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Abstract: Feature selection is an NP-hard problem that aims to improve the accuracy of the model by eliminating irrelevant or
redundant features to reduce model training time. Therefore, feature selection is an important data preprocessing technique in the fields of
machine learning, data mining, and pattern recognition. This study proposes a new feature selection algorithm MCC-NES based on natural
evolutionary strategy. Firstly, the algorithm adopts natural evolutionary strategy based on diagonal covariance matrix modeling, which
adaptively adjusts parameters through gradient information. Secondly, in order to enable the algorithm to effectively deal with feature
selection problems, a feature coding mechanism is introduced in the initialization phase, and combined with classification accuracy and
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dimensional reduction, given the new fitness function. In addition, the idea of sub-population cooperative co-evolution is introduced to
solve high-dimensional data. The original problem is decomposed into relatively small sub-problems to reduce the combined effect of the
original problem scale and each sub-question is solved independently, and then all sub-problems are correlated to optimize the solution to
the original problem. Further, applying multiple competing evolutionary populations to enhance the exploration ability of the algorithm
and designing a population restart strategy to prevent the population from falling into the local optimal solution. Finally, the proposed
algorithm is compared with several traditional feature selection algorithms on some UCI public datasets. The experimental results show
that the proposed algorithm can effectively complete the feature selection problem and has excellent performance compared with the
classical feature selection algorithm, especially when dealing with high-dimensional data.

Key words: evolution strategy; feature selection; cooperative co-evolution; competitive evolution; high-dimensional
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3,7 1A T B 1R S5 B N TR0 S DG A [ BT A v 23 200 1) 205 o 0 1D )

2.4 ZEEEIE S0 R A E B R

52, 3 W TEANRNIR T — NP AE G AR P R A AR R R AR 28 B [ L) S e Rk — 20 1), BRA I i Ay A
AR XA R R B 2 AR SC T2 PR 55 G 30k R I R T 7 LR R B N R 8 e DL B2 H T — Rl R B
5 SR

B8] g 18 SRVE AT U6 By BRI RE SR BE AL 46 4k, 5T LA — AN Bl ZE 326 A r 180 S50 25 R0 i #0444 36 T b b 7
R A A R BT AR A AT B 5N — BB B F A LEI, 22— AN PORE B 2 A e SR IAS U 5 R B e L A
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I, 30 2 SRR 2 PRt SR s, 6 ST 400 4 P A2 P R ) 0 B 07 25 HE R C IR LA BB m i e AR 1) 23
Ay YA (F e B S0 SR L Bl L A Al i 18 Jd 0 B DIC AR, AN B0 2 B 22 () R A 1) SR B A B R 7 1) B 9%,
FAE HLAE 2 i S UL A7 BT AT B AR PR R 2 P S 8 i B 0 e 1 3 2K A 2801
T REVE E VPO 8 B SN

F(p?) =~ AVI(p!)+BF(PIT) (12)
Hovr, Vi (pf) B PR pi #5585 g U AR 1038 I 2 AR A0 12 () 24 A A 0 12 FE A (LA L — AR A 17 38
ZFERTR), PR HAR IR T AE B R AR X B N T S IR ¥ 17 s AR I I e T A
=47 L
10-571

e
el -1

True, 0.01+0.99-

>rand (13)

false, otherwise
Hop, § R AENEAREE L — RS E R I ISR % ok — MBS E SR p 1A 20(13)1R 5]y
True Jf HIHAERE F(p?) 72 FrRE b e/ IR RO EE pi sl os 24T S 95K g HE 20 0.
AR A M2 P 3 Pras.

Probability af policy restart
o o o o O
[ T R

o
a

\

D ¢
=l

o 1 2 3 4 5 -] 7
Number of iterations after restarting the palicy

Fig.3 Restart probability curve
Bl 3 le E e M pth 2

H TP 22 e 5 S BEAL SR O T 5 2 AR R A, B UK T T SR MR R BE ), 2 Ja i 92 56 vt 6 E

2.5 MCC-NESH:%{h1 D

BT BL_EJ3 4, MCC-NES IR AR S E 2 thg b3 1 AT~38 34T R T HILSH. G JE R L
I8 JE B T VA AR A I R 58 5 4T 58 RN RRE R Y 8 AN B At 43 SRR AL FE A1 A 1 AN BEHL 4 SRR AE 7 41 1
BIAGAE AR 265 6 47 4 K JsU AR A 58 B MR A 1 IR /INEEAT R 905 26 7 47 ~28 9 AT WU AL BEAS Pt b 4 2 e
oS HGE 12 7T TP R RO 28 14 17~28 37 AT Rn S M BE I A 78, Bk 1, 38 15 47~55 36
AT RAGEA AP EEI UL A SO R B G 20 A SRR 16 47 28 17 4T) AR BERENURFIE T4 (G 18 4T). VR4l
FEMFEASE Y L (3 19 AT~% 314T) . SEILAL AN (1) BB 48 AE AT AR A I 8RB B R E B Ar M S 0 (G 32 17~
%5 35 4T). 5 38 AT ~AL AT W& 1570 Fh T 2 B JE 4, 0 SRAF AT 0 A2 S5 AR (R R TR g 0 i P TR AT 1S R 1.

3% 2. MCC-NES.

1: Input: The number of population o, the size of subpopulation m, the number of individuals

insubpopulation 4, the number of iterations z, the Initialization parameters «, restart threshold a,

historical utilization g,
2: Initialize: fitnessfunction f(-) as equation 10, fitnessfunction u(-) as equation11, set § to 0



K&

21:
22:
23:

24:
25:
26:
27:
28:
29:

30:
31:
32:
33:

34:

35:
36:

37

38:
39:
40:
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Initialize: the number of population genes ¢

For population p=1,2,...,0do

Initialize population feature sequence with zero &;,&2,&5,&7
Randomly divide the population gene into m Subpopulation

For subpopulation s=1,2,...,m do

(©

Initialize distribution parameters prg

End for

: End for
. Repeat
: For generation g=1,2,...,7do

g« g§+1
For population p=1,2,...,cdo
For each subpopulation s=1,2,...,m do
Sample A individual from distribution p(x|6%)) — x,,....X,

: Feature selection for generated individuals according to Eq.9
: Generating random sequences 5;‘ according 53

