21 B 19 WOt £ B ¥ ik Vol. 21 No.1
2012 42 f ACTA LASER BIOLOGY SINICA Feb. 2012

doi;10.3969/]. issn. 1007-7146.2012.01.014

ETXHFEEVNMERBEREL TS X
HEEEKRBFERHNER

sk ', onE', ERm, R R, & B, % 5, % B, £ #®
(1. F EHF LT HTIMAM A, S 458 230031; 2. RMEAMKEMELIER, 48 448 230001 ;
3. mEREBRMAF, BRE BRAM R3T6AS)

O 63 5 I RUBEIRIR 2 L K 140 Bl 1E % A2 Bk B IR 5666358 4 b U i 48 M i 42 BT 2K, & 30 B
4 DU Rk A R Y, 32 A XUIRIE RS SR R R LS R B SV G E RS e, R ER
{81 AR A B A2 R T A R RURARST B fd . AEMERE R BT M ETRERBER SR EZRABNIRE S
BB, A% R BT AR B2 B B RSB IE A 2R B TR B R R L, B B R 82. 61% , UK
Y4 69.57% AEREH 95.65% , AL REA LFF BV T ARG RTS8 A TR
FRFRIREMNIERE,

KB IAFE B, ORI, BEIRIE

& 4K S :Ra46

LAERARIRAG A

M E /S :1007-7146(2012)01-0065-06

Classification of Human Skin Autofluorescence Spectrum Based on
Support Vector Machines for Diagnosis of Diabetes
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Abstract ; Skin autofluorescence spectrum of 63 type II diabetics and 140 normal subjects were divided into training set
and testing set. According to the four commonly used kernel functions in SVM, cross validation and grid—searcﬁing were
used to calculate the best parameters for classification. Mode was set up using training set and then verified by testing
set. The test result indicated that the best choice for classification is radical basis function. A kind of mixed kernel func-
tion based on liner kernel function and radical basis function was built and the result of classification was better than u-
sing radical basis function. Its accuracy, sensitivity, and specificity were 82.61% , 69.57% and 95.65% respective-
ly. The result proved that SVM is suitable for the classification of human skin autofluorescence spectrum and conduces to

improve the accuracy of diagnosis of diabetes.
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5 11 B 5k 1k X 5K 7= ¥ ( Advanced Glycation End
products, AGEs ) 25 7EIEBRIE 2 4 T . R\ it . & 2
e IR RRERERT TR EEE SRR
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41 ) AGEs & # 58 FRI% % Y56 , A 550k A IA
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% § 1] B L (Support Vector Machines, SVM ) & —
FivEEF 5 11 2 o) BRIE B L 2% 2 o 7 . 2003 4,
Lin'* 4% SVM Fl TLER B LG 36, 3 T
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LTS M A SVM BB, 4L T SVM 32 B3 7
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(1) &M 4% R B ( linear kernel) K(x,,x) =x, - y

(2) 210 3 ¥ K ( polynomial kernel) K(x,,x)
=(y(x,,x) +m),d=1,2-

(3) £ ] 4% & $X ( radical basis function, RBF)
K(x,x) =exp( - || x, —x || 2728

(4) Sigmoid ¥ PR ¥ ( sigmoid tanh) K(x,,x) =
tanh(y(x;, * x) +m)
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B, N T B S0 56 B0 AR U5 S PR AR Ol i
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B & WK 370 nm

RS :420-600 nm , - £5) R A (6] [ 0. 25 nm,
SR TI8 MHHIE

AR JF 7 Matlab BR{F of S B, $d b B8 &
ERFHRECHEF LN Libsvm THE" | BK
BSH v £ Madab BT S8 g KR, EERIE
JFASCEHE S m B IE X EBHORE WA K,
MmO, A AMESUE. SRR CLEE,

XH¥mMENL SRR RENE L PR, B INSGE
FI 4 S8 8 B HR BLAL 38 . S 500 . SYM B 4 7y



%1

3 e BTSRRI R LAY B B RTG53 77 A TR bR T 2L 4 R

67

KAWL B3 K IE SR RBAN SR, YIgRsE R
AR VL, BRI MO B 2 A B A, — O
WERsE , —E RIS, SCPINGRERS 40 B
PR EA T 11T ADEFA MREEE 23 MK
BEHBAEFEAN. JEILECHEN —{H
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AR R AR A SR 5 2 A BT I R
T BARBER AR AL SVM B8, B F e S5 45
BT R BT S BTN, R VI 2R 5 54k
TRIFEATEE S 2RI, BJE R RIEFHE,

Gl SSE LIS

Select training set and testing set
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Classification accuracy
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Data preprocessing
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Classification & prediction
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Cross-validation & grid-searching

VI SVM B
Train SVM & modeling

A1 SVM 4 £is
Fig. 1 Flow chart of SVM
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Fig.2  Dependence of classification accuracy on pa-

rameter C for a linear SVM2
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¥R BN AR 14 26 5 LA R 38 U F 39 IE 7
RIE PR,

£ 1 BR RN 20 K& RBF #% R 3iHT, 3¢
SCHE T2 53 K IE# R EAE80% LU |, R R H sig-
moid ¥ pR U AT 38 UK IE R, 35 1F 5 0 5 R B L
2505 RS B R SR B 2 43 B A0, A0 A U
AR DO R A eR B RV BE SR IR 2 BT

