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Abstract For small samples, the common machine learning algorithms may not obtain good results as
the feature dimension of small samples is often larger than the number of samples and some irrelevant
or redundant features are often existed. It is an effective way to solve this problem by reducing the
feature dimension through feature selection. This paper proposes a filter feature selection method
based on mutual information for the small samples. First, the criterion of feature grouping based on
the mutual information is defined. Both the correlations between features and the class and the
redundancy among different features are considered in this criterion, according to which the features
are grouped. Then those features that have maximal correlation with the class in each group will be
chosen to compose a candidate feature subset. Meanwhile, it is ensured that the time complexity of
this algorithm is low. After that, the feature selection method based on feature grouping is combined
with Boruta algorithm to determine the optimal feature subset automatically from the candidate feature
subset. In this way, the feature dimension can be reduced greatly. Compared with the five classical
feature selection algorithms, experimental results on benchmark data sets demonstrate that the feature
subset selected by the proposed method has better classification performance and running efficiency on

three kinds of classifiers.
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Table 1 Datasets Used in the Experiments
F1 ZTWHEE

Data ID Dataset # Instances £ Features # Classes Data Type
1 ALLAML 72 7129 2 Biological
2 Carcinom 174 9182 11 Biological
3 GLIOMA 50 4434 4 Biological
4 lung 203 3312 5 Biological

5 orlraws10P 100 10304 10 Image

6 pixrawl0P 100 10000 10 Image
7 Prostate_GE 102 5966 2 Biological
8 SMK_CAN_187 187 19993 2 Biological

9 warpAR10P 130 2400 10 Image

10 warpPIE10P 210 2420 10 Image

11 Yale 165 1024 15 Image
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BELE R A SCHY MIFS-Boruta 453 5 CMIM!,
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45 AIE 18 5 B Bk 3R AT 'L B CMIM, ICAP,

infomax feature extraction)t!,

CIFE, L1MI Jy i 2 3 T {3 £ B 0 2 08 80 5 7
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Table 2 Feature Selection Results Under the Combinations of Different Feature Selection Algorithms and Boruta Algorithm

R2 FRFBMEEHEZES Boruta HiZHSHFEIRFER

Dataset m k CMIM ICAP CIFE mRMR L1MI MIFS
ALLAML 7129 150 23 16 2 56 63 50
Carcinom 9182 200 178 165 29 187 175 137
GLIOMA 4434 120 23 6 7 33 31 26

lung 3312 120 120 109 18 120 110 93
orlraws10P 10304 200 173 168 164 170 172 172
pixrawl0P 10000 200 196 92 93 200 186 200

Prostate_ GE 5966 150 20 27 8 22 30 28
SMK_CAN_187 19993 300 18 22 9 20 14 26
warpARI10P 2400 120 74 65 64 68 116 70
warpPIE10P 2420 120 110 114 114 120 120 120
Yale 1024 50 31 50 21 35 28 27




2326

HENLI S &R 2018, 55(10)

AN TFVE i 4R 45 R AIE 358 8 0 1k 1 B A R AE A2 i
TR TR 2 Br BB J2 Boruta, iU A SCFR 1y
T 4 FRABAE W T -Boruta.

& 2 AT DL A 1 4R AIE S B 0k I 3+ 1)
RRAE A BIGI /N T S5 06 R AE 4E B2 die 2356 I RRAE
ANBCAh B /N BE R AE S8 CIFE Bk 7E 8 4k
P4 LA 2] T fe D R AE AN 2, ICAP Fl CMIM 35

B3 AE 2 A H T AN B AR U T D I RRE A
B AR S MIFS J5 25 i ik i 0 REAE A B0 5 A58
£ |/ F LIMI il mRMR. 4 %4 -/ F CIML

5 FP B 43 il Al Boruta 5595 4 5 19 4 AE 2 %
FIEARENW 5 DNREFE D FER S5 MIFS-
Boruta 553 T 356 43¢ E AH [7] ) 48 415 o A [R] 4 40E 09 4> %k
WmE 1 R .