: For each individual x#=1,2,...,4 do

Local exploration on four feature sequences 5;,55,53,5;‘ to generates four new feature sequences
[
Evaluate four new feature sequences &;,&2,E3,& using fitness function f()

Choose best fitness value on four feature sequences as individual fitness
For each new feature sequences f; (l<i<4) do
If f(£)>f(£) do
R
Else If f(&))> f(£2) do
S o p G
Elseif f(£)>f(&) do
&S
End for
End for

Fitness shaping for each individual fitness value using function u(-)
Calculate log-derivatives V 4ogz(x|6)

1
V,3(0) « ;zjﬂu(xg)vg log (%, | 6)

Update distribution parameters using Adam
End for
: End for
Evaluate all populations performance F(p;)(i=1,2,...,0) by Equ.12
IF Eq.13 returns true and F(p;) has the worst overall performance do
Reset the exploration ability of p;, Transfer the distribution of p; to the optimal population and reset



3742 Journal of Software %k 4k Vol.31, No.12, December 2020

g toO
41: End If
42: End for

43: Until termination criterion met
3 XWHERSH

LE S T FRATAS A T ML 2 2 5] T A scikit-learn. 2w F215 5 24 python. SI2 56 B ik 1 Fid & 2 Intel Core i7
CPU(3.60GHz),8G W 4#;f H] '+~ & NVIDIA GeForce GTX 1050.
3.1 ¥RE

FAIAE 16 A~ UCH A TFHHEAE FxF MCC-NES S i Pk fe T DL, w75 17 6 AN /NE 4l 42 (Glass, Heart,
Cleveland,Wine,Vehicle,Segmentatin). 2 /> 4E % 35 £E (lonosphere, Dermatology) fll 8 /™ = 4 54 4 (Spambase,
Sonar,Musk2,LSVT,SRBCT,Arcene, RNA-Seq,Dorothea). 2 ## 3C ik [42], 1 5 £ 48 45 (1 45 1 £ & 2 [0,19],[20,
491,150,001, 5 2 S5 I 54 4 (1 BUAS 23 ) e /N e A AR R 4B A . R R RO SR O TR SR B RS R K 1
gyih.

Table 1 Specific information of the selected datasets

e EITE ER R P,

Dataset Feature Instance Class
Glass 9 214 7
Heart 13 270 2

Cleveland 13 303 5
Wine 13 178 3
Vehicle 18 846 4
Segmentatin 19 2310 7
lonosphere 34 351 2
Dermatology 34 366 6
Spambase 57 4061 2
Sonar 60 208 2

Musk2 166 6 598 2
LSVT 310 126 2

SRBCT 2308 63 4

Arcene 10 000 200 2

RNA-Seq 20531 801 5
Dorothea 100 000 800 2

R 0f L B3, AT A BB AR I R 43 R 70%15E A U5 4E 300 1E M IREE . 10-4748 I IE 2-H738
NEAEIX 3 Flo5 LR 4E 1 2 K UETE F CA(classification accuracy) Fil 4 FF 47 i fit /7 DR(dimensionality
reduction)f>h MCC-NES .9 Kont LE S0 B P74 v U 23 SIS v Aff 2 11 H A4 i SOt 2 X (14), H v N_CC(number
of correct classification) & IE i 7> 25 1) 52451 5, N_AS(number of all samples) & 33 5 S5 5 50, 4k BF 46 R 10 58
S22 3K(15), HoH, N_SF(number of selected features) f& # 12 ¢ 114E 1E %, N_AF(number of all features) & 4 4=
FEREAE 2

CA=N_CCIN_AS (14)
DR=1—(N_SF/N_AF) (15)

32 MLLEAMBSHEIGE
B4 H Y MCC-NES S0y 5 Hoth 1) 48 SRV EEAT LU A IR S By i) AR (S B 3R 2 44 1.
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Table 2 Information of the methods for comparisons

&2 MRS R

RS B 5 %1 o Wk IR R E Ay
FSFOA 10-fold,2-fold,70%~30% ST AR 52016
Rc-BBFA 70%~30% H TR 2% A R ks 2017
UFSACO 70%~30% HET ACO B I B 53512014
FS-NEIR 10-fold WAL s B Y2013
PSO(4-2) 70%~30% B TR T RE AL A 2013
IFS-CoCo 10-flod ST BB IR 3E 16 22010
NSM 10-fold PEAR KA A %2010
SVM-FuzCoc 70%~30% B3 R EHLY2010
SFS,SBS,SFFS 70%~30% s 482010
HGAFS 2-fold R At Ak 5712007
ACOFSS+mRMR 10-flod WCREDR G 22 H bR 1 3 1%)/2015
FW-NSGA-II 10-flod 2 H FR R AL 2 532119072018
DE-FLS 70%~30% JE 5y AL B AIE 2 6 77 7172018
ISEDBFO,ACBFO 10-flod B O £ 2017

JHF 06 b (R i 64 573047 :Ghaemi 25 AR T 43 285 2 vE 6 2 41l VP A AR v 2 HH ) FSFOARL Hu %5 A 3%
A0 JE B ) B AR R A AR T EE g NSMESL, Moustakidis 4% A 32 H 1 SVM-FuzCocl®!, Huang %% A $2 H 11
FS W& 3L R HILE(HGAFS). Zhu 25 A\ R AR i 43 2005 B VE A i 4R H ) FS-NEIRM, Tabakhi 25 A\ 4T
R AIE 22 1) AR AL S £ 7 U422t 7) UFSACOML, Xue 48 A4 HH (0K 40 215 28 v i 0 RIVER AIE 1 SE HLRIE v v
) f¥) PSO(4-2)1*2), Zhang & A\ JE T i A 5 ¢ sRVE 2 Y 19 Re-BBFARSL, I, Derrac % A& T [ 3 Ak 53
PR IFS-CoCoY, k@ L 52y: SFFSP, Khan A 25 AJET mRMR 3838 1 iU 2 H bR IF 2k B 45005
ACOFSS+mRMRI!, Marwa 25 A2 i (198 £ e AN BE 7 VA K 2 H ARSI 65T 1 FW-NSGA-1118],
Hancer 2 A\ KE T~ 22 3 AL 4R H AORRAE XL 8 77 v DE-FLSM), Chen &% A T4 14 0 & &0v: 42 H ISEDBFOME!
ACBFO812%

