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Stepwise Optimized Feature Selection Algorithm Based on Discernibility Matrix and mRMR
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Abstract Classification is a common problem in modern industrial production. The classification efficiency and classification accu-
racy can be improved effectively by using feature selection to filter useful information before classifying tasks. Considering the
maximum correlation between features and class and the minimum redundancy among features,the minimal-redundancy-maximal-
relevance(mRMR) algorithm can effectively select feature subset. However,two problems exist in the algorithm mRMR,i. e. , the
relatively large deviation of the importance of the features in the middle and later stages of mRMR,and the feature subset is not
given directly. A novel algorithm based on the principle of mRMR and discernibility matrix of neighborhood rough set was pro-
posed, to solve these problems. The significance of the feature is defined by employing neighborhood entropy and neighborhood
mutual entropy based on the principle of the minimal redundancy and maximal relevance,which can deal the mixed type date bet-
ter. Dynamic discernibility set is defined based on the discernibility matrix. The dynamic evolution of the discernibility set is
utilized as the policy to delete redundant features and narrows search range. The optimized feature subset is given when the itera-
tion is stop by the stop condition given by discernibility matrix. In this paper,SVM,]J48,KNN and MLP were selected as classi-
fiers to evaluate the performance of the feature selection algorithm. The experimental results on the public datasets show that the
average classification accuracy of the proposed algorithm is about 2% more than that of previous algorithm,and the proposed al-
gorithm can effectively shorten the feature selection time on the data set with more features. Therefore, the proposed algorithm
inherits the advantages of discernibility matrix and MRMR,and can effectively deal with feature selection problems.
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11.  DCS<CandiSet(DDS)
12.  a. < BestAtt(R,DCS)
13. R<RU{ay}
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15. if awl € mythen
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18. end for
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20. return R
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EEAHL(MLP) 43 26 4% . 5236 °F- & 4 Ubuntu 15. 10, ffi F
Java 1. 8 42, A H LA FH Weka 3. 8 #2411 API.
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SR X Ly TN S 50 55 SRR AT A AT .
4.2.1 S EAEGLER

R T AT Y A BT AR SR TS [R) AR A 3 9 O TR A
ADRREIZER G248 B B, SVM ZERA | & —Fh
LRPE Y AR J48 S —FR T 45 440 1 43 25 4% kNN J& 3 F IR
94y 24, MLP J&2 —Ff A TH &M%, H i, SVM Al
MLP #§ 2G8 B 4% 8 e B B0 1 ARR A5 e 5 2 7 6
J— 200, 1) ZIn 4L B kA BE Bl . J48 fE 4y 2t B P
BEXTEE R AT R 2 . A5 RTINS B b A SR AR
1) d5e PR 5 B L I = 1 7R

(1)SVM 4324k

B SVM #iA74r K s Rk 2 sl 3%k 2 ITLLE
1, SOFS-D 835 Fl SOFS-N 5k 48 SVM I (11 34 43 J9K5 i
Bik 8T 76. 8% 77% A HAL R E T 2%,

F2 RRIERBEE PR SVM L0 43 RS B 1Y Ho g

Table 2 Accuracy comparison of feature selection algorithms

on SVM
G fiz 950
Data Set Origin Rerank  FARNeM SOFS-D  SOFS-N
anneal 91.871 84.410 91.314 91.203 91.425
arrhythmia 54.204 55.752 56.637 57.522 56.637
audiology 44. 248 60.177 53.540 60.619 61.504

breast-cancer 70.629 71.678 70. 280 70. 280 70. 280
cylinder-bands 60. 741 58.519 60. 000 62.222 61.111
german_credit 71. 800 71.000 71.100 73.100 73.100

glass 47.664 49.533 49. 065 47.664 48.131
heart-statlog 83.704 82.963 83.704 84.074 84.074
hepatitis 80. 645 82.581 81.935 81. 290 81.935
horse-colic 84.239 81. 250 — 84.239 84.783
ionosphere 86. 895 88. 319 89. 459 87. 464 89.744
vehicle 61.111 50. 946 63.239 62. 648 63.475
vote 95.632 95. 632 - 95.632 95.632
wdbe 94.903 95.079 95.431 95.782 95. 606
wine 97.753 98.315 97.753 98.315 98.315
Average 75.069 75.077 74.112 76. 804 77.050

