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Abstract

Kernel principal component analysis (KPCA) was used to extract the feature factors of breast can-
cer. The principal components were obtained as support vector machine (SVM) feature vector to
establish support vector machine model. The model parameters were selected and optimized re-
spectively by PSO and GA. KPCA-PSO-SVM model and KPCA-GA-SVM model were constructed to
classify the breast masses as malignant. The experimental results show that the KPCA-PSO-SVM
model and KPCA-GA-SVM model both improve the classification accuracy and the operation speed
compared with the PSO-SVM model and GA-SVM model, which shows that the principal component
analysis support vector machine can be used in the auxiliary diagnosis of breast cancer and can
provide strong decision-making support for the diagnosis of breast cancer in medical institutions.
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1. 5|8

FLIE A Lot f o SR HEME IR 2 — o FEFRE, HORR R DUREAE 3% 1Bl T Rk e, HA H K
2%, HAET R CIAF] 38.9%. [FRS T4 NP2 K it B H AR &S, TRHBIEE ™
WR[1] [2] [3]. FLERFERETSIAE, RBEE T RIS H. FENZE ARG A TR @n. AR
TG0 B L, D R ) R B, BUHSH, P bR MIg2, B0 SRS W B
RAET R R H W) [4].

FI MR 22 2] iRz Wi s o2 B B0 R AR — AN R 2032 [5]. SVM (Support Vector Machine,
HFE BN T2 LA 5 ) K, B AE 1995 AR Vapnik E AR HIHI[6]. BB T
Guitss VC 4EBR NS5 8 ARG i /N E SR H ), B /NREA . Rt A e 2RO 7 T R I T
BRI ES, CZ RN TGRS B TS 7] [8] [9]. 1H SVM & 5 25 N\ A & it % Fllig
A, 2 AR EFIE T BN A, AR5 2 TA] B A O M AN N R P A A Y e S 2 (4SS Y
FIFE e PEFN 2 2R R [ . % KPCA (Kernel Principal Component Analysis, %551 MUEE
gt Brmgm ey, mHER e AR MRHIEE B, $e S8 i =[10]. KA I KPCA 5| A% SVM
H, fEAL KPCA-SVM MR, SEELAL I (¥ 4 B2 W o

2.SVM 93385
SVM [ AR WL Rhfl, SRRV {(x.y,).i =121}, Hix, e R Bt N R,
¥y = (LU TR AR, R AR S AR B g (x) » KA TR I O A R
WS B e s 1), AT DRSS A e P 0 Sl 1
f(x)=w~(p(x)+b=0, (1)

Horpow FoRBE AR, b FoRRItE .
N T /SR AR, K3 H PR S DA T T 5 3 2 DA 2R AR A
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V(@ 0(x)+b)21i=1,2,-1 )
ARG BRI ST V37 LD B SR, A TT LS| A ARRA SR T &R BEAL 7P R 1 122,
LIS 7 RS 1 T e DAL 170 AT 3k A«

minéllcoll2 +Czl:yl. (0-p(x)+b)+& 21,6 20,i=12,1. 3)
i=1

Sorh © NETISH, RAMHSSRIOETRY. ¢k, ERARMEK. |of HEWAK, %Rl
MMAIRRE, O3 HARRNK, RRHERIEE.
=1
R MR, SR 60 L T 705 B e R

min% Zl: yea; (éo(xi )- ?(xj )) - Zl:a/
il =

4.3 =0 “
(OSIZ;ziSC,i:I,Z,~-~,l)
(6 LS LS, TN
mmééxh%%Kuﬂg_g%

!

s.t.Y ya,=0 (%)
i=1

(0<¢,<C,i=1,2,-1)

Hot K (o, ) RN K (xx) )= (x,) - o(x;) o A R 5 2K 0P T 9
f(x)zzn:aiyiK(xi,x)+b:0 (6)

SVM KA F HA% BRI = RN R ) SVM 732645, H BT SCRE BN I R R 206 120
J£(RBF) 1% bR 3L K(xi,x)zexp<—||xl. —x||2/202) v 2 R K (x,x) =(x, -x+l)d v B R
K (x,x)=x-x . Sigmoid #RH K (x,,x)=tanh(yx,-x+7r),y >0 55, HriEm iz &2 A4
ZH, I HAKRH AR ER— e K8 R IR AL 11], PRI A SR A A2 [ A% R 2
1EN SVM HIRZ i E . SVM K H GA (Genetic Algorithm, 514 57%)F1 PSO (Particle Swarm Optimization,
KL RSN S H (o, g ) BATIEAR T AL SRR AR 2L Wk A0 B AR B R A5 ) — Fh 4 R B,
ERHIERE, X, AR B A A AT U B IR, A8 ) R () 8 R B U . R TR
s T T REARSACH B, S B B AL SR F 28 DA KA S, T A L i 22 ) 1 i A A1 PR
THATHE RN MR
3. KPCA 3%

