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Abstract

In our daily lives, we always have to face a great amount of large datasets. Most of
them are combined with categorical variables and continuous variables. Regarding this
type of data, we proposed a method for model construction and prediction.

The proposed method is applied to the data of bank credit card default payments as
the main research object. The response variable is the payment situation in the following
months. “1” means the user with breach of contract and “0” means without breach
of contract. Using the model, we can understand the association between the basic
information of credit card users and their default behavior, which can be used to measure
the probabilities that credit card users will default in the future, so as to help banks
monitor customers and reduce the risk of bank losses.

[Keywords| B-spline, nonparametric method, piecewise polynomial, variable selection,

knot selection, WOE of binning, binning method.
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R, AR ES B AL B a6 9%, 363 BRI AT &SI AT S UK 45 2 48 & (information
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M FEHE AR A A SR B 2 A i Bagging (Bootstrap Aggregation) (77 sl HER
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gj(XdiS,j) = Zﬂj,@I(Xdis,j € (CLM, bj,g]),j =1,...,k,
/=1

F I (Xais g € (aje, by o) RTEAERREL B X gy s TR [ (e, by ] WAL, [RZF05 B0
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WOE Table for data.x4
Final.Bin T.Count T.Distr. 1.Count 0.Count 1.Distr. 0.Distr. 0.Rate WOE IV

<1 3288 32.9% 1852 1436 29.1% 39.5% 43.7%  -30.5 0.032
<2 1713 17.1% 1712 1 26.9% 0.0% 0.1% 688.6 1.851
< o0 4999 50.0% 2799 2200 44.0% 60.5% 44.0% -31.9 0.053

Total 10000  100.0% 6363 3637 100.0% 100.0%  36.4% NA 1.935

£ 3.2: BEXAN IR W 2 B ES T &

L. S B R T 54 O BB AL AR 90 %0 DA, R 32 P 323

2. 55 NSO A T P8R B — IR T L, RIS BTV AR e 40 RS
BRI

3. A IBBIRZ IR A P T I B (1) f5 MBS e R 1 B 2O, B 2B L 7 R AR 25— {1
FLA, A 2R [ BT A B FE R 0 SR I RO AT 0 A

$3.22M MHRETHH

FIFR F1woeBinning £ QLT 404, FLH T 47 Hiwoe. binning () B MGEAT 1 1414,
I THT 2832\ B B8 05 38 S b liscrete DA J 0 o ) % 1588 By (451 L) S B 4 6
). T

binning <- woe.binning(data.discrete, ’y’, data.discrete)

75 34T H B4 4518 . | Flwoe.binning. table() 5% $i (1 [ 28 30N | — 35 4 45 (0 45
Rbinning), Ao R MR T ARG S BRI RIS FAE. W15R3.2:

H| F woe.binning.deploy () Bf BRI 3 73 # Al TR 77 S binning #528 J JE FH 210357 i BUE 4
B R 5 R 51 1 R B S data. discrete, W1

df .with.binned.vars.added <- woe.binning.deploy(data.discrete,binning,
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add.woe.or.dum.var = ’woe’,min.iv.total = 0.00001)

Ik 2 3¢ 58 T fadd.woe.or.dum.var = ‘woe’s& f§ 75 B 34 8 ¥ K HEWOESF #, 3%
sEmin.iv.total = 0.00001 5% {8 fr /> 88 L 73 F8 &5 A HITV £50.00001 . 5 25 12 B &5 R AT &
B3 5O 4346 L SR E S (% 43 #. 7] R il woe. binning. plot (binning), 7] #§ 43 %
AT, 49332701 3.3

Variables Ranked by Information Value

data.train.x4
IV=1.935

data.train.x3
V=1.073

data.train.x6
IV=0.007

data.train.x7
V=0.003

data train.x5
1v=0.002

3.2: st

TS AR kA B 3. 3 1) 7 AR I ] LA B [ 3. 20 S BT VIARL, 456 T AOR IR BB LA R, KBl
SEBININCE AT 203 LET Coe iR 2 |, BRI NS %

9330 AT ESB I B A

18 FHL IR A AR UK DL A i backward _selection 4% IR A 2 3k 4E,  DLUR FE NS 2 18 I
A& RHEEw2 B backward selection 1 U3 4 (7647 A back result2). 40 :

a = colnames(w2)
b = rownames (summary (back_result2)$coefficients)
p = w2[a %in% bl
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data.train.x4

IV =2147
500
w
2 o=
=500 —
-— o I"E
1 n —_=
v v I
v
3.3: Sy Rk T2 (xA M) 4y B dit L)
Vi = w2$V1
w2 = data.frame(cbind(V1,p))

EIREAES T, SR FrSa Ry i w247 4 . bA K iEbackward selectionf£ I 475 4%
TR T ARKISAE, PR paR s 0 L6 J5 S ) w2 1Y) 1 S5 B 5 T DA T 4R 8 A 7 [ 5
B AR . I S ESEEy IVIZR TR, A SE AT IE AT ebind ()IRF , i 8 555 9 44 R A
H BNV L. D Zp e R (03 SORSAE, W i SRR w2 1 S B S BV AR AR I

AT GOF, (ERZARPCEEIEYER B ZORE, A PR R 44 Ayw2.

T, ZAFABIRGE S FfastDummiesHlrecipesBE 4L, HE LRI BEFTIE AT 048
[ 45 SR BOAR 5 P 35 I (1 6 ) et 2 IR 1 (factor) T3, 3K L A7 AR 2 2 4B AR NG [ {8
1) % Rl para_sim (% IV K2 /M), 13R3.384 .

