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F, {ERIX 5y BEFE bR KS EIFATIEAL . 455 R, FF RORBESE Y Batch-US-88 AL RE LIS TR 45 21,
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Personal Credit Default Measurement Research Based on the Imbalanced Data

GUO Chang
(School of Economics, Anhui University, Hefei 230601, China)

Abstract: Aiming at the problem of category imbalance in personal credit risk assessment, in order to im-
prove the identification ability of credit default customers, an improved integration model based on under sam-
pling is proposed. The model is based on under sampling processing from the data level and reintegrating the
existing integration model from the algorithm level, and studies the improvement effect of this model. On the
UCI Taiwan credit card credit data set, it evaluates the AUC value of the overall effect of the model, the F, val-
ue of the accuracy and the KS value of the differentiation index . The results show that the Batch-US-Ensemble
models based on the under sampling process can always achieve better results, and the Batch-US-Xgboost mod-
el is the best among all ensemble models. Then, the number of sub models and the validity of Batch-US-ensem-
ble models are explored, which proves that the number of sub models is not the more the better. The improved
Batch-US-Ensemble model can effectively improve the effect of credit risk default prediction.

Keywords: credit risk; default prediction; class imbalance; ensemble model; the number of sub models
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TR BEAREDARTT IS Z % AR B , 22 YA S mEH R R B E R X, s
LY Y H bR R PR U R R ] Tk 2y . SRR AR AR R AR, R BT DR A
AR I IE A REA A AT 1 54 . 5 PRI 2% ) S A A ST AR DI SRR A5 AN B E 43 A L
BIRBE R B 2 e P s rh i B — e 22 . DRI, n ol A RO S 1) 1 DA Hie
GEXT RIS ARG B A AR U B2

BEE N TR RS =Rk 28, DI g | SRR ) s AR BT V5 AL a2 ) B
oKk 22 b R AR U PR 40088, ok T S g 25 B N TR B SRR iR, T2 A B s ) B A AR
PEUT HE AL AT A S A RHSBoost, K “HGHE” R <SR BN 5 TS A R XHRAT AR T PE
NIRBHE R BT 2RI R TR, R ED S S U M <Rk R kR
i AdaBoost-SVM-MSA 4k, %M — & MUK SVM 205 O REAR R 7 IR AE A | fERGREA | 4
FEAR =AY, SR HIEMBRMR A REA ) B 2 AEABEAT SMOTE i SRAE, W48 1 R AL 3 2
WR, BEHLE OISR [S5] MR L, B LR JHBREES T, K Weight-SMOTE
05 1 FH T e SRR rh SR TR T DGR B B mT g e, (B IE SRR A B AT DR BN L
(1) SMOTE HHFEH Z W T {5 FHPF Al B8 00 A Vi 4 40 . 2R 80550 3 BR B SR e | RORFED
SMOTE A T4 W™ B = Fh 7 ik 45 8] =N Ba g, Wb BES A9 = 4B 45 20 i B 57 = S HL a2 2 B
B JF 5 AR A BRI () — PRI 28 SR AT X LB, A5 SR G B B ATL AR PR BT A 9 5 2R
FIHABRL BRIE AR ORI IR AT, I BCEEAR AR b iS4l BORIN > B R AR 12 2
RHWENTFHARE, X208 BRI R F ] FF 14 48 iliAs BB i S0 PERE . SR,
SCHR [7 -9] RUHEIA KHFE Tk ERYSGHBOR, SCER [10] R A F A FORTEE B IEAN 20UR
5 AT

456 FIRSCHERAAN I, ASCEBTIN “HdiE” MBIER <5k RS T, 8 ucl E5k 5
i) 30 000 4510 5% 23 MER B E PEHREEEEE, & “BdE” R s WA R mSeEr
Batch-US-RF £ Bi% A | Batch-US-Xgboost AR 7 5 Batch-US Ab B )5 A BT | K2 Batch-US AbFH
AR AR, 5 PRI AT b, ISR AT E AN P 5 T R AR PRS0 i 2 B RCR

1 FE5ER
1.1 Batch-US-EE R #EH

HEEKCRHFE (Batch-US) JEFETHEHLACKRAE (random under sample) 551 i) 2B AR(E B
B EE , X ZECRHEARRIMEZ IR RCREE, TR DECREEARA A I — RIVIREAS, REbRH 15
BB AT R 3 KA ERORARE W BIG . B, IR 2R S h 240y, Horp
BERR 5/ BOREARBHI ;. 3635, WX Se B R A DB REAR L BT T4 R0, YRR
Grr Ay 22 AR AR . R, KRR B LIS IR B T A T LA AT 1A T R B ARCT Y JE
WE ., FHEMBEARZEILE 1 R, Hrh A SNy 5880 5 5 BERE LR MORT Xgboost, 1 B +
BAY By RS - A o A R i

A BIEED = {(x,y,),i = 1,2, Ny, € {011} . 02K (ZH) HABICAN, , 1K
(FRAZ) BARBECH N, , AN, +N, = N,

it HOx) = (1/6) 3 b (e, JP b SR PRORMIAEE, b, (o) sl -5 460,

BAIR.

