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Abstract

Feature selection is a feature engineering process that aims to select meaningful features from given structured data. As deep
learning technology shows remarkable performance in various fields, deep learning-based research is also actively studied in the
feature selection field. In particular, the concrete autoencoder method, which selects important features by applying a concrete
random variable to the autoencoder, presented excellent performance in the field of feature selection. However, the concrete
autoencoder allows overlap when selecting features and has the problem that data is not clustered by class within a
low-dimensional vector space. In this paper, we propose a new feature selection technique that is based on the concrete
autoencoder technique and can compensate for the shortcomings of the concrete autoencoder technique. The proposed method
considers the covariance of data features in a low-dimensional domain to prevent the redundant feature selection while improving
the clustering quality of samples within a low-dimensional space. The proposed technique showed superior feature selection
performance compared to existing techniques, and its superiority is especially evident for biological data containing genetic
information.
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Dataset Type sa?n:Ifes fe:tl.?rfes clgs(s,:as
MNIST 70,000 784 10
Fashion-MNIST Image 70,000 784 10
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GLI-85 85 22,283 2
GLA-BRA-180 | Biological 180 49,151 4
Prostate-GE 102 5,966 2
COLON 62 2,000 2
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Table 2. Classification accuracy of feature selection methods on benchmark dataset

Measure : mean of accuracy (mean of standard deviation)

Datasets Al features | # O Slected AEFS CAEFS CoCoder
‘eatures
16 0.6727 (0.01) |  0.8213 (0.01) |  0.8193 (0.06)
MNIST (g:is)w 32 0.8336 (0.00) | 0.9284 (0.00) |  0.9202 (0.01)
64 0.9144 (0.00) | 09560 (0.00) |  0.9570 (0.01)
16 0.7738 (0.00) |  0.7967 (0.00) |  0.7997 (0.03)
Fashion-MNIST (8_'33)19 32 0.8341 (0.00) |  0.8439 (0.00) |  0.8434 (0.03)
64 0.8580 (0.00) |  0.8630 (0.00) |  0.8624 (0.02)
16 0.7254 (0.11) | 06176 (002) |  0.7646 (0.06)
CLL-SUB-111 (g:;lfﬂ 32 07843 (0.02) |  0.6470 (0.08) |  0.7451 (0.01)
64 0.7647 (0.04) | 06568 (0.05) |  0.7745 (0.02)
16 06543 (0.01) | 06419 (002) |  0.6728 (0.02)
GLA-BRA-180 (8:33)28 32 0.6543 (0.04) | 06666 (0.04) | 07098 (0.02)
64 0.6605 (0.03) | 06296 (0.05) | 0.6852 (0.01)
16 09358 (0.03) |  0.8333 (0.04) |  0.8974 (0.01)
GLI-85 £§§3 32 09102 (0.01) | 07948 (0.01) |  0.9615 (0.03)
64 0.8718 (0.03) | 07820 (0.07) |  0.9487 (0.01)
16 0.8602 (0.01) | 08172 (003) |  0.8602 (0.01)
Prostate-GE (8_'(7:;'9 32 0.8817 (0.01) |  0.8494 (0.01) |  0.8709 (0.02)
64 0.8602 (0.01) |  0.8494 (001) |  0.8602 (0.01)
16 0.8771 (0.02) | 07895 (0.00) |  0.8771 (0.02)
COLON (8§2;0 32 0.8421 (0.00) |  0.8596 (0.04) |  0.8771 (0.02)
64 0.8771 (0.02) |  0.8947 (0.04) |  0.8771 (0.02)
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