PR AR, A dummy cols() B ¥, K - 554 HEOHE 55 S JRE A1) [ ) o R R AR AR R S5, 10
B R S SR IRy, 5 A SRR IR B 21, 75 R0 20, 0 A BR WTHEE I A BT L B A

21
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name x4 x3 x6 x7 X5
1 (2, Inf] (1, Inf] (3, Inf] (-Inf,3] (0,2]
2 (-Inf,1] (1, Inf] (-Inf,2] (-Inf,3] (-Inf,0]
3 (2, Inf] (1, Inf] (-Inf2] (3, Inf] (4, Inf]
4 (2, Inf] (1, Inf] (2,3] (-Inf,3] (2,3]
5 (2, Inf] (1, Inf] (-Inf,2] (-Inf3] (0,2]
6 (-Inf1] (1, Inf] (-Inf,2] (-Inf,3] (0,2]

R 3.3 AR A ECON B I [ (PR 74k ) - AL R AR T 6 58 A1)

b7 7 B 5 I T 3 R R R . OB B R R R ORI kR R, D S
Hremove_selected_columnsit 2 TRUE DL 25 #5 i S 828, T (HHEATI0[E . Rt 5h,
SERT AR M RORMS BN B A SR RAE, TR BORH AR, RIZR LR 1 5 .
s R S O R R 1A%, 4 T AR S R I AR R e, — N — flE e
S0 S JE A A bR O A SR, R R U N I R R HRIVAR KN, B R E /N E—
N> TR AR IR R BIC K /N AT PSR

HER L ) 20 R

\\X«

1. 4 model_ok A FH & FHEE w2 T 108 110 55 25 A kA 7Y

2. FEMRHG AR [ B R B b, BRI TVAR ORI R AR, R L
(FIFE % bR BOI Amodel ok H o 4235 BC e i S AR VERA AL, 10 FLIZ I Bk e A B 1)
TRERER UL, BRI PTA TR e B Ry BHEE (p-value < 0.05) 15, % I 43 21 A Y 7

#ymodel_challenge.

3. #¥fmodel_challenge &z model_okfir ¥t & 21| (1) BIC/E # 47T EL#ft . #model_challenge ) BIC{H
/NMitmodel ok I BICIH K, HI #model ok ¥ # Amodel_challenge, 7 H, A

Frmodel_ok.
4. HER2 M3 BB A AT R ) B A

5. 1% Plmodel ok 2 FIT 8 [0 B X AR T

22
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BB R MeanDecreaseGini

x6 296.5868
x7 302.0160
x5 306.3227
x3 702.3061
x4 748.1868
x2 943.1708
x1 1160.6990

R 3.4 BRCE RN

5 3.4H  FadEARMIL

Fy T BRGS0 R BE,  IRIEA BERE AR AR (random forest )b L
FIHFZEEE, A ERGES HrandomForest B UHEAT LL N4

. Jassi B 0m 1 1 flrandomForest () B BUTTAR B RRY TR SN S IE S50
[ SR T 5 L 1 Y

2. MBI T A e & AR BB T, SUBEB IS0 LRI R & B &
. R HvarlmpPlot () eR i, BERAEA h 2% |5 S8 [ Mean Decrease Ginift, if:
A I M DA B AR M, R EE %y Gind (RO B IE. JEEE: fE
BEREARAA T, 8 B SR ) R TV DRI BREZAR I, N0k S Ak SR A A Y
B AR LR, N SR 2 ) 22 B KR R s ek 3 O 2L

3. fkMean Decrease Giniff H/NEIK, K Fr i 2 W 2 H0EATHEY, R34, [
R, TAFIREEEE I X, Xy X5 XXM, 1E&R 2 1R EAR 1E

4. BEm IR R, SRR B R B = BRI R A AR A

5. A HgetTree() A #, S A b G BN B2 (T, o Z4Esplit var AANATHEAT
Wi, AR PR A S B RNy, B 2E M Ao TR H 0 o O A AR GE AT
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DURRIAHTe: R Hy=1%, DCHERITERy=1/#%, & HEy=0%, B E
FIFHRy=01 =, 73 F(likelihood, PAKRIBIC. %4h, (EMEATEHE N, %
HIRGE Srandomforest VLR B H Y = 12 EAFHER P>, W P*ELEFERRY = 111

AR PoAtlist, SRIXMSE,

Py = P(Y = 1[SUEHR T ATIO.X,).

L EEMSE R 52 7 Rt v BT A P A Po R 1 25077 R0 26 ok LIRS B L. TSR AU
i/ MAIBIC R B B FIMSEAE 2 B SC b et ik L i A
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FHa4m BREERMAER

S SE3T TR R AU 0, JBAT T — B LU A T B, DL LLRRRR SO R
HeARARIL 2 B

TR TE A b, A R A R O R, AR I
%X, Xo, 434 Auniform(0,1), BEEOASEA X, Xy X5, XM X7, 20, 1. 2. 3. 4. 5
SRR B, 7RI A S EUE R100002F B2 B,  LAS 2P iR 1 E S BUE KL

M L7 AR B RO R, AR R SR IR R A Ry R AR R B i

157 (logistic regression), B

L 1 I () :1|;<17;<27‘(37;<4)
=1In
1-P(Y =1]X1, X0, X3,Xy) )’

Hrr

L=3X,-2X34+5+1(X3=1)+9%I(X4=2)—1.

b, I(XG = j) IR EUE, & X = Rz, BRI 250, 5R € {3,4},5 € {1,2}

R Y OB RO LEFEEUN S, BT MPY = 11X1,X0, X3, X)) E >, F
FH(4.1) RIEFT LA HIP(Y = 1| X1, X0,X5,X4) = el /(14 b)), FIF B IEAT —IH5 i
FHER10000/X BLEC A BCE ERIORILI S EREE,  W05RF b BGE 17 B 11 (factor), 132
S JESHLY (1110000 #2248 .

