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Weighted Support Vector Machine Algorithm Based on Inner-correlations and Mutual Information of Features
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Abstract The feature-weighted support vector machine (FWSVM) does not take into account the correlation among
the features,thus the redundancy and the interference caused by it will have a negative impact on the final classification
result. A feature weighting algorithm based on inner-feature correlation and mutual information was proposed and ap-
plied in support vector machines. The algorithm introduces the inter-feature coefficient as an index to measure the re-
dundancy.and then calculates the penalty factor to deal with the weight on the basis of the feature weighting vector ma-

chine. Thus it realizes the contribution of the feature to the classification as much as possible. The comparison of experi-

ments on multiple data sets with several different algorithms shows that the proposed new algorithm has better robust-
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ness and generalization ability.

Keywords

=
il

o JRBEAZ I B — A E S KRB R TT Ik
AR 2T B — AR AT A 4R B R R B 23 28 89 H B AT DL ARRAE 7
SRCFIVRR A R B2 70 26 00 LAt AR R AR B PE T 0 28 v I
BE o AR SR B RS T A8 R X G Y AR 2 T H. 58 4 3t 35 R
H ok, AR e B2 AR R O [ B9 02 B Y, e 86 Hh % B AR A 1
V14 4 I L R I 2 R R A O o SR TR Ry i L X L B £ TR AR
SRAFAE XS 73 2E TR BE A B TR 52 W6 . SR T 76 3k 6 o % 1Y Y R AIE
o S TR RRAE X T4 2 09 SRR SE A IR Y o 1 55 L 0 44
R UE X 7326 A o B A LA A A IR A5 30 A 95 2R N 5 T
R A AL BT 35 A0 2 S T B M A 3 R AT X 2 2 Y TR
Al T AR S AN 7 oF B A R AE D DL AR S A 2 A R
A S AT A= 1B P 2 26 i L B v A e iz AR 1

TESEAR AR Xing S0 3 TF g T FWSVM

W HY.2017-11-28 R 1& H #.2018-01-24

(1291170028 % Bl ,

Feature weighting, Mutual information, Correlation coefficient, Penalty factor,Support vector machine

(Feature-Weighted Support Vector Machine) J5 ¥, DA 85 fiF #il
Sy HAF BAE I AUE R #E SVM (Support Vector Ma-
chine) /32 ik b, 3R T 3 @ (9 40 50 B . Giveki %0
24 MCSP! (Modified Cuckoo Search) Bt gt T FWSVM ¥4
R R TR 2 . A WS A RIS B 25 1E R
FEAEALEE , 43 9l etk 7D 3 DL 7 5535 Al KNN (k-Nearest
Neighbor) 5.3 , -4 Rz T = 3CA 43 87 LA K2 B vl 43, B4+
T RAFHRCRT M DG FR B W T A AR IR Y A B DG
FLW TR AR T/ n AR R, SCHk12-13] LR
fiE45 53 2 ) 19 AH ¢ 3 0O BUEL, J 8 28 I 45 L KNN Al DGC
(Data Gravitation Classification) 4% & 75 i il 32 , 1E B3 73X Fh
FERCE R 7S MER R, A B AR AT
HELRE B 109 43 B 4 [ R 2R 8008 09 43 A BE L 48 Hh T 25 R AR
TR R A A H B AR TR A G RR AR X 4y 26 04 6 e

R

A Z LI B SRRk 4 (BK20150531) , VI 98 4 8 4% BF 5% A= B A 4 39 % By o5t |

BEEK(1977—) B Wb A SEI I, EZEHE STy ) R BEFE A B FACR RS HLAR 56 4%, E-mail: pxb@ ujs. edu. ens R E £ (1965—), 95, 1l +, %
B WA S0, BRI ) oA R R R B T BESE L E-mail : yazhu@ujs. edu. en GEE1EF) .



