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Bayesian Discriminant Feature Selection

TANAKA YUSUKE1'® UgDpA NAONORIT? TANAKA TOSHIYUKI'!

Abstract: Focusing on categorical data, we propose a Bayesian feature selection method in which a set of
class-specific features are selected for each class for improving the generalization ability of classification. In
the proposed model, we introduce latent variable to each feature and each class to decide whether the feature
is specific for the class or common in all classes. The latent variables are estimated from given training
data by the framework of the Bayesian inference. Unlike the conventional feature selection methods, this
enables us to obtain class dependent subset features which are effective for classification. We demonstrate
that the proposed method can be superior to the conventional methods in terms of generalization ability
through experiments with synthetic and real DNA data sets. We also show that the proposed method can
obtain higher classification accuracy than Lasso and Support Vector Machine which indirectly realize feature
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# GGTGATGAACTAGTCCAGGTGAGTTGTCAAATTTATAGCTA
S TCAGTGCTGAATGTACAGGTTTGTTTCCTTTTTTAAAATAC
Z GAAAACACTGAAAGAACAGTGAGTATTTCCACATAATACCC
1 TTTGGAAGCAGTATGTTGGTAAGCAATTCATTTTATCCTCT

GAAAGAACTGTGAATTAGGTAAGTAACTATTTTTTGAATAC

4 TGOTGTAAARTATTTTTAGGTATTGGTACTGTTCCTGTTGGC

5 GCARATCTTTTTTCCAAGGTGATTATCCTGAACCATCCAGG

Z TAACTTTTTITTTTAATAGGGCGCTTTGCTGTTCGTGATATG
> CCTGGCTATCTGTTCTAGAATGTCCTGCCTGGCTGTGGCTT
GGGCTGTGTGCATTTCAGACGGGCTGTGCTGAACACTGCAG

01 00000000000 (bNAOOO). oooo 500
DNAOOOOOO. O0D0OO0O0D0O00ooooooooo
oagd.

Fig. 1 Examples of the categorical data (DNA data). Five

DNA samples are represented respectively. Color part

is the features related to the class.
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Table 1 Value of the parameters to sample synthetic data

0000 000 0000 L o By, ab
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Table 2 Accuracy of using each feature selection method (syn-
thetic data)

BDFS NB BS
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87.7+ 0.1 616+ 1.6 622 1.6
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Table 3 Accuracy of each classifier (synthetic data)

BDFS LR+Lasso SVM(L) SVM(R)
datal 96.6+ 1.8 905+ 2.8 794+ 1.9 874+ 23
data2 96.0x 1.1 786+ 46 71.0x 3.0 799=% 3.6
data3 923+ 03 93.1x 34 823% 22 87.0%x 1.9
datad 93.6% 06 91.0x 29 845+ 3.1 90.2% 2.3
datab 87.7%+ 0.1 744+ 25 65.1% 1.9 69.1% 0.9
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Table 4 Test accurary of using each feature selection method
(DNA data)
BDFS NB BS
Promoter 91.6+ 5.2 88.8+ 35 89.4=% 4.5
Splice 95.7+ 1.4 94.7+ 0.7 95.1% 0.7
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Table 5 Accuracy of using each classifier (DNA data)

BDFS  LR+Lasso SVM(L)  SVM(R)
Promoter 91.1% 52 908+ 5.1 79.6+ 4.3 864+ 52
Splice ~ 95.6+ 1.4 958+ 0.6 88.3% 3.5 94.0% 5.2
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