(2)]48 424k
J48 Ay KRR G5 AN 3 g, AT LAF L7 J48 43
HeB L, SOFS-D 8 v Fil SOFS-N 88 10 40 250K BE 42 &5 3
T 82k kLB A S Rt AR TR,
%3 FRERFRE AR JA8 b4 ORI 0 L R

Table 3 Accuracy comparison of feature selection algorithms on J48

A2 %)
Data Set Origin Rerank FARNeM SOFS-D  SOFS-N
anneal 98. 441 96.771 98. 664 98. 441 98.552
arrhythmia 64.381 69. 248 61.726 69. 690 68.363
audiology 77.876 76.991 73.451 77.876 76.991

breast-cancer 75.524 72.727 74.476 75.524 75.524
cylinder-bands 72.037 65.556 69. 444 70.556 70.741
german_credit 70.500 71.100 73.200 73.200 71.700

glass 66.822 69. 159 68. 224 67.757 69. 159
heart-statlog 76.667 80.741 80.370 78.519 80. 370
hepatitis 83.871 80. 645 80. 645 84.516 83.871
horse-colic 85. 326 81.522 - 85.598 85.598
ionosphere 91.453 91.738 91.738 92.877 92.308

vehicle 72.459 68. 440 72.931 73.404 72.813
vote 96. 322 95.632 - 96. 322 96. 322
wdbe 93. 146 93.322 94.903 94.376 94.552
wine 93. 820 93. 820 94. 382 94.944 94.944

Average 81.243 80. 494 79.550 82.240 82.121

(3)KNN 4245 1
KNN 732288 R 45 SR an 55 4 pr ), [l oy 5 40 3 8
R SOFS-N 51378 kNN 33 1 i R UL 76 JL-7 Jr A 4L
PE4E FAA T, 8 HAE arrhythmia, hepatitis F1 ionosphere
SRR TR 2 3 L L
F4 FRAREFESIATE KNN b ) JORE BE Y Lo %

Table 4  Accuracy comparison of feature selection algorithms

on kNN
CEAz: %)
Data Set Origin Rerank  FARNeM SOFS-D  SOFS-N
anneal 96. 882 96. 214 98. 552 98. 330 98. 330
arrhythmia 57.743 65.708 59.071 65. 044 63.274
audiology 68.584 68. 142 64.602 70. 354 69.912

breast-cancer 73.776 72.028
cylinder-bands 69. 259 63.148
german_credit 73.300 70.900

73.776 73.776 73.776
73.148 71.667 71.111
72.300 72.600 73.200

glass 71.963 73.364 72.430 72,430 71.963
heart-statlog 78.889 78. 889 81.111 81.481 80. 000
hepatitis 81.290 79. 355 81.935 82.581 84.516
horse-colic 81.250 79.076 - 83.696 82. 880
ionosphere 86.610 87.179 89. 744 90. 883 92.877
vehicle 71.513 59.574 70.922 71.986 71.986
vote 92.644 94.713 - 92.874 93.103
wdbe 96. 837 95.431 97.364 97.188 97. 364
wine 94. 944 97.191 96. 629 97.191 96. 629
Average 79.699 78.727 79.353 81.472 81.395

(4HMLP 5r 245 51
MLP 73 2& 85 9 MR 45 R e 5 g, 3R 5 Wl LIA
Hy ARSI I 2 03 JERG BE G 5 D 82. TY0 RN 8306, i T
U752 U0 4R A0 5300k R 5 412 ) A e ) S0 1
F£ 5 PHEEFERELE MLP BB 20 JOR I 09 L g

Table 5 Accuracy comparison of feature selection algorithms

on MLP
CHLAE . 20D
Data Set Origin Rerank  FARNeM SOFS-D  SOFS-N
anneal 98.998 94. 989 99.109 99. 220 99.109
arrhythmia 67.257 67.920 62. 389 67.478 65.929
audiology 83. 186 76.549 72.124 79. 204 79.204

breast-cancer 64.685 73.077 66. 084 66.084 67.133
cylinder-bands 75. 185 65.556 71.667 73.704 74.259
german_credit 71.500 73.500 72.400 72.500 74.200

glass 67.757 62.150 68.224 66. 822 69. 626
heart-statlog 78.148 78.519 80. 000 81.481 81.852
hepatitis 80. 000 81. 290 81.935 82.581 83.226
horse-colic 80. 435 80. 163 — 84.511 84.239
ionosphere 91.168 91.738 92.593 93. 447 92.877

vehicle 81.678 67.730 81.206 84.161 83.924

vote 94.713 94.943 - 95.172 94.483

wdbce 96. 309 96. 661 97.540 96. 661 97.540
wine 97.191 99. 438 98. 315 98.876 98.315
Average 81.881 80. 281 80.276 82.794 83.061