L2 A e — ORI R, AR I R AR FE 38 = s ey i B,
AARY = 1R SR AT . H638 FS A DL FIRFZR000K, UEAF500/K MSE. $f
BHRERS AR, e H RARI 50059 B RHEAT B AU (5T

FE LIMSEE A i A R 5 E R B W T, 500K AR, shoc b sty ik i
ANRBERSARAE, RSP ISR R B . R4 1R T VES00KMSE [ 25 1 A e
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MSEt g %
et hik | T I E
ST | 0.006412 | 0.0097389
BERERHFK | 0.046042 | 0.0018357

* 4.1: HiftsE 2 MSELLiR S

%,

TESFBGRIN LIRS, SO VAT, IR E RN EE BRI . Xy B A PORIE . BRIt
AN SR A B ORI, FERRARMIE T, O AR PR (R B Ry LR B 5
BB, A EE NS, MEREE R BTSRRI RE B,
A2 IMSE S SO U, B Rf SO VB .

I AER R oy, 2y 7 A TR TR 1) 2 B0 A AT, R 77 B % e 50 B I A 2 %2 /D
TRERSE UL, LA KA HUR) Fmodel ok fIT BC 38 H 1) 6% 11 8 32 B 5 7 25 jlg 509 1) 1% 1 1%
EP(Y = 1|X1,X5,X3,X4) UMSE, fn g #4F R 58 sl — R s st st Ty i it . BRI ERL
5100004 . 28 B 48 5 AU S ik 5 15 SR M DL A B B RSOS A , — IRREBBE AL B
HISoy IR [ AR . FEIE, S R AT, I P AT IE ST e BiparLapply (), #HIHIZH
¥ L THI AT AOR IR 7T 7 10355 R A N SPAT IR LR 8, SR ) 6728 KRR
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HoxE HEEREH

o WHIRHKAGGLE ittt B4, K & ¥82005584 7 219 H 1930000 A B 15 H
FMRE AT K H SRR

o FRHATG 23300002 R}, 250028
DLN R A, FLARS.1
o EHlzHE
LSt Ok BB R B TR IEATIA 1 (factor) fh.
2. BB RRE A S IPAY 0. PAY 2, PAY 3. PAY 4, PAY 5. PAY 6604

T-1. 255 ABUE, RIS 28 SBUE —FEROROME A S AE AT R, A05R LA
Enliol 2 VSRR

3. HABILL_AMT1 BILL_AMT645200549 F 41 )bk B 4 %5, H A% o

[ . A7 s 2 I AR B (T [E5.1), 2% 3 S A0 ok ] R A7 22 B A A 4 DL

BBILL_AMTC LIS NS SO g R 5, HABILL_AMT1 BILL_AMTG6H]
T,

o UIEIFRILE
&y 1R TR AR, B ERER 5 R € BE P AL BCE30000% B R EE
% T HX21000% fi £ I Bk 48 B B (credit.train), F8 £k [R19000% fif A 1 55 5 &
Bl(credit.test), #3, HIBREE I BRI AR DU A &R FER .
o SHBSIIAREE AR, SERBUEM B BOET R R

— SR S A B AT ST T 3 R T AR B R TR B R R M) P X 6 B P S 2

77 #i At & 2 R Bknot _selection (j,new_demol), I 4% K7 & & H K
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S T M| R
ID BUER | B WID
LIMIT_BAL BUERY | Do & W A B 008 FHEE CEM RIS /4 7218 FHED
SEX KA | MR (1 =51, 2 =&t
EDUCATION MR | 1 =fEML, 2 =K2, 3 =@/, 4 =Hfth, 5. 6=K%
MARRIAGE KA | SR (1 =8485, 2 =85, 3 =HAM
AGE WER | B
PAY 0 A | 200549 H 118 2R 28

(-1 =fE5E, 1 =L E—H, -, 9=mELHAMU L
PAY 2 IR | 200548 H HIIE FOIRAE  (BL A HTAZ #E BEEPAT O [A])
PAY_3 FUHIAL | 200557 H FHEFGIRRE (BLAIET AR HEELPAT _OAH [H])D
PAY 4 A | 200546 A MIEFOIRAE (BB AR HEBLPAT _OAH [A))
PAY 5 FUHA | 200555 H FHEFGIRAE (BRI AR YEEBLPAT _OAH [A])D
PAY 6 R | 200554 H FHEFCIRAE  CBELA| BT AR MEELPAT OAH [H)D
BILL_AMT1 BUEA! | 2005F9H BIBR B 450 CHr &%)
BILL_AMT?2 BUERY | 200548 H R G4 CHra o
BILL_AMT3 BUER | 200547 H IR &5 Clra o
BILL_AMT4 BUEAY | 2005426 H IR G50 CHra o
BILL_AMT5 BUERY | 20054FE5 H IR &5 Clira o
BILL_AMT6 BUEA | 2005 F4 H MR B &40 CHra ¥
PAY_AMT1 BUEAY | 20058 H Ak &80 CHia )
PAY_AMT?2 BUER | 200547 H AR E&8 Clia o
PAY_AMT3 BUEAL | 200546 H FIfT 3k &8 G %)
PAY_AMT4 BUERY | 200545 H A& Clia o
PAY_AMT5 BUEA | 2005574 H Pk &80 Cire %)
PAY_AMT6 BUERY | 20053 H A& Clia®o
default.payment .next.month | JEFI% | 20054E10 A #ELEMRFORIL (1 =4&, 0 =15)

