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Study on Risk Control Model of Selective Ensemble Algorithm Based on Hierarchical Clustering
and Simulated Annealing

WANG Mao-guang, ]I Hao-yue and WANG Tian-ming

School of Information,Central University of Finance and Economics,Beijing 100081, China

Abstract Eensemble learning model can effectively solve the problems of single model structure, stability and weak predictive
ability. However,due to the complexity of its structure, problems such as low operating efficiency and excessive storage cost often
occur. Selective ensemble algorithms are often used to optimize ensemble learning models to solve these problems. The currently
proposed selective ensemble algorithm still has the phenomenon of insufficient operating effect and efficiency improvement. In or-
der to make up for these shortcomings,a selective ensemble algorithm based on the stacking ensemble framework is proposed. It
mainly uses the agglomerated hierarchical clustering(AHC) algorithm and the metropolis criterion of simulated annealing to se-
lect the type and number of base learners. In terms of empirical analysis,domestic and foreign online loan data are used separately
to build the model. Experimental results prove that the selective ensemble model of AHC-Metropolis can effectively improve the
computational efficiency.predictive ability.stability and generalization ability. It is helpful for regulating the order of the Internet
financial industry,assist in financial supervision tasks,and provide an effective basis for establishing our country’s financial risk
control management system and guaranteeing national financial security.

Keywords Hierarchical clustering,Simulated annealing, Selective ensemble, Financial risk control
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Fig. 1 Framework of the proposed model
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Fig. 2 Clustering results with AHC algorithm
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Table 4 Experimental results of different iteration times when

S BEHUEE BR y=0.5

7y=0.5
j\z gi zl( & F1  Accuracy AUC Precision Recall = ﬁr‘nﬂi R/
50 20 0.9823 0.9768 0.9929 0.9843 0.9804 3
100 32 0.9816 0.9757 0.9927 0.9789 0.9844 7
150 47 0.9836 0.9783 0.9931 0.9806 0.9866 10
200 84 0.9833 0.9779 0.9931 0.9795 0.9871 25
250 90 0.9838 0.9786 0.9932 0.9811 0.9866 43
300 115 0.9830 0.9775 0.9938 0.9794 0.9865 72
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Table 5 Model effects of different ¥ values
Y B F1 Accuracy AUC Precision Recall
0 0.9830 0.9775 0.9918 0.9805 0.9854
0.25 0.9831 0.9775 0.9928 0.9806 0.9855
0.5 0.9836 0.9783 0.9931 0.9806 0.9866
0.75 0.9830 0.9775 0.9917 0.9806 0.9855
1 0.9816 0.9756 0.9927 0.9789 0.9843
F 6 ATE] y MR BEHRY H2  RL
Table 6 Number of base learners selected for different ¥ values

L3 y=0 y=0.25 y=0.5 y=0.75 =1
VS &1 15 16 16 17 14

Logistic [ 7 4 4 4 4 4

BP ## % % # 5 5 6 6 1

K-31 4§ 4 4 5 5 6
A& Lo T 12 12 14 15 16

X H o EAL 0 0 2 1 0
A 40 41 47 18 44

Wit 5 P T A A5 AT LA AR R Y BUR TR
EIF A 2E AN L, K WISFRHTE 0. 95 UL L. B+ K5,
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Table 7 Model comparison

A 4 R F1 Accuracy ~ AUC  Precision Recall

X E AL 0.8084 0.6877 0.9140 0.6789 0.9788

A& Lo B 0.8853 0.8321 0.9061 0.8055 0.9827
Logistic B )4 0.9073 0.8689 0.9409 0.8498 0.9732
BT 0% EE R 0.9370 0.9153  0.9471 0.9189 0.9558
%%g;;pﬁ;hs B 0.9718 0.9550 0.9685 0.9468 0.9681
AF AHC ths# £ % 0.9523  0.9381 0.9859 0.9682 0.9369
EF AP ®EER  0.9380  0.9201  0.9710 0.9612  0.9151

AHC-Metropolis

. . .97
wangagn 000 09783

o

.9931 0.9806 0.9866

M 7 AT LR A SCHR Y AHC-Metropolis 4 2%
TR B 4% TUHE B 189 22 BB A 7R TN o M O T A A AR KR
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Table 8 Comparison of AHC-Metropolis and single learner

(Lending-Clubdata set)

A 4 F1 Accuracy AUC Precision  Recall
IHFEEN 0.9136 0.8535 0.8369 0.8423 0.9881
A& et 0.9478 0.9187 0.8817 0.9436 0.9522
Logistic F 7 0.9559  0.9288 0.8742 0.9196 0.9952

AHC-Metropolis
CITOPOTS  0.9707  0.9532  0.9636 0.9452 0.9976

HEEERER

M 8 A LI H . ] Lending-Club $ 4 Il 25 1% B A
B 1R 45 2R T LUTE B 2088 AR TT DUE T s 403 G A
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