SZI A, MCC-NES SVEMI I S 588 13 3 4 L L e 7 4 T AS () 4 3 500 4 16, 0 T S [ P
ANEL IR K /N DL R 7 B ep A 0 50 S i DR B 0000 4 5 1 8 R0 R A RV 9
DTl BEAN H DA B B b AR T K T8 I R A BOR O T AR AN RO AR 05 AT RE 2 AR R R R
25 1A), DA Ik J8E o ol B 3k B N 358 dp DI AR [ BT o 5 A i 4 510 388 o, R ATTAS Wk /S b A L Ak 2 B, A 4
0 T AE B0 L Re % R 4 S DG RO RS E A5 8 B S, 3 45 v o B AE 5 B R A B B (R A v B, DA AR
TREAE foi 48 2R 2 R P AT B 78 A AR R

Table 3 Set of MCC-NESalgorithm parameters
# 3 MCC-NES 2 # &

Dataset Feature Subpopulation  Individuals Restart Initialization Historical Number of ~ Number of

size m size A threshold @  parameters «  utilization #  population o iteration 7
Glass 9 3 36 7 0.0 0.6 6 30
Heart 13 4 36 7 0.0 0.6 6 30
Cleveland 13 4 36 7 0.0 0.6 6 30
Wine 13 4 36 7 0.0 0.6 6 30
Vehicle 18 4 36 7 0.0 0.6 5 30
Segmentatin 19 4 36 7 0.0 0.6 5 30
lonosphere 34 6 36 8 -0.1 0.6 5 30
Dermatology 34 6 36 8 -0.1 0.6 5 30
Spambase 57 10 24 8 -0.1 0.6 4 35
Sonar 60 10 24 8 -0.2 0.6 4 35
Musk?2 166 12 24 8 -0.3 0.6 4 35
LSVT 310 15 24 9 -0.4 0.6 4 40
SRBCT 2308 25 12 9 -0.5 0.6 3 40
Arcene 10 000 50 12 10 -0.6 0.6 3 40
RNA-Seq 20531 60 12 10 -0.6 0.6 2 40
Dorothea 100 000 160 12 10 -0.8 0.6 1 40
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33 ERik|idiE

KT HB BT R, BRATE I T WA B35 AR M I 24 42 Sonar F1 lonosphere, ] 4 37~ MCC-NES
VE7E Sonar LA lonosphere 4 45 5% A 5-NN 73 J5 48 I %A 3% R i B2 . 2= Sonar 20848 0 41, 5L AE TR LR MY
B BT B AR ) o0 S i LA B B v P A B 445 ok, 12K 2 1H T SV TR AR IR AR B A A SR R AE P 41 0 2 A A WE R
BEA S 5 2 RRAE P AT I0E R T LAAE MU FRE I REVE A I, e AR ARFAE )2 51 b U AN R o o B R 4, T
JCADE AR, B IR IE Y A O, BRI 4 B R 44 Rl 2 AR v 50— O T AR 5 30— TR AR ST (0 4 K Mk RE L iR 1
SR IR AR, 2 5 R AT R S AR AF I S0 B AR B AL 3 91 B A ST Bl B R AT PR IS 25 15 I3 sk e LA AT )7 471
HEATIC R, AT CARE 2 1 J0Ath 7 b 30 11 17 st SRR AR AT S, A P55 s 44 % S AU, 1T 1 e U Sl T £ 108 o A A
BT B SRVl £ I K RS8R ) B LR AE Tth~10th A B2 S DL A A0 11st 3BARIA B Bt 22 5 S0 4k
SRIEAR, A X A BB RS TUAR IR AE AT M B, L i #E 12nd LA & 15th I 4 FE 4R 98 R 159 3 3t — D42 T+
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Fig.4 Classification accuracy and the number of selected features w.r.t. the number of iterations
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Fig.5 Performance of optimal solutions for each population in the evolution of population competition
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IS P B P G B 450 0 Sonar Bl 45 P LT AR BEAE 10t 3% AR I A% A 380 B 4L, A HL A IR 8 77 50 12k i
g 22, U B B R 3 AN AT P REBA N R R B L I R T R S PR 12nd AR A PR R ORI AR . A A A 3
A SRy SR AR 1 I A B TR Bt 2 T AR RVl i 5 | N 38 4 7 AL R S R BRE 1) (9045 A8 L, B L b TRE B
N SR ER I AL, FE R i i A SR SR R U A 1 BB g, I T VR WA IO

K] 6 7~ MCC-NES #3217 Sonar LA /& lonosphere 4 48 >R A 1-NN 2328248 1,3 /N 43 A0 PP B 1)~ 28 1k
e I AETT AR B B0 B S 35 1 Rl ik B M 480K, 3 R A S8V 78 T 4 I B A R I R R o PR A R 8 ) e 4 R
¥ [ LG 88 K T DA 2R e 119 22 S LU e B 68 o 2 0 ok B0 088 o, 488 2% 1 T 3 3 1) e 00 g8 B 3 o 30, RD Ok M 8 [ A
IR 22 S S5 N PR A 25 0/ N IR R VG TR T DL A1 T 6 R s SR B PR E IR T 3 B R Tk Rl TR X
Wi T SRR T DU Tl e (4 2R 1k RSk 19 A R Y
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Fig.6 Average performance of each population in the evolution of population competition
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3.6 HWMERXT LD

ASCE H R IE B 57 MCC-NES /275 NES 25l EASH T — S Pitb SR IS, 2 17 56 UF 3 28 SR e 1) A7 AL
PR, FRATTR EL T S5 4 NES,NES+F(7E NES (¥ 2 fitfs 1 A5 1357 (138 )3 % 2% %), NES+CC(7F NES 24t b A H & /W 7]
HEAL %), MNES(ZE T NES 143417 30 2 Bt 4 3R %), MNES+RE (4 MNES & [ Al 35 Sem) 48 5 A5
B (P MURFAE AR B0 00 AR AR A B« vh ARl e A M0 DA B o v e P ) b 2 I, S v A A 1-NIN 43
AR LIRSS AR 4 A R 4 RS 2 R I T A% 4 S0 v e £ 4 SIS A 28 (CA) RN 4R BE 4 Rk 2 (DR). n 8
4 hEHR TN AE NES FFEA b 38 SR FH AH DG (0 A0 10 S ms, T LAAG 250 b 46 v S92 PR 42k e 23 B 56 i BT 4 331 Ay < 7
SINHTIR I8 R B U5, 8 255 7% B8 T 4 S 4 a1 5 e DS R IE AR T T SR I DR A 7SR T RS R B
[ A SR 5, 200 T S I R R 2R 5 1) 23 1 2 A T U AT W IR A A 15 R i BE S 40 AR R R 4 R AR TR I
R A OGRS R DR R 2 T T S5 14 40 2R A e 0 A S 1 45 A FH 2 b e AT A SR SE I 2 A
FhRE AT H 2R, B0 R B b 70 48 R A (A EAT BR %, DR b4 T 7 S (W M e T 0 o 5 | N B o S SRS S, L
A8 Bk R S e LA, IS BT 1t 2 20 30 72 () o) R S0 P o B AT e A, DR G o] 43 RS HE I et — 7 119 5t