5512 1

FGEUK A L TRHAE AR SC A ELAE B InAL SVM 5312 183

SR, B AR T AN IR T RIE S R Z M KRR
% JE BRI 22 TH] 7Y 5 I5 L 25 X 43 28 45 2R 3 R ), X S AR AE
WITIARE B S SFBGT A . AR SCIR T —FfL 7 HAF B
AH G Z FUORE AE AL 32 FE 1) & HL (Mutual Information and
Correlation Based Feature Weighted SVM, MCB-FWSVM),
MCB-FWSVM 15 58 I H.AF B 37 Al F¢ Ak 25 8] b 25 4 58 AiF X 23
I TR L SRR TR AR 23 () 1 R G 2R B0 B L 4 U T OB £
A RRAE AL, d5 R 3R AT 0 ACE (H N B SVML B #R
B 5 b DT 3B B T AR BG4 43 84 BN AR DG ARRAE LA R 0T
AFRAE T L

ARSCHE 2 AT T AR B RRAE SRR 1) & L 2R 3
AR T — FOHT YRR AR A S AL A AT AR TR
ST 58 4 I X UCT Y 13 A B3 45 i 52 56, X 397 55
5 FWSVM UL UL G 3 SRk 04T T AR s )R S 4 4
SO R,

2 ETERFEBRHNBEMNEEN

2.1 EER

HAF B (Mutual Information) & {7 B e ¥ —#E HGF
B, B LU E = — B PLAZ i & i 0T 5 — A Bl
HLAE 1 1 05 B a0 U — R E i i T2 A5 — A B
HLAS 85 10 98 0 1A 1 1k

EX 1 FHHABEIEE (2, WG SH R p(x,y),
PR AN pCoO R pG s BAFE MICX,Y) KA 53 A
P ) FIARIIAG p () pCy) BAR XA L B .

MI(X,Y)= X p(l',y)logZM (D

€ X,yEY p() p(y)

W F RFEZS W F PR e B4R 5. C S 8 bR A 1Y 4

B HE LTS A RRE R R E AR R
‘ : pOfO

MI(C,F):/_HZ:Hp(f,c)logzm (2)

MR, —DRIER R Z I E R L,
%R B RCE R A0 2R — AN R R S TR B A B 5 4
KW EAF B R 0, RIZRFAE AL E N 0,

2.2 HFAEMMZFFEEN—FWSVM

S+ 18] B ML (Support Vector Machine, SVM) &2 7 5 4 45
AIE 7 [ o foff P 20 PE R B0 IR 25 BT A 2% 2 R GE, B — ANk H
BB 2 D TN i xFERA T — D lh gt
PHI 02 2 .

BREAREE N (2i0y:) v ERY Ly, € {0, 1) BB NFRE,i=
1,2, n, SVM JFEETE d 425 [ b S — DB K wr +
b=0 WA ImE , P w M E b ER HIRE .

f(I):sgnléa,y,K(i,x,)ﬂLb (3)

R JIAS S 5 1] S5 AL LR AIE 2 [ v 25 AN 4R AE 5 43 2819
fif BB AE 9 AT, B w, = MICCs £, s H 3R 75 45 AE i A
KR

W

H P hd WxTAmEEE, (Py)=w, I<i<dINEL i M
AE R AR . F 2 (3) T 5 R A AL 1]+ ML A ke 5 R BN

F(a) =sgnDaiyK (2T P.2TP)+b 4
i=1

3 ETHMAEXNEEENBIEMNEZHERE
#l——MCB-FWSVM

AR SCR FH B2 R b A 56 ZR B S I B RRAIE 22 R A 56 6 R 2
VIRERNSITER. FRIEN MM CRE - R .
cov(fis fi)
Y
Hcov(fis SR [ 5 [0 TI7 2.6, 8 fiIFRUETT 2 .6/,
o WIARUE TS 25 . RRAIE ] B AH 56 2R B8 K L A7 AE B I Ak
%, BIRBMERBBE N — 1. 1], AR R AL, E
A AR 3R IE A0 G L TR T AR SCoR ik, R 25 8RR AE (8] () A 0GR B
R B A X |y [ M F8 45 . 4F1E f SHRAEZS A] F oo H:
RFEMARRBZAMRET £ ITTRBEE, AR NP
PE A R 5 i AR AR B TOA &L

— 1
r”iﬁj;ﬁ"r” | (6)

