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Abstract

Feature selection can improve the performance of learning algorithm with the help of removing the irrelevant

and redundant features. As evolutionary algorithm is reported to be suitable for optimization tasks, this paper proposed a

new feature selection algorithm FSSAC. The new initialization strategy and evaluation function make FSSAC regard fea-

ture selection as a discrete space search problem. The algorithm also uses the accuracy of feature subset to guide the

sampling period. In the stage of experiment, FSSAC was combined with the SVM,J48 and KNN.,and then it was valida-

ted on UCI machine learning datasets by comparing with FSFOA.HGAFS.PSO and so on . The experiments show that

FSSAC can improve the classification accuracy of classifier and has good generalization. Besides, FSSAC was also com-

pared with other available methods in dimensionality reduction.
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9. For i=1 to m, do
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10. Sample x; from ;
Ux, MERI1—2

11. S=SU{x"};

12.  End for

13, x =arg minge gy~ [(x);

14. End for

15. Return x .

AT B A A R B R ] — S R L XA
A LA BAAR A Ji) 43 2% B 0 s [ 52 2% BT, S A FEUAR i L A
SAL BYRFEM B, MIFE, B AT 2 MR 7™ AF i Y BT 1 oK 48
T W SR B L XA G B B N B SAL By & ) By Be. SAL
REHR Y —Fh ] B S 7 sURTE B T Bl — 2k |
B, I ¥ H AR H Sampling-and-classification (SAC)F! 5 ¥,
SAC {335 3 M B DR RFIHIR LR AL 2) % S B 3) & J7)
TE4 R AL R RE WY B, SAC BENLIL A A RE A 4E X
YIS 3 A SRR A IR R A So - IF T Se Y B A bR 2
FOREME. T — 0 B2 BB 7% B Boh, SAC
AR B R AR v SR A B4 B AT B A i I R B A L 0T N 2%
BRI LR 2] & o BINRAF 2= S 28R S T — B By
Kb, dE— B BUR N T — K E R EET R, TR AR
AAE Ty A3 A b R IE R 1 — A E 2/ U, hREE. Hd T,
RGR ST 1Y 53 28 f X 42 SR REAS HEAT 43 28 T 3K 45 i TE 2R RE A 43
EIR= RV

SR S RORE R AE 8 R R A A Sy 8 i s [ 39 AR [R) AU
SAC S f vk, AR O0ACHS WL 1 2, ARG 5 AT 35 45 7] A 1Y
LRIV R SAC IR LSRG . 25 18 B RRAE L #3402 4%
B T B 0 R 2 4 B3 A AR KA 32 4 A 0 0 AR b
W A S PP R AE A A 7

Bk 2 FSSAC
A f FRIFIE T EMMETIR o > - > 2w HRARIC A9 B 5

AE O, DERRFHBHGTEN LRFENRWEm, ENT EIRR



52

TRAS MR, 55 LT SAC IRHIE SEBESRLIE 65

FERUER  H RN B8 ES :C #m i K H %
itk ax—
P
1o A X R B 5R A ARG So € {x) 500 o x,, | HH M X 52

A AR TS AR A o A L SR FEI LR (1 — 2" ) L A
BB FE AT

2. & x7 =arg max,eg {(x);
3. fort=1to T do
4. HEE Be={(xay) s (5 Ym Db H A x, €S 1y = sign[f

(x) —a,Js
5. AFEENL h,=CB), K h € H;
6. S=0;
7. fori=1 to m, do
8. Sample x; from {Um‘“ e

Ux, % 1— 2

9. S, =S, U{x"};
10. End for
11, x™ =arg max,es | (x) (X
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Table 1

Five small dimensional data sets,two middle dimensional

data sets and two high-dimensional data sets

Dataset # Feature # Instances # Class
Vehicle 18 846 4
Cleveland 13 303 5
Dermatology 34 366 6
lonosphere 34 351 2
Glass 9 214 7
Wine 13 178 3
Segmentation 19 2310 7
SRBCT 2308 63 4
Sonar 60 208 2
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Table 3 Classification accuracy and dimension reduction of

