8% B wHEFES AN Vol. 28 No. 8
2011 4E 8 H MICROELECTRONICS & COMPUTER August 2011

ETEHNEHHERHRKNEREIEZILBEHR

2 IR E.BEE.T W.EUN
B B8 S EHUPE 0 WL IR 441053)

W OB AZRFHEEBEENTRET TENR BRI X RN ERFET AR BEE LD H A BT HER
ARRNEEFRT R AL —FL  ENEERRNGRFIEROAAF I WL L H RN EELR
FERBEX, 5ETRNRSERMN MetaCost HAE L AT ERUR ZRXVTRBEEERNBEET
FRA-—EWGEE ERERETEHEEARN AR F IR RE T ERAY W, YR LN LR AN, A
AR K BB A % T DA BB W REOR.

KER: X FHERER BEEIHRNER%EY

hE 4K, TP30L. 6 CHkERINAD: A LEHE: 1000—7180(2011)08—0146—04

A Comparative Study of Cost-Sensitive Learning
Algorithm Based on Imbalanced Data Sets
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Abstract; Most studies on the imbalanced data set classification focused on discussion of re-sampling or cost-sensitive
learning systems themselves, however, the fact that imbalanced class distribution and misclassification errors cost
unequally always occurring simultaneously was neglected. On the basis of analyzing the theory and algorithm of cost-
sensitive learning, a novel hybrid re-sampling technique based on Automated Adaptive Selection of the Number of
Nearest Neighbors in order to solve the misclassification problem of imbalanced data set is proposed. We compared
hybrid re-sampling algorithm and MetaCost algorithm, Experiment results show that the proposed method can im-

prove the classification accuracy and decrease the misclassification cost effectively. The experimental results confirm

that this algorithm is superior to the traditional algorithms as for dealing with the imbalanced problem.
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Sick #3EELL 3 772 MEA, AL F 231 4 sick

24, 3 541 A negative 34, 29 ST E A 1 A4
KA, K 23 N ZHEAEEMM 6 N EER
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4.1.1 EBRMGF X

Sick B4 #) negative & sick 2509 15 fZLL
KB ADSNNHRS F ¥ Sick FiEE Y sick 35
5PN 2,4,8,16 45, B IR B F negative FFEA
B EH e BB S R R 2.

®2 M Sick EREENSESGR

Sick Class TP FP Precision F-Measure G-mean AUC

ege e negative 0. 997 0. 242 0. 984 0.991 0. 869 3 0.929 4
sick 0. 758 0. 003 0. 946 0. 841

2 fEEHUE negative 0. 993 0. 082 0. 989 0. 991 0.954 8 0.983 8
sick 0.918 0. 007 0. 946 0. 932

4 AHE IR negative 0. 992 0.017 0. 995 0. 993 0.987 5 0. 996 7
sick 0. 983 0. 008 0. 969 0. 976

8 R E I negative 0. 991 0 1 0. 995 0.995 5 0. 997
sick 1 0. 009 0. 984 0. 992

16 {5 REE negative 0. 99 0 1 0. 995 0.9950 0.997 6
sick 1 0.01 0. 99 0. 995

4.1.2 REFIH* KA T CF 4591k 1,2,4,8,16, 32, #%+# Meta-

AR, TP A1 TN B B8 00 negative 5y
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®3 ¥ Sick HEFIHEHSEER

Sick Class TP FP Precision F-Measure G-mean AUC
CF=1 negative 0. 995 0.238 0. 985 0.99 0.870 7 0.918 5
sick 0. 762 0. 005 0. 907 0.762
CF=2 negative 0. 99 0. 199 0. 987 0. 989 0.890 5 0. 922
sick 0. 801 0.01 0. 841 0. 82
CF=4 negative 0. 984 0.134 0. 991 0.987 0.9231 0.931
sick 0. 866 0.016 0. 775 0. 818
CF=8 negative 0. 975 0.121 0. 992 0. 984 0.925 8 0. 933
sick 0. 879 0.025 0.7 0. 779
CF=16 negative 0. 97 0. 108 0.993 0. 981 0. 930 2 0. 939
sick 0. 892 0.03 0. 662 0.76
CF=32 negative 0.97 0.108 0.993 0. 981 0.930 2 0. 939
sick 0. 892 0.03 0. 662 0.76
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Tonosphere Class TP FP Precision F-Measure G-mean AUC
RIG B Good 0. 96 0. 302 0. 85 0. 902 0.818 6 0.878 5
bad 0.698 0.04 0. 907 0. 789
2 5 E B Good 0. 943 0.075 0. 905 0. 924 0.934 0 0.956 1
bad 0. 925 0. 057 0. 955 0. 94
4 FEERUE Good 0. 868 0. 022 0. 944 0. 904 0.921 4 0.953 1
bad 0. 978 0.132 0. 946 0. 962
%5 Xt lonosphere HEEIEERFHEEGRE
Ionosphere Class TP FP Precision F-Measure G-mean AUC
CF=1 Good 0. 969 0. 294 0. 855 0. 908 0.827 1 0.878 1
bad 0. 706 0. 031 0.927 0. 802
CF=2 Good 0. 942 0.27 0. 862 0.9 0.829 3 0. 895 8
bad 0.73 0. 058 0. 876 0. 797
CF=4 Good 0. 911 0. 254 0. 865 0. 887 0.824 4 0.860 5
bad 0.746 0. 089 0. 825 0. 783
CF=8 Good 0.787 0. 151 0. 903 0. 841 0.817 4 0.854 9
bad 0. 849 0.213 0. 69 0.762
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