WA 0 R A n DMEAR x,,x,, -, x, » BIIX n DFEA Y BB B D X A AR PR S R K @
o S04 7 18] X W SRR AE AR 1) F = {h(x)|x e X} b, 7R, BILHU S R 4EE08 M Gt M
WRT m)o Bl 5 BRI & (x,), B

DOI: 10.12677/hjdm.2018.83010 91 EAGIEEraE


https://doi.org/10.12677/hjdm.2018.83010

PUSTE 2

B(x)=d(x)-® (7)
Sl & =30 (x)
L b (x,) WP 7 2R Ay
C=2 30, B(x)(x,) = B(xX)B(x)' ®

A o0 AL KO8R R I 0 B Y K BLE XK, = (B (%), B(x,)) =D (x) (), HA:
R=K-1K-Kl +1 KL, 3F K g e L R, 1, 4 nxn (AR, Forbig— Ao geanie 1
n

(n NFEAKEH). X CHHATRAER ST, B C MIRFERR B FRFAE & 53 500 A RV, v 2 1V I
5k MRFIER R, BT IR, By, =1, HA:
Cv =2 )
Boay = (g ay,) 9RO A RS K (055 KA AIE B COOf B R A N 2, ). WA
@:l%=®%o

n

4 o, WA ALALEE, WA

1
o= (10)
""J@

WU R4 21 JF G 2 AL —FEA x AU B & (x) FERFAE & v, 77 ) BB N :

v;é(x)zﬁ%[é(xy@(x)]:ﬁ “ﬂ R (x.x) (11)
B a6 2 TR A — FEAC R x 955 K e ARZeE e -
t :v,?(i)(x):ia—/’;lg(xi,x) (12)
' k

4. KPCA-SVM &5
4.1. FHARBNT

B 1 BRI T SR B 4 S R, R AA NS B R y = S Tmin gy

xmax xmm

AT RO, A AN A A BI[0,1] 2 7] b x 2R RAER R AR EUE, xRN NERFAE ) B
KA, xR SRR R AME . y WA EEIE . FIRRE LR R i hR % M GBI B (R 1)
Iy AkRE -1 A1,

R 2. BENLHNEE . R BEALAAE I 77k BEHLIE I 285 HEIRIE NI AR, Hax 284 HEIRIEN
M -

I 3. ] KPCA 77144k, %} Breast Cancer Wisconsin (Diagnostic)[14= ¥R 1) 30 NHIT4E R0 A
TN KPCA Sk FdE, KR4k o 8RR 285 AR MR GRHREA, HAr 284 HA/E ARG
B H A
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LY 4: ZHIF. 705K PSO FIEM GA FIEXNSH (¢, ) AT T, BILAMIE LWL R
5 M R 3R 2 TR R 2 AR Y

ABR 5 M T AL B I0 RE A HEAT TU, A IR BRI TN GE /7, 735143 3] KPCA-PSO-SVM
(% 157 3 B AR F B AL SR L) B AT KPCA-GA-SVM (1% 5043 43 BT RIS A% SV AR A SR 17
BB RAE .

4.2. KPCA-SVM #ERIE 48

KPCA-PSO-SVM A& Sl KPCA SvF56t LR B EATRFAE SR I, SR as 50 P (0 R R R 1
FHIEAS S, X ESRRAE ) & 2R T A4 e 75, B R 2 BT . B KPCA BB ICH SR 1R AE
RN R ENLRFE M &, SVM & TR BeARAE A ST @A, R AR R R PSO &
X SVM S 30T 158 F 41 . KPCA-GA-SVM #5271 5 KPCA-PSO-SVM A 2L, H & KPCA-GA-SVM
PR R GA 55 SVM IS BG 4715 T

5. fAECIE
5.1. #IBIE

AR A UCT M 3fi(http://archive.ics.uci.edu/ml/datasets.html)F ] Breast Cancer Wisconsin (Diag-
nostic) ¥HE . 2 4R L 35 [ T FE S DK 2 2 ath adh 7 SR F B IR0 R 2 T VR T A B A L R B R R AR
SAEARRA 10 NMEVE, 2 aAe. gk, . AR, BIEREE. MRS EE . SRR MIRA FE . %0 BR i [MIRE
RACRE L WRRTE. BER4ERE . X 10 ANMBEMEX I MNIIME . ARdEZE . BORME =J7 kR, FrolS s
30 MRHE. ZBHEEAL TR, A 569 HFEAR, IR 569%30 BIFEAASA] . [7] N A 15 3]
T 569 x1 KIkRZE I B RE, 73 B 3o B (benign), M FnE M (malignant). 7EEE AL BN, f#H
1 FOR RYEREADREE, (-1 B MR AR RS . JFRENLIESE 285 LREAME N IIZREE, HR 284 AIFEAR
PRtk .