HAR BT R T4 5 Zho S50 48 Ja A7 2% £ S0 3T A o U
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5}:% ?E?%ﬂﬁﬁfﬂﬂ -‘LEIZ,ﬁT» ‘{E ]}'!U E"] PSO(4-2 )US, . ﬁ%%‘ % E(J E Cleveland Accuracy/ % DR/ % (.Ilz.Lssiﬁer
52.87(70%-30%) 69.23 gini/1-NN
(s Bk 2 pral, FSSAC  49.43(70%-30%)  61.54  1-NN/I-NN
48.28(70%-30%) 61.54 Rbf-svm/1-NN
%2 XFHEEEEE FSFOA 55.55(70%-30%)  71.42 1-NN
Table 2 Details of the comparison algorithm R];I;i\;iv[i 61.01(70%-30%) 46. 1 1-NN
"k 4w S E X IP Wik /KR EM SFS 51.79(70%-30%) 47.7 1-NN
70-30 SBS 54.8(70%-30%) 38.5 1-NN
FSFOA 10-fold BT 7 AR 0 4 oy 4 4E 4208 /2016 SFFS 49.55(70%-30 %) 53.8 1-NN
2-fold Segmentation Accuracy/ % DR/ % Classifier
SFS,SBS, SFFS 70-30 Gk e b A 12 /2010 B 96. 02(10-fold) 37.89  Rbf-svm/3-NN
FSSAC 96. 80(10-fold) 39.47  1-NN/3-NN
NSM 10-fold #e 4y #y 4w IR U /2010 96. 89( 10—f§ld) 34.74  gini/3-NN
SVM-FuzCoc 70-30 £ F SVM #y #F4E #% #1121 /2010 FSFOA 96. 2(10-fold) 30. 00 3-NN
HGAFS 9 fold B 4 09 /2007 NSM 95(10-fold) 63. 15 3-NN
FS-NEIR 10-fold A A RS B [71 /2013 Vehicle Accuracy/ % DR/ % Classifier
. o e b 76. 23(10-fold) 17.22 1-NN/J48
UFSACO 70-30 %;:,AU) WMEHEENRELRS FSSAC 76. 23(10-fold) 19.44  Rbf-svm/J48
/2014 76. 95(10-fold) 12.78 gini/J48
ST OB R b AR kL0 FSFOA 73.04(10-fold) 31.57 148
PSO4-2) to-fold R FSNEIR  70,98(10-fold)  50.00 118
— 72.42(70%-30%)  47.21 gini/5-NN
FSSAC 73.02(70%-30%) 52.78 1-NN/5-NN
FSSAC % 2 T 91 % 55 35 10 43 2K o 0 56 2k g 45l 1t 72.22(70%-30%) 14,44 Rbfsvm/5 NN
N B % . 1 sy N FSFOA 73.98(70%-30%) 50 5-NN
WANZE 3 FRA ., e B R R 4 2 Bout B B4 A PSO(4-2)  85.3(70%-30%)  68.4 5NN
N YA Fifh 32 I A BE 2 T FH 1 S HPAG R 50. 24 (2-fold) 63.89  Rbf-svm/ svm
G2 WE T SR AR B 4 08 F RIS . SE e (il Y s FSSAC e b e L NNIRLL
445 KNN(1-NN, 3-NN,5-NN) , C4. 5 il Rb{-SVM, f£% 50(2-fold) 61.11  gini/Rbf-svm
— . LESFOA 62.41C2-fold) a7.22 Rbf-svm
> B Be ik B 0 — 004 2545 4 1-NN, rbf-svm il gini. HGAFS 76. 36 (2-fold) 38.89 Rbf-svm
1R 3 L BdE 5 Glass #l Segmentation TE A8 T8 i %) 4 Dermatology Accuracy/ % DR/ % Classifier
98.90(10-fold) 44.12  Rbl-svm/J48
IFEFAF RS S LT L FSSAC By MM R R & iy, A FSSAC 98. 90( 10-fold) 17.35 gini/J48
S S L - s s N . . . 99. 17(10-fold) 46.18 1-NN/J48
TE B B R LY SR 9 0 0 A T a4 Bk L WORE OO A6 B I R AR AR A FSFOA 96, 95(10-fold) 21 42 148
TES AR . PSSAC 76 R W48 2 0 4 R 48 2 44 25 il o FSNEIR  93.95(10fold)  70.58 Jis
. . ) 95.37(70%-30%) 54.55 1-NN /1-NN
B 5 D0 43 0E 7 42 14 P 8 HE H A 35 1 00 A 11 B8 A AR AIF R R B0 FSSAC 96.30(70%-30%)  32.35 Rbf-svm/1-NN
N < v P 1 A 96.30(70%-30%)  51.52 gini/1-NN
FAL . X FSSAC i i 5% B 3X P A 508 4 b 0 J0 R RRAE FSFOA 97.27(70%-30%) 45,71 NN
25 T KNN, J48 Hl SVM 43 28 2% 19 ot o 2. 7 £ 4 4 SFS 94.02(70%-30%)  44.7 1-NN
SBS 91.78(70%-30%) 58.23 1-NN
Wine, Ionosphere, Dermatology il Sonar H', FSSAC 7] L) % i SFFS 93. 7(70%-30%) 62. 35 1NN
R 2 MO LB T 1 4 2 R i 7 S KR A o B R KOS naonson  eag 1NN
uz!
Ko 1A% LB B 4 FSSAC #2078 32888 1. 7 96.30(70%-30%)  39.40 gini/J48
. N " . . FSSAC 96.30(70%-30%)  42.42 1-NN/J48
Sonar £ 4E I BR T 2r 2648 SVM B HER Rt HGAFS K LA 96.30(70%-30%) 47,06 Rbfsvm/J48
=1 B Bl AN T i 4 e b T R FSFOA 90.09(70%-30%)  44.11 148
G o EAH R B R 43 05 95 R 43 2588 1 S5 A4 T FSSAC MY HER R L UFSACO 95, 28070% 304> 26,47 s
X‘JA l:[:;%; & % l':I:lI 15 % ’ g ﬁ E %& ﬂi—% Q; 70 %_30 % E(J EIJ 6} % 'ﬁ: T Sonar Accuracy/ % DR/ % Classifier
SR e 62. 02(2-fold) 55. 00 T-NN/svm
FSSAC b SBS & 30% ., 7E Cleveland (4 4E I+, Rb{-SVM- FSSAC 61. 54(2-fold) 60.00  gini/Rbf-svm
FuzCoc [ 53 2k flE B 4F - FSSAC 1 fth X U 5T 3% 19 43 2% o : 60- 10CzHol) 55 83 Rbfsvm/svm
FSFOA 65. 86 (2-fold) 54.09 Rbf-svm
R 52% A4 . [FEE . TE Vehicle 8384 I . FSSAC 75028 HGAFS 87. 02(2-fold) 75.00 Rbf-svm
e e ok Be 89. 40(10-fold) 48.00 1-NN/J48
it J48 ERYHERRRE K FSFOA Ml FS-NEIR . 5326402 FSSAC 89. 88(10-fold) 51.83 gini/J48
5-NN il SVM H}, PSO(4-2) il HGAFS 43 51 & %6 b7 19 43 25 4% 90. 36 (10-fold) 51.00  Rbf-svm/J48
oo . . e 2 e ) , FSFOA 82. 69(10-fold) 52.45 748
R B FSSAC A H A X H 332 1 43 2 1 A 73 % FS NEIR 75.97(10-fold) 91.66 748
N 55% 44, FSSAC fEHyRSE SRBCT L/ RE 1L FS- 95.00(70%-30%)  55.00  svm/I-NN
FSSAC 95.00(70%-30%) 45. 00 1-NN/1-NN
3 - ~ NI YA =) N oph AR AT 2 ] A
FOA 1 RbESVM-FuzCoc 22 . fHJ FSSAC 945 {55 1] 4 95.00(70%-30%)  48.33  gini/1-NN
P 4 Vs B L A A R R .l 2 SRBCT #0448 1) R 5 FSFOA  85.43(70%-30%)  57.37 1-NN
Al LLF L SRBCT A 2308 AMFRAE, SEHI AR A 63 4, RIRRAE Rk::j\:iv[ 73.17(70%-30%)  68.33 1-NN
O T 52 150 355 2 B0 16 P K R 25 1] o 2 4 45 3 H SPS 6.43(70%30%) 6133 LN
o ' SBS 62.2(70%-30%) 45.33 1-NN
FRAEAS A AR R e, 9 FL i T SCBIEUAR D, o e ae R M e B 1 L SFFS 64.55(70%-30%)  61.33 1-NN
N p e v - 95.00(70%-30%) 50. 00 ini/5-NN
A S B RRAE 5 AT 58 43 25 o 1 232 B IG5 [l B, 2 3008 4R 1 FSSAC 95.00”0%’_30%’) 333 i‘:l/iw
153 07 R B 70 %%-30 %6 o B W0 4 R TR L A B O 7 W 4 ‘ 9.0070%30%)  50.00  LNN/SNN
FSFOA 86.98(70%-30%)  44.26 5-NN
B EE T —ERRE AT ., PSO(4-2)  78.16(70%-30%)  81.26 5-NN

