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Hybrid Artificial Chemical Reaction Optimization with Wolf Colony Algorithm for Feature
Selection
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Abstract Wrapper feature selection is a data preprocessing method for reducing original dataset dimensionality by screening the
most informative features to maximize the classification accuracy synchronously. In order to improve the wrapper feature selection
ability, this paper proposes a hybrid artificial chemical reaction wolf colony optimization algorithm for selecting feature — ACR-
WCA. First, ACR-WCA algorithm adopts natural strategy,imitates the search strategy of wolves,so can quickly approach the so-
lution space. Secondly,in order to deal with data features effectively, the S-shaped transfer function is used to deal with binary
features in the initialization stage. Then the fitness function of the algorithm is given by combining classification accuracy and the
number of features. Meanwhile, the method uses K-Nearest Neighbor (KNN) classifier for training and tested data by K-fold
cross-validation to overcome the over fitting problem. The experiments are trained based on 21 famous and different dimensionali-
ty dataset,and compared with four traditional methods and three nearly methods. Experimental results show that the algorithm is
efficient and reliable. It can select the most features for classifications tasks with high accuracy.

Keywords Feature selection, Artificial chemical reaction optimization, Wolf colony algorithm, Classification, Optimization

TR KA 1) £ ) B0 A S F 50 i il 5 8 DR R SR M) 52 AR . J2: LA

R DR SRR 19 7% A R A3 7 O S R O AT B 2 O

FEBARHR T AR 06 Ah S M 4 U P B0 TR VR R RN, 23 7 2R KRR TR L L EAT AT O A A 2 T

A FT ) 09 A7 S K 5 B RE T AL L A I R P S WO R A A Al A TR X L PR AR B A B R AR B R
FPA AT B W8y~ 15 2 WS J P 0 35 300 Y A0 s < I i ) B 7 A T B OO MR AL Y e R RR AR . ST A 2
Fr o s AERHA TS  DNA U Y RO R R G BT 2 B A i B e B A AR A5 B ORI BB AT 42K

1 58

HETH R ARRARES(61762092) 5 25 M 4 HOPE T8 B S8 90 % P 0 6 0 H (2017SE204) 5 5 B 4 H R BHE % 5 (202002 AB080001) 5
PR EIN TR -2 T Metcloud (94 B3 DI EAE B B B IF ) (2019CLI Y06)

This work was supported by the National Natural Science Foundation of China(61762092), Yunnan Key Laboratory of Software Engineering
Open Fund Project(2017SE204) , Yunnan Major Science and Technology Project(202002AB080001) and Material Genetic Engineering-Metcloud
Based Integrated Computing Function Module Computing Software Development(2019CLJY06).

G VE#  BEME (Kangyan@ynu. edu. cn)



94

Computer Science T MBI Vol. 48,No. 11A,Nov. 2021

B R 2 A5 BBk 5 AR T I (1 2 A o]

TR A 39 RS2 3R T A 3T v 3o U8 0 A% R AT 19 — B T 7
o TENLERE S rh, — A SR ) 2 S AT 55 02 3 5 B AR ) R AF
TR AR BL (Y 25 SR . — BB SVA AR e AR Lyt RE R 2L 1
R AIE 2 5 T LB v 0 A T 30 B G B RR AE B A B T
g R [EZ N T R o7 £ e [ L Al & 1= S i O B
S S, AR D 2o BE AU FIRFAE B B (R4 L 32 v A
HIZ AL RE 0, T ELTT LA A5 450 0 5 4 b 3% 35 O 38 5 ) il A4
IE 22 T ) TR o0 BRI ) 1 % 3 T L S BB A A 4 R

FRREEE (Woll Colony Algorithm, WCA) 18 1 4 $BUJR
PO REA & AT R ol A B DA ) B, RS T B 4 T AR B AL Ui
B MAT R BT, LSS B R H R
B4 s (Particle Swarm Optimization, PSO)™ il ik % & vk
(Genetic Algorithm, GA)™T ELA7 B8 i 1 3R fife 5 12 R0 B8P 1 1k
S .