H L F =F/{f.). M, =0 B EAE £ 5 34 B 58 4
SELXEF MICC, fOfRET x50 200 2052 STmkE 5 2y 70
b B K L 3205 O R T R A A X 3 2% 1 252 Bk it
N AELE— R BRS04 [y | =1 L BEIASAE £, 5 £, 58
S BRI £ A 2 TR 2 A . S b A S
T B AF ARG £, FLAT 0 TT A B0k 43 24 3 i 9 TR 0 L B
k(7)o -

(5

rij

0, dr;=1
B m, otherwise e
MR BT w! =B:MICC, [ o FRAE AR H
wr
ws

wy
i 3 (1) AT 18 MCB-FWSVM Hy e 56 iR H .
f(x):sgnﬁ:a,‘y,K(xTPx LxiP* ) +b (&
i=1
28 F AR, MCB-FWSVM Bk i ik 1 i,
&% 1 MCBFWSVM
A U R A AR
i R IR I P
1. WItR b4 S50
2.for i=1 to d do begin

_ \ p(fi,s0)
5 W'ir;e%cecp({"OIngp(f,)p(c)
4. for j=1 to d—1 do begin
cov(f;, ;)
5. r; =

! 8 8,

— 1
6. r”irfljgjplr” ‘
0, Hr,j:]
7. Bi= 1
1+ d—Dry

otherwise



184 B2 A A 2018 4F
8. w' =Biw; RPN B ke 2 s,
o *2 WEREH
Table 2 Characteristics of data sets
4 KIGERFMSH I BA%  BER  EAR BARXHEER
Wisconsin Breast Cancer 683 9 2 6147
4.1 BHIEEMHIESE Letter-recognition 20000 16 26 320000
A4 MCB-FWSVM FWSVM LI JLFI & 55 4y 2 2 Spﬂf’: 4365011 Sj f ;;;;:7
RHEAT SRS, DA BRI 4 2SR g, P SVML W % oR 4K Pima 768 8 9 6144
KR LR, S TSR LU R I B AL 5 4 Bupa 345 6 2 2070
SVM B (C.y) (0<<C<100,0. 01< y<< 1)l ¥k 17 He 4% . german e ; o
% 1 7%, MCB-FWSVM 5 FWSVM 1 & 5 1£ % SVM magicGammaTelescope 19020 10 2 190200
F 2 B0 45— B KNN By K (R0 i 58 SR 9 77 i b e P ; .
01 Nk, Bay. J7 1% 9 56 50 3% o 3R 1 95 0740 segment 20 19 7 13890
iris 150 4 3 600