® 5.1 AR E
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. — N O T N O ~— N T W W

2 EEEEEEEEEEE E

T 5555555555565

C L LT L g

S0 132333 xxxxxX

o< M O b b O O OO O O O 0O oo
umiT_BAL 1

AcE | @ 08

BILL_AMT1 900000 06
BILL_AMT2 900000
BILL_AMT3 900000 0
BILL_AMT4 ...... 02
BILL_AMT5 000000 0
BILL_AMT6 200000
PAY_AMTA @ 02
PAY AMT2 @ 04
PAY_AMT3 @
PAY_AMT4 @ o8
PAY_AMTS ® 08
PAY_AMT6 [ ]

5.1: BUR AR W2 A o i

FNEATHET 00 HE R 15— B8 A B 1) 60 B (ED R 7 (B A 72 5.991465),
A #4942 30 55 6 BN 0 B8 8. choose_knot (data_frame k), LK BB B
Hone.button_select (datak), DLk 1% HUHT RN /7 (34T .

S RSB H (1) 9C{ AY 8 BPAY _AMT1 PAY _AMT6 J% 5 iif A1 i () 7 5
BILL_AMTZ) ] Bl f2 JE 88 % (default. payment.next.month ) i, — i ¥ 1)

BRI, FHEELASZATTAGHBI, 1 F:

response <- credit.train$default.payment.next.month

Al <- data.frame(PAY_AMT1

credit.train$PAY_AMT1,y = response)

A2 <- data.frame(PAY_AMT1

credit.train$PAY_AMT2,y = response)

A3 <- data.frame(PAY_AMT1 = credit.train$PAY_AMT3,y = respounse)

A4 <- data.frame(PAY_AMT1 = credit.train$PAY_AMT4,y = response)

A5 <- data.frame(PAY_AMT1 credit.train$PAY_AMT5,y = response)

A6 <- data.frame(PAY_AMT1

credit.train$PAY_AMT6,y = response)
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SR AR
PAY_AMT1
PAY_AMT?2
PAY_AMT3
PAY_AMT4
PAY_AMT5
PAY_AMTG6
BILL_AMT

R 5.2: BYEHB B RS

W O =~ Ot Ot g Ot

BI <- data.frame(PAY_AMT1 = credit.train$BILL_AMT,y = response)

F2 25 M) A L TS e k) AR R — 8 KR 1 R (list) conAMT listie 47
I, 0 BHE B R — — AR N3T8I B M (scale), Wf 44 Fitspline®E 1 A
b () f§B-spline Ji i #61 ,  DLAK & & 78 A0 145 7 o Mgl () AE A T, 3l
DABICE &%, BISRBUE B E0h,  ArAEAASE I e LD O R AP A
/NBIC, FEANAE 2GS L 5% 0 3 60

33 L ) 25 B0 SR ) e e B R LI 5R5. 2

.05, 2 TR AT B 2 WA PR S O S, 073 e

18 B U AT A MO 58 (BB BTG X S Al XM ) M)

A TR 54 1 VR s ) PR O AT spline ) = 7 BRI 30128

VERE, BRTPAY_AMTLY $h, %7 3850 b He ) R R M 3,

DB B R A TDS OB A I SRR 3 15— 1T, LM 2 4
17 AR BRLIB T 75 0 KR

CHEAAN S BT B R R w, HO@ & BUE A S E0E 1T spline LI 48 W &5 & TR 4R 1Y
S S (default. payment.next.month) T 44 1 i) W EVER: LAl R
WA AU S SR, 6 0BT IR IR T I R4 B, A PTIEAT 2 48 B
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X1
X21
X3.1
X4.1
X51
X6.1

FEARMEAS Y 1) P 3
FEMCHEIE, A HHT AR 1) R R w T BT 1297 (HPAY_AMT1 /2 PAY _AMT2it
ITsplineff) &5 B ) fEELLFF BT, LnfE5.2:

0.8
0.6
0.4

0.2

r-0.2

r-0.4

5.2: WP CAIETIAHRE

IR [A] AT, WOPRI A B 4 AT CAEAT A P AR, (S B o i L
TRMREN, DML R fhat A
# L thX17X6 A X1.17X6.173 31 Blprincomp () i BOEAT E R 087, 4558
153 ~ 5.6

A LA RIS IR I 3 5503 7381 (43 7l & #Aspea.wlflipea.w2) 1, B 7RS4 &
B R A 95% LA L iR AR B RE T 1, WCERER XA = Bl oy MEAT AR AL 1)
ficadE, A 354 20 A loadings ¥ JR 4R 54 B 48 B-spline 38 Ji Y B # 4 BL {4
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Importance of components

Indicator Comp.1 Comp.2 Comp.3 Comp.4 Comp.5 Comp.6

Standard deviation 1.44341 1.30579 1.13477 0.85101 0.446720  1.41365e-07
Proportion of Variance | 0.34724 0.28418 0.21462 0.12070 0.033256  3.33067e-15
Cumulative Proportion | 0.34724 0.63142 0.84603 0.96674 1.000000 1.00000e+00

