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Abstract

Credit card business is the core business of Banks. Commercial Banks seize the market and devel-
op customers by issuing credit cards. Although credit card business brings high profits to banks,
extensive credit card management leads to high default rate of credit card customers, which
brings great risks to banks. Therefore, how to effectively manage the risk of credit card business
has become one of the hot issues in the banking industry. This paper uses machine learning re-
lated algorithms to construct a bank credit card default prediction model, predicts credit card us-
ers’ defaults in the next month, and assists banks in risk management. Specifically, this paper con-
structs credit card default prediction models through logistic regression, decision tree, random
forest, adaboost and gradient boosting decision tree, and compares the prediction effects of five
models under different feature selection methods through evaluation indexes such as accuracy. In
this paper, relevant data of credit card holders of a bank are used for experiments. The experi-
mental results show that different feature selection methods have a greater impact on model per-
formance than algorithm selection. Among them, the filter feature selection is more adaptable.
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1. 5|8

fE AR A T U )\ EAOR, BN IR ATk D A, SRERAT IEZUK
THATE R, AT BME FTARAT (5 R IE SO 90F 2 e I e 5 R I EREE I AT
FUR A ok 1 AROR (], R 52 B 25 %% 7 IR IR . BB e 5F A BRAL IR 2K, fE R lkss 2
Lo RO A FR B R IR 55 T h G e R i 2 —, ORERATAR R T AR . RIS R AL
L EHRE S IGELRBEIE N, RATHOR TR RS . AL, A ) A3 R oR] A R % B0
FRAB B2 A AR AT 1%, CABOVHAT LI B S e —.

AR A BUE 27 31 AR SRBOAR KA ARAT (5 RSB A PR, Gl B ARAT BEAT B A, PR AR AT
Mk, Bk, ASCHEHSIZH|EIT. AR VLR BTN 9 AT 4R T X T SRRk
E R L TIRER , BEAh, S TR =R S PP R A RO LA [ ALk 5% 7 2O AR 2R F) 0 RO R R 52

2. HXTI1E

AR, Hlas o ST B R BRI N FARAT 5 R 20 FNAE 55 AR e, FFIRAS 7 AE
IR 7 EFSE N1 Lasso-logistic i 26 VP48 xR AN A5 F RS PPA AR, S 1715 FH XU
TERIRR . Venkatesh 25 A [2]118 FIBEHLARMA 5 RSB QTR . Yeh 28 A[317E(E HREL H
BT P N AR 25 (ANNY RSB, SRS T RAFAIPERE . Yang S5\ [414E 15 ] RE L FINHT 52
SINSERREI A, 53FrEyL BRI, SR IR B AR RE . O 1 S B 2% R E T
R, Hsu S5 N[5 3 U160 0 I 248 (RININ) VR DA I 02 B R FH 32 B A 30 2R AIE LB i A R AR I R0
5 (% RNN BR(RNN-RF), PLTRINAE FH RIS L0 1E 0

FEAL GEALER 5 S BRI At F,  BORGBR 2 1) 2 2 A et (0 S0t AT ARAT A5 R IR 0 0000 A9 AH O
TCo ARAR[O]FEAS PR L T 7C b il 0t A BEALAR MR B R AT . Bt Sl B AR AT
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BEZNRIE R 77 2Ry KBENL AR B B BTN, 185 7RG BEV AR R 225808 . X8
ZEN[TEAE G AR L 28 0 FEAE b, B AR SVRIR Y T Sos RIB R s 2 W 28 B0y, JEBH N A 115
F B 20 T 78 . Bahnsen 25 A[8]32H T UL SR KUK (BMR)KR , 0] F MR T 43 FH R 3k v
B, XuF N[9)FRH T —FF T RIPPER H kRIS, FIF RIPPER HyEA: sl IR 5415 A R iE 4
% PVREAT T .
3. SR
3.1. BuREHAR

ACAE ] Kaggle 12 default of credit clients 455, GFEIARIT@E L AE MR AT IIEH R
FARIADNE R E R RERE R B8RRI 3 7R 8da A 24 Mgk, Bk, 64 23
AL IR R IEAT 1A BAR R PEGRA R BiEL). BRAREEITE 1 .

