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Applying Support Vector Machine in the Analysis of Medical Data

Sorama AO0KI, Kenichi SATO, Kenji HosHi, Junko KAwAKAMI, Kouki MORL?

Yoshihiko Sa1T0o,? and Katsumi YOSHIDA?
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In our previous papers we proposed a novel screening method that assists the diagnosis of Graves’

hyperthyroidism via two types of neural networks by making use of routine test data. This method can be applied

by non-specialists during physical check-ups at a low cost and is expected to lead to rapid referrals for examination

and treatment by thyroid specialists, that is, to improve patients’ QOL.

In this report, we apply the support vector machine, which is a novel learning method building on kernels, to the

classification problems of medical data such as Wisconsin breast cancer data or our screening of hyperthyroid. It

turned out that the support vector machine, after best tuning of parameters based on the grid-search method, works

quite well to correctly classify the samples located in the bordering area between two classes. Our results suggest

that the SVM would work as a useful method in our screening in addition to previous two types of neural networks.

Key words — screening; routine test data; support vector machine; grid-search method; Bayesian regularized

neural network
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BRNN Z# 2 2 RS HIFFCTEX 5D T, KT
ZOWREMETBE L TAL. T0#fE LT, £,
EREMTHEEESN 2 00#BICBT AT —%
D4 HEME, KIZ, Wisconsin Breast Cancer 7 — %
DFFEMBEIZOWT, 7))y Fy—FEIc X ¥
R=PIXTZ MUV VDOREINT A—F 2 JEL
T, VI R— I RZ Mw Y VX BHHEOKE %
BRNN & HB L TA 5. iz, HIRERRR T
DA )—=271Z, BRNN BX YR — FX7 |
VT B LG EORREEFEL QKT 5.
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SVM (ZfiE kD IERIEE TV & [XT, FA#EIC
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SVM Tl AT 7 — #1ZxF L TIRMIEAHR % 47\
FRTCZERICB W THHEPRIZ KO L0, ZOFF
THFEEPBEREL->TLT ) 20, EEIZIE
H—=V Ny 7 EMHEN D HFEICL D, kIt
M ECOREZBTTH— A VEHE VS
WCEEEZ L. RENL A — ANV E LTI —
v, IR — % )L, Radial Basis Function (RBF)
H—N, VTEA RH =NV EDFEET 5.
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TR E 52 5. BEAOY » TV OBk R+ H
W, Ay PT =7 DEALENA XFFRIZL Tk
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& EKIZHIS L TB D, ARD (Automatic Relevance
Determination) 12 & D HIEICKRE S B L —H
DODAT), bbb, EARNKEERBE 252 2 &
WTE5.

A WFFE TIE Neal DB % L 72 “Software for
Flexible Bayesian Modeling and Markov Chain
Sampling” package !V % v 7.
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bR WVWEREDINT A —=FFRF VT 185
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HAEZRRES B0 EBH Y, Fh, FLIZZI DT
A—=FFRET L2027 v FF—F LIFEN
HFEERG ZiU, T A=5 CL yEAtE
LT, ZNZho/85 2 — 2 HAR D12
VLoD L CRIEZITY, #RkE 70y PLT
ZOHPTHROMEDOE VHLAG LY T EIRT 5%
DHTHAH 4h, C=27625214 . 22 y=27%
2719 118 20 L@ L CRHE ATV, FEH T — ¥
\2&F 9 % 10-fold Cross Validation C o 433 H & %
Ty LTI A=F 2 REL. 7)) v FH—
FDFEH % Fig. 1 1IZR7.
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A. Grid-search result for 100 points of two-dimensional artificial data set is shown. In this data set, the
two classes are separated by the nonlinear boundary determined by the Eq. y =sin (rx). 47 points in
the upper region are defined as Class 1, while 53 points in the lower region are defined as Class 2.

B. Grid-search result for 200 subjects of Wisconsin Breast Cancer Database. 133 benign cases are defined
as Class 1, while 67 malignant cases are defined as Class 2.

Fig. 1. The results obtained by grid-search on tune parameter C =26 275 274 ..., 220 and y=2"% 2719 1718 210

The number labeled on cell in these figures represents the correct rate (%) for training data set, which was calculated by SVM with

10 fold cross validation method.
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Table 1. Predicted results for 100 test points based on the three different models at various

parameter values

model train errors test errors #SV
Discriminant Analysis 10 13 -
BRNN 200 MCMC steps 11 17 -
(mid12, ARD—) 400 MCMC steps 1 5 -
800 MCMC steps 0 5 -
C=32 y=2"1
g 47 74 94
Accuracy*: 53%
SVM C=17y=1
! 8 12 56
(C—-SVC, RBF) Accuracy: 88%
C=8192, y =2
g 0 5 11

Accuracy: 96%

*“Accuracy” shown for SVM means the correct rate (%) for training samples when cross-validation

calculation is done using the grid-search.

