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Abstract

This study applied advanced machine learning techniques and combined with ensemble learning, widely
considered as the most successful method to produce objective to an inferential problem of recurrent ovarian
cancer. In this study, five machine learning approaches including SVM(support vector machine), C5.0,
ELM(extreme learning machine), MARS(Multivariate Adaptive Regression Splines) and RF(Random
Forests) were considered to find important risk factors and to predict the recurrence-proneness for ovarian
cancer. Furthermore, we use ensemble learning to improve the defect of classification accuracy used normal
machine learning: first, selecting important risk factors by ensemble learning, then, using the five machine
learning approaches to analyze again. The medical records and pathology were accessible by the Chung
Shan Medical University Hospital Tumor Registry. The existing literature on recurrent ovarian cancer
reveals that factors include Age, Histology, Grade, Pathologic T, Pathologic N, Pathologic M, Pathologic
Stage, The International Federation of Gynecology and Obstetrics (FIGO), Surgical Margins, Performance
status, CA125, Operation Optimal Debulking, Chemotherapy Guideline. There are totally 987 patients in the
data set. In our study, C5.0 is the superior approach in predicting recurrence of ovarian cancer. Moreover, the
classification accuracy of C5.0, MARS, RF and SVM indeed increases after using ensemble learning.
Particularly the classification accuracy of C5.0 obviously improves by using ensemble learning.
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(1) Support Vector Machine(SVM) : £ ¥ = & # 2 d Vladimir Vapnik 7£_1995 & B 43¢ B ch— fa 4 55
ARG B L AT RS EY S 2L - o WAL S FRFEMRED B 2 - (Shutao et al., 2003) -
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(3) Extreme learning machine(ELM):}-i& & % = (Extreme learning machine, ELM)&_—- & A73] fi g4
SRRt TR Y SuEmg kY ) - 32006 # 4 G.B.Huang ~ Q.Y. Zhu {r C. K Siew % e
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IAMEMY L0 T ENAIERDD ET TR SVM B 240 B {(x,y)H,,x; ERY,y; € {-1,1},
FREEZTEH 2290 E NIRAKE 5 diF- RREL AR -y 2 whpfho st ¥
250 AT g (hyperplane)w - x; + b =027 w i G Ta e B b EZBBE RAIRLT G ik §
BE2/1wl? - #75 tde BIp o0Bk g L5 L 42w £ (Vapnik, 2000) -
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d (1) ERfE 0 T % B89 %k (Lagrange method) 432 f8 1t B* REdddi X 418 B 3E - W e
i S 2h g R Gl (1) L T A5
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St a4y =00<@<Ci=12.,N
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O CM%rﬁm—r ST LU S SRS DT 3 5 MRRESIESS S e = S
Vo - MHERT 0 hATS T ﬁfiw SR R 45 T RS Bendr T G o B iR 2 S MR A2
BRI S { B RA SR o BF Lohbo Sl B 5380 X e X 5 (RBF) ¢ B2 24
el S EE AT TR h ERBFUEALE LR o B K S

K(x;,x) = exp( ¥llx: — x]” ),y = 0, (Vapnik, 2000)H y % 77 RBF%E{ WRBFA* 52 oo Bk
X SVMK - 5 = ~ 4 8 0 5 S HESVM v R A - B 1 a7 7 hf i *Pi PR - g
SVM~ ; (Hsu and Lin, 2003) -

= ~Ch.0 &% &t

C5.0 % B 8 H#— Jit * By A s 2 A 37 VER T en? 2 > A7 v LR A G enF o (Larose,
2005) o ;’:,z%,:@r J_‘ﬁ‘\ﬁ— d f—;g; —\ij/,,\ pka%lc’# EH g A4 —wl&ﬁ v B ‘*rS/,,\:‘ B~i8 3 ;£ o C5.0d
c45;a:j: - R ool RE LR R F (B BB )RR AR NS S BER
{3 L7 k2o i - " i1+ P (Larose, 2005) - C4.57 Quinlan(1993)f] * & i3 & F 4
71D3;7 & ;2 (Iterative Dichotomiser 3)d — f 2 & e R ead = R 1R e T4 + d = Bk A
PR e E o F B TREET 0 KRG o CAB AR T B A gL Y ”‘)TLJEB"JE‘
(Information Gain) & E #RIE B > EHEF FTAEFEPHBTE SRR - ZHBR F
AAZ AP R AL T DT R R 0 A F BRI A k) ST S 7 S (impurity)(Han and
Micheline, 2001)- 12 3+ 8 Agg 14 2 mJ 35 F g RS GainRatio(A)) S# - Tl A & op; 5 B Ben
ERHRAES o« BRFNBE2 BgEBaE, 2 ¢ (i=1,..,n) BXS;HSBk ~#> Info(S)% 7 &I
AP DR L 3 EARAT