N T Ak % 5Pt Ak B ¥ (Artificial Chemical Reaction
Optimization, ACRO) & — R 7 8 (19 50 J8 & =07 i . B Bl ik
2 AT 22 1) R AR DS B AR AR R A L I R4S
R, 5HAMITIE RSB N T = s 2
HARGRAY e G ) AR R B T AR, FE B SE R, AT AL
2 SN B I Pk RR AT AR H AT A SR W N DA R
R HEAT T Z M — i, N T Ak R AR AR A
FRAE B 5 50 — 7 T R ROA T DM A B e A A . AR SCHE
CA U Sl - X PSS A — R R — AR A
N T A2 2R A Ak FAR B B3 90 1) 4 A % 28 307 (Artificial
Chemical Reaction Optimization with Wolf Colony Algorithm,
ACR-WCA) , [ B X ¢ AiF 328 15 45 28 i 47 35018 45 A J7 T &)
F It o iz 5 i PR R

ARCH) FE TR T

IR A% G2 IR B 5500k WAL B0 £, K 48 2% o e &)
53 R LA By B kAT

(2) 3R FH BRI A N T Ak SR e AR A A A 47 bl o 78 S
B R LD O AR R A AR A R A L AT S R TR S
HL I 1 e A5 5

(3) 1| A Ak 2 BN X AR A 322 4150 m a0 A AR Ak AN ek 25 L 412 3
T AN TR Z 18] B A7 8 15 838 B, il N TR R 0% B 4 i 4 49
R ME R Sk R A8 ) . e E A5 5

WKIZTEE 7R BT T L FE 3 21 S5
P B8 I IR G5 SR AT T 4007« 45 SR 38 T I B0k 10 7 1) o R
N BB 54 AL Sk FRATT A SR B A AKORn T

2 MXTIIME

2.1 HFfEEEF

FFAE 18 (Feature Selection, FS) & 4§ # 4% — 5 (9 W,
MNE TE B AT AR 4R G P b (S B B R R A T AR B
O A A AL SN S 3 . R S R R AL B e SR B 2
Bl e KB Pk LR B U R N A B
R 255 2 o AR A5 ) RO T A A — > 8 it )
F 20 fi22 60 AFA LR, 32 3 T AL~ U] 4 444> 9

WHRZEERITARA W RE, B EENERTEXHEA
MrfETS . BRORUL AR E LA T s KEBH R,
(D NEET B /Y B — FRAE R 35 3 ZRP e e P 2 & s
(2) FRAE FE B DA 58 42 R 58 B AN 58 42 D3R 5 (3) R AR 3% £ A RRAE
20 37 D0 SRR G 6N 5 (4D R AIE 8 B AT A R 1) i 1 IR
S A7 5 1) BOHE 718 5 (5) DA 2 2] B TE W B 2R ) R

FRAE LB E T LA AR R RBEAR R MR S & .
7 B AR A 35 1) B R AE 41 L TS 2 % AN 6] ) R AE - 4 8 AT
WEor o Jl VRN ) 1Y F M 8 AR o R AE BB s AT LU 43 i
UE LR A FIAE A 4 26, IR U7 R A A e it — ik
G I HE AR E AT R . R SR 7R B A 3 e AR 4 R AR
BEAT TR 0B TRME S 2 MR DG . R, B B
e S . 8, R LAY R R T 4 B0 ORI AR 56
I C 0 2 o 7 114 D I8 R AT o B U7 % L K T RRAE BRI AT R
WHIERE L, AR PR R R B S A g 2 S R
— AL BB 43 s B HE R 432 PR R AR D R AR TR B T AN 4
B o 3K 7 A8 1] T Oy AR R B R R AR U RRPE AR . SR
Bl AR B X R T Ak, AR A R T R R R
R AR . i AT VR S Al — 2 5 R R AL AT )
Y 15 B A RHE B RCE 2R B S5 MR IR AT R O S BRI
BURRAE o B AN DU D T 0 I 4 0 A ik R g IRl R, T L T
A28 2% B IR) 52 2% B ok Ay [R) E, SRR FH B ik 2 — SR E W
b SRR AR S T A AR ) i R AR A I 2 2 R AR AR i
B R4 L AR A R
2.2 TREREX
2.2.1 RBEXFERN»E

Jtlg & A B (Meta-Heuristic Algorithm) J& g & 05 2
H S, BRI 5 R R RS &Y, Kl T
A= i RASE W A R A L A B A T = -2 Wl
EARB RN WU REEARBREN., ZAREEHITH
RABFIEA LIRSy 4 26 40300 T B Bk
TR EEMET ANE L WE 1R,

e M

* Genetic algorithm
Evolutionary Z% « Genetic programmig

algorithms « Differetial Evolution
« Evolutionary strategy
S

« Particle Swarm Optimization

Swarm-based § « Ant Colony Optimization
algorithm « Firefly Algorithm

« Grey Wolf Optimization

Meta-heuristic

( B (+ Simulated Annealing N
« Harmony Search Algorithm

Physics-based ZQ/ « Gravitational Search

algorithm

algorithm Algorithm
* Arificial Chemical Reaction
I\ \Optimization )
(~ Tabu Search A