2 5.3: X1 X6/ F o704

Loadings
Variable | Comp.1 Comp.2 Comp.3 Comp.4 Comp.5 Comp.6
X1 0.177 0.736 0.000 0.000 0.000 0.647
X2 0.262 -0.487 -0.561 0.246 0.123 0.551
X3 -0.363 -0.419 0.509 -0.338 -0.220 0.521
X4 -0.607 0.000 0.000 0.428 0.658 0.000
X5 -0.546 0.157 -0.375 0.305 -0.665 0.000
X6 -0.319 0.138 -0.519 -0.741 0.248 0.000

# 5.4: X1 X6/ F il 53 Loadings

Importance of components

Indicator Comp.1 Comp.2 Comp.3 Comp.4 Comp.5 Comp.6

Standard deviation 1.40058  1.34147 1.12682 = 0.84745 0.50081 = 1.18541e-02
Proportion of Variance | 0.32694 0.29992 0.21162 ~ 0.11970 0.04180 = 2.34199e-05
Cumulative Proportion | 0.32694 0.62686 0.83848 0.95817 0.99998 = 1.00000e+00

% 5.5: X1.1"X6. 1 FE R 4047

Loadings
Variable | Comp.1 Comp.2 Comp.3 Comp.4 Comp.5 Comp.6
X1.1 0.196 0.709 0.000 0.125 0.000 0.657
X2.1 -0.461 -0.293 -0.544 -0.268 0.000 0.574
X3.1 0.000 -0.524 0.486 0.499 0.273 0.402
X4.1 0.506 -0.287 0.308 -0.476 -0.514 0.276
X5.1 0.575 -0.192 -0.323 -0.214 0.694 0.000
X6.1 0.398 -0.133 -0.512 0.625 -0.412 0.000

# 5.6: X1.17X6.14 ¥ il 7 Loadings
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PesHE, DUEAR M Ry, BAEInT:

AMT_1.PCAVAR <- as.matrix(w[,2:7])%*%pca.wil$loadings[,1:4]

AMT_2.PCAVAR <- as.matrix(w[,8:13])%*%pca.w2$loadings[,1:4]

AR A, BUCEIEIX17X6 A1 X1.17X6. 173 B A ERHEw .,
— B ARG EAT B AR EL R TS IE, P ARG IE AR IR INBICHE At e, DUEAL
R DR 2R EBIC IR B backward selection i

m.bsp.con3<- glm(Vl ~ .-1,family = "binomial",data = w)
back_result <- stats::step(m.bsp.con3,
scope = list(upper=m.bsp.con3),

direction="backward",k = 1log(21000))

o GHERIIGRGE BRI AT B 2, 7 R S b R
SEWCIR IR 1A, 4 7447 O B Y SEcredit discrete, B Je ATE U7 P AR
fywoe. binning ()R B3 A7 [ W A0, 4 A6 0 A e S 1 0 2 0
BRIt A 5B G A A R 0 S TR B TV () B A o
[&5.375.6:

B 2 NS R B AR b BB SR, A 4
T

w2 = w[ ,colnames(w) %in), rownames(summary(back_result)$coefficients)]

EH BT R ICR AT B EEE P DB ME R SR b B S R
EERTE BRI, DR & 52 U0 RSB I Pl v

2Bt A 1 IR R A (TVAED) I HE PP A E R 20D, — RHAHARA AR R kst
A2 | TR AR PP R (0 R AR AR AR AR SN SR AR T EEBIC,  HE o8 2 AR A A
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Variables Ranked by Information Value

PAY 0
IV=0.853

PAY 2
IV=0.640

PAY_3
V=047

PAY 4
IV=0.363

PAY 5
IV=0.329

PAY 6
IV=0.288

LIMIT_BAL
V=0.158

EDUCATION
W=0.031

AGE
V=0.020

SEX
V=0.010

I

MARRIAGE
V=0.002

5.3: BRS8N AR BN TVAE
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300

WIOE
o

=300

s} 0
g =200

w200

g 0

-200

100

g o

=100

PAY_D PAY_2
WV =0.853 w200 NV =0.540
| m— - 2 o B
5] L7 o
[ = [ =4 o
g g B
z L 2
E g E
+ +
o4 L=}
PAY 3 PAY 4
WV =0417 w200 V= 0.363
| — e —— 2_2033—:=
=] ] = = o =
@ a
= [ =
@ o
= =
= =
E £
5.4: BORMIE I BB A A IR L
PAY 5 PAY 6
W =0.329 w200 V= 0288
[ R EEREE] =l
2 g
T ]
8 s
E £
LIMIT_BAL EDUCATION
WV =10.158 w100 NV =0.031 ]
3— — g 0 ﬂ
=100
g g = e -
b S ¥ o~
ﬂ -

<=

e

misc. level pos.

