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1. Australian credit database
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2. German credit database
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(M)
o
(&%)
(Accuracy Rate)
76
76.8
84.7 85.4
Wilcoxon
(Signed Rank Test) p-
0.234  0.129 0.05
SVM () C vy
% C v % Y
1 77 2048 0.000488281 77 2048 77
2 74 8 0.0078125 72 512 74
3 77 512 0.001953125 80 512 77
4 81 8192 0.00012207 81 512 81
5 74 512 0.00012207 74 8 74
6 78 128 0.000488281 78 8 78
7 81 32768 0.000035 83 2048 81
8 72 8 0.0078125 74 2048 72
9 68 2048 0.00012207 71 512 68
10 78 512 0.00012207 78 2048 78
76 76.8
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=
SVM () C v
% C Y % C Y
1 85.5 0.03125 0.125 85.5 0.125 0.0078125
2 76.8 0.03125 0.125 78.2 32768 0.03125
3 76.8 128 0.03125 76.8 0.5 2
4 86.9 32768 | 0.001953125 88.4 8192 0.03125
5 91.3 0.5 | 0.001953125 86.9 8192 0.03125
6 86.9 8192 | 0.001953125 89.8 32768 0.03125
7 85.5 128 0.03125 86.9 2048 0.03125
8 88.4 0.125 0.0078125 88.4 8192 0.125
9 82.6 8192 | 0.001953125 84 2048 0.125
10 86.9 0.125 0.0078125 89.8 32768 0.03125
84.7 85.4
()
Wilcoxon
p-
14 84.7 7 85.4 0.129
24 76 12 76.8 0.234
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Abstract

Credit card industry grows rapidly recently, and thus huge of consumers’ credit data are
collected by the credit card department of the bank. The credit card scoring manager often
evaluates the consumer’s credit with intuitive experience. However, with the supporting of
credit classification model, the manager can accurately evaluate the applicant’s credit score.
Support Vector Machine (SVM) classification is currently an active research area, and
successfully solves classification problems in many domains. This study uses the Grid
Algorithm to optimize the SVM classifier parameter, and the SVM classifier obtained to
evaluate the applicant’s credit score from the applicant’s input features. Two credit card
datasets from UCI database are selected as the experimental data to demonstrate the accuracy
of the SVM classifier. This study concludes that SVM is a promising addition to the existing

methods, and it can offer the manager an informative insight into credit scoring decisions.

Keywords: Support vector machine, Grid algorithm, Data mining, Classification
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