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Motivation

High dimensional data
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Feature selection - background

o Feature Selection techniques select a subset of features
from the input which can efficiently describe the input data
while reducing effects from noise or irrelevant features and
still provide good prediction results.
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Feature selection stability - background

o problem of feature selection stability

o FS stability - the robustness of the feature preferences of FS
algorithm to differences in training sets drawn from the same

generating distribution [Kalousis et al, 2007]
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Figure: 100 runs of FS algorithm. FS selects 100 out of 7129 features in each run.
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Feature selection stability - background

Feature selection and stability of FS — simple example

Assume database of N samples and 10 features (f1, 2, f3, f4, 5,
f6, f7, £8, f9, f10).
GOAL: Select 5 most significant features.

Run FS algorithm X with output : f1 f3 f4 {7 9
Run FS algorithm X with output : f2 f3 f4 {6 {8
Run FS algorithm X with output : f1 f2 f4 {8 f9
Run FS algorithm X with output : f1 f3 f4 7 8
Run FS algorithm X with output : f2 f6 f7 {8 f9

Which features are really significant and how they influence
prediction?
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Feature selection methods

Feature selection techniques:
o t-test FS (univariate)

o ANOVA (univariate)

o Bhattacharyya distance (univariate)
o entropy (univariate)

o MRMR - MID

o MRMR - MIQ

o linear SVM

o iterative Relief

o LASSO

o tree
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Experimental databases

Biomedical datasets:

Dataset name source # samples # features
B2006 Burczynski [1] 127 22,283
C2006 Chowdary [2] 104 22,283
G1999 Golub [3] 72 7129
G2002 Gordon [4] 181 12,533
D2013 Drotar [5] 75 204
12014 Tsanas [©] 126 309

Stability of FS algorithms

P. Drotar (Brno University of Technology)



Numerical results

t-test ANOVA Bhatt entropy MID

100 | 100 100

) 80 80 80
=
@
=

g 60 60 60
=

= 40 40 40
(8]
@

& 20 20 20

0 0_].1 | 0

7129 1 7129 1 7129 1 7129
MIQ linSVM iRelief LASSO trees

100 100 100 100 - 100

& 80 80 80 80
@
=

g,' 60 60 60 60
=

2 40 40 1 40 1 40
(&)
Q
[

v 20 20 20 20

0 0 ‘I 0 0 0

1 7129 1 7129 1 7129 1 7129 1 7129

Feature index Feature index Feature index Feature index Feature index

P. Drotar (Brno University of Technology)

Stability of FS algorithms




Numerical results

o Stability measure:
o Kuncheva index [Kuncheva, 2007]
o Weighted Consistency index [Somol et al, 2010]

Table 2: Stability for different FS methods measured by Kuncheva index «

dtb t-test ANOVA Bhatt entropy MID MIQ InSVM iRelief LASSO Tree

B2006 0.67 068 066 079 054 045 039 040 0.61 047
C2006a 0.71 0.71 068 0.65 048 037 034 046 048 0.5]
C2006b 0.63 063 0.73 079 058 054 062 056 055 054
G1999 0.71 071 0.71 078 0.65 048 0.65 0.45 0.59 0.54
G2002 0.77 078 0.78 083 0.73 050 046  0.65 0.66 0.59
T2003 045 045 046 0.68 035 029 0.13 0.46 041 0.25
D2013 043 042 040 045 054 046 050 037 055 0.36
T2014 0.70 0.72 067 090 066 0.64 049 0.53 0.80  0.57

average 0.63 0.64 0.64 0.74 057 047 045 0.48  0.58 048
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Numerical results

Table 3: Stability for different FS methods measured by weighted consistency CW

dtb t-test ANOVA Bhatt entropy MID MIQ 1inSVM iRelief LASSO Tree

B2006 0.67
C2006a 0.71
C2006b 0.63
G1999  0.71
G2002  0.77
T2003 0.45
D2013 0.71
T2014 0.79
average (.68
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Numerical results
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FS stability as a function of number of selected features
Stability measure : relative weighted consistency index
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Numerical results

o FS similarity
o Similarity measure : intersystem Kuncheva index

Table 4: Similarity of FS techniques expressed by intersystem Kunacheva index 7x. G1999 database.

ES t-test ANOVA Bhatt entropy MID MIQ inSVM iRelief LASSO Tree
t-test 096 087 0.16 059 042 052 020 060 0.59
ANOVA || 0.96 0.88 0.16 0.58 042 051 0.19 059 0.59
Bhatt 0.87  0.88 020 0.62 044 044  0.18 057 0.60
entropy || 0.16  0.16  0.20 026 023 008 004 0.14 0.l6
MID 0.59 058 062 0.26 071 035 020 044 049
MIQ 042 042 044 023 0.71 032 0.17 034 0.38
IinSVM |} 0.52 051 044  0.08 0.35 0.32 0.36 042 0.36
iRelief || 0.20 0.19 0.18 0.04 020 0.17 0.36 0.27 0.21
LASSO [ 0.60 0.59 057 0.14 044 034 042  0.27 0.51
Tree 0.59 059 060 0.16 049 038 036  0.21 0.51
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Numerical results

o FSinfluence on prediction accuracy
o Accuracy measure : Matthews correlation coefficient

Table 6: MCC performance

dtb classifier t-test ANOVA Bhatt entropy MID MIQ I1inSVM iRelief LASSO Tree

B2006 Ada 91.6 914 934 0909 949 944 937 894 936 934
C2006a Ada 78.0 785 795 781 938 813 781 67.8 76.5 80.7
C2006b Ada 9.4 806 964 944 942 964 921 70.1 78.8 784
G1999 Ada 929 948 975 973 945 973 938 964 965 964
G2002 Ada 977 975 977 959 977 100.0 100.0 922 967 964

T2003 Ada 354 9777 322 448 982 353 31.7 236 255 271
D2013 Ada 199 369 27.1 494 56.6 6l.1 6.4 554 488 563

T2014 Ada 784 700 736 694 709 721 3505 69.7 70.9 69.5
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Conclusions

o entropy based FS appears to be the most stable FS

o Features selected by mRMR techniques helps to achieve
highest prediction accuracy
o however accuracies are comparable
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