« League Championship
Human-based Algorithm

algorithm % « Imperialistic Competitive
Algorithm
q \* Exchange Market Algorithm /

CREWEY S WA e

Fig. 1 Meta-heuristics classification



SN A TR A N A2 SO It A FAR 580 vk 1O RRAIE 16 4

95

(D HEARTE W AL SR 09 ROk B TR B R0 A4 W ik
b, 3 — Al A B ATz E M A R R
e, B AL HIE RN A2 W, BB %R 52
R ST 1 BRI A A B A% e AR A0 B 0k X LA e 11 A
I, A E AR T ERREEL A MG R R, 6
WAL B (GAY Vb (b 5w (ES) T2 | 22 43 ot 4 A i 15 0L
RGP,

(DO FETRRMBE X R EZE T AR A A7 17
R . AERE PR A R R A PR 2Z [ AS ORI S R SR
BT E R E L ERBCR MR ER EAKRETAC.
2 B R TS  CORE SR T VR R S R Sk T ok
i

(DFEFYHEM AL R TRy AL Wi H
SRR 7 I G AT 1% R T M e S R Sl R T B )
Bk U B 18 R (GSAHIT R R Ak
(HS MR 2R AR AL 51 (ROYTT

DO FET AW ZBISE T R B E &7 A 1
Bk, PRSI RAL G E £ RS ACAHPT
IS8 56 ZE 57 1 (LC AP AN i 58 1 (EMA)Y P
2.2.2 AFREHE

N TALSE R AL B s R Alatas B 8 32 fb 22 R
N B R A S . e AR AR 2 N R A 2 )
B9 AR AR R R AT A O 8 A B I8 B A2 2 1 38 SR A N
SHRE TR N5 A e — e . FEAR L Y R
] N ACRO & 28 8 F O fif e iF 2 [n) B, 3R IRUAG T R4 9 3L
R ACRONEHL R RFERKMAEZ AEEALR
R IR T . 1EF L BB IR AR 20 b R 24
SEVEZ SR, Wl 008 I8 8 R0 BT T R 4R I N B .
T 400 B SR ) 43 A AE — S AT AT Y 4 R R XY L 1A o T L
R A R 27 B N 17NN A g A = A1 1 DA e
o N Ak 2 5N A Ak B 3 B8 o b T il ke i £2 & 4% Il
B, T R AL T AT 2 38 T AR B A 0 B B R RLLG
19 ACRO L f7 7€ B 48 R BE 13 22 19 1) A, 3% H A T4k 28 IR
L B4 A A A B R AR A R L R R AT K R R4
KA BRI BRI SR A, BAr, AT A2 6k 4k
BVE AR AR BB L 2 07 5 Lo BOUR 2 98 L 432 ke B 45 O TH R
AR,

Bechikh S50 48 T —Fl 2 B A5 1 4k 2 5O B A6 7
LA B A Al S M HE O Ak R Ak L 3k R Ak A R A Ak
A R UE DR A R B 22 A b 28 o UL A o) R, Scrp R T —
Tl 19 A 27 Sz 0oy AR b B 1k R B 4 g B3 1 (CROG) SR fig 0-1
A 5] B (5] B 3 ) 5% A SR W R B AL 32 8 AR 285 5 (9 18 B bR
BORAB 2R FIAT i .

2.2.3 BASREBMAL

& 55 78 i & 3 07 ¥k 38 R T I 5 B A JR) 3 e 6 14 ] AL )
FATR A S v LA SR A b FE SRS I I R e 1 BT L SE T IR &
SR It A 2O T R R R DB 0 B 1 S 1 — e R A A 1

SCHRL26 T4 T — B 3 TR 7 B0 A0 9 TR A R AiE 38 4% )y
T B VR — R 4R 1 JR A A g R IOk B iR R 2R

B A B IIE 04 8 3, I8 % b 6 B 55 AH DG 1 X 43 PR RRAE
Yul AR T — i Y i 0 7R (Bat Algorithm) o 22 fif J5
TR 5 B B A J) 58 ot A4 T AL, 12 B0 v o 1 (4 ) VR v
W S5F 25 TR L I (07 P 5 A O TR 2B A A R AR I T
T AR R R G R M RN S . Mafarja 4
NS T P 3 e PR AR S (WO IR A AR, 7
S — AR BADLR SR i A B S S o T AE S
AN AR R IR kB 3 R gt e Bk g VR R AR R T 4R
B A R R T A Rk R O B A A X, A
PR K L AR AR Sk R R AR .