25 TR AR SO L+ Rerank 835, f# | mRMR 1
N EEE R Rerank J5 i BARTE mRMR J5 ik i B Al b3 i 7
Herp e 5 T AR YR 1 L (B2 3 MARAS Fff e mRMR £ )5
SO108 Je8 e R R A O A 8 9 ) [) AL I R X — s B
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SRR A3 26 4F B RO IR AG L DA T T R 2 R 57 4 TUAR (AR G
R E B, F AR SO T Rerank ik,

FARNeM %7 horse-colic 1 vote S 4 A fEfs
2y a7, 3X A R A 3k A HOHE 4B 1 AT ] B — @ k5 A R R
ANEIR 0L BT AT R sh vk . 53 Ah, o T LR M o Y
IR R METT A R R R S R A B M L T B R
fRFASCR Y, SRas REH MR IE S mRMR JE Y
S A RARTE TR BRI T T

F A6, SOFS-D #E SVM 43 28 48 [ 1Y £ 3 SOFS-N 2%,
X F SOFS-D iy 2 B % 3 03 3 #0980 3R
BUEBHRNERA — B E MR KM SVM A I & — 4
EABMEBIER /28, SOFSD 76 J48 432 % i R M &
U T J48 R AR AR Bt LB AL BLAF 5 8 1 L Bk SOFS-D
TS RE T EEEN RS S RERE RIS H
WA T8 e RS B

DG & M

R T T g A AR SCBE R I A R . FRATTR A Wilcoxon
PSRRI 817 e 31 M . Wilcoxon 45 5 Bk 45 &
— RS RO 56 A K (A /N T A 1 B KT A T4 W
By 4 A4 TR TR A AR, L Y SRR 0 A D R B
Pt T L b A IF B S A5 I 43 2ORG BE AR AR SRR L T A%
BB A A SCRE B, B, YR I /N T 45 E 1Y W35 K
SR 4 48 AR B [ IR BH AR SCHE i LA A st . Wilcoxon
PSR I MR IR 25 R sk 6 K 7 Fiol.

MK 86 25 R A TG L 7F B3 KF «=0. 05 B4 F . SOFS-
N 7 ¥ 8 3% 0 F J74f B3 . Rerank J7 3 A1 FARNeM J5 ¥,
R FEKFE «=0.1 4T, SOFS-D Jr it 8 48 T Bk
¥ \Rerank Jy A FARNeM Jrik. 54, AT AT L & B
SOFS-N 75 3 il SOFS-D J7 3 19 2= B 524k % A . R A &
A 22 T A8 AL 1) A 60 445 SR A O 106 B 7 A 22 i) A S Y £
H2Z2hr. HIL R R R 58 A R AR R RN
SOFS-D 1 ¥k » 3% B A 23 % 25 3 v K K5

2 6 DNMFS i1 Wilcoxon 55 Fk K6 4 45 1
Table 6 Wilcoxon rank sum test results of SOFS-N
Classifier Origin Rerank FARNeM SOFS-D
SVM 0.00159 0.01802 0.006 74 0.15403
J48 0.02273 0.00321 0.01010 0. 74756
KNN 0.00105 0.007 54 0.02731 0.694 94
MLP 0.02768 0.02063 0.00126 0.22563

# 7 NMFS 1§ Wilcoxon 445 Bk K 16 45 5

Table 7 Wilcoxon rank sum test results of SOFS-D
Classifier Origin Rerank FARNeM SOFS-N
SVM 0.00674 0.05399 0.07439 0.86890
J48 0.01469 0.00623 0.01191 0.28166
KNN 0.00159 0.00347 0.01055 0.33307
MLP 0.03186 0.02582 0.00718 0.79278

4.2.2 S EEZE R4 mRMR F k6% a

h T — 2R 5T KRS £ HR O 35 0 51 A R i mRMR
05 RS A TR 4 o T ARk R R AE A B 4 RS B ol
LKL 3.8 4 B, B4 1 T SOFS-N #il SOFS-D 45
SR

