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GA-based Subspace Classification Algorithm for Support Vector Machines
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Abstract This paper presented a new GA based Subspace classification algorithm for SVM(GS-SVM). A modified
sample selection method is adopted to select a subset of training data based on both the confidence and the convex hull.
Then the representative samples are selected to train the SVM models by considering the distances between classes and
the sample distribution, The algorithm adopts the matrix-form mixed encoding. Genetic algorithm is used to optimize the
feature subspace of representative samples and the classification parameters of SVM simultaneously. The SVM classifi-
cation model is produced based on the representative samples with the optimized feature subspace. Experimental results

on eleven UCI datasets illustrate that the proposed algorithm is able to select both smaller sample subset and feature

size,and achieve higher classification accuracy than the traditional classification algorithms.
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R4 ZBRBES
L3 Vg FHE  ARE X3 B
diabetes 384 192 192 2 8
wdbc 285 142 142 2 31
german 500 250 250 2 24
breast-w 341 171 171 2 9
wpbc 99 44 45 2 33
spambase 2301 1150 1150 2 57
spectf heart 133 67 67 2 44
yeast 742 371 371 10 8
dermatology 183 91 92 6 33
segment 1155 577 578 7 19
vehicle 423 211 212 4 18
4,1 EE1

AL AL BAFIE T 25 [ ik F, W 2 E 2L E PR
R TEFEMOONEREFER S CCBSS g, XLk
BRIk Wang EARBMETERENESEERRE,
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BREBEEAT S MR, RASEEXBIERBEZSE
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KBS Ra¥ s CCBSS ERE KNN
diabetes 384 199 199 250
wdbc 285 168 168 40
german 500 270 270 356
breast-w 343 177 177 32
wpbe 99 75 75 71
spambase 2301 774 774 751
spectf heart 133 106 106 83
yeast 345 337 337 541
dermatology 742 156 156 30
segment 183 608 608 165
vehicle 1155 249 249 300
Ave, 588 284 284 238

#6  CCBSS HIst H 55 i P S B e 5% R

kEE  FHEEOH COBSS(%) ERE) KNNOH
diabetes 74.76 74. 00 74. 00 75. 39
wdbe 97.45 97. 52 97,17 95. 34
german 72.00 70. 84 67. 41 73.40
breast-w 97.10 96. 83 97.05 93.97
wpbc 76. 29 76. 29 76. 29 76. 29
spambase 93. 26 91. 83 91,13 90, 47
spectf heart 79.70 ' 79. 70 79. 37 79.52
yeast 62, 64 57.53 57.51 61, 04
dermatology 96. 97 97. 47 97. 15 76.74
segment 91.57 93.35 92,29 45, 45
vehicle 71.25 63.12 62, 05 60. 82
Ave, 83.00 81. 68 81. 04 75.31
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FHEEHLEE L b 60, BREREK G 2 200, B AEH P. 0.8,
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0.8, FEs AR w, ¥H 0.2, K& NABIBRRE
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A ST A GS-SVM B 343515 GC-SVM, GKNN-
SVM 35317 o, Hop GC-SVM, GKNN-SVM 4331 24 3%
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&), SYMH T Fas B 22, X S R THARE N &
K, Hfhit B EFI St & —FE, £ 75 GSSVM H
FoARBIRR 35 B0 - 3 08 B A1 T R4 AR . L
Bk 6 AR 7 A LAE T A7 E) s RS WO AR A AT R
B3 REESMERET 1L.15%,1. 17% M 3. 46% . GSSVM
SR AETH B R , GC-SVM FEEHWK, GKNN-SVM A X
Bk, SHEENEFAMRAD 3% LA, W GA B8
T st 25 HH T NS IR MA R AE F 55

s 259 .