g . £ 400 ¢ 8 60l
g sor =l * § 300 -
P60+ 21 15 1 = =40t o 95 28
= 2 1 1 S 900 1638 149 13l 159 15 | . 6
5 40| 48 21 13 5 28 5 1 1 1 3
8 o) | 4 2 100l BH 1 iH L0 s €20 g
é 20 29 37 2 122 121 136 93 121 E | 25 25 25 18 23
0 0
CMIM ICAP CIFE mRMR LIMI CMIM ICAP CIFE mRMR LIMI CMIM ICAP CIFE mRMR LIMI
(a) ALLAML (b) Carcinom (c) GLIOMA
, 300 , 500 .
< < < -
8200} < 300 | e
3 r114 [ 104 . o0 e 171 1678 163[8 140[8 163 5 300 [ 185 ol 169 [ 182
5 17 5200 - o 92
8100} 4 = = ., - 8 2 1 i 9 B200} 11 1 1 31 4
E L g7 8 92| | g 82 £100 Figo| [1m1| | 17| | 151 | 163 £ 100 F1ss| | 199] | 199] | 169 |196
& 0 & 0 “ 0
CMIM ICAP CIFE mRMR LIMI CMIM ICAP CIFE mRMR LIMI CMIM ICAP CIFE mRMR LIMI
(d) lung (e) orlraws10P (f) pixrawlOP
. 80 , 60 , 200
(o) (o) 8
2 6o} g £150
§ § 40 18 § 104
5 a0t M = <M ? I sl ol s100f "M o2l sl 5
8 2 2 i 5 1 5 90| ‘H * ! 7 8 3 3 1M uE e
S | S r kS |
é 20 % o 27H . o é | 29| | 22 25 19 26 § S 67 69 59 58
0 0 0
CMIM ICAP CIFE mRMR LIMI CMIM ICAP CIFE mRMR LIMI CMIM ICAP CIFE mRMR LIMI
(2) Prostate GE (h) SMK_CAN 187 (i) warpAR10P
£300} £ 60
§ 200 | § 40 41 Il Comparison Method
§ L 998 103 113[8 90[ 106 "é | 22 20 23 19 1 Both Two Methods
gloo = IR B B AT g sl ol L1 ] ol | o 3 MIFS
E L109[ | 109| | 119 90| | 106 2 L is 18 2 5 18

CMIM ICAP CIFE mRMR LIMI
(j) warpPIE10P

Fig. 1

CMIM ICAP CIFE mRMR LIMI
(k) Yale

The comparison of the same features selected by MIFS-Boruta algorithm and other algorithms
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Table 3 The Running Time of Different Feature Selection Algorithms

R3 TREHEEFEREITHE s
Dataset MIFS CMIM ICAP CIFE mRMR L1MI
ALLAML 0.27 0.28 19. 39 19.07 6.31 166. 55
Carcinom 0.42 0.49 50.79 50. 74 12.09 44.90
GLIOMA 0.20 0.27 11. 66 11. 26 3.54 24.27
lung 0.22 0.07 2.73 2.64 0.72 67.35
orlraws10P 0.43 0.54 42.23 41.77 11.09 76. 21
pixrawlOP 0. 44 0.42 35.55 34.91 9.58 71.07
Prostate_GE 0.25 0.25 18.90 18. 31 5.55 956. 11
SMK_CAN_187 0. 80 0.42 92.41 92. 64 27.16 166. 55
warpAR10P 0.30 0. 60 11.59 11.37 2.83 24.21
warpPIE10P 0.12 0.63 15.01 15.18 3.49 50. 89
Yale 0. 40 0.50 12.59 11.57 3.13 34.49
Average Time 0.35 0.41 28. 44 28.13 7.77 152. 96

2.4 EFEFENSEMEBRIER
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Table 4 Classification Error Rate on SVM Classifier

F4 SVMHERBLEHHSRBIRE %

Dataset CMIM ICAP CIFE mRMR L1MI MIFS
ALLAML 1.25%0 1.25+3.95 23.39+7.62 1.25+4.52 1.2644.52 1.25+3.95
Carcinom 5.13+2.78 5.16+3.19 12.554+5. 56 4.00+2.78 5.10%2.62 5.16+3. 24
GLIOMA 14. 0040 36.00+9. 66 32.00+11.35 10. 008, 43 16.00+6. 32 10. 00£9. 66
lung 2.90+0 1.98+3.15 5.93+4.01 2.00+2, 37 5.90+3.04 2.45+1.57

orlraws10P 1.0044. 22 7.00+6.75 8.00+6. 66 3.00+4, 22 1.0043.16 0.01%0
pixrawl0P 1.00+4. 22 7.004£5. 27 14.00+£5. 68 0.01%x3.16 4.00+4, 22 1.00+3.16
Prostate_GE 2.91+4, 22 1.82+4.18 7.64+5,29 5.91+3.12 3.70+5.02 2.91+4.18
SMK_CAN_187 23.40+4. 26 23.90+5. 22 21.00+4. 69 18.70+4.70 25.10+5. 30 19.3044.72
warpAR10P 13.80+6. 07 21.50+6.28 36.15+6. 74 9.20+3. 24 5.40+4. 37 3.80%3.97
warpPIE10P 3.33+2.30 0.48%2.30 3.40+0 1.9042. 30 0.95+2.30 2.38+2.46
Yale 51.50+7. 22 47.30+4. 26 48.05+6. 20 38.27+6. 20 25.00%6. 20 40.70+6. 99

