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O 1: Discriminative axes found by FDA and proposed
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0 2: Misclassification rate of linear methods.

Data name min H(Z|Y) LFDA FDA PCA Euclidean
banana 13.64(0.765)[2] | 13.7(0.8) | 38.34(3.066) | 13.99(0.849)[2] | 13.64(0.761)
breast-cancer | 33.90(4.704)(5] | 34.7(4.3) | 34.91(5.076) | 40.71(7.085)[3] || 32.73(4.824)
diabetes 31.98(4.703)[7] 32.0(2.5) | 31.32(2.813) | 38.44(5.019)[4] | 30.12(2.051)
flare-solar 36.50(1.936)[4] 39.2(5.0) | 36.42(1.875) | 48.64(6.920)[5] || 36.47(1.880)
german 34.91(3.024)[7 29.9(2.8) | 32.03(2.577) | 41.83(4.452)[2] | 29.46(2.469)
heart 27.68(3.909)[7 21.9(3.7) | 22.03(4.105) | 46.27(23.894)[4] || 23.16(3.735)
image 5.72(1.712)[7] 32(08) | 22.12(0.860) | 37.33(9.546)[2] | 3.381(0.540)
ringnorm 20.25(1.303)[7] | 21.1(1.3) | 31.72(1.016) | 28.04(5.075)[10] || 35.03(1.362)
splice 31.36(6.958)[2] 16.9(0.9) | 20.35(0.783) | 43.90(4.894)[2] || 28.77(1.524)
thyroid 1.674(2.535)[5] 4.6(2.6) | 17.92(4.888) | 9.05(4.366)[2] 4.36(2.210)
titanic 22.510(1.107)[1] | 33.1(11.9) | 22.53(1.066) | 26.41(8.392)[1] || 22.50(1.057)
twonorm 3.359(0.4241)[13] | 3.5(0.4) | 3.54(0.496) | 7.55(18.770)[3] || 6.68(0.718)
waveform 24.76(3.167)[7] 12.5(1.0) | 18.61(1.162) | 31. 69(18 714)[9] || 15.83(0.654)
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O 1: IDA data specifications.

Data name dim | train(test) data size | set O
banana 2 400(4900) 100
breast-cancer | 9 200(77) 100
diabetes 8 | 463(300) 100
flare-solar 9 666(400) 100
german 20 700(300) 100
heart 13| 170(100) 100
image 18 | 1300(1010) 20
ringnorm 20 400(7000) 100
splice 60 1000(2175) 20
thyroid 5 | 140(75) 100
titanic 3 150(2051) 100
twonorm 20 400(7000) 100
waveform 21 1000(1000) 100
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O 3: Misclassification rate by KFDA and modified
KFDA.

KFDA
33.753(4.9489)

modified KFDA
33.917(5.1108)

Data name

breast-cancer

diabotes 20.474(2.2658) | 29.474(2.2653)
flare-solar 35.608(1.9819) | 36.334(1.8159)
german 28.277(2.2762) | 28.046(2.4585)

heart 21.116(3.7185) | 21.084(3.7831)

ringnorm 2.056(0.4546) 9.739(5.3771)
waveform 11.673(0.7438) | 11.61(0.7425)
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