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haberman | F-score | 0.729 5 0.743 9 0.734 8 0.761 3
G-mean | 0.5215 0.5358 0.4957 0.578 3
AUC 09275 0.892 5 09160 0.957 0
moon F,-score | 0.794 0 0.782 6 0.8336 0.856 3
G-mean | 0.9258 0.886 3 0.9109 0.956 6
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