T 3 X R G )R F 5 L FR AT A BRI 4 3R W T DUAR 47 b
i R T B 1 [ B s ), A AR TR R M 25 A R R
JIT RAAR SCCHE S8 2350 — B 1R A SR I 4 TR AR S 5 S0 00 45

3 ACR-WCA &%

A SO A B B v 5 IR B A & BT —
Tl T ) 2 A B R AIE B £ 07 15— ACR-WCA, HLB Bt, A
Ak 2 BB B vk B T Ml W T T A% Rl e i e T A 2 A O
o) R0, (H AR T AR AE e 4% . A SCHS & e N D RN AR E
B 78 S RE T MO R B iR L i — B R THR S R R B PR R L TR
HRL A TR E R .
3.1 HREVIAN

T SC BT 8 38 19 it A 300 0k e 0 2 DA A% 328 25 1 A1 1) 28 T
TF 2 B, AR AT 32 9% () 0 ) 75 8 R BT I B TR . TERRAE
T £ [R) R B I N A TS o A O A R A B
iE o DA 5 A IR b 7 v f AT RO AIE B9 0 EORE BEE . JRUAA RO R
TSI BN Ak 2 S T 1 7 A A [ ALY L5 AR AT 38 4% [0 228 e
B AR R — 0 S BE T I BB B TR A DR R AT 3 %
1AL, B DL EOR I s TR 8 A i 1) e A e 0 — DB X
ROASCER O A 1 AL, SR AR SRk . O T S B A 4t 4T
T SRR R B XA R B T A AR 1 R R R R R AR

HIMER A 2 R .

04

S(x) =

1
l1+e v

— sigmoid=—L
1+

0.2

o

-6 -4 -2 0 2 4 6

2 SRR
Fig. 2 S-shaped transfer function

TEAS AR — A Z i 1, Hoh 36 @ A0 8 0
S0 DRHER B 00 . TR A S B0 b AL 5 L BEAL AR B —
HAE 0 B 1 MW T NS 5 AR A% RN A
RRPE, EEBRELT BN EIEN 1 R
N 0, B FRE NIRRT EIFHRASE
TR E LR n, BEALSF N 3 PR, [ =0 IR Kk
BEAE i NRRAE, £ =1 SRR B DR,



96 Computer Science T HHEI2E  Vol. 48,No. 11A, Nov. 2021
1 2 4 5 6 i n 3.2.3 BXATH
(I TN N A T B O O I 1| oo AT & RO UL B TE o e 23 18 b 4 B R G P I
A 9 AT LR W«
B3 b dlREAE Xhit =X A e step? o | do— o | (5
Fig. 3 Binary feature Hor A AL — 1L VIR LS 2 16 B 9 50 40 A3 step, 12 Tk 2
3.2 REBE® o SR A R R A TR A A R 1 vk R T R A
TR B RS B AL e R R e B R A B 5 5 R A O B IR AR
W SR R R A AT R S T AR ) — R AR R O vk L R Wik e step, TRELH step, MV L step, W 2L
BEE % LR AR SO LA BE AL R e M ER Sy PERKE:
LB AT 2 6] R 4 A DA 45 TR 09 2 77 R R R AR AEL4 1 1 stepl = ﬂ?g:.wﬂfkmzﬁml ®
FAT . IRBEARIEAE S0 T Lt 42 WELF 3 .
(U S0« S AR 2 A o 0 X 5 00 0 40 70 658 D §;££%$ﬁ'%%FATﬁfm SRR R LR
05 KL RO S5 P B R R A B e RE
A v R R RO R B TSk IRARIE Sk . 8 AR BT L BI85 8 8515

AR B FR R EE 5 AT — 8 B Sk AR HE AT X E 2 B A ) B
WSROI . SR & AT BE ML E AL W4T N R B AT
X3 AR REAT R AT AT — i, TR B R AGEAR H 8
RN TR B,

OB F AW R RHR ., EARES Y
B B8 B SR HEAT DR ORI vk BE B T L 3RS R R A ) R L IR
MR IR 2 ) 25 SRR B A i 1 O T IR S5

O BRAR RAE RIS W G 250 B m) S R . kR &
T A 1 T fe 3 I i R ) AR T A AT ey . T R R AR R
W B0 7 5 23 W1 BRAR /Y O 1) PR E L 38 R 5

TRFERREAHEAEAT N T LI R 50 LU 3 o KL 9F

— S R A ke SRR R R A L A e R LA ) T R
3.2.1 MALHA

PRARTE A J7 ) B B AH B ) 20K Ao [RBT, B4 SR T

— B R B RS SR MR BE L SR JE IRl B EOR (L p(p=

1,2, k), FERXANHFMBINZERR B AELEE 25 [/
o7 B2

Xt =Xy +sin(2n><£) X step? (2)