x1 5 HEH4AE
Table 1 Five sets of parameters
45 1 2 3 4 S
C 1 56 25 70 93
V4 0.01 0.8 0.2 0.05 0.08
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Table 3 Comparison of classification accuracy of several algorithms(set 1)
CRLAL 2 Y0
A& SVM FWSVM KNN MCB-FWSVM Nai. Bay. Best result
Wisconsin Breast Cancer 97.07 97.21 94.79 97.76 95. 35 MCB-FWSVM
Letter-recognition 94. 28 90.61 95. 20 95.27 64.42 MCB-FWSVM
ionosphere 88. 60 87.15 87.76 88. 11 88.09 MCB-FWSVM
Spambase 84.11 81.79 83. 65 85. 31 81.93 MCB-FWSVM
Pima 65.89 73.05 65.52 75.00 75.19 Nai. Bay.
Bupa 67.55 68.42 60.41 68. 44 57.07 MCB-FWSVM
german 73.00 70.70 71.42 73.70 71.97 MCB-FWSVM
magicGammaTelescope 67.87 69. 35 79.76 82.28 72.53 MCB-FWSVM
waveform 86.98 87. 14 78.43 87.64 79.17 MCB-FWSVM
glass 38.30 50.57 71.93 49.98 45. 45 MCB-FWSVM
segment 88.61 84. 89 95. 20 94. 20 79.07 KNN
iris 94.00 95. 32 97.53 94.70 96.79 KNN
wine 69.12 71.37 72.15 78.68 93.15 Nai. Bay.
Average 78.11 79.04 81.05 81.54 76.93 MCB-FWSVM
4 UM RN KRR LB (S 2
Table 4 Comparison of classification accuracy of several algorithms(set 2)
CBLT . %)
AR E SVM FWSVM KNN MCB-FWSVM Nai. Bay. Best result
Wisconsin Breast Cancer 90. 48 96.92 94.79 97.31 95. 35 MCB-FWSVM
Letter-recognition 61.93 91.19 95. 20 95. 32 64.42 MCB-FWSVM
ionosphere 94. 30 94. 02 87.76 94.60 88.09 MCB-FWSVM
Spambase 73.48 75.55 83.65 83.72 81.93 MCB-FWSVM
Pima 65.10 65.10 65.52 64.32 75.19 Nai. Bay.
Bupa 59.12 61.76 60.41 61.87 57.07 MCB-FWSVM
german 70.00 67.60 71.42 72.90 71.97 MCB-FWSVM
magicGammaTelescope 65. 87 65.79 79.76 65. 84 72.53 KNN
waveform 33. 84 37.00 78.43 84. 46 79.17 MCB-FWSVM
glass 69.12 70.07 71.93 69.62 45.45 KNN
segment 30.13 26.97 95.20 63.07 79.07 KNN
iris 94.70 95. 36 97.53 96. 67 96.79 KNN
wine 39.92 39.92 72.15 49.95 93.15 Nai. Bay.
Average 65.23 68. 25 81.05 76.67 76.93 KNN




5512 1

S IGEVK A5 B TRFAE A OGN B AR A IAL SVM 5k

185

F 5 LRI S R R LB (A E D
Table 5 Comparison of classification accuracy of several algorithms(set 3)
BT 2 %)
AR E SVM FWSVM KNN MCB-FWSVM Nai. Bay. Best result
Wisconsin Breast Cancer 95.32 95.90 94.79 95.91 95. 35 MCB-FWSVM
Letter-recognition 96. 04 98. 17 95. 20 98.79 64.42 MCB-FWSVM
ionosphere 94.01 94.01 87.76 94.59 88.09 MCB-FWSVM
Spambase 75.85 82.00 83.65 85.09 81.93 MCB-FWSVM
Pima 65.10 65.49 65.52 70. 44 75.19 Nai. Bay.
Bupa 58. 86 64.08 60.41 64.48 57.07 MCB-FWSVM
german 70.20 70. 40 71.42 72.50 71.97 MCB-FWSVM
magicGammaTelescope 65.81 65.81 79.76 65.42 72.53 KNN
waveform 43.06 86. 64 78.43 86.76 79.17 MCB-FWSVM
glass 73.88 73.42 71.93 75.07 45.45 MCB-FWSVM
segment 39.91 36.23 95. 20 83. 64 79.07 KNN
iris 95.91 94.70 97.53 97. 30 96. 79 KNN
wine 42.69 42.22 72.15 70.23 93.15 Nai. Bay.
Average 70.51 74,54 81.05 81.86 76.93 MCB-FWSVM
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Table 6 Comparison of classification accuracy of several algorithms(set 4)
LA 6D
A& SVM FWSVM KNN MCB-FWSVM Nai. Bay. Best result
Wisconsin Breast Cancer 95.91 95.90 94.79 96.78 95.35 MCB-FWSVM
Letter-recognition 97.98 97.91 95. 20 98. 38 64.42 MCB-FWSVM
ionosphere 92.29 92. 89 87.76 93.62 88.09 MCB-FWSVM
Spambase 83.22 85.16 83.65 86.79 81.93 MCB-FWSVM
Pima 65.23 62.63 65.52 71.74 75.19 Nai. Bay.
Bupa 64.63 61.44 60.41 64.03 57.07 MCB-FWSVM
german 70. 20 73.70 71.42 74.30 71.97 MCB-FWSVM
magicGammaTelescope 65. 40 65.43 79.76 66.98 72.53 KNN
waveform 86. 20 84.52 78.43 87.10 79.17 MCB-FWSVM
glass 72.95 70.10 71.93 73.53 45.45 MCB-FWSVM
segment 65.06 57.92 95. 20 93.03 79.07 KNN
iris 97.30 96.67 97.53 95. 36 96.79 KNN
wine 51.06 52. 30 72.15 83.15 93.15 Nai. Bay.
Average 77.49 76.66 81.05 82.75 76.93 MCB-FWSVM
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Table 7 Comparison of classification accuracy of several algorithms(set 5)
CHLA 0D
A% SVM/ % FWSVM/ % KNN/ % MCB-FWSVM/ % Nai. Bay. / % Best result
Wisconsin Breast Cancer 95.15 95.48 94.79 95. 90 95. 35 MCB-FWSVM
Letter-recognition 97. 81 97.96 95. 20 97.98 64.42 MCB-FWSVM
ionosphere 91.73 92.59 87.76 92.88 88.09 MCB-FWSVM
Spambase 79.53 84.68 83.65 87.18 81.93 MCB-FWSVM
Pima 65. 36 63.41 65.52 70.96 75.19 Nai. Bay.
Bupa 62. 36 64.02 60.41 64.03 57.07 MCB-FWSVM
german 69. 60 72.50 71.42 74.00 71.97 MCB-FWSVM
magicGammaTelescope 65. 64 65.66 79.76 65.29 72.53 KNN
waveform 85. 86 85.06 78.43 86.68 79.1 MCB-FWSVM
glass 66.31 69. 62 71.93 72.93 45.45 MCB-FWSVM
segment 56. 41 149.05 95.20 91.04 79.07 KNN
iris 96. 02 97.37 97.53 97.33 96. 79 KNN
wine 47.18 46.07 72.15 84. 14 93.15 Nai. Bay.
Average 75.30 75.65 81.05 83.10 76.93 MCB-FWSVM