5.5 RORH RIS R 2
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WOE

WOE

AGE SEX

N = 0.020 100 = 0.010
S0
° | = —— 2 N —
sn =0
-100 -100
& = E -
4 ¥
MARRIAGE
100 = 0.002
7| —

TMIEE. [ew el neg.
mise. level pos

5.6: BRI U AR RO FE RS RS

NFEUH RS BAR RIBICHE DN, AIRY A2 AR PR AR B N S Y E R w2 DU E 2 R
— A RO NPT LU I S YA R R 47 IS R OB T 1L S R R —
ANERR W7 DR B 5 BB BT B e B B A B 5.7

73 DA LR D R R T 52 AR T () R o [RIERE ZERR A RO B — T PRI 1) e B A
SR, DA AR BRI AR ORI SR B R AR R ) S

o (ERCRLAE T HIIESE B R A R

— BUHAEEE
o T A T N AR B B O T S T I BT R, BRI E
¥} (credit.test) i Tbs () ER#L, EATsplinefIBLE TS LR . B#%, e
() S JEE SR Y Bl spline 8 1% (¥ 45 SRAEAT A 0, 2 H 25w test.
B2 25 T A 2 00 3 82 43 BT BT 43 2 i Loadings 3 5 B2 Rk A4 4 18 53 350t
TR RS, DUB SRR B R PAY _AMT1TRIPAY _AMT2H) % VU {8 32 A%
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SRR (AR
PAY 0
PAY 2
PAY_3
PAY 4
PAY 5
PAY 6

LIMIT_BAL
AGE

R 5.7 BB SE B X R PR AR R 2

— N~ = = NN N

A, WK IE B8 A IR w . test N J 46 FIPAY _AMT1AIPAY _AMT27% & &}

fEw.test.pcas

(VRIS 2 1

k

A S AT B IR (o Fa PR, ERIRA SR EIEATEE, HaaSuh.

df .with.binned.vars.added <- woe.binning.deploy(credit_discrete,binning,

add.woe.or.dum.var = ’woe’,min.iv.total = 0.00001)

3 HE I8 A AR (0 A R A B, 30 A OO AR H R Al il B S 3

Aypara_sim.

F 5K BT KR B 1 S ORI dummy —cols () bR BOE AT TR AR pR B0ik, 30 AR B
TE RN SRR Py i WA Y BT A U e A2 IR — e F AR SR B AT . B S it
S 40K 1) SRR A I Y R, L ORI A A S B AR B R SR S A R

o JIT LAZEUKE SRR A o S50 R 0 155 A SR A R 5 s T T A MR S 4
M, A AT DAHEAT R TR TEI o

T S5 S 28 SR SR K ) 2 SR 1 i B 1 5 SR AT OF BT B 20y 2 A8 7 AN
RIFERII R TR AOA5 SR & R SRR B logit, 2R3 JL it Il o B S 5
(RME A LI AR T DLSCEREVE R bR, $RA R -
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BILL_AMT
PAY 0
AGE
PAY_AMT1
PAY_AMT2
PAY_AMT3
LIMIT_BAL
PAY_AMT5
PAY_AMT6
PAY_AMT4
PAY 2
EDUCATION
PAY_3
PAY 4
MARRIAGE
PAY 5
PAY 6
SEX

para_sim_xi <- dummy_cols(data.frame(para_sim),remove_selected_columns = TRUE)

m1

1 1 1 1
400 600

MeanDecreaseGini

[l 5.7: FEMEARATE h &% A

para_test_box_select = para_sim_xil[,c(2,3,6,7,10,11,15,18,22,25,26,35)]

colnames (para_test_box_select) = train_boxname_select

test_model_data = cbind(w2.test,para_test_box_selectl)
exp_logit = exp(predict(model_ok,test_model_data))

test_predict_prob = exp_logit/(l+exp_logit)

<FEHEARM L >

M3 A ek kL AGRIEER R, R PRI T BB AR AR B S mh B St R 7
FARBMME, BRI

— JeIb S BN AR AR B RHE AT randomforest B [ R RS, FLBIAYRE Zyml .

— R B m1, R HvarlmpPlot()#i £2 #5 Y vF % 5 % 21 [)Mean Decrease

Giniff, Tl&E5.72 % B8 Mean Decrease GinifEfE/ 7 (H K ZE /)
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Variable

Mean Decrease Gini

SEX

PAY 6
PAY_5
MARRIAGE
PAY 4
PAY 3
EDUCATION
PAY 2
PAY_AMT4
PAY_AMT6
PAY_AMTS5
LIMIT_BAL
PAY_AMT3
PAY_AMT2
PAY_AMT1
AGE

PAY 0
BILL_AMT

99.46373
106.51656
117.62635
119.60806
151.67893
185.82216
192.45269
308.81025
481.78566
485.27533
493.01597
505.05320
512.41122
535.40571
554.62582
575.81270
715.95375
749.84988

2 3% 25 {kMean Decrease GinifH H /s &2 K 17 HEFF

BBICH: /] LR 5%, R &5 2145.8:

2% 5.8: MeanDecreaseGiniZe

LIt 2 42 B R LE

— HE P R R AR E B (A ETD), MR B LE S
) 2 SR TRCLE i A B R R (cred it train ) ML R A AT BOMC e A T, EIEL 3%

B R BR B R T DU i A 4T L. 41R5.9:

— A, BB AT I R A A IBIC, TR FBIC L B T AT F
S2 W) I B 2 A5 Flikelihood o 22 Btk Hhiget Tree() bR 8, S50t A5 Y o
A BCA s AR A flikelihood A& PR BUm 1 PR ) 5 P B SR JE AT DAR 1A
Fe: HHBy=14, BEERITRy=10088K; 7 HBy=0%, RIBCHERIH
Py=0f182% . AT LLERAE — B 4 4 405 R R B N 1R 175 Do L A 22 80051
RISEGEUE AN, B ERS B A i/ hBIC. #RU1K5.10:

FE BIR BR A2/ RSFUN B SR, R S 2 R N IBICAH, R H B R AR

FIBERE AR A,

PABE TGRSR 2R
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Variable [A=]