T UCAEARIC R X, BOAE B 0 M, BB S0R KT 2 i
L8 Yy, BAWE KM, R HRRALE X, TEZH
HIAT AT A, BB — FR R B 1Sk Y, >Y, L 5L
HHBATET OB E RN B KR T
3.2.2 BT A

SRR 3 ek LY Sk RS A AT Ay W B 0 G
it stepd MKERIRMMAIE . 16 r+1 RIE
d 4 By

il AR 2 38
R AR TE

stepy » (gh=-X}a)

Xbi =X+ —
' ! g — Xha |

3

Horh, gl FORIREY b ARBERTE d R AL B . 78 TR
B MR R RE] TR AR Y, Y, IR A Y, =Y SR
Lo AR RO e . RN E ARSI R, HBSK R Z AR

PR R dy <<deo TEOL W B AT . ZIEE B U AKL
L3
dnm*m . d:l‘dmax*dmm ‘ 4)

B U HEAT S TE L BT DATE B b 5B B bR R R 22 /Y R DT
NTAR [ BEAL™ A R T A TR, R BRI B ™ A5 i AT
Rz, AM THPRIEDEKWZHEMLE R EXRA

[ e | OBBLSE B e B HL A L 5 T

3.3 MM ERMERE

AN TARZE R B Alatas F 2012 4F $2 H B9 — F 357 09
1 3 R e & e A B8 vk, G I A L2 A P Bk 2 BN e A
fiff e T 4 R R R S 4R AR A Ak ) S5 AR R4 T AR R
R H bR R D T B/ A B R AR I, O R R A
TR 1 SC B AT R R B B s 7E IR AR B B M 2k &
PEAS U 2 B AR A% 1 A R R b 2 R B AT, RN A
B@Eﬁﬁl‘l%TL_ SN 7 Bl B A R A A R R

X —FB A AT E X B — RN LR AE I R & ] L E

B@i%ﬁeﬁz@%&? 5 PR ] 1 BN 559, Fe A2 N  F
B0 B i Y Redox1 528 L o 1k B4 43 i I R L B 30F Y
Redox2 J M B3k 14 5 45 2 7 AR a0k 1) & 2 7 . 3 3 A R
HEE o A Ak 2 IS, RE A% Xt b 72 BEHLAT A L 8 MedT o
FRLAT Sy 3k B v g N AR AT MRS Bl S T N AR 22 A Y
I B B 38 B IR BF BE 8 T 4 b SRS R s M 5 B 4R
TR,
3.3.1 HALZERE B Redoxl

Redoxl R hi s Rl H—N T HES 5 RO, I —ILR,
R A5 0 s S5 7 49 A7 8 38 3k 2 AR Sz B IR AL 3 5 R A 7 X A
BEATHUSL . WARAESH O, MIBE SO 1540 fE 2 1, My 0,

RN B B A 2 0 s BB A 1R 4 BT L 0k B DR A AR AT
g0, 1, AR SRR,

0
1

SR =R 7y R WA VN ]
Fig.4 Example of binary Redoxl reaction
3.3.2 o BRE
TEHE 1 o i R N Rl — AT 5 5 RN, Bl — G
AR TE S AR, S BEAL e B — b A 3 X A R
LA 3 A7 B B E AT U R A — A . RS



SN A TR A N A2 SO It A FAR 580 vk 1O RRAIE 16 4

97

4 S B4 55 S R AR T
) 2t B 1) 23 A% B 0007 B A R 5 TR . 7E TR LB

PLEE£E 3 RGBT AERE RGN 4 —6 A BE I, AR E

S BUE AT AAL 5 R AR R AT

0

1

101
010

Bl 5 ik o3 fif R A )
Fig.5 Example of binary decomposition reaction
3.3.3 &AM R A F Redox?2
1F Redox2 S B H . 5 2 W A 52 07 ) [] s 2 0 I B » e I
TE BT A58 04 B I ) v B 3 D R OR A2 4 W A 43 1Y EB
SRS B o % BN B i G B R A 6 BT

(= )
(= -}
—_——— =
S o oo

6 ikl Redox2 JZJ% 7 Al
Fig. 6 Example of binary Redox2 reaction

i BEALAE B RGP 502 4.5,6 7, #iER 1 B4
B A7 ZRRBERIE TR 2, MHTER 2 WALE 4—7 Z 1
BB R U8 AR 1, F O AT DA 7= A 58 O[] T D 3 AR 1 7R
AR .