A. Calculated results with BRNN (the number of neurons in the
intermediate layer=12, without ARD, 800 MCMC
samplings) .

B. Calculated results with SVM (parameters are set as C=8192
and y =2, respectively).

Fig. 2. The best result with BRNN is compared to that with SVM

The blue points belong to the class 1, and the red ones to the class 2, respectively. The symbol “A" represents that the point was

predicted as the class with the probability of 50-70%.

<)V a7#E8EE 7T AovaEg (MCMC) o > 7
Y DT TR WERT BGOSR LD b
IT =% o 72h5, 800 Ml F TH T &udiir
HOSUHEE B o7z, — T, SUM Tld 7)) v FH—F
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D, WOBIFR/NT A=y VRS L TE
ERGHEMPREE ), SV 11 £ wiER
DR B LTz,

BRNN & SVM T O F 72 f# 5 [ 1 2 564l 12
BLTHSE Fig 217§ &912, &6 56 H [aEn
DA\ T T AGHNTTE TV D TIE L7228,

BRNN Tl 7 % B C Il 70% L0 E T3l ©
FVHFEVEFZFRELETIIHEL TWL DI
LC, SVM CTIEIEHARIZH > THER 2 2 1) fE
AHRSTEBY, BRICOWT I Y BEYIZHLY ko T
WL ZEDRDbRD.

Wisconsin Breast Cancer Database (Z& % 9 RJT
T—a20 22 ERE

Wisconsin Breast Cancer Database (WBCD) 14,
K [E Wisconsin K295 Bt @ Wolberg 12 & > THE
N7z, BRI X D FEREOMLT— 4 T
B2 M) 1~10 DT » 7 TEHli & 172 Table 2 127K
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TOODHENL LA Z DT —FI21E, TWHEE
L CEM (Benign) ~7 5 A 1 2% (Malignant)
~J TR DELLTHLPNRBLEINTEY, 7
I AHE T RHWEE T L5 2 CBRNN & SVM
TPl 2 47bE %, WBCD 132 IEH H I KIHO &
LT =8 &R EEHTO3 /DT — & R
BETHD, Zomrs 200 4% T 25 A LT
FBRF—=5OTV—TE LIz F2, FFICLTE

Table 2. As for the WBCD data, each subject has 9
attributes which take the integer value between 1 and 10

No Attributes

Clump Thickness
Uniformity of Cell Size
Uniformity of Cell Shape
Marginal Adhesion
Single Epithelial Cell Size
Bare Nuclei
Bland Chromatin

Normal Nucleoli

O 0 3 O O B~ W N

Mitoses

522004 % 7 v AICHlL, 2656% 7 A b
F—=F D7 )NV—7k L7 (Table 3).

SVM O35 x =7 EROFEE LTETY) v B
F—=F 2 HWVLY, IEfEREZ 70y b L2DAD T
oy N —F %475 7286 TlEFE U IRz o
MAEDLEDNSL L, FHN R EIRDEEETH - 7.
ZIT, COEHIBRBEES LV TNVDOA ) —= 0T
WZBWTIIBEEOFHZ RO #ITLERE T — R
EEZ, FET— I BB E ST A —
FHEZ7Tay L7727 v R —F & CHENE
L, W& % L CEROIEERP RS &L, oMbk
TDHDPID VIR T A — 7 %538IRT 52 L2
L7- (Fig 3).

Tl O F % Table 4 1278 3. BRNN Tk
MCMC # > 7' » 7% % 400 [0l & 2 & k5 R 1ZBE
WZZEELTEY, 400 B & 800 ik % L3 5%
&, BHE L72BEONR, THIEITIZE AL
BROENZG D o72. SVM IZBWTIE, 7)) v KH—
FOIEfFZRIZFE L 97%TH 2 B0 71) v F
=T 2R L CEIRL 7287 2 —F O %

Table 3. Overall properties about WBCD data (AVE=+ SD.)

subjects 1 2 3 5 6 7 8 9
train benign 133 296165 126+065 1.38+0.77 13=083 192055 1.37+119 208+101 1.23+088 11+053
malignant 67 6.78+266 628+279 645+253 537+303 537+236 81%288 631%+233 576+337 21+208
tos benign 135 289159 127+068 139+083 144+1.14 223+122 129+106 209+1.15 123079 1.05+0.39

malignant 65 7.23+2.36 686*265 7.03+252 549+312 528+251 754+326 629229 589+337 269+285