Table 4 Classification accuracy and dimensional reduction based on various optimization strategies of NES

R4 T NES S0 SRS 1) 73 FEHER) 5 A4 B4R

Cleveland CA (%) DR (%) Classifier
MCC-NES 67.11(70%~30%) 74.61 1-NN
NES 58.89(70%~30%) 61.54 1-NN
NES+F 57.78(70%~30%) 69.23 1-NN
NES+CC 63.33(70%~30%) 73.92 1-NN
MNES+RE 62.22(70%~30%) 53.85 1-NN
MNES 61.11(70%~30%) 69.23 1-NN
lonosphere CA (%) DR (%) Classifier
MCC-NES 98.58(70%~30%) 75.88 1-NN
NES 94.34(70%~30%) 64.71 1-NN
NES+F 93.40(70%~30%) 72.47 1-NN
NES+CC 95.28(70%~30%) 73.41 1-NN
MNES+RE 96.23(70%~30%) 73.53 1-NN
MNES 95.28(70%~30%) 73.53 1-NN
Sonar CA (%) DR (%) Classifier
MCC-NES 97.93(70%~30%) 78.0 1-NN
NES 92.06(70%~30%) 61.67 1-NN
NES+F 92.06(70%~30%) 66.67 1-NN
NES+CC 95.24(70%~30%) 76.67 1-NN
MNES+RE 94.71(70%~30%) 65.0 1-NN
MNES 93.65(70%~30%) 63.33 1-NN
Musk?2 CA (%) DR (%) Classifier
MCC-NES 97.01(70%~30%) 80.28 1-NN
NES 85.24(70%~30%) 61.67 1-NN
NES+F 86.13(70%~30%) 72.67 1-NN
NES+CC 94.73(70%~30%) 76.67 1-NN
MNES+RE 94.71(70%~30%) 77.10 1-NN
MNES 93.65(70%~30%) 72.33 1-NN
Arcene CA (%) DR (%) Classifier
MCC-NES 97.50(70%~30%) 98.44 1-NN
NES 91.67(70%~30%) 72.83 1-NN
NES+F 91.67(70%~30%) 75.97 1-NN
NES+CC 95.83(70%~30%) 98.27 1-NN
MNES+RE 93.37(70%~30%) 79.67 1-NN
MNES 93.33(70%~30%) 69.35 1-NN

[l B, FATTH: MCC-NES 502 15 HoAth, 17 ANMFFAEGE PEEVE AT LUAL W LU RIS O R 2 AH R 5~ 7
MR HR S 4R A S R/ BRI o3 B T A S0 5 L T AL AR AR H T AN [R] 43 28 28 0F 17 109 2 30 a2 1) 43 R A ify 2
RV F5E 245 9 2R R SRR [14] 7 45 R TR — B s, S 77 T CR 0] L 2 500 48 SR g 2k, 30 20 0Him & R3S SR T T Sk
[14-18,21,45]Hh 24 FF R A2 (1 52 40 25 L S 4 P AT FH 1R 43 28 28 FEZ A FE KNN(L-NN,3-NN,5-NN),CART #1 Rbf-
SVM.
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LGy FEHENf 26, I R 5~ 7 AMEE W 200 AR R 4R 43 U7 v A0 R IE % b I Ath B A R, MCC-
NES 7t Glass,Heart,Cleveland,Dermatology,Spambase,Musk2,LSVT,SRBCT,Arcene,RNA-Seq,Dorothea %5 11 4~ %
P b Lo 2 UE i R A B i 1 T AE Wine Bl 461 Rbf-SVM 432888 I, - RUEM R UK T HGAFS £y
0.6%; 7t Vehicle ¥t#54E %) Rbf-SVM 43248 E LT HGAFS #3% 3%; 1t Segmentatin X4 £ 1 3-NN 23288 |,
IX T FAFOA 515 2.6%:;7F lonosphere %445 [f) Rbf-SVM 43 258% | X T ISEDBFO 435 0.9%:7F Sonar ¥4 &
ff] Rbf-SVM 732588 I fik- T ACBFO 5% 12%. 7 Sonar ¥ £+, 2443 2648 5 INN It} ,MCC-NES 4y 24
ffi < bk SBS it 35%.

Table 5 Classification accuracy and dimension reduction of MCC-NESand compared methods (1)
F 5 MCC-NES FeHxT L S0 i 73 24 vHE A 28 0 24 F2 44 0% (1)