1) KBRS D A 0 8BEARRN | BB E R S, NS, , k=ceil (S,/S.) #F—BUE;
2) forj=1,2, -+, k, do;

3) M1~ (N, =i+ 1) PREYLEE, BUBXTRF S BREA o
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4)  TEEOMEARHHULTEREA S, = S, - &'

5)  BEMUCREEEEIRE (D = (x,y),i = 1,2, ,N =S, - R/(Ry +1),j = 1,2, k,
y, € 10,11}, Ry FRREEILR;

6) XA D WHE—AFEA, L h(x) ;

7) end for;

8)Nﬁﬁﬁ%%%ﬁ%ﬁ%%%ﬁﬁ%&%ﬂ%%%%Jﬂm=(Umzhﬂwg

BT
Parameter adjustment,
ETET SIFEERIBE B=
Submodel 5-fold cross validation prob
® s . .
A < : :
s\ . B2EY g
r T > &
S . ' Parameter adjustment, =S
F 3 ' = « “ o
-~ 2 \ . FHERR SHT3ERIEE 3 - El
& 2 ' ! Submodel 2 | s-fold cross validation|proy| | T
B & s A R B
Iy o o ! . <
A ' ' E 3
e S Xiia‘ﬂ'. BEED 53
¥ T \ | Parameter adjustment
5 . . J
Q@ \ ' S RISE ﬁ'
' b FERN
m—r: Submodel 1 5-fold cross validation|Prob

Bl 1 Batch-US-%E & B Bk &5 44 &
Fig.1 Overall structure of Batch—-US—Ensemble model

1.2 FHEEEE
1.2.1  BEHLARAAG Y

£ N2 SRR AN T B T ——3& T Bagging F 42 AR A A1 JE T Boosting AYEE BT JET
Bagging AR MUY JERE 2 25 R 0 2R AR BOCF X, REAE AR Dk — 8 P2 L AR R FR U (W), B HIL
AR (random forest, RF) VEN LA Bagging JERERY | AT HIRAERALE G Y] T MRS F- A o) L
ARSI PR A SRAE B A 1 P ERLARAR Y, X BEAL AR AR B 25 SR PR AL 45 o

RHLARARSE L T Bagging BB RLA: > ik, B RH bootstrap H BIfiiAE B 4E hdh IR Z A 71+
A, XHMEES I FREAR > e S BT 22 5P CART DRIERHSERY (BRI BENLIE B m NERAE, A
SCHEFERIIR Z /N m) , e W R TN G R AT S, AE TNk R 28R (%
SR, BRI IE 2 FR

— SRR
Dn Treen Classification results,,|

S

g Y
¢ /g =2

% 2 8 . 5 HHER2 Bel o
5 @ 5 2 Tree 2 d>C|assiﬁcation results, =g 5 g
D o ° - 5
o )

g

=]

- W pEERT
L = Tree 1 Classification results,[—

2 HMNHMREZREER
Fig.2 Flow chart of random forest algorithm
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1.2.2 AR PRSI TR

T Boosting FY4E AR 7 ngoost[m@#Fﬁﬁ‘b%?ﬁ*ﬂﬁﬂ?ﬁ*ﬁﬂ , BRI YT LA
K P AT AR 10 B 4 5 SR SR A S B A g TN 45 2R . O s 7E T GBDT Bk SRR 1 I Bh E
FEMAT IENART, o T RASRI A Sy i $UUR DRI 38 2ok ] g 42 A 2R 40 2K pi SO RIASE 78 52 e P A5 B B A
SR, BRI SO [10], Y AEATRY R AL SE PR RE RN SR B IR AR AN K] 3 PR

TEMH{ Kk
Reg Tree, y
o
' w 2
[~
g .
& 2 TERLRT2 g
Q@ > PR =
E 8 Reg Tree, . @
D o

