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Abstract For practical application problems, data size and distribution density are always
imbalanced. Because the probabilities of samples falling into various regions are different due to the
influence of data size or density distribution, the hyperplane obtained by traditional support vector
machine (SVM) based on maximum margin maybe not optimal. Combined with granular computing
(GrC) theory, an improved granular support vector machine (GSVM) model based on granule shift
parameter, namely S_GSVM, is presented to solve the imbalanced data classification problems. For S
_GSVM model, the original data will be firstly mapped into a high-dimensional feature space by
Mercer kernel, and then the mapped data will be granulated in this space. Two granule factors,
support and disperse, are defined to measure the influence of sample distributions on the performance
of SVM. Then, the shift parameter of each granule is computed by support and disperse. Based on
these shift parameters, a new convex quadratic optimization problem is constructed and solved. Fully
considering the influence of data distribution on the generalization performance, the proposed S
GSVM model can improve the obtained hyperplane which is based on maximum margin. Experiment
results on benchmark datasets and database of interacting proteins demonstrate the effectiveness and
efficiency of the proposed S_GSVM model.
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Table 1 Experiment Parameters

®1 ZWSHEE

Training Data Size [ Granulation Parameter K

<1000 {10,20,30,40,50}

>1000 {20,40,60,80,100}

3.1 MIEHES

3 AR T TE 25 A FRL SR O3 A B K dls 2R X
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(a) Training data
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(b) Testing data

Fig. 1 Distribution of Gaussian data.
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(a) Training data

(b) Testing data

Fig. 2 Distribution of chessboard data.
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KRR ME SVM i  LSVM Ml S GSVM
T 95 43 S A 3 P S AL o BOHE B R AT I, 3 b A
AUAS 2 B S 00 45 R Fb 3 4y i an 3% 2 fngE 3 iR .

Table 2 Comparison Results by Three Models for Gaussian

Data
R2 ESHHABEELNIREREE
Model #SV Accuracy
SVM 33 0. 946
LSVM 74 0.931
S_GSVM 20 0.951

Table 3 Comparison Results by Three Models for Chessboard

Data
®3 HERHBEEEHIBERER
Model #SV Accuracy
SVM 196 0.943
LSVM 1160 0.785
S GSVM 263 0.956

3.2 IREHIEE
SCH SR 2 4 FTR 1 UCT &t 2 rh 9 A b e
Bl e A B 5 oy o R 1 e
YIZRAR oAl 4 4 g DI AE | R T 52 SUS TE 5 5 1R
P PR LAk A S AR B 9 1R 2
Table 4 UCI Datasets Used in Experiments
F4 R UCIHIEE

Dataset Size Features
Banana 8800 2
Breast_cancer 2000 9
Diabetic 4680 8
German 3500 20
Image 6500 18
Spambase 2500 57
Splice 5000 60
Thyroid 2800 5
Titanic 3000 3

M 2 FIk 3 AT LALE AR S_GSVM
T EORS B 5 bR v SVM M HE /S 3 T 2 . LSVM
HORWAL G SVM Fe Ak I @ % 46 Sy — 4~ B3
2T R eR B/ IMIE A TR, IR R PR B H R
it o PR AR AR P B s 4R LA AE S SVM (R (1Y )
L BT LAYZ AL RE S A A, % o A i B iE 4 L K
TR A AL AN ST 1 5 X AR AR 2 A1 1% B 4 %%
JERATM ). R S8 S T . S_GSVM J5
PRI R, Y B8 A R L %% 8 A A1
7 BF S AN [T RE AR X T 43 2 AR R ] R A 4
SVM J5 ¥ 45 21 i 88 V- T A A2 B O 1Y TR AR SC e
P& 0 FE R R R T R (7] 43 25 () B 2 500ORT A
R 09 5 o A B A O 2 s 4R 49 B S 47 1z Ak

oy
He JJ.

B EEAPEGE  fEAR R SE R S_GSVM
Tk C_GSVM, LSVM J5 ik #47%F b o LS Y
— U SEE vp BT A R B Y A AR R 0 Fe I
% Al 4 (i LSVM 32 4/E L GSVM.). U
Banana %4fs 5 4 1]  Bods £ i HEAR g 8 800, 48 JiE Ty
2,000 5 L A I 1760 AR B UCR T H TP Y
1 AHAE R INZRE  HoA 4 204 R I U4 L B 5 il ik
E B 45 RAE M A4 R B TG ERE R T
1000, fif DAL B 2% K 4 % B[ 20/40/60/80/100 1.
KHE W EEL S8 o=1. 04SN+ C=1000.
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Table S Comparisons of Training and Testing Results for Different Models on Banana Dataset