Glass CA (%) DR (%) Classifier
MCC-NES 85.23(70%~30%) 67.11 1-NN
FSFOA 71.88(70%~30%) 40.0 1-NN
SFS 72.24(70%~30%) 26.66 1-NN
SFFS 71.77(70%~30%) 37.77 1-NN
IFS-CoCo 55.44(10-fold) 41.11 1-NN
MCC-NES 70.61(2-fold) 55.56 RBF-SVM
FSFOA 68.22(2-fold) 60.0 RBF-SVM
HGAFS 65.51(2-fold) 44.44 RBF-SVM
MCC-NES 80.39(10-fold) 44.44 CART
FSFOA 75.7(10-fold) 50.0 CART
FS-NEIR 68.53(10-fold) 22.22 CART
Heart CA (%) DR (%) Classifier
MCC-NES 85.56(10-fold) 61.53 3-NN
FSFOA 85.18(10-fold) 35.71 3-NN
NSM 84.0(10-fold) 69.23 3-NN
MCC-NES 85.18(2-fold) 53.84 RBF-SVM
FSFOA 84.07(2-fold) 50.0 RBF-SVM
HGAFS 82.59(2-fold) 76.92 RBF-SVM
MCC-NES 85.18(10-fold) 76.92 CART
FSFOA 85.15(10-fold) 48.07 CART
FS-NEIR 79.86(10-fold) 46.15 CART
Cleveland CA (%) DR (%) Classifier
MCC-NES 67.11(70%~30%) 74.61 1-NN
FSFOA 55.55(70%~30%) 71.42 1-NN
SVM-FuzCoc 61.01(70%~30%) 46.1 1-NN
SFS 51.79(70%~30%) 477 1-NN
SBS 54.80(70%~30%) 38.5 1-NN
SFFS 49.50(70%~30%) 53.8 1-NN
Wine CA (%) DR (%) Classifier
MCC-NES 99.53(70%~30%) 69.23 5-NN
FSFOA 99.20(70%~30%) 30.76 5-NN
PSO(4-2) 95.26(10-fold) 51.6 5-NN
FW-NSGA-II 98.98(10-fold) 53.84 5-NN
MCC-NES 99.44(70%~30%) 66.15 1-NN
FSFOA 98.07(70%~30%) 50.0 1-NN
SVM-FuzCoc 97.12(70%~30%) 53.84 1-NN
SFS 97.69(70%~30%) 35.38 1-NN
SBS 94.77(70%~30%) 46.15 1-NN
SFFS 96.56(70%~30%) 36.92 1-NN
MCC-NES 97.75(2-fold) 53.85 RBF-SVM
FSFOA 96.06(2-fold) 37.17 RBF-SVM
HGAFS 98.31(2-fold) 53.85 RBF-SVM
MCC-NES 99.26(70%~30%) 61.53 CART
FSFOA 96.0(70%~30%) 57.14 CART
UFSACO 95.08(70%~30%) 61.53 CART
MCC-NES 97.70(10-fold) 61.53 CART
FSFOA 96.06(10-fold) 21.42 CART
FS-NEIR 95.04(10-fold) 61.53 CART

FW-NSGA-II 98.62(10-fold) 57.69 CART
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Table 6 Classification accuracy and dimension reduction of MCC-NESand compared methods (2)
F 6 MCC-NES Bz Hoxh oS0k 1 43 2 HERS % B 4 15 4 9 %2 (2)

Vehicle CA (%) DR (%) Classifier
MCC-NES 86.20(70%~30%) 72.22 5-NN
FSFOA 73.98(70%~30%) 50.0 5-NN
PSO(4-2) 85.3(70%~30%) 68.4 5-NN
MCC-NES 86.89(70%~30%) 69.44 1-NN
FSFOA 73.81(70%~30%) 61.11 1-NN
Rc-BBFA 75.79(70%~30%) 61.11 1-NN
IFS-CoCo 70.85(10-fold) 42.75 1-NN
MCC-NES 73.40(2-fold) 88.88 RBF-SVM
FSFOA 62.41(2-fold) 47.22 RBF-SVM
HGAFS 76.36(2-fold) 38.99 RBF-SVM
MCC-NES 81.06(10-fold) 66.67 CART
FSFOA 73.04(10-fold) 31.57 CART
FS-NEIR 70.98(10-fold) 50.0 CART
Segmentatin CA (%) DR (%) Classifier
MCC-NES 93.65(10-fold) 68.42 3-NN
FSFOA 96.20(10-fold) 30.0 3-NN
NSM 95.0(10-fold) 63.15 3-NN
lonosphere CA (%) DR (%) Classifier
MCC-NES 93.20(10-fold) 91.17 5-NN
FSFOA 89.43(10-fold) 54.28 5-NN
PSO(4-2) 87.27(70%~30%) 90.41 5-NN
FW-NSGA-II 86.80(10-fold) 42.64 5-NN
MCC-NES 98.58(70%~30%) 75.88 1-NN
FSFOA 89.52(70%~30%) 54.28 1-NN
SVM-FuzCoc 89.46(70%~30%) 88.23 1-NN
SFS 87.75(50%~50%) 65.88 1-NN
SBS 84.61(50%~50%) 77.64 1-NN
SFFS 88.32(50%~50%) 75.29 1-NN
MCC-NES 95.73(2-fold) 58.82 RBF-SVM
FSFOA 94.58(2-fold) 57.14 RBF-SVM
HGAFS 92.76(2-fold) 82.35 RBF-SVM
ACOFSS+mRMR 93.20(10-fold) 41.17 RBF-SVM
ISEDBFO 96.60(10-fold) 52.64 RBF-SVM
ACBFO 96.20(10-fold) 50.58 RBF-SVM
MCC-NES 99.06(70%~30%) 85.29 CART
FSFOA 95.12(70%~30%) 47.05 CART
UFSACO 88.61(70%~30%) 11.17 CART
MCC-NES 94.36(10-fold) 79.41 CART
FSFOA 93.16(10-fold) 68.57 CART
FS-NEIR 92.59(10-fold) 82.35 CART
ACOFSS+mRMR 92.40(10-fold) 67.6 CART
Dermatology CA (%) DR (%) Classifier
MCC-NES 99.36(70%~30%) 71.47 1-NN
FSFOA 97.27(70%~30%) 45.71 1-NN
SVM-FuzCoc 94.11(70%~30%) 64.7 1-NN
SFS 94.02(70%~30%) 44.7 1-NN
SBS 91.78(70%~30%) 58.23 1-NN
SFFS 93.70(70%~30%) 62.35 1-NN
IFS-CoCo 94.93(10-flod) 55.88 1-NN
MCC-NES 97.54(10-fold) 70.58 CART
FSFOA 96.99(10-fold) 21.42 CART
FS-NEIR 93.95(10-fold) 70.58 CART
ACOFSS+mRMR 96.10(10-fold) 50.0 CART
MCC-NES 98.18(70%~30%) 70.58 CART
FSFOA 90.09(70%~30%) 44.11 CART
UFSACO 95.28(70%~30%) 26.47 CART
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Table 7 Classification accuracy and dimension reduction of MCC-NESand compared methods (3)
FT 7 MCC-NES J& H AT bl 532 11 43 S 55 R 4 B 45 9% (3)