# 7 GSSVM.GC-SVM #l GKNN-SVM KR IR 4551

GS-SVM GC-SVM GKNN-SVM
L SEH BHE LEH BAR LEYL  BEuE
WD € VA % WD %
diabetes 73.63  49.86  72.62 5156 74.44  53.88
wdbc 95.70 45,30  95.33 51,52  95.40  53.49
german 73.27  45.76  72.67 44,88 7444 26,73
breastw  95.81  70.49  95.83 71,26  95.69  70.61
wpbc 74.63  51.15  73.54 48,85  72.11  53.27
spambase  92.44  35.17  92.01 32,73 9L70  36.23
spectf heart  76.07 42,10  77.11 42,93  76.97  42.65
yeast 63.17 41.75 5908 38,58  60.64  38.16
dermatolog ~ 96.22  54.76  96.37  53.48  81.84 49,49
segment 92.31  24.29  92.07 24,68  69.52  38.83
vehicle 77.86 16,06  77.69  16.82  73.69  14.83
Ave, 82.83  43.34  82.21 43,39 78,77  43.47
Fz8 BT H®
BEE GS-SVM [RS8 § SVM RELIEF
diabetes 2,6 2,6 2,6 2,6
23,22,12,26, 24,25,22,29, 22,29,24,23, 22,29,24,23,
wdbc  8,30,29,28, 9,4,5,2,8, 9,25,30,2, 2,4,25,9,5,
15,31,3,27,9 15,28,12,14  26,5,12,3,4 8,3,28,26
15,1,2,3,18, 1,3,2,5,4,9, 2,3,1,19,18, 1,5,3,14,17,
german 9, 16, 24, 5, 21,10,6,11, 5,7, 17,12, 8,6,9,2,7,
14,22,23 17,16 15,16,10 16,13
breastw  3,6,2,1,8 2,3,6,7,5 3,6,1,7,5 6,1,3,2,8
25,15,12,20, 1,33,12,10, 22,13,1,33, 1, 23, 33, 7,
be  10423,32,26, 11,15,16,13, 18,6,10,20, 10,3,9,8,26,
WP 31,21,24,1, 14,4,5,2,3, 11,21,26,3, 32,6,11,21,
4,22,13,17  8,9,6 25,7,24,19  28,18,29
7,52,24,16, 52,53,56,7, 53,7,23,16, 27,25,12,23,
6, 22, 5, 55, 21,55,16,24, 24,52,8,56, 40,2,30,21,
19,27,49,13, 57,25,23,27, 25,17,20,57, 32,34,9,26,
spambase 36, 28, 9,48, 5,19, 26, 3, 27,42,5,26, 11,28,57,17,
53,45,10,46, 11,17,2,8,6, 46,45,21,18, 5, 7, 37, 43,
44,21,50,38, 20,10,9,18, 22,33,9,44, 19,15,53,3,
26,34,11 12,54 15,6,49 1,36,45
28,6,39,41, 41,42,27,17, 41,33,27,34, 45,43,44,27,
43,14,1,38, 43,7,45,44, 3,7, 28, 30, 26,42,41,31,
spectf heart 8,9,10,20,7, 26,31,40,16, 12,44,11,15, 7,16,17,30,
25,24,40,22, 5,15,33,29, 29,5,43,14, 40,37,25,11,
31,26 8,37,35 16,36,26 15,36,9
yeast  3,4,8,1 3,4,8,2 14,8,3,2 3,4,8,1
4, 28, 2,16, 20,21,22,33, 20,5,29,21, 21,33,22,28,
dermatology 21757 23,15, 29,27,12,28, 15,31,22,28, 20,27,29,6,
€Y 6,17,22,19, 25,6,8,9,16, 6,33,24,34, 12,16,25,8,
18,12,27 15,10 26,25,7 9,15,4
segment 21 1r 15,12, 12,11,14,18, 20,3, 12,7, 20,13,18,11,
L 17,13,7 20,13,17 17,18,15 12,14,3
vehicle  1817:1, 14, 12,7,8,11,9, 8,14,3,5,10, 8,18,7,12,9,
10,4,3,2 3,6,2 17,4,7 3,10,11