3.3.4 E#HRAE

T S5 ) 3 o A S I R DL A R A B L R
Jof H g Y R T S — A T S ) BE A TR B B AL — T iR
i,

TEHETS P58 i RGN 0 MIEHLT HIR MY 1 5 Lk
TS RN 1 8IS R — B MR S N 2 A G AR
—FE, EHLHER S NE R LR N 1 RS R R
N 2 B AL HUE T SO 2 B G R SO ) 1 B
PRI . A SN A R R A R BN 7 BOR

1010010100

11 N 1
0111110101

PR 7 o A S I R 1]

Fig. 7 Example of binary displacement reaction

3.3.5 AmEE
TEA B R B A SN ) 2 5 g AH A i — A A
. B A RN e e I RICE . SRE LR — A

SIS 0 ) AR VB TC A R SR — 5 1o 0 B A DG TS T BB B S
Yo 6 RN B 2 1 ) 5 AT 8 T
1

0
1

1
0
1

—_ o =
—_— o

&8 kA R B A )

Fig. 8 Example of binary synthesis reaction

D https://www. openml. org/

AR LR 2 AR PR [5] 60 52 L 4, A SR RN
J 10 HeHERL. A 1,34 A6 AL EAEVCEC A, . ARG A
ANV e B A7 AR R AR 1 IR 2 A k37 5 g 4 A ke g {1
A VT AL AR A,

£ ACR-WCA Fipk o, FATIXE 5 A Ak 2 S i Al Tﬂ%
e FEPAT S IR S 25 B S IR R I T 462 I
wR. iﬁﬁﬁj:i?fs)iﬂji&ﬁﬂli&,ii%i}\IZEﬁE%ﬂiﬂjév\
T I AR PR A A e B AT WR— b 7 SN 3 e 12 0 vk A8 T AL
B PR AR L AR R A R A AR 2 T v bR A A A o R
AN TR 1) 2R AR
3.4 mMHERTR

TR ACR-WCO FvE I HRR 1 158 1225k W B Be

AR S R R N TR B IE . A 2E R OB R B L T g
ST B R . BT R O AR Y B 5 8 X N TR 2 ) o
B9 Z R A B AT PR O B B R H R AE R
7o A3 2K B I [R] B D T e R AE B B B R B R R N
ZFEVE TR INTE Z 44 015 Bk
ik MR RREL
i A :the best artificial wolf X, from each iteration
Hi 3« the improved X,
1. fitness=the fitness of X,;
2./ * By E + /
3. Define a vector one_positions to store the binary locations of the se-
lected features in X,
. Define Xopee
Xonee = Xa 3
. for i in range(1,len(one_positions)) :

. generate a random number r;

Cif <M,

© o NN o Ul

. XsirstLone_positions[i]]=0;

10. fitnessmutated = the fitness of X 3
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Table 1 Introduction to datasets

No. Dataset ZF #S #C Area
1 Breast cancer tissue 9 106 6 Medical
2 Glass 9 214 7 Physical
3 Stock 9 950 2 Business
4 Page blocks 10 5473 2 Computer
5 Vowel 10 990 2 Life
6 WineEW 13 178 3 Physical
7 Australian 14 690 2 Financial
8 Zoo 16 101 7 Life
9 Lymphography 18 148 4 Medical
10 Vehicle 18 846 4 Life
11 Segment 19 2310 7 Life
12 Climate 20 540 2 Physical
13 SpectEW 22 267 2 Medical
14 WDBC 30 569 2 Life
15 TonosphereEW 34 351 2 Physical
16 SonarEW 60 208 2 Physical
17 Robot-failures-1p1 90 88 4 Physical
18 Robot-failures-1p2 90 47 5 Physical
19 Robot-failures-1p3 90 47 4 Physical
20 Robot-failures-1p4 90 117 3 Physical
21 Robot-failures-1p5 90 164 5 Physical

®2 RN RS

Table 2 Classification of large, medium,small datasets

Large Medium Small
TonosphereEW Zoo Breastcancer tissue
SonarEW Lymphography Glass
Robot-failures-Ip1 Vehicle Stock
Robot-failures-1p2 Segment Page blocks
Robot-failures-1p3 Climate Vowel
Robot-failures-1p4 SpectEW WineEW
Robot-failures-1p5 WDBC Australian

