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Hybrid Algorithm Base on Fuzzy-Rough Instance Selection for Credit Scoring
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Abstract ; For the credit scoring system built on cluster algorithm based hybrid classifier, the unreasona-
ble clusters number or starting center points of each cluster have severely negative influence on the classi-
fication accuracy. In order to solve the problem, two new hybrid algorithms based on fuzzy-rough instance
selection were proposed respectively, which are only related to intrinsic data structure of datasets and are
not affected by other external parameters. The experimental results show that the proposed hybrid algo-
rithms exhibit their own characteristics for datasets with different structures, which deepens the under-
standing of data sets and improves the accuracy.
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(German {5 FA##E) 1= BEE)
S 10 138 XK TR S5 10 Y728 A3 Fr— B A
* P SVML.  SVMP SVMR SVML SVMP SVMR ¢ # SVML.  SVMP SVMR SVML SVMP SVMR
0.2 732 0.9481 0.9645 0.9427 0.9590 0.9604 0.948 1 0.2 648 0.8905 0.9168 0.8922 0.8889 0.9105 0.8935
0.3 819 0.8008 0.8792 0.8705 0.8669 0.8864 0.868 1 0.3 648 0.8905 0.9168 0.8922 0.8889 0.9105 0.8935
0.4 877 0.8324 0.8552 0.8403 0.8404 0.8495 0.8358 0.4 648  0.8905 0.9168 0.8922 0.8389 0.9105 0.8935
0.5 923 0.8105 0.8267 0.7963 0.8007 0.8267 0.8050 0.5 649 0.8831 0.9136 0.8938 0.8391 0.9091 0.8937
0.6 948 0.7910 0.8027 0.7838 0.7901 0.8112 0.7830 0.6 651 0.8741 0.9048 0.8910 0.8602 0.9094 0.8909
0.7 964 0.7885 0.7863 0.7874 0.7925 0.7915 0.7853 0.7 651 0.8925 0.9123 0.9003 0.8756 0.9186 0.8925
0.8 973 0.7760 0.7873 0.7822 0.7790 0.7955 0.7790 0.8 652 0.8866 0.9158 0.8864 0.8804 0.9187 0.8942
0.9 986 0.7667 0.7800 0.7748 0.7769 0.7860 0.7748 0.9 654 0.8763 0.9129 0.8946 0.8685 0.9067 0.8914
1.0 90 0.7707 0.7890 0.7718 0.7778 0.7899 0.7737 1.0 656 0.8887 0.9130 0.8810 0.8598 0.9055 0.8902
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0.2 714 0.9593 0.9733 0.9608 0.9678 0.9664 0.965 0.2 648 0.8905 0.9168 0.8922 0.8389 0.9105 0.8935
0.3 766  0.8942 0.9204 0.8956 0.8969 0.9269 0.8969 0.3 648 0.8905 0.9168 0.8922 0.8889 0.9105 0.8935
0.4 845 0.8414 0.8697 0.8415 0.8391 0.8686 0.8473 0.4 648 0.8905 0.9168 0.8922 0.8889 0.9105 0.8935
0.5 904 0.8142 0.8273 0.8263 0.8274 0.8296 0.8263 0.5 649 0.8907 0.9153 0.8924 0.8391 0.9091 0.8952
0.6 942 0.793 0.8015 0.793 0.7983 0.8068 0.7962 0.6 650 0.8828 0.9062 0.8952 0.8677 0.9092 0.8923
0.7 952 0.7856 0.792 0.7867 0.7836 0.8046 0.7857 0.7 651 0.8741 0.9048 0.8910 0.80602 0.9094 0.8909
0.8 94 0.7885 0.7863 0.7874 0.7925 0.7915 0.7853 0.8 651 0.8925 0.9123 0.9003 0.8756 0.9186 0.8925
0.9 973 0.776  0.7873 0.7822 0.779 0.7955 0.779 0.9 652 0.8897 0.9187 0.8895 0.8304 0.9187 0.89%42
1.0 980 0.7806 0.7775 0.7775 0.7714 0.7908 0.7776 1.0 653 0.8760 0.9113 0.8899 0.8760 0.9158 0.8928
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“ % SVML.  SVMP SVMR SVML SVMP SVMR “ 4 SVML.  SVMP SVMR SVML SVMP SVMR
0.2 713 0.9776 0.9832 0.9775 0.9734 0.9860 0.9790 0.2 648  0.8905 0.9168 0.8922 0.8889 0.9105 0.8935
0.3 742 0.9407 0.9461 0.9380 0.9447 0.9542 0.9420 0.3 648 0.8905 0.9168 0.8922 0.8389 0.9105 0.9028
0.4 822 0.8552 0.8675 0.8553 0.8601 0.8710 0.8613 0.4 648 0.8905 0.9168 0.8922 0.8889 0.9105 0.9028
0.5 870 0.8344 0.8517 0.8287 0.8322 0.8471 0.8345 0.5 648  0.8905 0.9168 0.8922 0.8889 0.9105 0.8935
0.6 913 0.8137 0.8192 0.8073 0.8171 0.8280 0.8116 0.6 649 0.8907 0.9153 0.8924 0.8891 0.9091 0.8952
0.7 940 0.7947 0.8000 0.7926 0.7947 0.8085 0.7936 0.7 650 0.8828 0.9062 0.8952 0.8677 0.9092 0.8923
0.8 952 0.7911 0.7951 0.7773 0.7868 0.8046 0.7826 0.8 651 0.8741 0.9048 0.8910 0.8602 0.9094 0.8909
0.9 94 0.7885 0.7863 0.7874 0.7925 0.7915 0.7853 0.9 651 0.8925 0.9123 0.9003 0.8756 0.9186 0.8925
1.0 972 0.7768 0.7903 0.7810 0.7788 0.7953 0.7829 1.0 651 0.8865 0.9062 0.9019 0.8756 0.9186 0.8925
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524 10 42Uk F AU
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0.2 709 0.9675 0.9775 0.9690 0.9661 0.9788 0.9690
0.3 757 0.9141 0.9340 0.9181 0.9155 0.9419 0.9194
0.4 845 0.8391 0.8569 0.8474 0.8296 0.8544 0.8462
0.5 887 0.8005 0.8139 0.8072 0.8129 0.8185 0.8050
0.6 921 0.7928 0.7969 0.7981 0.7980 0.8024 0.7970
0.7 943 0.7889 0.7888 0.7921 0.7932 0.7996 0.7922
0.8 960 0.7864 0.7895 0.7844 0.7906 0.7927 0.7823
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0.3 505 0.9862 0.9822 0.9763 0.9881 0.9822 0.9743

0.4 534 0.9419 0.9513 0.9513 0.9401 0.9569 0.9476
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0.9 619 0.9452 0.9484 0.9404 0.9402 0.9467 0.9418

1.0 626 0.9312 0.9409 0.9328 0.9329 0.9409 0.9345
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