FSSAC compared with other algorithms
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552 W SRAF bR, 45 T SAC I RRIF LB 1 67
(83 (3%
Tonosphere Accuracy/ % DR/ % Classifier Wine Accuracy/ % DR/ % Classifier
96. 00( 10-fold) 46.47  Rbf-svm/J48 99. 44(10-fold) 47.69 gini/J48
FSSAC 96. 86 10-fold) 4471 1NN/ 48 FSSAC 99. 44(10-fold) 47.69 1-NN/J48
96. 29 10-fold) 112 gini/J48 97.78(10-fold) 47.69  Rbf-svm/J48
. = ol /
FSFOA 96. 06(10-fold) 21.42 J48
FSFOA 93.16(10-fold) 68.57 J48 FSNEIR 05, 01C10-fold> 6153 s
o Jo. - . 4
FS-HEIR 92. 59(10-fold) 82.35 J48 99, 44 (10-fold) T gini/ 3NN
93.15C10-fold)  56.76  gini/3-NN FSSAC 97.78(10-fold)  53.85  1-NN/3-NN
FSSAC 92.58(10-fold) 53.82  1-NN/3-NN 96. 67(10-fold) 50.77  Rbf-svm/3-NN
92.29(10-fold) 52.65 Rbf-sym/3-NN FSFOA 98. 87(10-fold) 42.58 3-NN
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