LTS EEA R TER 3, — LA T RIE
OSRE ) B  B L AT A X S B AT R s S — T
T 5 3o 6 55048 T AT B 0t 5 T AT Bk Y P BE AR A

3 RINTENSHE

Table 3 Parameters setting of the proposed algorithm

Parameter Value
Number of independent runs 20
Number of iterations 20

Dimension D Number of features

K-neighbors 5
K-fold cross-validation 10
a 0.01
B 0.99
M, 0.5
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Table 4 Number of features,fitness and accuracy of 21 datasets
Datasets = F' fitness accuracy Datasets #F fitness accuracy
Worst 6 0.2449 0.7751 Worst 31 0.2657 0.7770
Australian Average 4 0.1444 0.8541 Robot-faliures-1p5 Average 26 0.2449 0.7514
Best 3 0.1337 0.8678 Best 19 0.2242 0.7275
Breast cancer Worst 8 0.5468 0.4533 Worst 9 0.0916 0.9119
. Average 6 0.5008 0.4929 Segment Average 5 0.0374 0.9647
tissue Best 3 0.2926 0.7089 Best 1 0.0300 0.9727
Worst 10 0.0827 0.9184 Worst 23 0.2460 0.7544
Climate Average 5 0.0765 0.9239 SonarEW Average 15 0.2047 0.7864
Best 2 0.7185 0.9389 Best 9 0.1027 0.8365
Worst 7 0.2942 0.6950 Worst 12 0.2544 0.7342
Glass Average 6 0.2807 0.7185 SpectEW Average 9 0.2286 0.7671
Best 4 0.2722 0.7318 Best 3 0.2100 0.7933
Worst 17 0.08818 0.9088 Worst 4 0.0917 0.8972
TonosphereEW Average 12 0.0727 0.9257 Stock Average 4 0.0914 0.9051
Best 8 0.0581 0.9408 Best 3 0.0905 0.9119
Worst 10 0.1503 0.8409 Worst 12 0.2832 0.7173
Lymphography Average 9 0.1270 0.8710 Vehicle Average 9 0.2704 0.7288
Best 6 0.1107 0.8934 Best 6 0.2576 0.7432
Worst 5 0.0524 0.0948 Worst 9 0.0312 0.9727
Page blocks Average 4 0.0443 0.9577 Vowel Average 6 0.0150 0.9884
Best 3 0.0411 0.9624 Best 4 0.0110 0.9929
Worst 21 0.0868 0.8956 Worst 7 0.0535 0.9341
Robot-faliures-Ip1l Average 13 0.0661 0.9292 WineEw Average 5 0.0491 0.9516
Best 6 0.0248 0.9532 Best 2 0.0473 0.9570
Worst 18 0.2555 0.7600 Worst 6 0.0691 0.9308
Robot-faliures-1p2 Average 13 0.1993 0.8000 WDBC Average 4 0.0526 0.9480
Best 7 0.1772 0.8633 Best 3 0.0481 0.9525
Worst 7 0.2652 0.7333 Worst 7 0.0692 0.9726
Robot-faliures-1p3 Average 10 0.2157 0.7826 Zoo Average 6 0.0183 0.9843
Best 18 0.1675 0.8317 Best 3 0.0120 0.9917
Worst 29 0.0726 0.9280
Robot-faliures-1p4 Average 17 0.0458 0.9412
Best 11 0.4529 0.9565
. FE L0 b T TS 5 0 AT SR A £ 4 i 4
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Table 5 Average feature screening rate of large, medium and small datasets

Large Datasets zF' S/ % Medium Datasets zF' S/ % SmallDatasets 2 F' S/ %
lonosphereEW 12 35.3 Zoo 6 37.5 Breast cancer tissue 6 66.7
SonarEW 15 25 Lymphography 9 50 Glass 6 66.7
Robot-faliures-1p1l 13 14.4 Vehicle 9 50 Stock 4 44.4