% 5 Banana H{IEE PN ERTLE

C_GSVM

Granulation

L_GSVM S_GSVM

Parameter K # SV  Training Time/s Accuracy # SV  Training Time/s Accuracy # SV  Training Time/s Accuracy
20 20 2.719 20 2.656 0. 859 19 1.998 0.851
10 34 3.093 0.84 32 3.078 0. 843 32 3.643
60 36 3.735 0.854 ! 4.61 0.845 35 4.899
80 40 7.781 49 9,037 0. 868 42 7.037
100 47 9.094 0.871 53 8. 687 0.871 A7 10. 069 0.883
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Fig. 3 Comparisons of testing results on different datasets.
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Table 6 Ratios of Positive and Negative Samples
x6 IEFEFARLSG

Dataset # Positive Samples # Negative Samples  Ratio
Banana 3893 4907 1:1.26
Breast_cancer 589 1411 1:2.40
Diabetic 1639 3041 1:1. 86
German 1061 2439 1:2.30
Image 3962 2538 1:1.56
Spambase 1000 1500 1:1.50
Splice 2484 2516 1:1.01
Thyroid 849 1951 1:2.30
Titanic 981 2019 1:2.06

Table 7 Average Density Degree Ratios of Positive and
Negative Samples

xT EREBEANFHZELLSG

Average Aensity Average Density )
Dataset Ratio

of Positive of Negative

Banana 0.8072 0.5245 1:1.5390
Breast_cancer 0.3105 0.4721 1:1.5205
Diabetic 0.3511 0.4200 1:1.1962
German 0.2331 0.2362 1:1.0133
Image 0.2478 0.2588 1:1.044 4
Spambase 0.0022 0.0049 1:2.2273
Splice 0.1246 0.2168 1:1.7400
Thyroid 0.2876 1.074 4 1:3.7357
Titanic 0.5718 0.6592 1:1.1529

I THT B S 46 45 R ) H1, S_GSVM J5 e 7E 7 4>
¥ 4% #£ Banana, Breast _cancer, Diabetic, German,
Spambase, Splice, Thyroid |45 3] T % & 19 M 328 K
. H o, 7E 80 ¥ 4 Breast _ cancer, Spambase 1
Thyroid |, # A KA FD o3 A 85 FE (0 A - 4 L i) 1
SEN 1.5 DA L. A A 4 AN EEAE b AN R 2B
R BRI A B A1 %85 B A B R I A i M. S
50 T SR AR T BSOHE B R R L B A IS K Oy
Ay B AN P8 1 7 R 22 BRI v R R B LA A Y A
K AL 58 SVM BB (1% d5c K 8] B v 7] GE AR XE 15 3] 52
IS Gy SR T S s A €7 N = 4 F N R N TR DA
WM LA J& , At — 20 38 5 2 o] 45 191z A PR RE - DL 3K
Bz R AT LA A SCHR 9 S_GSVM #E3 i] LUAT
R0 ik DR A RIS B3 %8 B 3 A S 249 48 ) ]

@ Z %8 % 0] AR 3G http://dip. doe-mbi. ucla. edu/dip/Main. cgi F %%.

3.3 EAREEREBEE

A SCiE A & F B E AR B (database of
interacting proteins, DIP) i3 S_GSVM 7l ()
AR DIP J& A 6 A W) MR 48 1 5 ) 56 2 T 14 £k
PEEL | 3% BYE FE 2 i D. melanogaster, S. cerevisiae,
E. coli, C. elegans, H. sapiens, H. pylori, M. musculus,
R. norvegicus 55 ¥ F 1) 85 (1 5 8] OC 5 A8 L. 55 7 4
Fofr e B 2 755G 2R 00 HE T SR A G & (fulD) K&
B K 5 (core) # A, H P A% 0 5 & rp 8 1 5 1) Y
KARALRBIEF X R MW LR PREA
JoT K FRAUAE B AT 280k A2 W) 92 96 56 I 1 AR K &R
RS HRZ B TR v R B 1 (2010-10-10 B30 T 4 ¥
S. cerevisiae (baker’s yeast) H7 18 #% .0 25 [ it 5

L BUC R EE AL 4000 R IERE A BT
X CRIA SE &R M8 W) A1 4 000 4% f 2 8 1 ot
CEDTEOC & W& E B D), B 41 8 B s 8047 Hopr 5, id
1 8 U S TR O — OB 1 B A (FULL i 808
JEEAH 24 T — > HE o A 2k TR AL R S A O BT
A R T R P A1) b A ) L AR O A AR T
R B 7 91 L SR U T a3 B R v A A AT B G 6 T
%O HHE AT AR A g . g B A B A R
630 AFRAEAY . 28300 4 A5 5 B HE FE S R 8 000 4%
0 SR AR B B 25 S A AR B PR B ARl R
AURRNE RN 1260 >, FESE 5 h, BEHLIL 1000 4% 1E
FEREARTN 1000 7% B 2 HEA A I 25 4 o FEAB RE A
VERMRAE. SR PCA J7 1 47 REAE 48 B, 43 71 £
B 10,20,30,40,50 4~ 3 B 43 #4743 28 >R FH b
SVM L S_GSVM Ji k=4 ] I R a3 8 P .