Spambase CA (%) DR (%) Classifier
MCC-NES 92.47(10-fold) 57.89 RBF-SVM
ACOFSS+mRMR 91.40(10-fold) 59.32 RBF-SVM
MCC-NES 93.84(10-fold) 49.12 CART
ACOFSS+mRMR 93.60(10-fold) 40.35 CART
Sonar CA (%) DR (%) Classifier
MCC-NES 96.83(70%~30%) 81.67 5-NN
FSFOA 86.98(70%~30%) 44.26 5-NN
PSO(4-2) 78.16(70%~30%) 81.26 5-NN
DE-FLS 76.77(70%~30%) 65.0 5-NN
MCC-NES 97.93(70%~30%) 78.0 1-NN
FSFOA 85.43(70%~30%) 57.37 1-NN
SVM-FuzCoc 73.17(70%~30%) 68.33 1-NN
SFS 66.43(50%-50%) 61.33 1-NN
SBS 62.20(50%-50%) 45.33 1-NN
SFFS 64.55(50%-50%) 61.33 1-NN
IFS-CoCo 85.70(10-flod) 57.17 1-NN
MCC-NES 81.20(2-fold) 90.0 RBF-SVM
FSFOA 65.86(2-fold) 54.09 RBF-SVM
HGAFS 87.02(2-fold) 75.0 RBF-SVM
ISEDBFO 92.80(10-flod) 56.66 RBF-SVM
ACBFO 93.50(10-flod) 56.5 RBF-SVM
MCC-NES 88.04(10-fold) 71.67 CART
FSFOA 82.69(10-fold) 52.45 CART
FS-NEIR 75.97(10-fold) 91.66 CART
Musk2 CA (%) DR (%) Classifier
MCC-NES 97.01(70%~30%) 80.28 1-NN
MCC-NES 96.92(70%~30%) 82.65 5-NN
DE-FLS 86.86(70%~30%) 78.67 5-NN
LSVT CA (%) DR (%) Classifier
MCC-NES 97.11(70%~30%) 97.0 1-NN
FSFOA 89.47(70%~30%) 98.71 1-NN
Rc-BBFA 94.60(70%~30%) 56.45 1-NN
SRBCT CA (%) DR (%) Classifier
MCC-NES 99.87(70%~30%) 98.62 1-NN
FSFOA 94.73(70%~30%) 49.06 1-NN
SVM-FuzCoc 98.88(70%~30%) 98.57 1-NN
Arcene CA (%) DR (%) Classifier
MCC-NES 97.50(70%~30%) 98.44 1-NN
FSFOA 88.33(70%~30%) 61.9 1-NN
Rc-BBFA 92.50(70%~30%) 48.66 1-NN
MCC-NES 98.33(70%~30%) 98.27 CART
FSFOA 73.69(70%~30%) 77.67 CART
UFSACO 67.40(70%~30%) 99.8 CART
RNA-Seq CA (%) DR (%) Classifier
MCC-NES 99.87(70%~30%) 99.46 1-NN
Rc-BBFA 94.53(70%~30%) 58.66 1-NN
Dorothea CA (%) DR (%) Classifier
MCC-NES 95.42(70%~30%) 99.58 1-NN
MCC-NES 96.53(70%~30%) 99.63 CART
FSFOA 95.83(70%~30%) 26.03 CART

T Ak SRR g 4 1 B I AR 2 A M B T VA S B AR TERE N ) T L W E T % LSVT,SRBCT, Arcene,RNA-Seq,
Dorothea %4 5 IF. FRAN T 7E B 5E B Bt AL AR IS 1] 4 (24 hours) I T 45 SCHE HY AR 5 V2, O 5 5 B 38 HA A LAy
HEIEFF )5 % FSFOA,UFSACO,Rc-BBFA(IZ H ik il 7 T+ 1-NN 432588 T LA B T 1-NN 23 J8 38 1) 5 56 45 1)
HEAT LA S 06 4 2R W A L A ) R, R AT ST Ik A M 3 LT A e A 1, I LR A B A K )
100 000 Mhfgss 4 N S i So b 48 Arcene (1) CART /42838 b5 J2 LL kAR Mk A 6 i ) 25%, L
UFSACO Sk 30% /445,110 HL 55 Rc-BBFAFSFOA H bt FRATT (1 55010 1 gt v i 4 1) JBURST 1) 43 S M 1 30 0 4
FEATIRE DL o .
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tbie® 5~% 7 P& H LR DR {H,MCC-NES 7t Cleveland,Wine,Vehicle,Segmentatin,Dermatology,Musk2,
SRBCT,RNA-Seq Fl Dorothea 4 52 b A7 fu i 19 4 B 1 40 26 60 T oAt 19 5040 4, BAR AN REAE T AT 70 254 LA 2
B i1, fH A% MCC-NES f¥) DR E A7) H A R 58 1 56 4+ 07 45 ) & 75 Ak 1 v 4 204 1, 75 1onosphere $(4i 58 70%-30%
K3 4 F 53 2545 9 CART I, MCC-NES % bt 330 5 U 1) FSFOA 0323 i1 H i B210 40%; 7 Arcene #5475 4 70%-
30% K1 4r & 1F T, 42588 5 1-NN B, MCC-NES Lt 7041 DR (#1455 i Hi 36%:; 7 RNA-Seq ] 1-NN 432548 '~ MCC-
NES [f] DR {f & i Rc-BBFA $7% 40%; 7t Dorothea [) CART /32%%% ,MCC-NES [#J DR fi & i FSFOA #3%:
70%.