TEMHEAR 1
Reg Tree,

B 3 Xgboost & ikifiiE &
Fig.3 Xgboost algorithm flow chart

2 WAt
2.1 $E4REE

ARSCEHEIRT UCH HL#S2% 2] W3k (http : //archive. ics. uci. edu/) 2370 B 515 % P 5 R A5 S 8cE
B, 3T RMEAREE AR B =A PR 23 MR AR, Hob EEE S SRR
77.88% , B 22.12% 3 NG AEER ] A B R B AR AR 4G M . AR IE . BE
FE ISR A 4 A8 A RURFAE A4 DR AR OCAR B AR 45 H B 3 o . H KRS . H S &84
19 B B TEIRAFERT IR A B R . B AT R R S, BRI R WK 1,

1 TERAR
Tab.1 Variable description

L AE it AR A R AR i TG AR
Index type Variable name Variable explanation Value range Variable type
B4 5®H 0 - IE% 1 - k2 GrRA
SE aris = = ’ = 7~
P24k Dependent variable target Breach of contract or not 0 - good, 1 - bad Categorical
1- 2 - -
sex 5 Gender 5, % 4325 H Categorical
1 — male,2 - female
age SRS Age [21,79] BUE A Numerical
H‘h"E— l_ﬂﬁrﬁzvz_éﬁ7
S M 3-=,4 - HAl .
Inde- H—JF%*E lﬁ{n‘““ education ﬁﬁ%ﬁﬁ Education 1 - graduate, %?@ﬂ Categorical
dent User basic attribute 2 — undergraduate,,
P en' e information 3 - high school ,4 — others
variable
1 -2 ;é:— L,
marriage UEGRIRL Marital status 3 - HAth . il Categorical
1 — married ;2 - single;
3 — others
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S S
fEPRRAY B4 R e iR A B3 eS|
Index type Variable name Variable explanation Value range Variable type
limit_bal fE B Credit line [10000,1 000 000]  HUfEH%Y Numerical
5% 6 HE NN P
pay_0 Repayment in the sixth month -2-8 e Categorical
o e ek
%S5 H EE S ) .
pay_2 Repayment in the fifth month 2-8 RESS Categorical
5 4 Hib skl il R ,
pay_3 Repayment in the fourth month -2-8 e Categorical
o g ek
%3 H FE S 1) .
pay_4 Repayment in the third month 2-8 RESS Categorical
55 2 JIaRIE L A3 i
pay_3 Repayment in the second month -2-8 ZES Categorical
P e ek
1 H EE S 1) .
pay_6 Repayment in the first month 2-8 RESS Categorical
bill_amt] %5 6 HIKH 6th month bill [ —165 580,964 511]  AU{EH Numerical
r:i%ﬁﬁ FEASFR LA bill_amt2 25 5 HKEL Sth month bill [ -69 777,983 931 | BE A Numerical
o Credit related bill_amt3 55 4 JIWREAL 4th month bill [ - 157 264,1 664 089 AU{E Y Numerical
penden S - "
variable variables bill_am4 %53 HIKH 3rd month bill [ =170 000,891 586]  %{{H7! Numerical
bill_amt5 %5 2 H KA 2nd month bill [ -81 334,927 171] BUHE B Numerical
bill_amt6 551 AMKER 1ot month bill [ -339 603,961 664]  A({EHA! Numerical
%6 A L4 I
pay_amtl Payment amount in the 6th month (0,873 552] BUAEA Numerical
555 A Ak I
> bix} -
pay_ath Payment amount in the 5th month [0 1684 259] @Z{Ej: Numerical
55 4 H 3Rt "
3 pill .
pay_ami3 Payment amount in the 4th month (0,896 040] BUAEAL Numerical
553 A Shh I
3 il fes
pay_amt4 Payment amount in the 3rd month (0,621 000] BAH A Numerical
i T4 "
pay_amt5 2 S [0,426 529 B Numerical
Payment amount in the 2nd month
A /\"“'ﬁ 2 .
pay_amt6 o1 A A (0,528 666] BB Numerical

Payment amount in the 1st month

TE: pay_0 ~pay_6 WUH Ny -2 FoRBA ST, WEN -1 RaRSEEAE, 55T 0 RaR% e ks, WX
F 0 RARFAAEARFRENHX . BT EEES 3 Mg, B Iiia it a3 ALk,

Notes: pay_ O ~pay_ 6, a value of —2 means no expenditure, a value of —1 means full repayment, equal to 0 means timely repayment by
installments, a value greater than 0 means there are different degrees of arrears. Due to the small number of customers overdue for more than 3

months, they are subsequently merged into overdue for more than 3 months.

