt B gt 2 A0 o 25 7, 4 e 2%
AT o A SCR A 113 (Recall) A 2%
(Precision) .AUC (Area Under Curve, ROC £ F
B TR FIAC A 1548 2R Saving rate R AR FRIPERE
Recall #1 Precision & XL U1F -

TP
TP+ FN

A TP O SEPRIESS, BN IESE s FNOYSEPRiiZE,
PIEZE

Recall= (14)

TP
TP+ FP

A FP N SEPR I, T IE SR
AR5 48 ZAR YUY ] 7 15 24U O R
AR SO AR FHEI i 7= A BOAC -5 2 RE AR T

(15)

Precision=

IESE A AR B IMEAR EE R FRIEAAM 1T
o MFHALET=( (z2,31)(12:32) = (T030) ),
v €40,1}, 1€{0,1, -0}, AR ()X T
HREAS A T 0, A5 B BT SIER G D1, 300 0000
HAM B A (16) s,
Cost(T) — Cost( f(T))
Cost(T)
3t : Cost (£ (T)) 7w 2 B8 432 BB 10 BN G S 7
LAV
Cost(£(T)) = Z; (3 (5.Crm+ (1 5) O )+
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Cost (T) =min{ Cost (/(T)), Cost (£ (T))} (18)
L, Cost (f, (1)) F K FTAT REAR S 5 o
KB A AIFC  Cost (/1 (T)) i B AT REAR 4
BB AR R AN
3.3 BRI ELE
3.3.1 UCHEHEHEER LI 4s
ASCHEAT T ARG A2 R A b B T TE A A
AT L RAE TN AR AT AN [ 38 RAE R Xk
Lt , DL IE ] SMOTE B35 X REAS AR i RAE 1A
Bk o B IR A A0 AR 2 6 I .

Saving rate = (16)

*6 TR ESfm1ER(UCI)

Tab.6 Distribution of training sets used in experiments (UCI)

B . : : B i S . \ . .
FIGFEE 2WLEER 2GR SRR AR SiiRER  GPER TR SIERER  ORRER 10EA

TEREAR 240 480 480 720 960 1200 1440 1680 1920 2 160 2400

TREA 560 560 1120 1 680 2 240 2 800 3 360 3920 4 480 5040 5600

HR 8 D 4 5 4 B AR B AN R B, 4% o 258
XTI R o R A5 RN R 7 R . BEHI R
£ $% : AB (adaboost) . GB (gradient boosting) . XG
(XGBoost) . LR (logistic regression) . NN (neural
network) , RF (random forest) . DT (decision tree) .
BMR ( %f #1895 A Bayes minimum risk) ,CS-DT
(cost sensitive decision tree ) #1 CS—RF (cost sensitive
random forest) .

H 2R 7 AT LA Y FEAR G AR BUR TR 47
Heinmh B R R E, HIUM T R 2
R . FET A SR/ NS DL B3k 2 5, #5028
A AN T A P T (B AR R IR SR TT R
i PAR  H Saving rate (H¥)/NF 0. 2, BUIRES M Ieds
1Y Recal B B @ 3G, 44230 1, {02, 5L A SR/ NS

DU sk 2 5 B 45 3 2548 19 Precision fH HE ARG A
M BUBITTRE B/ o B2 R iz 8 i 48 1 IE iR
SRR LG — 0 1.5, 1 SRR A R B 3 B
Tk RS B 1E AREAS 19 43 A FLEE , S B0 A A T
AFEA S TR BT DL FET T /N AU DL 1 ke
W2 G, #2409 Recal | {H ] .38 K, {H Precision
{5 5 /N, AUC THABA BT F R4

A SCLAT S — AW BRSO 2R 4. 7506, BRIAIR
WA 8RR 75 %0, THEAEARR A S . 5l
AFEARMAGAMN H ST, AN BB AP ERE ANk 8
JR AR R AR TR 5 AU U T R Y
DR AR At P T 35 T 2 AR o e ) A AN BB
®IHUAS T Precision £l Recall (4 F1 , 2 7 7 AUC
PABAR A 3%, Hod XG-BMR B R R BUAH X 45
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Tab.7 Performance of models on original data sets

