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Abstract: mbalanced data ts have always been regarded as presenting significant difficultieswhen gpplying mar
chine leaming methods to real-world pattem classification problans A Ithough various approaches have been pro-
posd during the past decade, limitations are mposed by many real-world mbalanced data sts, and asa reault, a
lot of further research is currently being done In thispagper, we provide an up-to-date survey of research on mbal-
anced pattern classification problans W e first took a degp look into the problams that imbalanced data sets bring,
and then we introduced different kinds of ®lutions in detail, with their representative gpproaches Finally, using
three real mbalanced data sets, we compared the performance of sme typical methods including re-sampling, cost
sensitive learning, training et partitions, and the perfomance of classifier ensambles In addition, topics such as
evaluation indexes and future areas of research were al® discussed

Keywords machine leaming imbalanced pattern classification; re-sampling, cost snsitive leaming, task decom-
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Table4 Performance camparison of different methods

%

TPR TNR BA AUC
Cs 0 78 5 80 2 79 9 87. 43
CS/M 80 3 8L 8 8L 1 87. 98
Rooftop C5 0 + MOTE 79 9 80 1 80 0 88 22
CS/M + MOTE 8L 3 80 4 80 9 87. 87
M3 - S/M 8L 6 8L 4 8L5 89 28
Cs 0 82 6 85 8 84 2 90 39
CS/M 84 9 85 5 85 2 93 93
Park C5 0 + MOTE 84 3 83 8 84 2 90 96
CS/M + MOTE 85 4 851 85 3 94 10
M3 - S/M 87. 2 877 87.5 94 54
Cs 0 61 5 59 6 60 6 66 84
CS/M 59 0 58 8 58 9 64 25
Abalone C5 0 + SM0OTE 64 5 62 4 63 5 69 53
CS/M + MOTE 62 7 63 3 63 0 68 00
M3 - S/M 67 5 66 4 67 0 72 67
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