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Risk Control Model and Algorithm Based on AP-Entropy Selection Ensemble

WANG Mao-guang and YANG Hang

School of Information,Central University of Finance and Economics,Beijing 100081, China
Abstract In recent years,many risk control problems have emerged in the field of Internet finance. For this,we adopt a variety of
feature selection methods to preprocess data indicators in the field of risk control,and construct a comprehensive risk control indi-
cator system for corporate credit. And we use stacking ensemble strategy to study credit risk model based on AP-entropy. There
are two layers of learners in credit risk model. The idea of selection ensemble is introduced to select the base learners from the
category and quantity. First,in machine learning algorithms such as Logistic regression, back propagation neural network, Ada-
Boost, AP clustering algorithm is used to select a heterogeneous learner suitable for corporate credit risk as the base learner. Se-
condly,in each iteration of the learner,entropy is used to select the best learner,and the base learner with the highest F1 value is
automatically selected. Among them, the improved algorithm based on entropy improves the efficiency of base learner selection
process and reduces the computational cost of the model. Xgboost is selected as the secondary base learner. The empirical results
show that the proposed model has good performance and generalization ability.

Keywords Risk control feature system,Stacking ensemble strategies, AP-Entropy credit risk model, Selective ensemble, Affinity

propagation clustering algorithm, Learner selection algorithm based on Entropy,XGBoost
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Fig. 1 AP-Entropy selective ensemble model
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Fig. 2 Feature selection based on XGBoost
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Fig. 4 Information value of each feature
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BATHRERT R AE S50 = [l — B LR A Y 45

F 4 ANRFEFI /BT AR bR

Table 4 Model index under different number of base learners

HETH KA it/
BT A ‘]%%H F1  Accuracy Auc Precision Recall Errorl Error2

AN min

n=50 3 0.938 0.920 0.971 0.961 0.915 0.070 0.084
n=100 15 0.939 0.922 0.974 0.958 0.920 0.076 0.079
n=150 39 0.938 0.920 0.974 0.957 0.920 0.078 0.079
n=200 71 0.938 0.920 0.959 0.959 0.917 0.074 0.082
n=250 126 0.939 0.922 0.974 0.961 0.918 0.071 0.082
n=300 253 0.938 0.920 0.974 0.959 0.918 0.075 0.082

4.2.2 HEHsF
RUE WA ST AP-entropy i £ 42 BB B 1992 1L 8 01, 4%
AP-entropy HE+ 2 MU A 5 M) B8 — BB (Logistic,BP #f1 £
RI2%) (BT AP (1435 5 58 A R 5 il B T 1) 3o % 4 A
RUFEATRE LY Lo i bR R BB 1Y) F1(E  MERA 2R L 4 3
B Auc{l. 5 BRI R A R4 T M BE LR
£ 5 ORFEBIEZEMR A T 0P A L A

Table 5 Performance comparison of different models under test set

A F1 Accuracy Auc Precision  Recall
R 5 % .
2 0. 868 0. 844 0.935 0.978 0. 780
Logistic 0.875 0.819 0.934 0.801 0.964
AP-3# % M
SN 0.938 0.920 0.971 0.961 0.915
ERE
EFREEW
. 0.934 0.916 0.972 0.969 0.902
45 MR
APrentropy (040 0924 0.973  0.968  0.916

WP 5 T LAA L 4 BRI R R L B — AR (1 M B
U, FLA5 TR REFE b B INAR S8 . AR SCHE Y AP-Entropy 57
Lo (i P B — e PR A AT 1 PR AR TR 4T

R T HE— 25 UE B AR SO AL Y 72 K BE 1, TE prosper TE 4%
P2P {848 & Bdi 2% Fl Leading Club $4 &5 | pj 4
R, o 7 SCAR I 5 ORI B 25 2 ) BB AT X L, T 40 SE 58
GERWER 6K T, NERTTLE I AR 224 3] 25 1
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P RS R B — L B o o B AL TE 4% I o] R AR LA 4R
T 2 A6 bR B9 2 B AL SRR E 5 DA e AR SR H A A5 B X £ ol
5 I RUIS: B9 T 5 B A 5 2 2 SO T £

# 6 prosper B4 T A [ ALY (1 4 BE LL AL

Table 6 Performance comparison of different models in prosper

dataset
A F1 Accuracy Auc Precision
a t
Ap_eniroPy_ 1 g4z 0.740 0.701 0.744
xgboost
A& Tt 0.838 0.729 0.576 0.744
AR % 0. 846 0.733 0.584 0.733
Logistic 0. 845 0.732 0.634 0.733
SVM 0. 846 0.733 0.436 0.733

# 7 Leading club %4l 4 T A [RI B A (9 1 ff Lh 4
Table 7 Performance comparison of different models in Leading

club dataset

A F1 Accuracy Auc Precision
Ap_CnroPY_ - g7y 0.959 0.949 0.952
xgboost
A % Lo i 0.957 0.934 0.898 0.949
A % 0.884 0. 80 0.701 0. 800
Logistic 0.961 0.938 0.892 0.934
SVM 0.952 0.923 0.872 0.915

4.2.3 BERAEE

N T AR SEUE S SR AT AR L A SCH ] MeNemar A8 5 4
AL R AT ARG I L 25 R N3 8 B, Horh e x fURR
PR 0. 01 TR 2 i) BAT 22 Sk, » AR B3 K
SEAE 0.1 TR Z (0] B AT 22 Rk

# 8 ANEFA McNemar ;45 45 1

Table 8 McNemar test results of different models

s REfE | APREE ETHEEH
= wams O ERE] RBRER
AP-entropy % # -
A 166 * * 141 % * 3.17 % 5 %
3 F 1R
5% 153 % * 3 %
W
AP-# 3 i
184 % x 154 % *
'YL § ’
Logistic 189 * *

MR 8 Hu] LI B, 4 B T B — ML 85 2% S B R A
F X, H AP-entropy S H 4 U AL S AP-ZL 8 4 W24 >
Ko R 0 R A O 0 2 0 A X A I X AR R AR T 2
A 5 AR IR A AP-entropy 188 4E A BIAE 5 4 FEHY
FEPRTERE LA T X T ORI AY A5 08 Ml 55 i 5 L T4
TR A 0 B B B2 08 106, 40 45 45 AR AT Ml R 4 BlHL A A ok B

FHIAR .
LRIE AR AP-Entropy M HEVESE NS R HIA

[F] ) R A 6 43 5 3% 45 300 4 T A ol A T RS 8 b ik &R . 7
e ] SR B AUHTE TSI AP ST R X 2 > 4% 1 b
RN Bk A 7 08 5 M T 328 0 0 B 2 oF B B, 39 SR 2 o
B S BT — bR I B AR R A AR OT B BERSR T
steking 4 AR HG G JZ LAY, S2I6 2% TiUAE AR R B, AR SORE
BUA R 5 S WORFIZ AL RE J1 - RE 45 ) B A ol #4355 4 42
P — 7 19 TV i {H

ARSCHRE I A — SR R 2 Ak 78 X R4 ) & 1 i £
W RIS AR JE B [ A e AR SO SR IO A T U5
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