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Fig.1 The Procession of credit evaluation modeling
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ﬁfj‘/ﬂ;ﬁ T 155 B ) 2 2 > 2% L FE AN A ﬁ%%J_ﬁﬁ? Tab. 1 Data sets used in experiments
15 FHPPAL S2 06, A4 28 5L T &% Tl 3k ) 9 =% > 48 1Y) B BdRdERE REAK/N O REARZEHIIE :om2:1:0)
R F Deep_ Logistic 25 B, H. H, Deep_ Logistic 1 I £ 35 1 000 700 * 300
BOR BRI G 4 HD B e e R g, TR s 0T
Stacking % k7 B #4810 YW 1% & R Lending Club 81 36 609 12 203 : 12 203 : 12 203

IR BHRFRAE v 4EA o —1 4k, B Logistic 208X
A UCE Ry 5 G HUR R AR B T4 TR ) 9o o i AR AL I ZR S0 A% L, 1 E Stacking 224 B 49 4 4% 1Y
272 3%, ORI EE Deep_Logistic B8 % /5 L)L Lending Club $UHE 4 A4 , 5 3 JLAE SCHE A 76 BLBCHR 46 1 r 42
5 JHPPAE AL | Y 3R LR AT X0 L DR 4R b FEEAT IR Logistic 3o 72 b 28 SR 30 B R B 5 47 . LU £/
S A5 R AR E M T S

(1) PE 5 FH RO 4 52 56

F 2~6 PRt & B — B U ) AR TE TR E AR AU & By S 8045 2R

*x2 BERERHIEE L XGBoost ZHIAMRLER

Tab. 2 XGBoost parameter tuning results on German credit data sets

iR ZHE X Rz PRSI AR v o o
scale_pos_weight il I f7URE AR H 1) 0.10 2 1.00 ZJal, Lk 0.05 K& 0.90
learning_rate Pip T SRl RIS [0.010,0.050,0.070,0.075,0.080,0.085,0.090,0.100] 0.010
n_estimators ] 55 2 > g 0 B [50,100,150,200,250,300,350,400,450,500] 500 )
max_depth L B TR [3.5.6.7.8.9,10] 3 018000
subsample 2 B AR AL R AR 1Y L ) 0.15 £ 0.95 Z [, L 0.10 HK MR 0.85

colsample_bytree 7 A i XF 4R AE BEHL R FER HL B [0.60,0.65,0.70,0.75,0.80,0.85,0.90,0.95,1.00,1.50,2.00] 0.90

x3 EEERABIEE L CatBoost SHEMLE R

Tab. 3 CatBoost parameter tuning results on German credit data sets

B4R ZHE X 8 R 53 ] 45 X 4 o T R
class_weights P i 1E 5URE AR L R IE FRE A L 1] i [3.7]
iterations SN [400,450,500,550.600,650,700,750,800] 450 0.783 33
depth W 114 e IR BE [3.4,5,6,7,8,9,10] 10

x4 EEEABIEEL LightGBM SHUAMRER

Tab. 4 LightGBM parameter tuning results on German credit data sets

SR SHE X 8 %53 ) R S RE W R RS
learning_rate T4 2 b R o U 2 (B 20 ) 0.01 % 1.00 Z 8], i 0.05 # % 0.81
n_estimators boosting [y 1% R £X [50,100,150,200,250,300,350,400,450,500] 350
max_depth TR e R IR B [3,4,5,6,7,8,9] 3
subsample s il B AR AR AT SR A ) L 451 [0.15,0.25,0.35,0.45,0.55,0.65,0.75,0.85,0.95] 0.15 s e
0.

colsample_bytree ST I SRR LR B RS e [0.60,0.65,0.70,0.75,0.80,0.85,0.90,0.95,1.00,1.50] 0.90

min_child_samples — A B BN [2,3,4,5,6,7,8] 2
min_split_gain AT T 05 240 d /N4 25 [2,3,4.5.6,7,8] 5
class_weight 2 il 1E 67 BEAS H B3] balanced

HH % 2~6 T HIRE— 27 2] 2 e D0 X 42 b i 00000 o 16 2% 1 28 Stacking Z2 07 B 45 15 2% 09 #8  , H9b Kew) 9
¥ 3 38 A XGBoost,CatBoost. f4 & Stacking, 15 7 /R,
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X5 EEEBHIESEL AdaBoost ZEFAMER