B Xt L AT LAE 2 A R e TN 4 4R
GF AT IE 3 B, HAE TR 4 1 4 28 A OE A
RILMEBARN, B FEL I HE, ETEEs
At AR e R RREE , BT LA ST HEBR 2 100 5K R B
Ifi] sigmoid 4% R ¥ X A SRR P KR K £, WA H
KMo 534k, KRl RBF % oA $O6H I 25 4 43 2 A IE Hf
R M R BB, H 7E X 03 AR B AT 2 et B
SREBPER TREGL RS ZHE) IR

1 waAbA & RAR A

U . HUF5 450 R A RBF % B AGEs % 5t %
B R ROR A B, R IEHER A 78.26% ,
K 60.87% |45 Btk H 95.96%

BRTBR T LA b 0O Ao P ef B LAk 8 T LA A
& X RS E RN A AR B AR
B R SR A R R MO R AR ) A B
XA SCRHE 73 KR HOR B, SOh i R A &
Y% RS RBF B R BCR I KR IRAH
RBH AT

K, =K, +(1- A)KRBF

SR FEBETEE A (0,1) , & 1A 30 N & B
0.8, 28 g B, BN S c M2, REHG N GERE
A RER HAAMIRERIE, KAy 5 RBF
MR BT T -

Tab. 1 Classic parameters of four different kernels
a4 ¢ AL E2EW T 72 1) B A BRI B R
Linear kernel Polynomial kernel RBF sigmoid Sigmoid tanh
BiLBH ¢ =0.0625 c=4 ¢=0.125
c=0.125
Parameter g=2 g=0.03125 g=0.125
>L\. % ~J\y i 38 ‘7
A AGHIEIE 68 (% ) 85.99 84.08 83. 44 76.43
Cross-validation classification accuracy
A2 wAbid s o R
Tab.2 Results of classification with four different kernels
£ 6 AR EAlTE WA 75 1) B BR K R
Linear kernel Polynomial kernel RBF sigmoid Sigmoid tanh
IR IE R (%
R R (%) 86.62 92.99 85.99 75.80
The training set classification accuracy
$R (%
BURAE(% ) 65 75 60 15
Sensitivity
R (%
TEFAE(%) 94.02 99.15 94.87 96. 58
Specificity
)3 ] (%
WARIEHF(% ) 76.09 67.39 78.26 52.17%
The testing set classification accuracy .
& (%
URAE(% ) 60.87 69.57 60. 87 4.35
Sensitivity
55 (7
PREEC%) 91.3 65.22 95.96 100

Specificity
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Tab.3 Results of classification with RBF kernel and

mixture kernel

SAREHE(%)

Classification

BEM(%) 1ERE(%)

Sensitivity Specificity
accuracy
1A
(RS 78.26 60.87 95.96
RBF
yE A
& B 82.61 69.57 95.65

Mixture kernel

£ 3 BRK AR A B R EET I 5) 25 E 5 3 AE X
F RBF R FE T 82.61% , pL BT M A
69.57% ,¥¢ 5tk R 95.65% , T 1% 55 %5 5 i 9% vk 7
ZHEMBEER 5.5 mmol/L B, X b R4 7
PRI TT.8% F77.5% , BR, BT X#HmEH
MR R B RS R EERA THERRAFENT
ZAE TR SE NS, SCP R Rm
Xt AGEs N HIE A RBRMHEAR FE@HE LR
i FR 9 O 06 i3 32 B BR R WL O B B e, b B AL
EVEARE H#— 4 KB JRE B B, 65k
HEFEBHIT TH— UK ERS 54, BRB/D
TH ARG T IF b T dosfE B, B 7]
BESEREAER 7 IMERKE TR, BRI R
BRWINEE, AXRESEINBBRLH 1,
FEBMABIERA NIRRT, R TRESRWER,
M RRAN LR R, BHEHHKEKEHEAR
MR R, A—b R Bt A R IR 2w ik, LA
bR mE RGN EIEER, B SVM ££ AGEs %
HHIEF L BREFEPEARKHYKRZEN,

EREHEAREHET, 8 SVM X AGEs 3856
TEHEAT 43 K0, 38 F TR A RBF B eR8Y, SR e 43
REBEREAE, TUEEEMHAAEBEERS
RBF B bR, 4 35 37 IO BB 45 i R U S B L R AT
SHHEI, — R AR B PRSI, WA
RIERBRMIHEE, - BRERIFRHEXSEW
MPEPRERBZRPRXR RMXESIH—
BLSHBAEMRD, RS HOTREE RN 2 &ML, )
BEAT DLE R e AT KIS B A A F4E, BN EE 5 i
HARERBEREROB L, RSB/ NIKSHNSE
#LHTER IR, BAARFELNEERERR
METISE, W AR BURE fEE R 22 ()b 1T B &,
WRBEMSH TR,

&it

A 30K S H i B AL T A B BR B K56
S EXHE A AR, # T IR EEM S
HBR , 4387 45 R B 6 R AR e B bR B S K
RN R, AR IEH R ATS. 26% , BURAE N 60.
87% FE RN 95.96% . WAMEMHER TRAH
BB > SRR A 15 BT ST 0 A R BOR , Ho4r K IEHH
KKy 82.61% , HURME F69.57% , K etk }95.65% ,
Steg s E MRS BB REY ., BIREGREY X
Frm BT F AR 8RR IEN S %,F
B TREHERRENERE,
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