SEX 2
PAY_6 11
PAY 5 10
MARRIAGE 4
PAY 4 9
PAY_3 8
EDUCATION 3
PAY 2 7
LIMIT_BAL 1
AGE 5
PAY_0 6

R 5.9 BUNABBOH EATHOR

SRR R (R BIC
0 34827.49
1 34396.10
2 33596.35
3 34915.59
4 34103.04
5 34448.47
6
7
8
9
1
1

34678.42
34506.61
34194.54
34265.98
0 o0
1 00

% 5.10: FER| T B ERE R [ 8 EBIC
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Tt B A o BEGEAR I
RERCIES HAE R TR A FLE &IV AR A
(recall) | BFHIZ DIGYERRAS I L] | AL TR A B2 3 hn 2
HATES FT A TR 2 5 A R A TR A B M AR A R

(precision) | 2% ¥ IEH 5 PEERAS I EE 5] HE AR F

R 511 B ERANA A

FENEES HERE R F1-score
0.3421567 | 0.6844618 | 0.4562419

R 5.12: GBS R E < =R

o AT fif F FO IR £ R R SR

FHEFEMRARARAR Y, (8 R UK IRAAE B k) o 0 R S RSk £ B kL RS R T2/ (128
i 21 58 B A] R A predict () pR ST

o BIFRAEE RHECTE AR I L B

A LSS TR E 30 2 ARDEIRS SR ERIDCH L R 1-scorefiiy 4 fii 45 R o6 72 1
. HIREEZ A % (Recall) MEMER (Precision) FISHAIF I, M EEE )&

FNE5.11:

BT B ISR B RE, A & S 7 1 Z model ok i it 88  (fitted. value)/F 2 i 1%
4] B 57 € %% 90 (defanlt. payment.next.month) 2150 # 0. 75 J LL0.51E 2 37 B 42
#e, ZE: Ermodel ok (1L i AE A A0.5 ) A R 8 TR EriE £ (I A B=1);
HErmodel ok 1) it 38 B A~ K 720.505 RS0 % 7 H ks & 3& 49 (S I 5% #=0).
5. 12808 FH 77 75 - THAB AR

MAEREREARMIE T, B ARG AT BERE AR MR A 468 SR A B AN ], e
& Ulset.seed (100) [l g BLEL, LIS —HMAE R 5. 13 %40 H FEBE AR AR 1) %10
TR (T 20 11 T A 2 Y VR 9 )
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H e W R F1-score
0.9648514 | 0.9982043 | 0.9812445

R 5.13: GIBEIRBEREARMIERCE < =38R

YENEE HERE F1l-score
0.3507647 | 0.6516957 | 0.4560616

R 5.14: PSR SO RN 2 =515

SRR BB PRI IR 0 L
[FIAR LA ] . YERfEAR K B 1-Scoreff Ayl & BHAR S BB TR BE /T .

M FH i SC A IR 75 I TR PR £ 6 e logit T =X, 75 R TR L (1 R 5 18 i Ao
M, HAH0SER T, DA SOBSEE A 1 BE 720 - B TR AR
RTF0.585 ) 2 {1 ) b & & A9 (SOMERAE=1); & TR B8 = (B AN K720, 50

B0 0 25 T I R & A9 (SRBESEB=0) . 3%5. 147 8 A Bt ) s J7 A TR 5 TR R
1

T 1) FH BE M AR PR Bl TR & L, Sl B B M TR S JE A B 2 LRTO [ B 3R 25 25
Z/b, WEk5.15:

) FH OB 2 AR 25 P M S SR B 2 ey, T 5 FI LA R R IO A, ol

test 1D 0 1
1 0.476 | 0.524
3 0.746 | 0.254
5 0.792 | 0.208
14 0.558 | 0.442
16 0.530 | 0.470
20 0.526 | 0.474
25 0.788 | 0.212

# 5.15: FEREARMIE THIIIE 45 1
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YEIEIES HERE R F1-score
0.3621115 | 0.6594789 | 0.4675159

R 5.16: JIREIRBEBEARMIE THR 2 =587

AISEE R A1 BB AR PIOII SR, 5UA S BRI 440,

516 A4 FH e 7 i VRN 0 25 SH S AR

AILLE S BEMSR AR TR AL AR L R F 1-scoredi sy A R SC J772:, R TE IR 42
[RITERIES, Fl-scoreAli AT i 2 o 18 7T AE st N A P BERE AR L O )l ke
BB AT BEAT BRI XKD

BRUEZ Ak, FTRE A D 2 Ok I 0 s A A ST AT AE AR ARE A SR} o B A P
PIBER M RR 2247 2Z LU R . Pt LCE TR I, T RERR DCTVA & (B BEHEAR AR
T, BAE T EOH E SO EUR 1 B0, BEFR AR 1K) 2R B LAY 22 B 1 72 Al
Jiike

T AHE A BERE AR MRVE B S SO VA R A3 — P28 splinelic 18 1% 45 e 73 #6312
Tt AR TR PG R Y, OB R SOTA R BUE R AT RN, S I RERR AR RIS
FEBCIB SRR AR AL, SRR AR AN AT 22 5%

o NI T M)
— BRI KB RBIF L-score g B,  FI5 &S S SMOTEIS AR B # /2 R Ak )
Tia, BHE R BB P ATH BB (A94:1) (8 4T A C T8
— ]EIE AT G (Cross-validation ) 4 vy i i 7 TEIRIHEREFE