F 8 141t T MCC-NES BIATE 14 AN B4 b d A 1-NN 43288 I, 5 T 20 S oy 20 K 4 i 40 vl 28 1) b v
25 A R AR NS 8 DI SR 3 s ik B R B (R HEAN B 20 3 P Bl mT DA R BVA AR T St 4 B
R 19 4 ST 2R (3K A 000 T A 30, HH A9 1000 . 2 R B o 2 DL A S HE I R O VP AR ). % T /E Vehicle #3E
4 19 2.18 Al LSVT dldE 11 2.3 40 S50 K 2 B84 1oy B UER e bRl 22 3906 1 245 SRR A
e 4 B AR b v 22 R N I W ARV Ak B v 4 O I R € B 50— U T, 20 W A S A D B v 22 T
AR AERAE S AR IE BB D T R AE F AR R R B i 45 S B LU 1Y DR 22 =, BRI AR AR 4 25 4 |
R D RREZE /I 17 I DR A A b v 26 55 s . i 6 o 4E 5500 4 1, b T AR IEAN B0 22, T 34 3 RO AR AE 1 442 1)
78 e 23 3 K AR I B8 T S A T DR K IR SRR R AR G 1T S S W AN K IR T B i RO AR EARIE T AR
DR A bR, A I 5 A o A B 4 13800 D AR HE 2275 K, 10 DR AR bR e 2528 /N AHLJE SRR 75, S
FRAE B0 98 P ARAT R 1R I B S5 B 45 & R MER R L 4R B A 08 UL JT I 1 AR IE A B B
Ak FRASEAN R A B ) 0 2 R AR 5 R

Table 8 Standard deviation of classification accuracy and dimension reduction of MCC-NES on each data set
8 MCC-NES 7t %A Hi i 4 173 S HER 2 02 52 457 9 2 0 s 1A 22

Dataset CA (%) D DR (%) P-value
Average Stdev Average Stdev Average Stdev
Glass 85.23 1.29 5.9 0.73 67.11 8.19 0.57
Heart 88.77 1.08 3.9 0.88 70.0 6.74 0.72
Cleveland 67.11 1.40 33 1.05 74.61 8.14 0.82
Wine 99.44 0.89 4.4 0.69 66.15 5.38 0.74
Vehicle 86.89 2.18 5.5 0.52 69.44 2.92 0.90
lonosphere 98.58 0.49 8.2 1.75 75.88 545 0.98
Dermatology 99.36 0.43 9.7 0.67 71.47 1.98 0.97
Sonar 97.93 1.30 13.2 1.81 78.0 3.02 0.99
Musk2 97.01 0.34 32.74 2.95 80.28 1.78 0.98
LSVT 97.11 2.30 9.3 221 97.0 0.71 0.38
SRBCT 99.87 0.32 317 3.88 98.62 0.17 0.53
Arcene 97.5 0.87 155.6 10.64 98.44 0.11 0.49
RNA-Seq 99.87 0.20 109.9 9.85 99.46 0.05 0.49
Dorothea 95.42 0.24 423.3 23.71 99.58 0.02 0.45
4 B OH

ASCHR W T R T AR AL S RO AR R 5L MCC-NES, S0 e AT T AR 3k Ak S i S mti LR i T
JLritiAb 7 % A5 MCC-NES [RIH1ZA 4B B, B ATAE 251550 #0522 S0 B g S 140 19 AR A S s, 08 I 9T R 4k
BR) BRI ey 397 KA 45 A i A O {0, LR A0 )3 51 FE R RERE AL I B, oA T A8 SRVE R 7 i 21 o 4 B8l 7E A RE N
HR T AV F A SRR, IR 2 R A A 2 S A AR 1 SOR AR A BE 2 (R R X SRR BN SR e
DA 1) 1) S8R, S P Pl 28 2 I AL ), A D Rt 3 00 22 (0 B A 5 A% 380 3R LA PR o e JRD 1) 9 0 L4 S5 I PR R i
S S M BE, 50 IR A% 6 ST AL 1 R R M T O3 N R K, e A PR 00 AR 4 N R A S B Y 2 R T
FEL, AT 48 15 17 458 iF 8 140 308 SRR B E — 25 5 T3 100 0 I 55 o B R T — 0o 8 9 g vk T O R A
o 38 I RE (L A A0 At oh B v 92 ) SRS B8 B Al GPU-Teensorflow 15k S35 I 47 HE 3 HEAT 3F 47314
2 J5 J MCC-NES 575 16 N UR A 17 AN IEE R 50 BT, oA, 5256 45 R B :MCC-NES i
PR T B A2 10 43 S MR 2 R0 o 5 45 Dok B8 )RR DR A v AR T A R I A S 0 AR R BT SR gk
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AT R S0 1 P 28 5 20 160 D00 A A0S, e ) 2 — BT DAJFAT PR U A o s o SRS 360 BT D SRE05 (0 A . ) I, Sy AT
{1 592 I P 2810 52 o 189 T AU R 2 58 0K 11 3 T