(ucr)
Bk Recall Precision AUC Saving rate
AB 0.495 0.749 0.676 —0.224
AB-BMR 1. 000 0.347 0.534 0.067
GB 0.489 0.767 0. 687 —0.209
GB-BMR 1.000 0. 396 0. 569 0.138
XG 0.397 0.771 0. 664 —0. 361
XG-BMR 1. 000 0. 409 0.578 0. 156
LR 0.419 0.750 0. 655 —0.354
LR-BMR 1. 000 0.397 0. 569 0.139
NN 0.277 0.621 0.522 —0.781
NN-BMR 1. 000 0.312 0. 509 0.017
RF 0. 354 0.745 0.633 —0.472
RF-BMR 1. 000 0.313 0.510 0.019
DT 0.510 0.691 0.639 —0.282
DTBMR 1.000 0. 300 0. 500 0
CS-DT 0.873 0. 587 0. 669 0.193
CS-RF 0.949 0.434 0. 581 0.105

U A PERE R R bR B A ¥y, HARDL T Al
AR T R EK 0. 434,
8 HAKBMRMEBEE MEERT(UCT

Tab.8 Performance of sample-dependent cost sensi-
tive models(UCI)

GiA7S Recall Precision AUC  Saving rate
AB-BMR 0.718 0.736 0.731 0.400
GB-BMR 0.724 0.735 0.732 0.415
XG-BMR 0. 754 0.736 0.741 0.434
LR-BMR 0. 688 0.720 0.711 0.397
NN-BMR 0.524 0.572 0. 558 0.144
RF-BMR 0.671 0.691 0. 686 0. 356
DT-BMR 0. 554 0. 646 0.619 0.207

CS-DT 0. 740 0. 644 0.671 0.241
CS-RF 0. 683 0. 681 0. 681 0. 288

TR BE R AR X B4 57 AB-BMR .GB~
BMR.XG-BMR,LR-BMR.,RF-BMR,CS-DT #
CS-RF, KA C SMOTE Jy A BSR4 i, 4545
RUITE A AR AR L PERERBLANR 9 R .

MR IR LIA H, B SMOTE 5k % kA 4%
PRI RAEAS B 25 SO0 T A SMOTE 35T
IEFEARSEL T RAEAF R A 25 2, {1 H SMOTE X %
TRERAE A T A0 AT DU A A58 43 2 1k B A 30 Jp 2
$ETt o RRARBAE A S50, 1 XG-BMR
LR Y Recall 35 2 0. 771, Precision & 0. 751, AUC
0. 757 M T AL GV A 4 EII SR AL RCR
A TAREARA R 22 57, A0 15 48 2R 55 TR IE
FEAR G R AR (B T, X R T X3
IRER S RAE A RO . Aad, A% R EL il
XTI PERRA U SR A ROR A TR, O AR 2B B 5

FHFELEBIEA DGR O Tk 3G, X R Akt
gt AR UM A5 0] XL T,
T =P Boosting 2 (A AU P i 2 IAH X A2 ik
ARSI T Precision #l1 Recall (i Ff . Hdh, AB-
BMR 5% U 75 % AR RE A 2ok RATE 28 DU 1y B 4 v
FAFEARR: , GB-BMR X A4 i1 R 2 =15 A%k
PEEE RIS AR R, , 11 XG-BMR 7 X A R A
2P B AR rh RIR UL T H AR R A 2 8

PRI, A SE B 30 0iE 1 AR SCRT 42 ) SXG-BMR
BERY A RO | DL R A AR A BRI R S s Xof
FEALPE eI THEH
3.3.2 it /IMEA AR R R AR 10 5L B0 25

X T /N AR L A A (SH) , ASER 73 52 55
JIT SO 4 43 ) ok R s B s 4 il SMOTE
AR A UL RO R AR B RE A 1o R A 2~ 4 A5 8580
8 BRI 53 A i3 10 s .

AT G BE AR T A A R B
X TR A BRI A REAS , BB 14E . S FEAC
PR A BHOERABE Y 7 i b B i 4R T A 25 2R n 3k 11
Fimm o

H 22 11 AT AR B, 25 B P A 3k 3] Recall Al
Precision fRUFHYFAi . Hr, AB-BMR.GB-BMR,
XG-BMR £ LR-BMR B8 T % & f4 Recall, {5
Precision % % il . M CS-RF B & T 1R & 1
Precision, 25 0. 883, Recall A 0. 486,

BE HCTE J5 4R £5 9 4 b 28 BUAH X B AT i AB -
BMR.GB-BMR.XG-BMR,LR-BMR .RF-BMR,
K H SMOTE J7 1 Ab BEECHE S I , 4545 20 E 45 B4l
£ FITERER I NG 12 F .

