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Credit assessment method based on majority weight minority
oversampling technique and random forest

TIAN Chen ", ZHOU Lijian
( Information Engineering College, Capiial Normal-Ungvérsity, Beying 100048, China)

Abstract: In order to solve the problem of unbalanced dafasetin credit assessment and the limited classification effect of
single classifier on unbalanced data, a Majority Weighted Minérity Oversampling TEchnique-Random Forest (MWMOTE-RF)
credit assessment method was proposed. Firstly, MWMOTE technology was applied to increase the samples of minority classes
in the preprocessing stage. Then, on the preptocessed balanced dataset, random forest algorithm, one of supervised machine
learning algorithms, was used to classify and predict the data. With Area Under the Carve ( AUC) used to evaluate the
performance of classifier, experiments were conducted on German credict card dataset from UCI database and a company’s car
default loan dataset. The results show that the AUC value of MWMOTE-RF method increases by 18% and 20% respectively
compared with random forest method and Naive Bayes method on the same data set. At the same time, random forest method
was combined with Synthetic Minority Over-sampling TEchnique ( SMOTE) and ADAptive SYNthetic over-sampling
(ADASYN), respectively, and the AUC value of MWMOTE-RF method increases by 1. 47% and 2. 34% respectively
compared with them. The results prove the effectiveness and the optimization of classifier performance of the proposed method.

Key words: umbalanced dataset; machine learning; Majority Weight Minority Oversampling TEchnique ( MWMOTE) ;

random forest; credit assessment

A1k, KRB BT B AR AR B i

kI

i

PEHEE BRI SR H#GE , BRI T LR o 45
FOMEARTE A £ B NBL 2 PR B i L TR AR R A
N — T E R R GRS R E U TR SR RAT I SCHR T B
i B GER S PR EL C 2 BE R S0 AL 3B A5 62 % -
B, BHIG, MRS R RS B LA AT SRR 15 XU A 7
B TR R 50l %5 A R ZEAR R R A AR
BT S AR R A E A BEN BRI

W5 B H9:2018-10-30; (& [E H A :2019-01-21 ; 5% F§ H#§:2019-01-23,

H“fﬁ?vﬁiﬁ,}iﬂﬁtﬂfﬂT VORI RBS TEAl 773k  GLit 0T ik i
FITH BB EMA TR e, ETHRIMFIE
T EAAFME MR EZE B 305, KRR YA ES R PR
A —Fh ST JARI , B Ll Wiginton %51 T 1980 4743
FREARBIE . ALERIETEHEZRRAR HEWN
SEPEE RS SRR BL B B R M EEHLARMOIT B0 Desai
%01 F 20 tH4E 90 4R PROKE 22 W 45 11 A 1 FXUBR: 43T , [F]
it ] Baesens 261046 S R [ B WL 07 w538 F 715 FE VR4 90880

ESmE : EFERPUR TR H (2017YFB1400803 ) 5 [H5¢ H AR 24 ¥ i H (31571563 ,61601310)

EEE N HE(1994—) B, bt A B A, TEOTR 50 SRz ;  AwE (1969—) 4,11

0BRSS AR LA S OB AL B BRI R S

TN, 8%, i, TR


http://www.joca.cn
http://www.joca.cn

1708 H AR A

#39%

Davis 5.1 & SRR FI7E T 5 FIVEA i, BRI S
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BB T R R B RORAE, B A O A
T, 0 A B B2 i R AR R (Synthetic Minority Over-
sampling TEchnique, SMOTE) 77 310 A i& b 45 & it R A%
( ADAptive SYNthetic over-sampling, ADASYN) ™ i
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Tab. 1 Random forest parameters
S HFX

n_estimators 55 2R B E RIS, BA R 10
bootstrap S5 B R, BRIAZ True

CART BRI} WA TN AR 4728 RF
X7 ¥ CART 4328 BRI R 28 R A gini, 5
— APPSR R B8 2T entropy, 1T
TRIGEEAT A AR Y 2 m 9 PR
RF Q)7 0 =8 18 W e RS, 7T

LA FAZ FhRRNKE , BRIAR “ None”