Info(S) = X¥i-, pilog(p:) (3)

Bk ARG N B3k E{AL Ay A} Y ARSHIA L N BT B LSS, .., S} SR A e
Bodaadco S 55,3 F 60 Bugulank A g Info(S, A) 5 & 3B ehis L o 3 BB ARAeT

Info($,A) = X1, 2L o (4) 4)

o dlenty 4 Splitinfo (A)E_ S B M A G E > + Ly 4r‘ PR EREEL o R AT

Splitinfo(A) = - Y, ||SS]||I 0g (%) (5)
Gain(A) = Info(S) — Info(S,A) (6)

GainRatio(A) = Gain(A)/Splitinfo(A) (7)



= ~ Extreme learning machine(ELM)
ek § 4 B A4 Huang »+ 2004 & 3% ) chH 2 Jé?« a0 4% 3V HE A 45 4 §% (SLFNS):# & /% (Huang et al., 2006) >
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s A BTt A et e B A
¥iE o N BiEZ mﬁ‘@l)\ﬁiﬁufij&(xi’,ti) v =1,.,N > B9 [xyg, Xip, e, Xin]T ERT I E

[tin, tizs s tim]T € R™ » He chl — "E 5 & B N B "E R & 812 2 jicis & dic(Activation functlon)g(x)ﬁ
AT N BRAEDTIOFFEL c BE WA T NS

H
H(Wl, ...,Wﬁ, bl ey bﬁ,xl ...,XN)
gwy-x; +by) - g(wg-x + bg)
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ﬁﬁxm = (BlT) ---)BﬁT)t; TN><m = (TlT' ---'TNT)t

H P ow = [wig, Wig, o, wm]T i =12, N, :fE+» 2@ | 2£% i f];:'%;f??éﬁ%frﬁg» CR 18
Bi = [Bir, Bizs - Bim]" A EE» B8 % | BEFSBAcH NS b5 ¥ 'ﬁ'f;‘?ﬁ:%mﬁ* o
Wi Xj 27 Wi foX) e ff o HALAE (7 4 e S8 &8 i 142 L (Hidden layer output matrix of neural
network) s He i 7 8 lﬁ;%»‘?«“mﬂémﬁﬁl 51@&&‘3@]%% Xy, Xgy e, Xy 2o Bl 20 A Hep | 5 80
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A - g R F Y B EHH AT DR YRR AR S
R ={(x,t)|x; ER,t; ER™,i=1,.., N}~ /s Sndleg(X) > ™M % "E & gLl N ©
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z ~ Multivariate Adaptive Regression Splines(MARS)
MARSE - @ 3789 5 ’bi)ﬁ%h‘ 2w b B G AL A P wfﬁ d B BB SRR —> )‘* c X BFe i
Sv oA fE R 2L a Mk fy ena & (Friedman, 1990) -

f(x) =ap+ Z?{l=1 am ngll [Skm ) (xy(k,m) - tkm)] (10)

domoent e Bl v cdMARSHSA] 0 H P BFRI RS A R R i (T Arw) 0 A B R F kA ¥

it oo

Bm(x) = Hllc(;nl['skm ) (xy(k,m) - tkm)] (11)
B agRan ¥ 5 SAE o AR AT AT F Gt iM S OBR SR e 0 i BRI K

AR T EE B R S 2- B 5 +lor-1o HiEh LR 2 e vk, m) A R kT ﬁxwtkm ‘J S
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