M 3—F 7 a5, RE R E R E S B SR
JE B AR XA B, MCB-FWSVM 78 13 s 4 b i 2 stk A
— RSB BOE S AR AS T R p TG R, HLEE 13
AR B T 5 0 % Al R, A A A 2
MCB-FWSVM 7 A [a] i B4l 52 | 09 3R 8L 2 e, R ] MCB-
FWSVM HA A7 1Y & H . T8l B, A7 tL F FWSVM H ik,
MCB-FWSVM 7£ 13 i 5 AR T 8047 1 or NG 1
JLHJETE segment Fl wine X B 4~ #4ls 4 [, MCB-FWSVM
M 5r J PR REFRAR T W3 (4R T, X NIE 1 Y AH 56 R B0 7 1B
A LIS R R, WA 1 iR, segment Fl wine (4R AE P AH G

FEUEAC R B A i A e, O FLBE A 1 ALY S R R, |
B 3 T A B A 4 v 45 A SR AE B TUAY B A7 A R XL (8 A5
MCB-FWSVM R #5 A [R] FEAE A9 TCAY BE 45 A9 A8 1L A9 48 55 A
T Y 22 A X AL AR AR AR AE AR B 5 FWSVM 5 vh 3k 4
P 7 AE A EE A HE  FE — S R B 08/ T U A AR B R X 4
NG B 1) B0 THT 52 W) L BT RE R B M ARRAE X 43 28 Y L S TR Lt P
WA A SRS BEARAT T M R A4 T . Al B0 46 M G R B
7 1 e R 22 BOMIAE L /0 B2 IR (7 2 TR 5 B E
B B L Y R Uk R AE A EE (E 09 5 R N, i MCB-
FWSVM ARA53 ) 53 205 BE S FH 1S R 1,

1S2A
-2



186 B N N = R

2018 4F

Breast cancer

Letter-recognition

segment 10
08
06
04
02

0

ionosphere Spambase

german g
wine 10

1 HRRBRI

Fig. 1 Heatmaps of correlation coefficients
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Table 8 Significance test under five parameter sets(a=20. 05)

EilRes 1 2 3 4 5
P 0.0731 0.0533 0.1166 0.0756 0.0689

P>a? = i = = =

HZE 8 Al 4,5 S HA G T p HIKRT 0,05, B H]
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