H F SOFS-N fil SOFS-D J& 7 7 45 1 S5 1 iy, i i 2
SURE B 35 45 1b S R e B M A B G B Y B B M B 10
P1 28 X 32k B I Pk IR /D ) — RIS E R D L T mRMR i 26 )
ek B 3B IE EA S, ti & 3. 4 WA, SOFS-N A1 SOFS-D
JTHEBE AT LA RRAE 19 BT SR BT mRMR, X R T Fil-
ter REAEBE £ 7 IR B 0, B2 Filter RRAF 8 £ 07 AR A
LA B A8 36 IE St i S S 28 0 R AR A B T AR SC R RS
e H 3] 328 20 T R A AR AL L X R R R A AR S A5 L T O A
] L e o AR AE . b Ah AR SCBRTR RB S B AT 45 1k O HE BR 4
TUAR BURRAE 082 T 28 S IE BT 5 155 9 R E 48 A B el
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Fig. 3 Relation between classification accuracies and number of
feature on data set anneal
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Fig.4 Relation between classification accuracies and number of

feature on data set wdbc
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FE R AE 8] i 3 2 22 ) 4 AR B R B AR — 2 1Y I
R T ARG B B 0t AR 4 B IR AT N A ST L 5 R R
mRMR 8 i K H R H G843 5 1 mRMR CRLF i FR
mRMR-ND)#EAT T 535 8 47 B 8] 09 % L, 35 45 1 7 0 FH 3 25
74 P 45 J5 B B N L (SpeedUp) , 5% 8 A5 9 fr3l,

MR 8RR 9 v LIE M, e 2 BHE AR R AR B0 9 18 i, A
SCEIE Y B A H R B mRMR A T 80 B iR T L ox A
i T Bl A5 A 18 2 i R ) 5 2% Je8 M R O 4 1B O Y R 1 R A Ak
BFHL . S H O 8 2 B REAE B 2 0 TUAR AR, T AR
SCH I RE A A AR Rt T A AR AE DT 46 SR 1998 4T Tl
[F] B o ZEARFAE A B DL T AR SCR IR RE RS SO A — 2 BB Y
B &R IR N Ry 2 A 22 0 48 ARG 0 T A A Y e TRD T A
TEH0/0 1 50308 4 U4 FR AR AL 5 /0, 2l 245 4 8 4 10 30RO R B
. PR, AR SR T A A T 4R A

# 8 SOFS-DH mRMR A5 3 i 8] & 4% BE /) % L
Table 8 Comparison of time complexity between SOFS-D and

mRMR

Data Set mRMR/ms  SOFS-D/ms SpeedUp Feature Count

breast-cancer 8 44 0.182 11
glass 13 12 1.083 11
heart-statlog 13 29 0.448 15
wine 10 8 1. 250 15
vowel 164 205 0. 800 15
vote 26 54 0.481 18
vehicle 162 493 0.329 20
hepatitis 15 14 1.071 21
german_credit 171 1166 0.147 22
horse-colic 71 201 0.353 24
autos 61 177 0.345 27
wdbe 297 284 1. 046 32
ionosphere 493 215 2.293 36
cylinder-bands 364 1517 0. 240 39
anneal 4292 4218 1.018 40
audiology 808 597 1.353 71
arrhythmia 62357 6303 9.893 281

%9 SOFSN 5 mRMR-N {45 1 i 8] 5 42 B 19 ) 1

Table 9 Comparison of time complexity between SOFS-D and

mRMR-N

Data Set mRMR-N/ms SOFS-N/ms SpeedUp Feature Count
breast-cancer 123 163 0.755 11
glass 84 94 0. 894 11
heart-statlog 334 420 0.795 15
wine 108 72 1.500 15
vowel 4331 4413 0.981 15
vote 1797 1506 1.193 18
vehicle 7062 6341 1.114 20
hepatitis 266 242 1. 099 21
german_credit 11949 12973 0.921 22
horse-colic 2177 2507 0. 868 24
autos 814 379 2.148 27
wdbe 10643 6599 1.613 32
ionosphere 5083 2180 2.332 36
cylinder-bands 18344 12194 1.504 39
anneal 92075 32728 2.813 40
audiology 23672 3233 7.322 71
arrhythmia 4350689 167987 25.899 281
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