SN, R A SR R R R R OB T T

RPBHTEETE ¢ MREBEBEN LE:

FW(p ==L
n

I

ao

R F B EEE R RA R B R MR PR B R
PEEFEIAY, fo =1 BN s MUBMEMRAL I F 23 ] b ik
BTE: MR fo =0 MEREAEBERRE, 1=1,2,,
mon RARFERERNH. BEE FW@ B/ R T8
FoFWORBKRIIREREA TS RMAEE N B, SR
BEE, S TRIEZHEFOERE, EBETF RS,
SVM # RELIEF HB{EHE P B S0, SIS R an %
7S, Frp GSSVM %8 FW () >mean(FW) (z=1, -,
MBIRE 1, T HEXM W, FEEEEENBHERENR.

s 260 o

M ST B HEATIBIESE -, GSSVM 5 H A 3 1@
HHFEEBANHTFERHERK RN EELHEE dia-
betes, wdbc, german, breast-w, yeast, segment il vehicle F , 3%
B GSSVMEZBIAMEEHTFRARELH, TLUH GS
SVM T RUERT . ROAM TEFRARERE LEBE
HEWHFBEN R, NERERTUES, 81 HEEEE
KA FBENBEHEEA K, GSSVM M BHEREESHT
SVM ) B 3 % 07 B B L, Tt — 22 BIE T GSSVM
R L EERMRE T M.

R BIEEREEMHFERENK

K GS_SVM  fzaHH SVM RELIEF
GS_SVM 128 62 69 67
&R % — 128 79 90
SVM - - 128 77
RELIEF — — — 128
4.3 3£@3

WS, AR TR B % 5 — SRR EE B #AT I
B, AN BEHLF 75 ] (Rand Subspace) . KPCA #1) SCH 51| 43
th (generalized discriminant analysis, GDA) , LB #5403k 10

Bz,
# 10 GS-SVM 5 H AR bk py A ER R

HER GS-SVM(¥%)  RandSubspace(%) KPCA(%) GDA(%)
diabetes 73.63 74.00 69.73 75.77
wdbc 95.70 92.95 85. 56 96. 77
german 73.27 73.19 70. 53 70. 00
breast-w 95, 81 95. 28 67.01 96, 98
wpbc 74.63 74. 67 73.13 70.72
spambase 92. 44 93.16 82.76 91. 82
spectf heart 76.07 79.22 70. 95 79.62
yeast 63.17 58. 82 54. 90 62. 10
dermatology 96. 22 94, 27 69. 29 96. 93
segment 92.31 94, 41 94, 18 95.03
vehicle 77.86 70.55 70. 63 76. 45
Ave, 82.83 81,87 73.56 82.93

GS-SVM B ¥4E german, yeast il vehicle 25 ¥ 8 F B
BIERNDEEE,GSSVM LA EBEHES T
RandSubspace il KPCA, 5 GDA 4y BEHY, LN T
Z[EE 7k GDA KPR ® T KPCA,

SRIFE AR R A B T 8 CCBSS,
% pE 2R a5 B AR A4 7 , F CCBSS # BRI REAR N 3
R B AR EREE,GSSVM it GA Stk CCBSS 3 H i
RERA B IREBRENRMEF SR SVM S8R,
ENAMBIEELHET T EH, THRERERY GSSVM gii
AR E R SVM 43288 B /OB T X3 - b iy
Bk, o GSSVM R BEAR B EE R . GSSVM AR
BT R B RN RS R E S TR, HERf T8
Ry BEAT F 2 R ERE AN 43 2 A A3 AR RS, RIS B | i 402
V. T —25 i TAEHe R U IR) 2 Ah 8 0 e A Ak 23 2R
ZRFEHEZERRE S RBSIEE.
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