PEARBARIREL, BRIAK “ None”
I EYEELE 10 ~ 100

R PRI R R/ AR,
IR TRk EE R A

M R HEAL
BRI 745 e @t R ot T
TR, T LA L LA BRIA A None”
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max_features,

max_depth

min_samples_split
min_samples_leaf

max_leaf_nodes

min_impurity_split
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Ao WEBARTEIREA 5845 MER, B MHEAHF 19
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F1,4648 MEHEFEAF 1197 MERZRH . %R 4:1
MY LR, AR SCRE R 793 A5 F 9 P, 207 M5 22 1
£ 3651000 N PRI A R SE B i F R . RFE
BAWHEARREHBEASFIEMNR 2 FR. BEGHAFEES
1000 MR, F—IHAR 7 A ELEREE 13 R AR
B RAREREEA P AT X 2, B, 700 AME B IR
A Bt E N B E2E,300 ME HZ B A SR N D4k, 2
— M AEPERR S, EEEARRE R ENE 3 BT
No
R2 REFAWRBIESFE

Tab. 2 Features of car default loan dataset

FHIEAFR i FHLA R i
application_id Al purch_price All
account_number A2 msrp Al2
bankruptey_ind A3 down_pyt Al3
tot_derog A4 loan_term Al4
tot_tr AS loan_amt AlS
age_oldest_tr A6 ltv Alé
tot_open_tr A7 tot_income Al7
tot_rev_tr A8 veh_mileage Al8
tot_rev_debt A9 fico_score Al9
rev_util Al0 bad_ind A20

®3 RBEERFRRERE

Tab. 3 Features of German credit card dataset

FHILA PR s MR s
status Al residence All
duration A2 property Al12
history A3 age Al3
purpose A4 plans Al4
amount A5 housing AlS
bonds A6 existing Al6
employment A7 job Al17
installmentrate A8 provide Al18
personal A9 telephone Al9
guarantors A10 foreignworker A20

7 30K 20 1 50 TR AL TR A RRAE BE 5, TH BR R AR DG I IT
RIRFE, R4 LB A WEEFAEENSE S, RER
{ status, amount, duration, age, purpose, history, employment,
bonds , property , installmentrate } 4 N B J5 B 4RIE £, DA X B4R
15 A 2N B RN E A ZRaT I 9 E
2.2 MBI

2 T AF 45 1F i1 28 ( Receiver Operating Characteristic
Curve, ROC) 14 AN PEEAREE 7 K8 TP AR HE,
HAREE RPN, N A TR A AUC( Area Under
Curve) [EAE G PERERE AR HE, AUC fH#E SCh ROC £
RIER W T oK/, CRR[22 ] 45 TR T -
S —n, (n.—-1)72

n,n_

4 =

(12)

KA n, M n_ RIS G EARFAELGS, =
Y o FoREE i N EGIHEREFRPT S . BB 2EE
PRSI ER T Gains Lift ,AUC {H \ROC fii £k FIERI 3, A
FH B HERR IR ITAL , AUC (EAF v P 68 BE BAn v A U 5 4
FAERE™ 1) TS PR B AT I ST 52 ) RRE MR 5 A
MZEALTITREE 53) 328 T 28 B b U o R SRR 5 4) Bk 4
T i AR R R BT
3 SERMmERLMN

NT BRI E R, AR SCR S IR BEPL S Bk
FTHAIL , K IR AR B SRR 23 A ISR R AR 4R , FEEAT 100 3K

KRB, FIRR S EOL WK 4 Pin SRR XSHE S
B

=4 BEREYNS
Tab. 4 Division of datasets
HA DR VIGEEAS WAEEAS KH SERRE
1000 700 300 7:3 50
1000 800 200 8:2 50
x5 KBSH
Tab. 5 Experimental parameters
2 H || &% #H ZH ik
n_¢shimators 50 ky 5 C,(th) 5
Wax_features 5 k, 3 C 2

e SERBARR 43 B AR AR A R AR 6 At L
FTHMIRE., AR HnEERFHREENER ERET
MWMOTE J7 4" 3t 200 N6 BUBTREA  7E3E 5 FH R
B AGTEEIRSE MR 3 MWMOTE J7 53 78 300 4~
DRERE BB A LR B B 9 B W, R BT R A
BiRE , HEUEN i AR R BURE —# . P ERIESE
FINGHEEIFRZ 5 MWMOTE-RF, 72 JF i 4t 48 Bl 45
B P FENLARPRAE BURR O RF, A3 DL - BUFR g NB,

MRS, Ay Bl ad SMOTE ¥, B3 M &% 4 it R
¥ 73l Borderline-SMOTE. J7 35 %t 32 3 BB #E AT AL B, 46 &%
B 7= A BV e A B ZRBEYLAR MR RY , X i A ) R Y
4y BI#R 2 % SMOTE-RF .ADA-RF F1 BSMOTE-RF,