2.2 EEgI5FH
2.2.1 MRS

X FASCEAREA LL124 3. 5: 1 RSB RAR AR, AR5 THER R IBR PP 8 bR C 22 AN
WA R T, AR SOk BUF, F8 AR FTROC B £ T 1 L AUC S T # A5 780 (4% 151 0 A% B, FH KS A
(kolmogorov smirnov) ' KIS b KA AR Y 3R
KS BT 1 MREHY X 4 i sy, FU0 B )
SR, BIRIPTEAN R AR 2R 2 TRV BRI SEAS , 18
*’iﬂ»%://—\\itj‘j ﬁ{ﬁfﬁ p = NTP/< WTP + NFP) 5 i FLSZFEM Actual TEE R Predict

K2 ZHRERBREERE
Tab.2 Confusion matrix of classification results

.. 0 3@ Class 0 1 3@ Class 1

R R = Np/(Npyp + Npy) 3 F, =2
K 7.P ( TP FN ) 1 X precision X 0% Clae 0 ™ ﬂfﬁﬁm) — %HE%)
recall/ (precison + recall) , 13K Class 1 FNC I ) TP( I
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2.2.2  FERUE ST FPEAE
MR 1 AR UL ] L RSG5 R M5 SR sa i i M 22 A K, TR B A T hn Ak
AEHR R SCOR T T G b R AT AR TR, | g AR R B e X N AR R 0 1 R AT S A A8 LB IE (AR AL AN

K3 PIR) o M TASCRF-H R E R A5 PR ®3 BEEIR LR

SEIRIL, XoF A 2 A A B ) s 1 A 1 Tab.3 Model type and name

0.45, AbFEE HRHR B2 8 0. 55, PRI Model type BRI A4 FR Model name
PRI} R, A SCRE R 750 S o

FPBORE 132 HORE (W% 4), JF7E Baich-US S KNN

PERYAE BT FE Y Rstudio HHASHE ovun. sample FEAL A A RF

IRRAE PREL, 3 B E seed BEHLFR T AN, Single ensemble model Xgboost

Xof B — 47 28 SIS UE B A4 i 2 A BEHL R A Batch-US-DT

1 1) e 8
K, GEEATETRA, FILSET, (i o e S Batch-US KN
» = ! J ’ = W, Single model Batch-US-Ensemble

B PRUMUES I, I ERE
e s Batch-US- atch-US-
ey o US g ik f A 8 4
/ﬂ: thj °c I:F‘ XT EatCh Us E&L#: B/J 1;% ﬁﬁjm% Ensemble model Batch-US-Ensemble Batch—US—ngOOSt
10 25 R 1R

R4 WEFRSHREE

Tab.4 Tuning parameters and scope of tree model

LY Model 28 Parameler CUREESTAN Symbolic representation BUE VL Value range
) i i RIRJE Max depth of tree max_depth 4-~5
Decision tree B AZ A2 Complexity of tree cp 0.1~0.3
e ) 4 A9 5L Number of tree ntree 360 ~ 380

HBLARH Random foret I RKFFAEEL Max feature number mtry 3~5
23 F Learning rate eta 0.03 ~0.05
it RIRJE Max depth of tree max_depth 3~5
Xghoost REAE RA Ijj ¥ Feature sampling ratio colsample_bytree 0.8~1
L1 IEM4EZ% L1 regularization parameter lambda 1~1.5
12 IEM4EZ%] 12 regularization parameter alpha 4.5~5
19_:"1%7&(%[ Iterations num_round 100 ~ 150

ARSCRESCHER [10] RPN FE bR ATl , T UER XA 5 s i B, e P (E AT
BAVKS R, HT AUC PRSIy, T KS (A A i A pO RS A e AN XA RE o ¥ 10 DMEEBL 2 T dfr
X GGUEF R TINAE b2, IR S,

x5 BREERILA
Tab.5 Summary of model results

FEHY Model F, i F| -measure AUC 1E AUC value KS & KS value
DT 0.4362 0. 6436 0.2873
KNN 0.4556 0.7243 0.3435
LR 0.4813 0.7670 0.4131
RF 0.5012 0.7667 0.4085
XGBoost 0.4747 0.7782 0.4288
Batch-US-DT 0.5097 0.7245 0.3903
Batch-US-KNN 0.4995 0.7443 0.3716
Batch-US-LR 0.5333 0.7679 0.4160
Batch-US-RF 0.5369 0.7796 0.4246
Batch-US-Xgboost 0.5458 0.7822 0.4354