-~

Table 1. Introduction of data attributes

F 1. BERMNA

Ja Bt B
ID s 1,2, ...,30,000
LIMIT BAL BAE & [10,000, 1,000,000]
SEX PE5 1,2
EDUCATION HE 0,1,2,3,4,5,6
MARRIAGE S IA 0,1,2,3
AGE S 21, ...,79
PAY 0 9 F ik ik I -2,-1,0,1,...,8
PAY 6 4 F LA B -2,-1,0,1,...,8
BILL AMTI 9 HIK B E A [~165,580, 964,511]
BILL AMT6 4 H Ik S0 [-339,603, 961,664]
PAY AMTI 9 H LAHT A 340 [0, 873,552]
PAY_AMT6 4 H LA AR 40 [0, 528,666]
Default.Payment.Next.Month TANHRELAT 0,1

3.2. BIETALTE

JE UG H FAEAE S AR B R R, v SRR, W R AR Bt AT R AR B . AR

s AL B B AR RO TE L R B PRI AR IE S DY AN 20

1) HdEimvt

TEE A 0 48 J& MEUE AN A G LI 2EA B, £ X 2058 (EDUCATION). 45 4H(MARRIAGE)HI n H 1]
G HLPAY _n)ix =K@ MEHETHEEYE. EDUCATION. MARRIAGE Fll PAY n %4024 AR HHUE H A
SNEEAEREA 8 b o LR, 38 o R EBUE A IR B & C A BUE + . filn: EDUCATION
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7 HREUE, Horb, BUESY 0. BUE 5 REUE N 6 Fom i & SCRAH & FURAK, #o X =ANSHUE 15 931
HBUE 4 (Fiftb) .

2) FHEALER

P AN TR St i NS P SR [R), 75 Bt L 0 5 1 A T R AE AL B DS MR AY (K T R o RFAE A
R B 3 B 3 R AE G B R BN b A AN BB 00 o R R G B A A o Bt R e ) S Y AR R AT A
(one-hot) 2t . HH br v Ak A 0 i 82 TR0 A s JEAT DX R 8 OhR Ak, 4 A Y BB 48 R 0~1 22 1]

3) FEARH

JEAEHAE S P AR L% 7 (BUEN O AEOE & TELR T EUEN DAL, 8 TREAAR S5
8o N T I GURE AN I 0 R PR M RE R AR RE I, AR SCRH SMOTE S RFEBE N R LKA TR,
NI SEBURE AR I AT o F A 25048 T I B0t 3 1 808 23 A 1% 00 22 2 Bl

Table 2. Data distribution before and after oversampling

2. UREFRIEHESHER

B B F oy At
. 0:0.7788
SMOTE i3 KA 1:0.2212
SMOTE it XAt )5 ?ig'g

4) FPEEEE

AR SR 0, 2 2URFAE 6 45 A0 318 SORFAE S 28 R R 7 sORER RAN R R AE X FAS B P R sl o 0,58
HRFIE I 362 LANLAS 5 SORE BRI PP M BE (0 ARV R B O HE I, B O 25 T RHEEAT e o i 9
TURFAE % 332 DL ANRFAE RN 25 B0 RE DG4 PP Al 48 bobt 45 AR HEAT 07TE , St 2 OR B A G M B s ) ) L
ANKFAE -

3.3. fiRAE

T ERATE R R R ARSI SUE ORI E L AL, Fik, 8ATEH-REL el Lloe
SN RAT S o AR SRR LA 5 ) b B 2 ST 1 07 AU ZRE BN ZRBE Y I AE MR AR T A Bt
RUIPERE o T AR A 2 AR A8 R 23 R 2

1) B RIHEA

1245 [ )94 (Logistic Regression) & & WAL & 22 SIB R, 2 T /0T 5% 5 [nl )R 20 15 i il
X} 2 TR Ze Mk R HEAT SR 2R VAR 45 B P 75 1) 43 S ek B, 30 T e e R FE A R R R e T T 14 % H 2
SINGREIE LRI W2 . )5, 8 s Mk mBoRBE R I i 248 AR A XA
(D~ QFT7R:

Iy () = sigmoid (8, +6,X1" + 6,X1) +---+.6,x1" (1)

J(Q) _ _%[ :”:1 y(i) 10g<h<9 (x(i)))-i-(l _y(i))log(l—ha (x(i)))} (2)

o, hg(x“))%%%éz\%%u%&z, J(0) FortikEs, XU FORE | MERINE —AMFIE, 6, 7R n A
FRAE R AE AL B

2) PRI

PFRREAL[10] (Decision Tree) 2l id— R A B HE 24T 70 KA A, FEAHE ID3. C4.5
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CART =HMEEAT . ASCRA] CART REEPERAES A RIHLA TR . CART HRHM LU JE R E A
oy ebRitE, IR JE R B PR AEIF PUE L B A A VI oy i FEJE RHUBUR, REASE AL
FOMAG. BRisss E@REAES D, 3 REH A AKXEG) Frws:

i

Gini(D)=1-Y" [WJZ 3)

Her, C, BaAFEARES DPETHE L RIIEATE.