Fig. 3. The number of false negatives is denoted on each cell based on the grid-search
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Table 4. The calculated correct rates (%) of the malignant (/benign) are given by BRNN

and SVM for 200 test samples

correct rate (%)

correct rate (%)

model for malignant for benign
BRNN 400 MCMC steps 985 95.6
(mid12, ARD—) 800 MCMC steps 985 95.6
C=1, y=1
Accuracy: 97% 96.9 96.3
SVM #FN: 4
(C—-SVC, RBF) C=4, y=2
Accuracy: 97% 100 94.8
#FN: 1

Table 5. The calculated correct rates (%) of hyperthyroid (/normal) obtained based on
the LOO calculation with BRNN and SVM using 85 normal females and 49 hyperthyroid
females are shown, for sets of 3 parameters (Alkaline Phosphatase, Serum Creatinine,

Total Cholesterol)

correct rate (%)

correct rate (%)

model for hyperthyroidisms for normal
BRNN
. 90.0 96.5
(mid12, ARD —, 400 MCMC steps)
SVM
918 976

(C—SVC, RBF kernel, C=4, y =8)

RThDE, EROEERIZEDLLLNEOD, 5
Bl b Dvis x—% (C=4, y =2) TIZT
A b F—F DTN B TELEOIEZZA 100% &
0, FEEICHESTAI LN TEL, Z0FELL L,
SVM CIr#EYII/NT A—=F 52 ETHI LI L
D, BRNN & HARTE D) BHWIZIH > 7278l - HlE %
ThELIENTELOTEEVREEZOND.

MBEDEANRET — 22 AV -FRIFEERE
#H NEFIKREE) OFH

FAL RS RBE, B & O JR UG b o IR 6E
JUERE (ON& Fodm) B 49 4 L w - CofHREE)
85 Z DA MAAE (ALP, SCr, TC) Z @7 — %
ELTHWT, HEETTHERED 2 W IXRED 2 7 7 A
REMMETE L TH5EATETVEHEE L, BRNN &
SVM ToORHER L DOHE % Leave-One-Out (LOO)
B X DHERE L 72 LOO ik ik, #ETF— 5y ohh
51207 =% ZREWY, Y DOT—F ZHWT
FHRL, FOBRKEWS 27— FIZOWTTHlT A
FEATH &) FEE T~ 7 VICH L TR D R
TRNDETHL. 4B, 5HICH2oTSVM D35
A=FZOWTIEZY) vy Ry —F %217 THREL,

BRNN [22WTIZ I E CTOMZEN L ZL & Eb
NDEMERH L7z, Table 5 12/R S N7z FI R R
TlZ, SVM TiZ BRNN 04 L TR E, J0
HREEE & DICRRHED 1 43Oy, &Iz
FREAM EL w5,

Fig.4 |2 BRNN & SVM ®Zh 222w,
Tl GUAERETHIE) 2 AREhIC & D, s 0 e
HRE, MEENT EICARRB R ERE & 0 TR 2
WM RS, eRry e e LT, BRNN Tldif
EZ 0% & 100%12 FHIDSEE LR WA, 374
bhH, WBRICGELYEREE D L. O T—
% A CHDE, BRNN CTIIITHEREHEER 30% & L
THBEMEE 72> T2 EBEA, SVM Tl 1l
66%12 TRyt & HIE S N7z, ZOBREDOFIRRE AV
EE (FT4, BALKFIREEOREEEME X, 2% 0.88
~15ng/dL) & 358 ng/dL T& V), FERIIZIEZTTHE
JERFE L LTAZ ) -0V TENITHEHEEZ
SNy TV ThHDH. —J7TBRNN Tld41%E
BN TV BEA SVM Tld 22%12F TR T L7
T=ANH SN, ZOEEFEDFT4EIZ 220 ng/dL
RS, FE T oh T SFHIEWER LD
P TIVTHY, SVM TOHERFIZ BRNN TO
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Fig. 4. Detalils of the prediction are shown in histogram

Probability of hyperthyroid (%) is plotted on x-axis, while the number of samples (blue: normal females, red: hyperthyroid female

patients) is plotted on y-axis.

HERHPEL) FTAMHEE OMISGIZBWTOIE T LW
CEDHERTE .

KL TIERT — 7 DN R— b2 b
W=y (SVM) DERZFELRY ) 5D %G
L72. SVGM @ "~ — 2 Vi MU 1280 N5
HREN 2 DT 72DIZIERBFE 7 — 2V ERH L
T, 7)Y R —=FEIC L D RE/8T X —F OPE

WRYITH 5.

Wisconsin Breast Cancer Data @434 %2 HUIR R B%
BREZDZA ) —= v T Vo BT — 7 O
FRATIC BV TIRHEE 7 — & O I B W TBRETE
P AELIC WV E W) &85 4 — 7 s
HETHY, 2931, SUMITHHGHT & D IFK
& HEREESAME, BRNNAEI =2 —5 )L & v b
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