References:
[1] Guyon I, Elisseeff A. An introduction to variable and feature selection. Journal of Machine Learning Research, 2003,1157-1182.
[2] Liu H, Motoda H, Setiono R, et al. Feature selection: An ever evolving frontier in data mining. Journal of Machine Learning
Research, 2010,4-13.
[3] Dash M, Liu H. Feature selection for classification. Intelligent Data Analysis, 1997,1(3):131-156.
[4] Chandrashekar G, Sahin F. A survey on feature selection methods. Computers & Electrical Engineering, 2014,40(1):16-28.
[5] Kohavi R, John GH. Wrappers for feature subset selection. Artificial Intelligence, 1997,97(1-2):273-324.
[6] Tan KC, Teoh EJ, Yu Q, et al. A hybrid evolutionary algorithm for attribute selection in data mining. Expert Systems with
Applications, 2009,36(4):8616—-8630.
[7] BartS, Gomes CP. Hill-climbing Search. Encyclopedia of Cognitive Science, 2006.
[8] Pudil P, Novovicova J, Kittler J, et al. Floating search methods in feature selection. Pattern Recognition Letters, 1994,15(11):
1119-1125.
[9] Moustakidis SP, Theocharis JB. SVM-FuzCoC: A novel SVM-based feature selection method using a fuzzy complementary
criterion. Pattern Recognition, 2010,43(11):3712—-3729.
[10] Xue B, Zhang M, Browne WN, et al. A survey on evolutionary computation approaches to feature selection. IEEE Trans. on
Evolutionary Computation, 2016,20(4):606—626.
[11] Zhu W, Si G, Zhang Y, et al. Neighborhood effective information ratio for hybrid feature subset evaluation and selection.
Neurocomputing, 2013,99:25-37.
[12] Xue B, Zhang M, Browne WN. Particle swarm optimization for feature selection in classification: A multi-objective approach.
IEEE Trans. on Cybernetics, 2013,43(6):1656-1671.
[13] Tabakhi S, Moradi P, Akhlaghian F, et al. An unsupervised feature selection algorithm based on ant colony optimization.
Engineering Applications of Artificial Intelligence, 2014,112-123.
[14] Ghaemi M, Feizi-Derakhshi MR. Feature selection using forest optimization algorithm. Pattern Recognition, 2016,60:121-129.
[15] Zhang Y, Song XF, Gong DW. A return-cost-based binary firefly algorithm for feature selection. Information Sciences, 2017,418.
[16] Hammami M, Bechikh S, Hung C, et al. A multi-objective hybrid filter-wrapper evolutionary approach for feature selection.
Memetic Computing, 2019,11(2):193-208.
[17] Hancer E. Differential evolution for feature selection: A fuzzy wrapper-filter approach. Soft Computing, 2019,23(13):5233-5248.
[18] Chen YP, Li Y, Wang G, et al. A novel bacterial foraging optimization algorithm for feature selection. Expert Systems with
Applications, 2017,83:1-17.
[19] Qian C, YuY, Zhou Z, et al. Subset selection by Pareto optimization. In: Proc. of the Neural Information Processing Systems. 2015.
1774-1782.
[20] Feng C, Qian C, Tang K, et al. Unsupervised feature selection by Pareto optimization. In: Proc. of the National Conf on Artificial
Intelligence. 2019.
[21] Derrac J, Garcia S, Herrera F. Ifs-Coco: Instance and feature selection based on cooperative coevolution with nearest neighbor rule.
Pattern Recognition, 2010,43(6):2082-2105.
[22] Hoffmeister F, Back T. Genetic algorithms and evolution strategies—Similarities and differences. In: Proc. of the Parallel Problem
Solving from Nature. 1990. 455-469.
[23] Beyer H, Schwefel H. Evolution strategies—A comprehensive introduction. Natural Computing, 2002,1(1):3-52.
[24] Salimans T, Ho J, Chen X, et al. Evolution strategies as a scalable alternative to reinforcement learning. arXiv: Machine Learning,
2017.
[25] Mnih V, Kavukcuoglu K, Silver D, et al. Human-Level control through deep reinforcement learning. Nature, 2015,518(7540):
529-533.
[26] Gu S, Cheng R, Jin Y, et al. Feature selection for high-dimensional classification using a competitive swarm optimizer. Soft
Computing, 2018,22(3):811-822.
[27] Dua D, Karra Taniskidou E. UCI machine learning repository. Irvine: University of California, School of Information and

[28]

Computer Science, 2017. http://archive.ics.uci.edu/ml
Rechenberg . Evolutionsstrategie optimierung technischer systeme nach prinzipien der biologischen evolution. 1973.



3752 Journal of Software %k 4k Vol.31, No.12, December 2020

[29] Kellermayer DI. Numerische optimierung von computer-modellen mittels der evolutionsstrategie Hans-Paul Schwefel Birkhduser,
Basel and Stuttgart. 1977 370 pages Hardback SF/48 ISBN 3-7643-0876-1. Cybernetics and Systems, 1977.

[30] Beyer HG. Towards a theory of evolution strategies: Self-adaptation. Evolutionary Computation, 1995,3(3):311-347.

[31] Hansen N, Ostermeier A. Completely derandomized self-adaptation in evolution strategies. Evolutionary Computation, 2001,9(2):
159-195.

[32] Friedrichs F, Igel C. Evolutionary tuning of multiple SVM parameters. Neurocomputing, 2005,107-117.

[33] Muller SD, Marchetto J, Airaghi S, et al. Optimization based on bacterial chemotaxis. IEEE Trans. on Evolutionary Computation,
2002,6(1):16-29.

[34] Shepherd J, Mcdowell DL, Jacob KI, et al. Modeling morphology evolution and mechanical behavior during thermo-mechanical
processing of semi-crystalline polymers. Journal of the Mechanics and Physics of Solids, 2006,54(3):467-489.

[35] Schaul T, Glasmachers T, Schmidhuber J, et al. High dimensions and heavy tails for natural evolution strategies. In: Proc. of the
Genetic and Evolutionary Computation Conf. 2011. 845-852.

[36] Wierstra D, Schaul T, Glasmachers T, et al. Natural evolution strategies. Journal of Machine Learning Research, 2011.

[37] Berny A. Selection and reinforcement learning for combinatorial optimization. In: Proc. of the Parallel Problem Solving from
Nature. 2000. 601-610.

[38] Berny A. Statistical machine learning and combinatorial optimization. In: Proc. of the Theoretical Aspects of Evolutionary
Computing. Berlin, Heidelberg: Springer-Verlag, 2001. 287-306.

[39] Amari S. Natural gradient works efficiently in learning. Neural Computation, 1998,10(2):251-276.

[40] Amari S, Douglas SC. Why natural gradient. In: Proc. of the Int’l Conf. on Acoustics Speech and Signal Processing. 1998.
1213-1216.

[41] Omidvar MN, Li X, Yang Z, et al. Cooperative co-evolution for large scale optimization through more frequent random grouping.
In: Proc. of the Congress on Evolutionary Computation. 2010. 1-8.

[42] Tahir MA, Bouridane A, Kurugollu F. Simultaneous feature selection and feature weighting using hybrid tabu search/K-nearest
neighbor classifier. Pattern Recognition Letters, 2007,28(4):438-446.

[43] Hu Q, Che X, Zhang L, et al. Feature evaluation and selection based on neighborhood soft margin. Neurocomputing, 2010,
73(10-12):2114-2124.

[44] Huang J, Cai Y, Xu X. A hybrid genetic algorithm for feature selection wrapper based on mutual information. Pattern Recognition
Letters, 2007,28(13):1825-1844.

[45] Khan A, Baig AR. Multi-Objective feature subset selection using mMRMR based enhanced ant colony optimization algorithm
(mRMR-EACO). Journal of Experimental and Theoretical Artificial Intelligence, 2016,28(6):1061-1073.

[46] Zhang X. Research of feature selection algorithm based on natural evolution strategy [MS. Thesis]. Changchun: Jilin University,
2020.

B o 32 5 2% STk

[46] 5K&E LT B PR AL SRS B0 R AL 20 PR S B 8 [T b 22 A 18 SC) AR i MROK 22,2020,

K (1994 —), 55 A -k, A2 LRI 5T A HE
TS sl 2 2

(1966 —), B 1+ g LA
ili, CCF %Mk 4 B, 3 R 57 400kl ML s 2
DRGPEiS