3) BENLARAREE A

BEHLARMAER[11] (Random Forest)A24E il 2% > W 5T B B R 4L Hi K& (Bagging) [ L RARSRAE AL, )
R T &M RS . BENIRMBAY R 4555 2 A DL SR Bt S AT YN I P 1) 70 R A Y . AR
ME, BEPLARMSEE w Jeil i A s e 007 NG REA AT n IRBENLRAEAS 2] n DS RSERHIZR AT R 1
FEASE. 25, MOLIGREAN M. a8l — e eSS RS IR R it a5 8, 1
i, AR R EAREN R E: IACEERR .

4) I G AR Y

H O S R [12] (AdaBoost) & 5 i =) A T 12 7 S & (Boosting) AR LY 2 — . F & S 38
B LT R N ZR R VISR B R 85 22 21 4%, dET AR & 2159570 KA B &5 158 7 K88 . EAR
ISR AR, B iR A A ok ) A AN 55 43 98 2 (AL e AU R B /N ) 55 7 R A & il —
SR> A o

5) BREESR TR

B EEFRTH P8 13] (GBDT) 2 AR i 2] Ak T 42 T S & (Boosting) AR 22—, BT 32 N FH T4
FAESH, BT RUFHIVERE. BREEIRFMIRA R CART YRR J3k 4> 2545, 1T Gradient Boosting
P HE G KA AT R B 2] o ARG R, B SR TR AR R0 R A 25 A2 1R 55 70 2R B AE B — %8>
AR MR 22 A BN ZR, DLET B .
3.4. TEIEHR

AR SR F M 22 (Accuracy) FIZ A TAERHIE 2 T TR (AUC)E AL (R FAN Fabm . TENLAS 2
BRI PERRRE B rh, MERRER W WRIVEM B, ) i H T E R 7 ARSI At e . 1
TR TN A R A G S AR L], @H TN S, WEMSRE, B TERERRLT . AR 1) B AR
ARWA R FTR:

TP+TN

Accuracy = (4)
TP+TN+FP+FN

o, TP (True Positive)fR K 1IE T N IE 2R AN, TN (True Negative) Q3R 51 K HUNA F AL,
FN (False Negative)fF 44 1E R T0M A 51 2K )14,  FP (False Positive) K 671 28 F0 o 1E 2K B4 2

AUC S5 ALFR3 75 AR IE 2 (FPR)FIE IEZ(TPR) ROC HIZE R 5 TR, s A58 T £ 1E
FAAEVERATIH LR . AUC 2 & 0 RS PR REIL S T bR 2 — . AUC EHI RN S
BRI RIEAHDE, B AUC fHERK, BOAMERERIL. — MRS, AUC E#EHE KT 0.5, #H/NT
0.5, JUARFAAL TR R 55 BEATLAE AR 1 R RAH (]

4. KRS T
4.1. BNEFEIPREHREAIMRERSEL
ARSCE R EHLE 21 (0077 535 ML 2 TR, P4 I SR (R BB A SR b T, i
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RMVERE . v 1B S HOR AR P e P AR BRI, I GridCV G RESH. B HLE I
R BARINAEE R UK 3 For

Table 3. Performance of different models in blind machine learning

%= 3. BNFIANPIEMRE A RE

Y AUC {8 SR HER 2 1 FUER 0 ZRHERG =R
P |A] AR A 0.7000 78.21% 55.36% 84.63%
TR AL 0.6884 79.25% 50.3% 87.39%
BEHLAR R 0.6892 80.04% 49.1% 88.73%
3 I i Y 0.6878 79.83% 49.1% 88.46%
b JEE B IR A58 0.6517 79.3% 39.9% 90.4%

MEE 3 aTBVE I, RN IRTTAT, OAS AR A el i BRIy B AR L BEL
PRI . PSRRI . B NG SR | B IR TR . T ERS RS, AL, Bi&
O 1 A TR AR P AR T AR TR F) 1 B8 T B — ) DR SRR S TR R 2 0 [ AR