Robot-faliures-1p2 13 14.4 Segment 5 26.3 Page blocks 4 10

Robot-faliures-1p3 10 11.1 Climate 5 25 Vowel 6 60
Robot-faliures-1p4 17 20 SpectEW 9 40.9 WineEw 5 38.5
Robot-faliures-1p5 26 28.9 WDBC 4 13.3 Australian 4 28.6
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Table 6 Average accuracy of 21 datasets
No. Dataset PSO FA BA MVO BCSA bWOA TMGWO ACR-WCA
1 Australian 0.8333 0.8318 0.8312 0.8318 0.8304 0.8391 0.8463 0.8543
2 Breast cancer tissue 0.3200 0.3300 0.3300 0.3300 0.3300 0.3200 0.3300 0.4929
3 Climate 0.9203 0.9277 0.9184 0.9277 0.9416 0.9222 0.9314 0.9243
4 Glass 0.7380 0.7380 0.7342 0.7380 0.7380 0.7380 0.7380 0.7182
5 TonosphereEW 0.9142 0.9057 0.8765 0.9057 0.9085 0.8942 0.9314 0.9244
6 Lymphography 0.8785  0.8571  0.8775  0.8857  0.8785  0.8714 0.9000 0.8701
7 Page blocks 0.9643 0.9612 0.9163 0.9610 0.9559 0.9643 0.9639 0.9577
8 Robot-failures-lp1 0.8875 0.8750 0.8924 0.9125 0.8875 0.8750 0.9125 0.9268
9 Robot-failures-1p2 0.7500 0.7500 0.7500 0.7750 0.7750 0.7250 0.7750 0.8002
10 Robot-failures-1p3 0.7000 0. 7000 0.7250 0.7500 0.7500 0.7250 0.7750 0.7785
11 Robot-failures-1p4 0.9000 0.8909 0.8750 0.9272 0.8818 0.8818 0.9363 0.9422
12 Robot-failures-1p5 0.6375 0.6437 0.6374 0.6875 0.6250 0.6312 0.6750 0.7510
13 Segment 0.9658 0.9709 0.9714 0.9744 0.9679 0.9679 0.9744 0.9647
14 SonarEW 0.6800 0.6600 0.6550 0.7300 0.6799 0. 6600 0. 7400 0.7855
15 SpectEW 0.7346 0.7436 0.7423 0.7576 0.7346 0.7230 0.7615 0.7671
16 Stock 0.9326 0.9326 0.9326 0.9326 0.9326 0.9326 0.9326 0.9051
17 Vehicle 0.7621 0.7273 0.7261 0.7345 0.7321 0.7309 0.7380 0.7295
18 Vowel 0.9888 0.9888 0.9888 0.9888 0.9534 0.9672 0.9888 0.9884
19 WineEW 0.9352 0.9411 0.9411 0.9470 0.9325 0.9411 0.9470 0.9512
20 WDBC 0.9482 0.9482 0.9482 0.9482 0.9464 0.9482 0.9482 0.9475
21 Z00 0.9600 0.9600 0.9600 0.9600 0.9600 0.9600 0.9600 0.9841
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Fig. 11  Comparison of total average accuracy of the 8 algorithms =
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Fig. 12 Comparison of total average fitness of the 8 algorithms
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Table 7 Average fitness of 21 datasets

No. Dataset PSO FA BA MVO BCSA bWOA TMGWO ACR-WCA
1 Australian 0.1900 0.1819 0.1781 0.1759 0.2222 0.1882 0.1686 0. 1443
2 Breast cancer tissue 0.7014 0.6844 0.6955 0.6788 0.7313 0.7007 0.6817 0.5001
3 Climate 0.0861 0.0827 0.0849 0.0844 0.0774 0.0845 0.0804 0.0765
4 Glass 0.2687 0.2678 0.2691 0.2652 0.2741 0.2683 0.2647 0.2808
5 TonosphereEW 0.1175 0.1146 0.1257 0.1118 0.1202 0.1190 0.0906 0.0737
6 Lymphography 0.1615 0.1577 0.1587 0.1441 0.1796 0.1531 0.1400 0.1283
7 Page blocks 0.0469 0.0472 0.0458 0.0455 0.0509 0.0485 0.0455 0.0443
8 Robot-failures-1p1 0.1403 0.1412 0.1464 0.1138 0.2014 0.1487 0.0909 0.0680
9 Robot-failures-1p2 0.2657 0.2759 0.2739 0.2489 0.2903 0.2835 0.2415 0.1992
10 Robot-failures-1p3 0.3056 0.3058 0.3026 0.2716 0.3255 0.3061 0.2493 0.2190
11 Robot-failures-1p4 0.1303 0.1405 0.1464 0.0912 0.1563 0.1400 0.0826 0.0563
12 Robot-failures-1p5 0.3874 0.3849 0.3860 0.3460 0.4043 0.3866 0.3430 0.2804
13 Segment 0.0415 0.0413 0.0381 0.0311 0.0464 0.0419 0.0284 0.0343
14 SonarEW 0.3795 0.4055 0.3957 0.3347 0.3914 0.3876 0.3337 0.2424
15 SpectEW 0.2833 0.2876 0.2858 0.2727 0.3053 0.2880 0.2644 0.2286
16 Stock 0.0773 0.0786 0.0776 0.0723 0.0191 0.0775 0.0730 0.1936
17 Vehicle 0.2855 0.2868 0.2885 0.2808 0.3074 0.2833 0.2731 0.2569
18 Vowel 0.0224 0.0109 0.0109 0.0109 0.0437 0.0313 0.0109 0.0150
19 WineEW 0.0798 0.0742 0.0824 0.0706 0.1211 0.0800 0.0638 0.0494
20 WDBC 0.0605 0.0604 0.0602 0.0559 0.0700 0.0598 0.0535 0.0531
21 Zoo 0.0529 0.0518 0.0541 0.0488 0.0570 0.0517 0.0485 0.0186
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