1 2 12 AT, ff F] SMOTE J7 ¥ 1E REAS i
KA B RUSAS T AR 5 A9 Precision, {H
A TR R AN IEAEAS , Recall Mi#E TR GG BG4
KIFREAR, AL BLE B o MRREARFEA A %
TSRS T 8 M I ROR Y EdR Y w2 4
50, XG-BMR £ A Recall ik 0. 937, Precision ik
0. 713, AUC ik 0. 820, M54 2K A 0. 704, R
PeF AR, [ UCT {5 F 0 5 10 S2 50 45 SR 28
o1, FIH SMOTE 553 X AR A B A4 o SR P A5 21 1) 45
AT HIH SMOTE S AUO IEFEA A T2 SR A
RN A 25 5, I1 H AE WS AR 4 b S BH 4 A5 7Y Precision
1 Recall 1 .

ARSI HE— P RIE T REAMKAS SXG-BMR £
LA R0 R 2 A S 1) 475 FHERCHE v 58T RS A
PB4, B 8 B SEBR I M E . A B 1k
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Tab.9 Performance of sample-dependent cost sensitive model on oversampled data sets (UCI)

S [ GRS

TR HEREAHR ABBMR GBBMR XGBMR LR BMR  RF BMR CS DT CS RF
Recall 0. 580 0.610 0.637 0. 585 0. 540 0.728 0.701

AR TEREA Precision 0.737 0.754 0.741 0.745 0.715 0. 655 0. 649
AUC 0.693 0.713 0.711 0.699 0. 665 0.676 0.663

Saving rate 0.470 0.413 0.503 0. 406 0. 460 0. 346 0. 359

Recall 0.763 0.747 0.771 0. 690 0.674 0.753 0. 660

o fEREA Precision 0.754 0.748 0.751 0.723 0.692 0.651 0. 683
AUC 0.757 0.748 0.757 0.713 0. 687 0. 680 0.676

Saving rate 0. 460 0.419 0.482 0. 396 0. 359 0.222 0. 267

Recall 0. 700 0.743 0. 746 0. 690 0.677 0.707 0. 687

SAEREA Precision 0.743 0.736 0.739 0.725 0.702 0. 650 0. 688
AUC 0.731 0.738 0.741 0.715 0. 695 0. 666 0. 688

Saving rate 0. 384 0.421 0.468 0.400 0.363 0. 208 0.279

Recall 0. 730 0. 750 0.738 0. 696 0.675 0.670 0.703

LEREA Precision 0. 760 0.733 0. 746 0.726 0. 688 0. 659 0.704
AUC 0.751 0.738 0.744 0.717 0. 684 0.662 0.704

Saving rate 0.477 0.417 0.428 0.403 0. 357 0.152 0.279

Recall 0.747 0.747 0.779 0.691 0. 660 0. 683 0.610

SAEREA Precision 0.759 0.743 0. 745 0.724 0.691 0. 660 0.703
AUC 0.755 0.744 0.755 0.715 0.682 0. 667 0.676

Saving rate 0.479 0.456 0.470 0.399 0. 344 0.194 0. 259

Recall 0.727 0.730 0.767 0.697 0.672 0.717 0. 690

S AREA Precision 0.757 0. 745 0.748 0.723 0.692 0.674 0.709
AUC 0.748 0.741 0.753 0.715 0. 686 0. 686 0.704

Saving rate 0.451 0. 391 0.467 0. 396 0. 348 0.235 0. 286

Recall 0. 740 0.747 0.754 0. 694 0. 683 0. 683 0. 690

THEREA Precision 0. 760 0.738 0.756 0.724 0. 695 0.662 0.694
AUC 0.754 0. 740 0.756 0.715 0.691 0. 668 0.693

Saving rate 0. 445 0.428 0.484 0.401 0. 365 0.224 0. 308

Recall 0.733 0.767 0.763 0.697 0. 686 0.720 0. 650

fnREA Precision 0. 756 0. 740 0.748 0.724 0.703 0. 680 0. 705
AUC 0. 750 0.748 0.752 0.717 0. 698 0.691 0. 689

Saving rate 0. 450 0.457 0.468 0.401 0. 380 0.261 0. 285

Recall 0.723 0.730 0.771 0.692 0.677 0.753 0. 687

OfEREA Precision 0.748 0.762 0.764 0.724 0. 696 0. 668 0.709
AUC 0.741 0.753 0.766 0.715 0.691 0.692 0.703