Tab. 5 AdaBoost parameter tuning results on German credit data sets

L EAN SHE X R PR MR R
learning_rate ik R PuR CE & PN R ) 0.01 % 1.00 Z [, LA K 0.01 & 0.01
n_estimators 3 1 55 2 > A 00 B [50,100,150,200,250,300,350,400] 50

algorithm Pt 43 22 o By B 1k ["SAMME",SAMME.R'] SAMME 1T e
base_estimator AN RandonForest

*o6 EEFERAHESELGBDTSHARER

Tab. 6 GBDT parameter tuning results on German credit data sets

SRR SHE L 14K 2 () T ORZE R R AR o R
loss P Al 2 ) 3 R g e pR R ["deviance","exponential" ] exponential

learning_rate BB 2E 2 ad R IR B K (= 213 [0.100,0.010,0.050,0.001,0.200,0.300,0.500,0.700,0.800,0.600 ] 0.800

n_estimators 2 1 55 2 2 s 0 B [50,100,150,200,250,300,350,400,450,500] 100

max_depth Y 14 55 4 [1,2,3,4,5,6,7,8,9,10,11] 3 0.750 00
min_samples_split P il o 40 T 0 B D RE AR [1.2,3,4.5,6,7,8,9,10,11] 2
min_samples_leaf Pl A T B D RE A [1.2,3,4,5,6,7,8,9,10,11] 1
max_leaf _nodes BRI T4 5 [1.2,3,4,5,6,7,8,9,10,11] 8

*7 EEERAHIEE L Stacking SHNERAHEFIHE

Tab. 7 Construction of Stacking on German credit data sets

Stacking A ¥4 XGBClassifier(learning_rate=0.01,n_estimators= 500, max_depth= 3, subsample=0.85, colsample_bytree =

0.9,n_jobs= —1,0bjective="binary:logistic" ,scale_pos_weight=0.9,random_state=0)
CatBoostClassifier (iterations=450, class_weights=[ sample_weiht_0,sample_weiht_1],depth=10,random_state=0)

W24 4% LogisticRegression(C, class_weight, random_state="50) ,C=[0.01,1](Interval=0.001) , class_weight="balanced

Stacking B #]%¢2% 3] %%  XGBClassifier(learning_rate=0.01,n_estimators= 500, max_depth= 3, subsample=0.85, colsample_bytree=

0.9,n_jobs= —1,0bjective="binary:logistic" ,scale_pos_weight=0.9,random_state=420)
CatBoostClassifier (iterations=450., class_weights= sample_weiht_0,sample_weiht_1],depth=10,random_state=420)

W48 LogisticRegression(C, class_weight, random_state=420) ,C=[0.01,1.00] (Interval=0.001) , class_weight="balanced

F 8 RIE 5 J 43 Bl A T 90 1L W) 9 A A 8 SEREEESEABEELNER
XGBoost, Catboost, LightGBM , Adaboost LI Tab. 8 Results of different models on German credit data sets
& GBDT *ﬁgﬂ_ﬁ}ziﬂ?% DeepiLogistiC fﬁﬂ SRR A AUC Accuracy Precision Recall F1-score
Ff@ %ﬁﬁé&tﬁ%i EI"J Hﬁi—& , % 9 7% Deep Lo- XGBoost 0.79 0.78 0.68 0.44 0.54

gistic R FH 2 Logistic 45 2% 25 B e 5 80, Catboost 0.80 0.78 0.63 0.58 0.61
(2) 12 FiTF e 42 52 5 Al Lending Club % LightGBM 0.75 0.72 0.50 0.66 0.57
TE%Q;Q@ Adaboost 0.68 0.77 0.65 0.47 0.54
GBDT 0.74 0.75 0.56 0.51 0.54

AT L M HEAT AT RO He S B B AR AR Deep_Logistic  0.80 0.79 0.63 0.60 0.62

MR HI Lending Club %46 £ b ) 4% 43 25 70
SR E T I0T7 1% Deep_Logistic #2814
T STEE EAE I ECE 5 B AL BTy AR R I R BC— 4 19 2 808 2300 L Je 2000 8 5 R8s 4
Stacking 2 k7 B Al a8 AU , Hvb B W 2 2] #4844 XGBoost, CatBoost, Lending Club #(# £ I Stacking
Z2 L FIA AR I A 5 S ) % 2 284 XGBoost, LightGBM Hl CatBoost. H I A £5 4% #5875 {5 i
Lending Club ¥ £ b 09 #0 HE GEXT EE . 4n 3 10 PR, 38 11 J2 4615 R8s £ il Lending Club %i#iE 5 5k
% Logistic BRI i th S 8GR,
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Hi 22 8 A&l 5 W] 0, 76 78 B {5 FH 0P 46 Lo