— CER AR AT USRS I SCRI $ H PR 5 925 M P 7 28 30 25 A6 P A 1 Ao 8 e P S B
SR IRG IRORE, AT — E NS RO A AL
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1.Knot selection

knot_selection <- function(j,new_demol){
new_demol <- new_demol[order (new_demol1$PAY_AMT1),]
tmp <- diff (range(new_demol$PAY_AMT1))
new_demol$PAY_AMT1 <- (new_demol$PAY_AMT1-min(new_demol$PAY_AMT1))/tmp
PAY_AMT1.uni <- unique(new_demol$PAY_AMT1)
table_PAYAMT1 = NULL
for (i in 1:length(PAY_AMT1.uni)) {
condl_pos <- PAY_AMT1.uni[i]< new_demol$PAY_AMT1
cond2_pos <- new_demol$PAY_AMT1 < (PAY_AMT1.uni[i]+0.57j)
pos = which(condl_pos & cond2_pos)
x.pos = new_demol[pos,]
condl_neg <- (PAY_AMT1.uni[i]-0.57j) < new_demol$PAY_AMT1
cond2_neg <- new_demol$PAY_AMT1<PAY_AMT1.uni[i]
neg = which(condl_neg & cond2_neg)
x.neg = new_demol[neg,]
if (length(pos)<20|length(neg)<20){
next
}
else{
if (all(x.neg$y==0) |all(x.neg$y==1) |all (x.pos$y==0) |all (x.pos$y==1)){next}

module_neg <- 1m(y~ PAY_AMT1,data = x.neg)

module_pos <- lm(y~ PAY_AMT1,data = x.pos)

ensure_na_neg <- any(is.na(module_neg$coefficients))

ensure_na_pos <- any(is.na(module_pos$coefficients))

if (ensure_na_neg|ensure_na_pos){next}

B_var.neg <- summary(module_neg)$cov.unscaled* (summary (module_neg)$sigma) "2
B_var.pos <- summary(module_pos)$cov.unscaled* (summary(module_pos)$sigma) "2

BV <- B_var.neg+B_var.pos
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a = module_neg$coefficients-module_pos$coefficients
test_stat <- (t(a)%x¥%solve(BV)%x%a) [1,1]
column_PAYAMT1 <- c(test_stat,PAY_AMT1.unili])
table_PAYAMT1 <- rbind(table_PAYAMT1,column_PAYAMT1)

}
return(table_PAYAMT1)

2.Choose knot

choose_knot <- function(data_frame,k){
s_pos <- data_frame[1,2]+(0.5)"k ;s_neg <- data_frame[1,2]-(0.5)"k
knot_want <- data_frame[1,2]
repeat{
cond = which(data_frame[,2]<s_neg|data_framel[,2]>s_pos)
data_frame = data_frame[cond,]
if (is.null(dim(data_frame))){
data_frame = matrix(data_frame,ncol = 2)
}
if (length(data_frame[,1])==0){break}else{
next_knot = data_framel[1,]
s_pos <- next_knot[2]+(0.5) k;s_neg <-next_knot[2]-(0.5)"k

knot_want <- c(knot_want,next_knot[2])

}

return(unique (knot_want))
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3.BIC

BIC <- function(model,n){

k = length(model$coefficients)
t = logLik(model)*(-2)+(log(n)*k)
return(t)

4 MR PEBICIE H i fHiscale

for (i in 3:8) {

if (is.null(one.button_select(varil,i))){
knot_points.varl <- NULL

Yelse{
dif <- diff(range(var1$PAY_AMT1))
knot_points.varl <- one.button_select(varl,i)*dif + min(vari$PAY_AMT1)}
PAY_AMT1.bs <- bs(data.train$xl, degree = 3,knots = knot_points.vari,
Boundary.knots = c(min(varl1$PAY_AMT1) ,max(var1$PAY_AMT1)),intercept = TRUE)
m.bsp.P1_3<- glm(data.train$y ~ PAY_AMT1.bs-1,family = "binomial")
Indicator <- BIC(m.bsp.P1_3,10000) [1]
Op <- cbind(i,Indicator)

X_1 <- rbind(X_1,0p)

5.Backward selection

w2 <- data.frame(cbind(data.train$y,x1.bs,x2.bs))

xspline_con2 <- glm(V1l ~ .-1,family = "binomial",data = w2)
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back_result2 <- stats::step(xspline_con2,
scope = list(upper=xspline_con2),
direction="backward")

base_bic = BIC(back_result2,10000)

6. ) 2 5 Y i R A

variable_order = c(19:24,26) #3#H{T B &
for (i in 1:7) {
AMT_1 = NULL
for (j in 3:8) {
diff_range = diff (range(conAMT_list[[i]]1$PAY_AMT1))
mini = min(conAMT_list[[i]]$PAY_AMT1)
knot_points.Al <- (one.button_select(conAMT_list[[i]],j)*diff_range)+ mini
PAY_AMT1.bs <- bs(credit.train[,variable_order[i]], degree = 3,knots = knot_points.Al,
Boundary.knots = c(min(conAMT_list[[i]]$PAY_AMT1) ,max (conAMT_list[[i]]$PAY_AMT1)),
intercept = TRUE)
m.bsp.P1_3<- glm(credit.train$default.payment.next.month ~ PAY_AMT1.bs-1,family = "binomial")
Indicator <- BIC(m.bsp.P1_3,21000) [1]
Op <- cbind(j,Indicator)
AMT_1 <- rbind(AMT_1,0p)
print(c(i,j))
}
spline_list [[i]]=AMT_1
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