Saving rate 0.439 0.448 0.437 0.401 0.367 0.242 0.274

Recall 0.727 0.753 0.758 0. 694 0.679 0. 740 0.677

045 kEA Precision 0.751 0.735 0.754 0.725 0.697 0.663 0. 690
AUC 0. 744 0. 740 0.755 0.716 0.692 0. 685 0. 686

Saving rate 0.439 0.407 0.471 0.405 0.359 0.236 0.282

*F10 ZRAAAIINZGES HIER(SH) F11 HEREFHRKNHEEREERI(SH)
Tab.10 Distribution of training sets used in Tab.11 Performance of sample-dependent cost
experiments(SH) sensitive models(SH)
A LA A2 Recall Precision AUC Saving rate

CRIAREAR 25FRIEREAS 2fEFEAR 3FEREA AfREEAR AB-BMR 0.923 0.581 0.745 0.613
IEREAR 127 3175 254 381 508 GB-BMR 0.893 0. 663 0.773 0. 608
TR 3195 3195 6 390 9 585 12 780 XG-BMR 0.834 0. 660 0.743 0.523
LR-BMR 0.941 0.637 0.783 0.613

TLHLA, S0 v X B AR 4 2 A SR A A S A 4 NN BMR  0.524 0.572 0.558 0. 144

R AESTBRR A TTHESIFR OB R IR REBVR 0789 052 060 056
DT-BMR 0. 588 0.512 0.549 0.261

o ST AR \ . b . .
Ji?kﬁé’fng& M ARBCEAL E/J)&%O CS-DT 0. 486 0. 705 0. 600 0.143

)

CS-RF 0.438 0. 883 0.670 0. 180
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Tab.12 Performance of sample-dependent cost

sensitive model on the oversampled

data sets(SH)
GRS
SCHFEARL  MEREFRPR AB- GB- XG- LR RF
BMR BMR BMR BMR BMR
Recall 0.187 0.383 0.439 0.283 0.370
oy Precision  0.959 0.958 0.962 0.956 0.965
25 fFIEREA AUC 0.589 0.682 0.711 0.633 0.679
Savingrate  0.155 0.283 0.368 0.185 0.328
Recall 0.842 0.878 0.864 0.971 0.760
o AEREAR Precision  0.554 0.667 0.702 0.624 0.497
AUC 0.692 0.768 0.780 0.791 0.623
Savingrate 0.544 0.532 0.633 0.572 0.460
Recall 0.893 0.893 0.850 0.955 0.857
3AEREA Precision  0.611 0.694 0.709 0.603 0.512
AUC 0.746 0.789 0.776 0.772 0.677
Savingrate 0.481 0.652 0.573 0.567 0.630
Recall 0.970 0.878 0.937 0.971 0.775
LA Precision  0.659 0.723 0.713 0.605 0.512
AUC 0.808 0.798 0.820 0.781 0.638
Savingrate 0.630 0.604 0.704 0.571 0.406
4 Z5iE

AR S R T /N L 3 B A AR A /N
LSS (0 47 DA ) 8, eRtb A% S i BL A =
HEIEHERMA TN R ST o Bl bR L kT
SR SHFEA R R A B LA B HUL A TRl R, AR S
SMOTE 575 X6 4 (A B0 A2 14 7305 B 3ok SRAE , T 7
AT AP TR N AR A E R,
TR AR A SRR AR SO T e/ N XU DL 3
PR G ARG IEAR A O AESE IZHESL T B A I|
i st BT RR RS RS . ARSI 2 A T LIS
2R 2T R R B AR AL, SR F XGBoost £ 124 >
B AT S HL I T . S A AR SR
W T — 0 3E /NGl R R AR AR A R B 1 g 7
Ji i, nl R I S TS B JE 1 1 B R A
o FESCER TG EL T RIS A P R AR A
PR AR I, S0 T I 2 XA fURR 2% 2T AR (1 14 R
HA B ERTHER . BJR A SCHE I FE AR 1
SXG-BMR B, 7] Sy 4 @hHLAA £ X /Nl 115
IR e

AR S AT PSS A AR IR A i AR T
SMOTE 53k e ik 1 Sk A licgiddis . 5340, T s
ATEUIA 57 SR W A5 OF FH IR 5 0T 255 1E , F
GE AR HERL A 15 T VPG S AR A A A
Motk B2 BB Gl L R4 K,

< FBILRA) B IXURSE 17 422 Ll 55 228 365 DR RO AR AR A5
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