IR 5 BERIGER AT , AVE R AR A S SR MUY, A i AN SCAY Bateh-US it JCRIEER MUR
1 F, B, AUC fEH KS {8 3 MM be LAEA LA ST, (A BB o g B i Y - S REE— 28
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PEFEEAIAY R LARE JJ . Batch-US-RF BRI F) {5, AUC {HF1 KS {8 53 1 bb el F HT 2 & 1 3.57% |
1.29% . 1.61% ; Batch-US-Xghoost 5 %1 ) F, {E. AUC fH F1 KS {870 9 e ek #E R4 & 7 7. 11% |
0.4% . 0.66% ., Batch-US-$ B 80 (R4 BE i ik 46 b F, {EF AUC {HERSZ 10 MR R iy, JF B
EHX PR KSHW AT 0. 4 HHEZ7E 10 BRI RRG =, DLIRIRI KPS e iy,

%5 VEMHEARGS TR AR BOR PP k= 10 AUZER . T E— P90 TR AR 2 75 X R
FE TS B, A SCHE A Batch-US-HE i RLE o 3% @ TS £ O 10,20, -+ ,110 B ARERITEM 2%
R Mgk, mE 4, B’S Fis,

& 4, 5 0%, Batch-US-Xgboost 7 i 44 i AL A i, L F, {E A1 AUC {EAE— TR i1
B ETHIERE, (FRMERRRENZ | X =AM in ol TR mia b AR A5 T =
R T R3S . Batch-US-RF A5 758 i B9 B AV i, L AUC {EAE —FF IR B AT — A L TR
JE, AHZBEE FERAURWIY 2 AUC [ T, H F) (E7ERT 60 MBI BAK G H AN ETH, HE
1E 60 TR EZE— e AR s AN TRE) . Bk, FREASE IRk L, WA
Batch-US-4E B AL 1 TR BB L AE 60 7247 RRISHUAS AUC F F, $8FR 1B AT R Ra 0 1 45

0.7840 0.5470
0.7835 0.5465
0.7830 0.5460
o —
= 0.7825 = 0.5455
0.7820 0.5450
0.7815 0.5445
0.7810 0.5440
10 20 30 40 50 60 70 80 90100120 10 20 30 40 50 60 70 80 90100110
TR A E Number of submodel/ ™ TR KL Number of submodel//f>
a) AUC B 1Y 722 Ak i £& b) Fy {92 fb il £
Change curve of AUC value Change curve of F; value

B 4 Batch-US-Xgboost B iE E 5 FIEB M ET U ZE S ML
Fig.4 Learning curve of Batch—-US-Xgboost model accuracy index changing with the number of submodels

0.7806 0.5380
0.7804 0.5375
0.7802 0.5370
% 0.7800 = 0.5365
< 0.7798
0.5360
0.7796
0.7794 0.5355
0.7792 0.5350
10 20 30 40 50 60 70 80 90100110 10 20 30 40 50 60 70 80 90100110
FAR TS EL Number of submodel/ 1~ F AR T A~ E0 Number of submodel/™
a) AUC fi Y22 kil 26 b) Fy {E 0928 Ak th £k
Change curve of AUC value Change curve of F; value

B 5 Batch-US-RF #EEEEMREFREHETHNES ML
Fig.5 Learning curve of Batch—-US—RF model accuracy index changing with the number of submodels

http : /xuebaobangong. jmu. edu. cn/zkb



- 96 - R (ARBIERD) 5526 4

3 45

AR UCT B F GRS 08dE, 20 SISt EA 7T Ay | 8 iU A Batch-US AbHE 5
R, RS LB, BT RCRRESGIHEY Batch-US-4E BURE B 1) AR 45 5 B A0 T4k 31 2 1T i B
LS . T R T T3 22— RGBSR R S it 2 EL R Y, XA 5 () A LR
KRB, ARICHAT Batch-US U HEE T THIRIFUN R, H Batch-US-4E AR 7 5 g 2 30
U2

ZARGIBRIN s 2w A E ROCR AR A BAE IE T BEAL R AR B, N <SR R AT
2RISR R ] BT B AR U N T 3 28 de et B SRS AT, S5 A BLRLE M R bR, IUET
Batch-US-RF Fll Batch-US-Xghoost BRI MAAURE BE | £55 2808 Iy THI i 2 DA S B IXUEES 580 R O T 4 L
AR ERILAE T, JLLL Batch-US-Xgboost #5874 250ME RS BE e i o AR S Ak 22 i) AS [R]85 7R KA
BREITEM S bR ST M2k, 1514518, X T Batch-US-4E A5 50 - 9 TR IR bR £ ki, AR50 1Y)
B T DAMR HE AR AR AT 2% P RIS [R] P8 A A 1 1) R A T e

[ &% Wk ]
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