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| [ positive [ negative [ test data ‘

books 1,000 1,000 4,465
dvd 1,000 1,000 3,586
electronics 1,000 1,000 5,681
kitchen 1,000 1,000 5,945
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| | IDEAL | NONE [ uLSIF | NB REFE
B—D | 0.822 0.806 0.806 0.811 | 0.809
B—E | 0852 0.761 0.756 0.755 0.765
B — K | 0.878 0.845 0.778 0.779 0.785
D — B | 0.831 0.762 0.733 0.745 | 0.741
D—E | 0.852 0.761 0.748 0.753 0.758
D — K | 0.878 0.795 0.773 0.782 0.789
E— B | 0.831 0.712 0.714 0.723 | 0.719
E—D | 0.822 0.722 0.708 0.723 | 0.714
E— K | 0.878 0.849 0.854 0.857 | 0.855
K — B | 0.831 0.713 0.707 0.714 0.715
K — D | 0.822 0.740 0.733 0.723 0.736
K — E | 0.852 0.842 0.847 0.852 | 0.845

| 7 |osa6 [orre [o763  [o0768 | 0.769 |
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B—E | 0852 0.761 0.763 0.760 0.757 0.756
D— B | 0.831 0.762 0.783 0.756 0.732 0.733
E— K | 0.878 0.849 0.836 0.849 0.852 0.853
K — D | 0.822 0.740 0.739 0.743 0.732 0.733

| 7 osa6 orrs orso o777 | 0.768 0.769
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