71, Deep _ Logistic i AUC {H 2} 0.80, 5

CatBoost [f] flF 45 2 —, L HE 4 26 — 19 XG-

Boost # i1} 1%, L4 =19 LightGBM & i o8

5% 3 Accuracy {H A 0.79., 1 f  , # o HE

25 ) XGBoost Ml CatBoost # 8 1%, :: 0.6

W HE4 5 =1 AdaBoost & 2% ; F,-score {H %

K 0.62, U1K 5 5. HHE 4 B Cae 2

Boost # 1%. HHE &4 % = #m LighgbM 2 [ § ,

Fi 5% AL T L Stacking 9% 3 3 S e

ot 1 Catoost R Rz osff o0 LGS

60 %0 A % B $E T DN L A 7 A R BOE ,/ «++ GBDT (AUC=0. 74)

11 Deep. Logistic 4 FLF. g ] | * MaboostClassiier (AUC-0.69)
9 RN LETE EAF A0 4 Ll 0-0 0-2 0-4 0-6 0-8 L0

25 Deep_ Logistic BRI}, £ % Logistic B9 False Positive Rate

LS EC AR RAE L] B BB 1, 9F 5 S BURLE M AR EIIROCH 2

L 58 38 RS 25 C Wy 0.01. Fig.5 ROC curves of different models on German dataset

*9 EEEFEHHBIESE, SR Logistic RIESH

Tab. 9 The optimal parameters of each layer Logistic model on German credit data sets

JZ% Logistic # 2 % ik A o R
1 TEST R B C=0.01,4LHE class_weight="balanced,random_state & BBl HIL 14 . 0.79

# 10 F[IRBTE(S A F Lending Club HIEE FHER
Tab. 10 Results of different models on credit card and Lending Club data sets

by e -5 K AUC Accuracy Precision Recall Fi-score

Results of different models on credit card data sets

XGBoost 1.000 000 0.999 337 0.999 600 0.999 734 0.999 667
Catboost 1.000 000 0.999 204 1.000 000 0.999 201 0.999 600
LightGBM 1.000 000 0.999 071 0.999 733 0.999 334 0.999 534
Adaboost 0.682 000 0.997 214 0.997 210 1.000 000 0.998 603
GBDT 1.000 000 0.999 204 0.999 467 0.999 734 0.999 600
Deep_Logistic 1.000 000 0.999 735 1.000 000 0.999 734 0.999 867

Results of different models on Lending Club data sets

XGBoost 0.893 320 0.859 621 0.858 372 0.858 576 0.857 143
Catboost 0.893 458 0.859 638 0.858 551 0.858 672 0.857 325
LightGBM 0.892 371 0.858 253 0.857 109 0.857 242 0.855 868
Adaboost macre 0.888 107 0.852 922 0.851 453 0.851 378 0.850 132
GBDT 0.891 629 0.857 401 0.856 127 0.856 207 0.854 867
Deep_Logistic 0.956 724 0.861 221 0.860 335 0.860 610 0.858 873

2 10 A %0, 7615 K Bd 4 . Deep _ Logistic ) AUC {H R 1, 40 F 8 4 /K 35 Accuracy {4
0.999 735, 4y f . M HE 44 5 1 XGBoost £ AL 0.000 398, b HE 44 2% = Y CatBoost il GBDT f&
0.000 5313 F-score {4 0.999 867 , WAy # fmy o AH LLHE 44 28 — A XGBoost 1 0.000 2, HHE 55 =84 Cat-
Boost Al GBDT 15 0.000 267 ; #1 Ft T # & Stacking ¥ 2% % 2 28 % XGBoost Al CatBoost i &I, 7 i FF 1k ]
0.999 734, 4 T H A s Precision fH N 1.5 CatBoost [FlHE&Z 55—, &b T &AL B, 7615 1R 88 48 1, Deep_
Logistic BB . 2 11 7] A1, U125 Deep_Logistic #E 8 AS R ECH 1. B S5 A E N AR R4 C 4 0.01.
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% 11 715 Bk . Lending Club ##E & L5 R Logistic RIS #