5.2. SLRORE

AR SHF IR T 25 BER AR PR BRI, IS8 c IS ¢ MSENERIY W E
NERIN . BRILZ AL, ¥ KPCA IR B S % R A, S5 sigma WEN 7.5. ACRH T GEMAE
HEIT K Libsvm 3.22 THRFRBATIE . L4769 Intel FFIEXUZAEEEH(1.8 GHz), 4 GB AT,
Windows 7 #:/E &4t, BT H#AERN Matlab 2014a. B THI8HE 25 R BA — @ Mk shte, 7 AP
fPE, FRATEENLE - REE A, X B IR EUAS I RE A7) il i 37 SVML #5288 . KPCA-PSO-SVM & B #ll
KPCA-GA-SVM 8, 3143 5314 SVM. KPCA-PSO-SVM R Al KPCA-GA-SVM HE 7Y {145 S v 1 22 11
IBATHE ], B URBEA AR AR R 2 SR UE A R 0 T I AR A B T3 43 e 2, B U AT I TR )
SPIMEAE AR B8 AT ]

5.3. SEMEER T

TS R R R LIV, 5INRBUE (Sen)s F757 5 (Spe)s F 73 HUFI-F- 35 73 FSHER 2 R AT
#f SVM. KPCA-PSO-SVM Fl KPCA-GA-SVM =ANr B HITERE[12]. REE & Fa b Sebr A9 1) N IEH
N R I L], RS, R G AGERAT o R R FE R SR TO 7 I N IR R b ) S S TE )
P, 455 B, RonIZEARGTF. F o E0R A e AR R R Fe bR, FAEBK, RoRiZsaligir.
NG R BUZ (Sen)s R AL (Spe)s F o BTHE A
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Table 1. Comparison of experimental results

= 1. LIERIEE

A 24 (c,g) LA/ % BT A/ R % REFEE % F 5 %0%
PSO-SVM (17.23,0.01) 97.89 173.36 100 94.03 87.37
KPCA-PSO-SVM (0.48,68.92) 98.60 101.04 100 96.43 92.63

Table 2. Comparison of experimental results

2. FIWERIEE

T ZH (c.g) HET /% BTN R/ R % REFE /% F 5 4u%

GA-SVM (25.36,1.38) 96.13 7222 96.59 96.87 95.98

KPCA-GA-SVM (16.85,9.63) 97.54 2427 98.86 98.03 97.12
en = i (13)

TP+ FN
TN
Spe = 14
P TN + FP 19
TP P TP TP
F-score =2x X + + (15)
TP+ FP TP+FN \TP+FP TP+FN

FE(13) (14) (15)3rF TP 2 FR4E TARSE e P REREA, T AE Ry RAEREAREH o« FN REFRAE T
TEER AP SERR A RAEREA(BIARZEN | HOFEAS), TIN5 RO RAEREAR RIFRZE -1 IFEAO IS s TN R4
FE TARSE P SEPR B REA, TS RO BMEREAR R B H s FP RAE TARSE b SCPr B R, T4 R

HNREFEAREE[12].
SVM. KPCA-PSO-SVM F1 KPCA-GA-SVM 73R 45 RunR pra~,  H A i SR 58 R B 17 18
I RUER R

% 1 Al&l, KPCA-PSO-SVM 432588, PSO-SVM 328 7E I KU FIRE T 0.71%,
KPCA-PSO-SVM R HZEIE 4TI [F] 77 THIAH HL PSO-SVM #4555 1 72.32 #0 . H1% 2 AJ 41, KPCA-GA-SVM
R GA-SVM 432588 £ T RUETA R IR E T 1.41%, KPCA-GA-SVM HH RULEIZ 4T IR [8) 77 THAH EE
GA-SVM F TG540 1 47.95 b [RIIAE 7L & (48 B2 Wb KPCA-SVM 7 HE SVM 5 V58 N %K.

6. 418

AXAEH T SVM. KPCA-PSO-SVM Il KPCA-GA-SVM =Fop35T51k, FFnt Hegh sk T t. sk
L FORE, A2 BT RRRAL RV 2 B AL 5L, KPCA-SVM 78S BRH 4 Bhi2 W 7y T 1) 0 R 35 B2
T SVM. KPCA FEANSEE 1 SVM M@, JF HadaE 7B I i #ERf 2. RIBUENIRE =75,
RAF T BTSSR . LR S5 B3R B KPCA-SVM By m] DU LIRS s I B2 W, LIRSS 112
Wt ft 7 — MR &1
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