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Abstract

The prediction accuracy of traditional machine learning methods often depends on the specific
problems. Ensemble learning achieves significant improvement in classification performance by
combining several of base classifiers. This paper briefly introduces the basic idea of ensemble
learning, discusses advantages of Stacking to the traditional classical ensemble algorithms. Based
on the Stacking framework, we build two-layer classification model to evaluate the personal credit
using the UCI datasets. The results of the empirical analysis show that, compared with the single
machine learning method and simple average ensemble, Stacking with two-layer classifier has a
better prediction effect.
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Figure 1. Structure of ensemble learning
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Figure 2. Structure of personal credit assessment model
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Figure 3. Correlation coefficient
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Table 2. Results of principal component analysis

R 2. ERDDINER

B 1 2 3 4 5 6
FHIEE 5.433 0.306 0.112 0.067 0.042 0.040
TTHR %% 90.550 5.099 1.861 1.119 0.693 0.678
BT E% 90.550 95.649 97.510 98.629 99.322 100
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FATR A 70 2 BEW LA REAZ IR 3:1 9 LIRS 0 e Rl o3 B I R SR AN X S 1 82, Il R 46 B35 22,500
AFEAS, DRI E 7500 MR, IR 7 1 EA A R BAF 1 caret BRSERL. X T T A )
&%, BRHAT 10 452 RAE R A% 19 2R 1 2 L ZLE S BN IUE . 168670 RIERF A AUC (E1F i
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Table 3. Prediction results of different models
% 3. FNERBETUNLGER

SRR AUC i
il

RS MR %S 4
SVM (GZHFmEHL) 81.84% 81.76% 0.7830 0.7303
RF (BEALARAK) 99.32% 82.12% 0.9995 0.7741
ANN (A T2 44) 83.31% 80.85% 0.8152 0.7583
GBDT (B H& 7 14) 83.22% 82.29% 0.8191 0.7885
fET PR SE 91.20% 82.24% 0.9616 0.7873
Stacking £ flfs 2 94.66% 85.31% 0.9711 0.7901
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