Tab. 11 The optimal parameters of each layer Logistic model on credit card and Lending Club data sets

=1 Logistic l 2% MR 1 ol R

The optimal parameters of each layer Logistic model on credit card data sets

1 TEST R B C=0.01, 4L class_weight="balanced,random_state % HFfi L 14 . 0.999 735

The optimal parameters of each layer Logistic model on Lending Club data sets

1 FESI R C=0.1,random_state % BBl HL{E. 0.856 96

2 TEST R C=0.1,random_state K B HLIE. 0.858 87

Lending Club (#5524, i F 3 10 7 51, £ Lending Club % #& 4 . Deep _Logistic ) AUC {H K
0.956 724, HEA S — B HEA S 19 CatBoost B 0.063 266, HHE4 5 =) XGBoost &I & 0.063 404 ;
Accuracy [} 0.861 221, HE& 55—, B i HE 44 55 — 1 CatBoost %1 0.001 583, L HE 4 45 = i XGBoost &
0.001 6;Precision {4 0.860 335, HE4 55— . Mt HE 4 45 — Y CatBoost £ 0.001 784, L HE& 5 =1 XG-
Boost & 0.001 963 ;Recall {4 0.860 610, HE4 55—, 8 HE4 55— #Y CatBoost #%1 0.001 938, L HEA 55 =
B XGBoost 5 0.002 034;F,-score {H A 0.858 873, HE#4 5 — M HEA 55 1) CatBoost #£7%1 0.001 548, [t
HEZ 565 =) XGBoost #5155 0.001 73. A . 7E Lending Club $t#E 4 |, Deep_Logistic Rt £ &m L. B3 11 7
AL U %k Deep_Logistic B 13 H AL ECH 2, BB RA RIS 5 A & G RECh 0.1.

(4) 55 40 56 SCHR J7 2 %8 F 52 5

TEIE PIARAR I PEAG 0035 rb [R] A 70 25 7 I Bl 2 S BB R A 7 s e 55 80 ) iy R AE 9, 7R3 12 v SCRik
[14 19 51 A EIE FH PPAL S0k 10 26 . -5 80 2" UL LeNet-5, SCRRL 24 19 51 A B & 215 FPEA% BF 5 19 TR
JERRARAERL A SO Deep_Logistic AL, Al 7 FHPE 20 BRL p 3 FH PR 468 A iE 17 255 6 E 20 i B T7E
SCHR A P A EAE FH A 45 545 R 20 45 i 5280, Itk HAE Lending Club s 45 L #E47 X L5259

% 12 Deep_Logistic #R 8 518 & X R BI L R 3 bk

Tab. 12 Effect comparison of Deep_Logistic and andother models in literatures

ey e S AUC Precision Recall F-score Accuracy
LeNet-5 0.820 732 0.831 471 0.713 982 0.764 306 0.714 377
TR FR macro 0.892 165 0.857 895 0.856 837 0.856 987 0.855 595
Deep_Logistic 0.956 724 0.861 221 0.860 335 0.860 610 0.858 873
1.0 == 1.0
2 0gf === 2 2 0.8
< 1 < <
= i o2 ; = £
£ 0.6F fi 2 ) S 0.6
3 ! - Z 7 - ER -
z 0.4 F I “..v'—-R()C curve of class0 2 0.4 1 ',.“'A—~R()C curve of class0 2 0.4 ¢ — ROC curve of class0
£ (area=0. 847 253) £ | (area=0. 792 496) £ (area=0. 937 304)
© —ROC curve of classl © ! —ROC curve of classl © — ROC curve of classl
2 0.2 (area=0. 834 444) 20290 (area=0. 743 655) 0.2 (area=0. 937 024)
i) ==ROC curve of class2 [ ;e ==ROC curve of class2 [ == ROC curve of class2
(area=0. 994 799) (area=0. 933 399) (area=0. 995 845)
0.0k + + + + 0.05 + + + 0.0" + + + +
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate False Positive Rate False Positive Rate

&6 VREERRHK, LeNet-5, Deep_LogisticHiMfELending Club¥iisE FIIROCHEZE

Fig. 6 ROC curves of DeepForest, LeNet-5 and Deep_Logistic models on Lending Club data sets