XFERATINGG , R RENS IE AR TS 20 P ) S B B T IR PR L 0 e AN 1 SRR A
0 RUEFR PP fEARTh AT LLE Y, TR T RIE 20 P TN e R X i T . e,
A [ SR L T i 240 FH P 5 T O A R A

4.2. FRFHEEF S NAR B RERSEL

MRS AT S, N EE R, BRI ZRIC R BRI RcrEis . BRIL, A SCidid s
AEIZE 3 I A HRFAE 1 97 106 H F BRI R A A, SRTHE R (I R P AR S 2 R AR I 16 45 77
e AR ARHE L FEAN T PE AL 35

4.2.1. BENEHEERE

1A SRR B 7 v rp (0 P 33 VRS AR T B (RFE) S5 W SR GRTGE R AIE , 3oy, SRR RN ML AR AR
TEMCEEAE b, A IR S5 9215 & 8U(LIMIT_BAL). F#¥(AGE)% 10 MEFAF KA R 45 Al A8 | P sk
PIREAL . BEALARMRASIAY B3 S 1 A R RO BE B A RIS AY,  FEZE DA AT IR AL M R . AR A8
AU ZE a2 4 FioR.

Table 4. Performance of different models after wrapping feature selection

F 4. BENFEEEENERE Rt

T AUC {8 SR HER 2 1 FUER 0 KRR
btz AR 0.6108 78.98% 29.2% 92.96%
TREE R AL 0.5765 63.07% 48% 67.3%
BEBLAR R 0.654 80.54% 38.4% 92.38%
3 S iR Y 0.6747 77.81% 49.06% 85.89%
Tohs JEE B IR AL 1Y 0.5903 52.67% 70.34% 47.73%

3 4 "rAL AT ENES], TR AR @R B T R, A R OR 28 1 R AR UL A
MG RORZE . WA BIER RIS, SEVESIME, BB RFRER ., FEHL
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PRSI | [ 3 N0 i R P TN 1k B4 P ok, T 6 J3E BT H AR ASE AR X 35 24 PP 1) 000 A =R AT
FITt. LR EARW LA, BEARHELER T & MRS

4.2.2. TBFHEREEF

P T 2500 4 T B A B R M O SR m M, ORI R ORI R B, R F SRk S G 10 A
REE R B AR A B L R s AR | LR MRS L 5 3 3 SR R IR R BT AR R . % AL )
MR R 5 Frow.

Table 5. Performance of different models after filtering feature selection

5. WERFHEER T ERE AL RE

A AUC {4 IR 1 BHERIR 0 R
P A TR 0.6934 76.93% 55.83% 82.86%
PA R AR 0.6905 77.01% 54.86% 83.23%
BELAR PR 0.6913 76.15% 56.61% 81.64%
3 S i Y 0.6916 77.06% 55.09% 83.23%
B FEAR T A5 A 0.6883 77.09% 54.12% 83.54%

Hie 5 ATUAE I PSR AELE £0) T TR (S ma AR A, AR S8 1 I A RHIE S £ 77 i
FE PR R . AT BN, AR T 2 0 BB R A e T, BRI 0.5%, &
FPETE 14%; X AREL M I AER A BT B, (B IRERR A MR KOs TR K T
HER A /NI FE (0 B

MU ESEIRES RAT LA Y, BARE LA IR T IR A6 80 b () pr A R AR I SRR, (H 5 e it
EFIE IR, PEREIFRA W R T o, ISR BT 10 MFIEYI SRR, A
XTI T R FIN E BE AN T AR RS TR T

5. &hig

ARSOR FINLAS 5 S MR R BRI RS R e P IR A PN A, Sl B AR AT I R LS H R
BEARARAT O ARG, 38 S AN BRI o A SC MR AE A TR P A YR P 3T 5256, X EEAS R AR AR £ 77 50
TR R TERE . MWARSC T AT A [ 4RI B 1F T, SRR i Pt R AL 2 T
B, ORGP, ARAT AT DA S RS A SR AR RO (5 T R % P A I DUEEAT T . AR
AL RT3 &, R BRI B BT 15 00 B L B B sURHIE R BT VA @ i 5. Besh, ML T H
W2 2T, P R IR £ RE U6 AR SR T 25 MR T i 20 TP A B AE R 2 o ARAT AT DL e iR 1 D
AR R 7 A AH SR EAR AT TUAC B, ANBENS SETH AR RY A I kI S5 th e g oA 7 Py mT R

SE 3k
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