Average Error 10. 93 13.94 19. 28 8.57 8.49 8.09

W/T/L 7/3/1 6/2/3 11/0/0 3/2/6 8/0/3
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Table § Classification Error Rate on Decision Tree Classifier
x5 REWMOER LIRS ERIRE %
Dataset CMIM ICAP CIFE mRMR L1MI MIFS
ALLAML 8.40+6.63 6.80+7.10 22.204+7.10 1.40+5.88 1.4044. 45 1.30£5.96
Carcinom 6.40+4.09 6.75+5.75 18.40+6. 86 5.10x5.01 6.30+5.59 5.10x5.19
GLIOMA 18.00+4. 09 32.00+8.43 22.00410. 54 16.00+10. 54 20.0041. 40 12.00%11.35
lung 4,50+4.09 5.40+4. 36 7.4043.82 4.401+3.46 6.80+5. 26 4.4014.04
orlraws10P 3.00+4, 22 9.00+6.99 15.00+7.07 3.00+4. 83 1.00£6. 32 1.00£5.68
pixrawl0P 1.0044. 22 4.00+4, 22 4.00+4, 21 0.01%+3.16 2.00+14.83 1.00+3. 16
Prostate_GE 5.90%4. 64 6.00+4,73 8.80+4.09 5.90%4.93 7.60+6.42 6.90+4,73
SMK_CAN_187 26.30+4.75 27.90+£5. 21 29.404+4.56 25.70%x4. 85 32.0045. 54 27.2044. 36
warpAR10P 26.20+5.68 42.30+7.07 53.80+5. 38 20.80+6.33 11.50%6. 49 25.00+6.74
warpPIE10P 4,30£5.12 8.60+4,02 5.20+5.85 2.90+4. 63 1.90+5.24 2.40+4,92
Yale 48.50+8.58 49.00+4. 68 49.10+£5. 11 47.30+£6.00 36. 60+6. 31 43.00+6. 61
Average Error 13. 86 17.98 21.39 12.05 11.55 11. 75
W/T/L 8/1/2 10/0/1 11/0/0 5/2/4 71/3
Table 6 Classification Error Rate on CNN Classifier
F6 KNNOEFLEWIERBRE %
Dataset CMIM ICAP CIFE mRMR L1MI MIFS
ALLAML 2.68%5.96 6.60+8.83 2.68%7.18 4.11+£5.27 5.54+3.95 3.934+3.95
Carcinom 24.20+3. 86 23.6043.71 33.9246.61 15.00£3. 24 16.80+2. 94 17.19+2.78
GLIOMA 20.00+3. 86 20.00+11. 35 22.00410. 54 18.00%11.35 24.00410. 54 18.00%6. 32
lung 9.80+3.86 10.50+3. 11 5.931+4.74 8.90+3.33 7.80+3.12 7.30+2.12
orlraws10P 17.00£4. 22 28.00+6.67 33.0044.71 20.004+4. 22 13.00+£3.16 20.00+0
pixrawl0P 1.00+4. 83 0.0144. 83 1.00+4. 22 3.00+3.16 6.00+4, 22 0.00£0
Prostate_GE 5.90%4. 14 5.90%5.40 12.54+6.89 8.73+4.31 8.8244. 31 6.80+4. 64
SMK_CAN_187 23.50+4.68 24.10+4. 64 26.7445.51 28.30+3.36 26.8045.09 27.2043.88
warpAR10P 40, 8046.07 48.504+6.33 58.4646.74 24,6045, 38 22.30+4.37 26.2047.65
warpPIE10P 19.05+2. 01 27.6242.01 26.0343.17 15.24+2.30 21.4342.46 12.86+2.51
Yale 61.40+6. 30 51.804+6.43 51.7345.46 48.00+7. 94 45.30+7.65 42.50%+7.31
Average Error 20. 48 22.42 24.91 17.63 17.98 16. 54
W/T/L 7/0/4 9/0/2 8/0/3 7/2/2 7/0/4

M 4 AT LLAE L FEA ] SVM AR 43 26 d i)
MIFS BE7E 4 DR B IS T 0y 40 28 4 iR
R I V35 o FE DR AL E WT/L F8 45,
MIFS B LBR T /Mg % )5 T mRMR Bk 48, 0T
FoAth 77 5. Bt MIFS 83006 3 1 i R AR T 45 4 SVM
Gy 1 R R AT

MR 5 A LLE 76 0 D 5 B A 4 25 AR s
MIFS 578 5 s 46 1 B T eI or K4 1R
RGP AR B 1 — 2. X TR Ay A R R
MIFS Bk BUAG T5 2 24 US55 1 44H2E 0.2

A3 a5 0E WIT/L #6545 . MIFS Bk B4 T Hopth 5 3%

MF 6 AL L MIFS 5335 78 KNN 732648 I
IrBIAE 4 A K 4R b O T R AR 2 2R B R AR T
WG T iR 0 B R T AR 2 44 1. 09
ARG N WITIL $8 45 K & - MIFS 503k W AR L
FHARTT i it MIFS 553k 26 i 5 458 Ak 1 46 e
KNN 5 dn [ HA 4973 FEPERE.

25 b A Al fi TR BB SR ) AL TR R
KNN =Ff7p 2 grihf . MIFS J5 ik #8 BUS 1T AR 45 69 7
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