M 12 AT LFE ), Deep_Logistic FEAIH) AUC {E7E Lending Club 048 4 v 2 5% 5 1Y » Accuracy {H L #B
RIAHE W BAL T LeNet-5 IR FEBRARMAY , 7EK5 M FE AU 7 T LA 28 L1 6 2 TR JE R AR L LeNet-
5,Deep_Logistic ##I 7 Lending Club £t#E4E [ A ROC £k, Z5-& 4 nl A1, B 57T LI & B Deep_Logistic
BRI ROC M T 53 42 L ff (0, 1) , — B R RE I vl U B AL AU M B 504

Zia R 8.3 10 M AT ds ] & i

(D 7w M5 FPEAS 75 3 o XGBoost #il CatBoost #4717 F UK PEA 1 385 SR 45 4 5

(O TEFBIESE E  Deep_Logistic A H T # B Stacking 2280 B $14# 2% B0 40 P 2% > 2% 4% JL IR0 2%, %
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B R GE o 125 ) 00 SR 0 O A7 W 2 il %5t 22 6 0300 P 4 25 A0 0 o A £ D £ SR
4 LZERIF

ARSCH BT TR — 5L T4 2 2T A BB S , el & 24 B — R 24 2T 2 10 43 2 2% NI A
R HE AT B K RAS BRI 5 W 1 180, il By P2P S 5 SR DG Bk N B A — Pl fif Dl 7 28 A SCIE T Stacking
FEAE 1 58 22 R0 BEBR G Logistic 158 B A 3N #1715 FH AU DFAl , 76 75 1 45 200s 45 (5 R EiE £ 71 Lend-
ing Club ¥4 SLal b #E 4743 2 W0, [8] b6 H 5 XGBoost, CatBoosts Light GBM, GBDT A } AdaBoost
R 32 7 i AT X B L 3F H % Lending Club #0455 SCHk h LeNet-5, U8 B £R AR 5 36t 2E 47 % He. S0 56 3%
B, B 7 I 3 B 4 SRR I P RE 3 A T LA T L U5 vk L OF B B A T Sk b Oy s N DL B S5
AL DL AR SCA 2R B8 v B T A2 L = 28 L Be B v B T 2 2T 45 R B R AR SO kR
HX 23 o AU FH Logistic 5270, [] B 7644 £ Stacking Z2k7 BE F1 48 25 J7 1 . W) 2% ) 25 v B0 FE DAk 8 b 2 B0
VA B 22 R B 1 T Bl B A B RS 0, S BG AR R Y SR AR AT Z b L AR 2 S B RS R AT DLl R 2 4y 2R
T E R B G 25 K B 4 R 43, I SVCL KN 48, I HLER R T AL (1% 5 35 % T Stacking #1924 2 2% 19 JE 07
fili i A 2 B A R DA SR e AR T Bl B 0 4R BE 0 SR BE Ry T i D el P ) At S A R R AT S 5
FH AT A 24 S5 3 107 1A FH 1Ak 400358 1) A G I At 77 1T, I 2% 0 PR IR 45 4 vh 2% 2 2% 10 B30 5 10 45
Z 1) 1 26 22 LA KR HL 52 0 o D R A R 17 750 0 A A A T AR IR
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Personal credit evaluation based on Stacking feature enhancing multi-grained cascade logistic

Hou Tianbao, Wang Aiyin

(School of Statistics and Data Science, Xinjiang University of Finance & Economics, Urumqi 830012, China)

Abstract: Mainly aimed at the widely concerned P2P online loan credit evaluation problem, the machine learning method
was used to improve the accuracy of the applicant’s online loan default prediction, and the enhanced multi-granularity cascade
logistic method based on the Stacking feature and its application were studied. The proposed classifier is a hybrid model, which
combines the ideas of Stacking ensemble learning and cascade logistic learning. First, XGBoost, Catboost, LightGBM, Ada-
Boost and Gradient Boosting models are established through grid search technology, and the appropriate base evaluator as the
primary learner of Stacking ensemble and the logistic model as the secondary learner are selected to build a Multi-grained Scan-
ner based on Stacking, generate prediction results as meta-features, and to stitch into new feature data. Secondly, the new fea-
ture data and the feature enhancement of meta-features on each level of Logistic are used to establish the cascade Logistic re-
gression model, and compare constructed model with the existing single integrated learner and each base evaluator on three dif-
ferent P2P network credit evaluation data sets. The experimental results show that compared with each base evaluator and other
single integrated classifiers, the multi-grained cascade logistic model based on Stacking has higher accuracy and better predic-
tion effect when evaluated by AUC, accuracy and other indicators.
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