Table 8 Comparisons of Testing Accuracy on DIP

®8 DIPHEELUWRERLE

No. of Principle S_GSVM
SVM

Components K=20 K=40 K=60 K=80 K=100
10 0.7742 0.74380.8610 0.9206 0.9462 0.9553

20 0.8073 0.7780 0.8906 0.9578 0.9782 0.9429

30 0.8537 0.7538 0.82530.9357 0.9743 0, 9543

40 0.8769 0.7435 0.8435 0.9124 0.9647 0,9508

50 0.8835 0.8052 0.8602 0.9254 W 0.9303

1260 0.8712 0.7550 0.8055 0.8474 0.8743 0,8328

Average 0.8445 0.7632 0.8477 0.9166 0.9493 0.9277

Note: Positive size 1000, Negative size 1000
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FEZR 8 Al FRILK R S_GSVM FEAIFEA
I B KL B2 2 BT A a0OKG B8 de KAE. AR 8 W LLE
10 3 20 A 32 040w 4 BOR 74 38 DI 4R I o R
JESH K=40, AR SCH M 1 S_GSVM J7 i 0 RS
JEAR T 48 SVM J5 k. 4 30,40 5 50 4> F 4>
AL . #5 K=60,S_GSVM [ SVM 15 3| T 4111y
MR 25 R, #7 Ak JH PCA 5 i i 47 R AE $2 3¢, )
S_GSVM #ERIZERL B S50 K =80 Fl 100 B T 1%
iny SVM #EAL, 3k 8 v, IR EEFR 43 ¥4 S_GSVM
BEARUE F AL 58 SVM K 0L X E R S_GSVM
AEE IR15 Lk SVM BALT5 Az AL RE ). ok .24 K=
80, Bk T F B4R 10 MIFE DL . S_GSVM LRI fE % 35
PR A A 5 A AT , ] DO 2] 24k B 280 K B
40,60,80,100 i}, 544 SVM BRI A . S_GSVM
BRI 2Ok BE 43 ) s M 0. 3296, 7. 21%, 10, 48 % FI
8.32%. Mkik S % K =80, ] 15 3| & K iy % ¥ )
RS B

TE FRSEE T R AU RFEAHY Ly 1 1. {H X
T DIP B4 Sk Ul s K ZHE Al 2k
R M. KL 2B A T b — A B 23 A AN
AT B . R it — 2B S GSVM B 1A 3%
PEBEHLI 100 25 IEZEFEARFT 2000 5% 17 FEAE A AL B
YA FIGREE , [ SVM F1 S_GSVM 7E R - i
IEARFEAS LT B 52 g 45 51 (e 9 Frn) -

Table 9 Comparisons of Testing Accuracy on DIP

#9 DIPHiEE FIR%E R

No. of Principle S GSVM
SVM

Components K=20 K=40 K=60 K=80 K=100
10 0.9262 0.9274 0.9436 0.9489 0.9695 0. 9658

20 0.9133 0.9298 0.9459 0.9562 0.9624 0.9695

30 0.9224 0.9206 0.9382 0.9509 0.9581 0.9597

40 0.9362 0.91530.9370 0.9383 0.9564 0.9569

50 0.9400 0.9176 0.9301 0.9427 0.9557 0, 9497

1260 0.9495 0.9052 0.9228 0.9439 0.9543 0,946 6

Average 0.9313 0.9193 0.9279 0.9468 0.9594 0.9580

Note: Positive size 100, Negative size 2 000

MR 9 ATLUFAE L Y410 8¢ 20 4> 3 A4
WEYNGER ARESE K=20, S_GSVM J7 ikl
R T2 58 SVM )5 5 4 $2 B 30 5% 40 4~
F A B K=40,S_GSVM [ SVM 75 3 5 47 1
Mt 25 L5 Y $2 0 50 A F R4 i, & K =60,
S_GSVM I, SVM 15 2| 51 47 () MR 45 51 5 25l dth , 27
AR H PCA J7 AT FRAES2 B, W S_GSVM 4 Y

TERLEZ B K =80 WHL T4y SVM BLAY. 13 9
W R BEETR ¥ S_GSVM BRI T 15 58 SVM Y
UL, SRR 25 R WL S AR HE SVM A RUAR 1L . 72 HF
- R E B S_GSVM R ELA B i B A 0 3

4 % iE

ARSCEE GRS B P T — A et R
JEE S A 1 B BILASE R S bR A3l 1 A A A A1 A
JEE AN YAl 1) AL 0 e R AN [A) B AT 3RS (] )
T fi % PR 5 A fige the — A7 09 AL A 1] A, DA T 3
PGz AR RE 1y g4 R R W S_GSVM 11 A
A BT BIVERE. 72 R AR 0 AR FA s 1 PR A i
— R R B A% o R fel A R B 25 (] S A DR 2 SCHF
T 5 1 B 288 54 1) i BB A% 00 Bk A B0 B a i X
b J7 2O T R 527 ) 2 A5 B N L 5 ROz AL BE ).
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