B 1A ) 48 = A5 800 20 43 Lt B F 1) MWMOTE-RF
KR RF HLEUF NB AU ROC 43T L. B2 AARRE
T A PEREARE R 43 LU T B MWMOTE-RF BB RF A5 54 A
NB #E#If ROC {283t Lk,

B 1~2 B RREEN S T RN P E—REY
ROC Hi X o H FHEMR A XU P-4l 7 R RN RA &
AFT KB JT L) AUC B REM EF R B A EEA,
S 6 AN TR R, S4B E MR BAE £ X 4
L BIAT: 36T, AT EE FAEUESE T W AUC {H, MWMOTE-RF
HEHIR 0.9403, [k RF AR T 18.04% , [t NB fH AR5
T 20.82% , Lk SMOTE-RF &R AUC {5 & T1.47% , t
ADA-RF #2718 AUC {AIRE T 2.34% ; TEIR B A sk B i
£ T AUC {i, MWMOTE-RF #£% % 0. 9357, bt RF AR
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BT 17.7% , b NB BEEIR & T 20.45% , H. SMOTE-RF %
% T 0.76% , [k BSMOTE-RF BEHEE T 0.81% , EHEE
TR FABARR A B AR IRBARI 7 L 8 20 2 (4, AT
LMRA 241 th MWMOTE-RF SR T RF FE50H0 NB #5241
243 MWMOTE SOARKM T M B 438 N T 2> B A 1 5
B, AT A AN R PR L 7E S S I R R P S e >
T YA RRE, 115 TR AP RO S ERTA,
ASCHE g MWMOTE-RF 2RI E A F AT LT A5 B3 24 R 3L
AT % P P SRR 2

1.0
0.81
o6 !
5 .
Ho0.49 i
0.2] | ~RF
; -+ NB
0.0 i -~ MWMOTE-RF
00 02 04 06 08 1.0
AR
(a) BRI H A T3
1.0 p

-+ NB
—- MWMOTE-RF
0.0 02 04 0.6 0.8 1.0
B
(b) BB 53 A48 2
1 AR EE SRR 5 T 8 ER ROC fHERNT

Fig. 1

0.0

Comparison of ROC curves for different models with

different division ratio of German credit data

1.0
0.8
067!
= i
0.4] ing
0.2] {
-+ NB
0.0 -- MWMOTE-RF
00 02 04 06 08 1.0
(2) B2 RT3
12—
0.8 |
0.6
&+ i
H#0.49

- RF
-+ NB
-—-MWMOTE-RF

0.0 02 04 06 08 1.0
JritirES
(b) B 43 el A8 2

B2 ARRESELSTEARR T T2 2 ROC 2% Lk

Fig. 2 Comparison of ROC curves for different models with

0.21 i

0.0

different division ratios of car default loan data

*6 FREEMLWERIILL

Tab. 6 Comparison of experimental results of different models

B & AUC fH
X EEEARESE RERAERERIESE
RF 7:3 0.7599 0.7587
NB 7:3 0.7321 0.7312
MWMOTE-RF 7:3 0.9403 0.9357
SMOTE-RF 7:3 0.9256 0.9281
BSMOTE-RF 7:3 0.9419 0.9276
ADA-RF 7:3 0.9169 0.9468
RF 8:2 0.7634 0.7677
NB 8:2 0.7342 0.7381
MWMOTE-RF 8:2 0.9538 0.9757
SMOTE-RF 8:2 0.9555 0.9795
BSMOTE-RF 8:2 0.9491 0.9771
ADA-RF 8:2 0.9539 0.9816
4 HiE

N T REAFEEE X ] BEAEE I D BB R (4
) R TINER S, A SR I T — P T MWMOTE kgL
ARG IS VR 7, Bl T X 4% F A5 FAPRAG 43
HroeE J1. Zad MWMOTE SR A H S , 07 57 U ik
TR AR FELIRE R R, —E R BRI T
Av 1 ZHOLANEA R e PR Rl RE . SCR 25 RS, TEAb B
J5 BB EdE S B R REHLAR MBS, AUC [ERR AR
AT, {EREHLZR AR MWMOTE H #8870 2 808 A L
B, A—E R RILIEB SR, LK R 4R R B B0E 4=
AR SR AR ) A, B O A e] S S B S BT IR THE
B GRR R T — R A [RIEE
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