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TREFTV RS Y FRRE
Application of machine learning to predict the recurrence-proneness for cervical
cancer
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RaEF ¢ 3 ¥ FF 4R ~ Support vector machine ~ Extreme learning machine ~ C5.0

Abstract

This study applied advanced machine learning techniques, widely considered as the most successful method
to produce objective to an inferential problem of recurrent cervical cancer. Traditionally, clinical diagnosis
of recurrent cervical cancer was based on physician’s clinical experience with various risk factors. In this
study, three machine learning approaches including SVM(support vector machine), C5.0 and ELM(extreme
learning machine) were considered to find important risk factors and to predict the recurrence-proneness for
cervical cancer. The medical records and pathology were accessible by the Chung Shan Medical University
Hospital Tumor Registry. The existing literature on recurrent cervical cancer reveals that factors include (1)
Age, (2) Cell Type, (3) Tumor Grade, (4) Tumor Size, (5) Pathologic T, (6) Pathologic Stage, (7) Surgical
Margin Involvement, (8) Lymph Node Metastases (LNM), (9) Number of Fractions of Other RT, (10) RT
target Summary, (11) Sequence of Locoregional Therapy and Systemic Therapy and (12) Lympho-Vascular
Space Involvement (LVSI). There are totally 168 patients in the data set. The overall correct rate of
classification were 92.44 %, 74.44%, 91.56% which is provided by the C5.0, SVM, ELM model,
respectively. Consequently, based on the results of this study, we can conclude that the C5.0 model is the
most effective classification model. Further, after 10 runs, the selected important independent variables were
Pathologic Stage, Pathologic T, Cell Type and RT target Summary. Our findings support that Pathologic
Stage and Pathologic T were important and independent prognostic factor. Particularly, Cell Type and RT
target Summary were significantly related to the recurrence. For clinical interpretation, however, a further
clinical cooperation with physician was necessary.

Keywords: Recurrent cervical cancer, Support vector machine, Extreme learning machine, C5.0
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®  Support Vector Machine (SVM) : 2 ¥ £ # 8 d Vladimir Vapnik /% 1995 # B 453 B - fa o
B2 ARG R E SN EY S i - oM a5 TRFEREREL £ 2 - (Lietal,2003) -
SVM m#r]“i{%—ﬁ%l ~ 7z B (Input Space) =i * L&+ ch¥t e Mapping # 3 5|8 AR s B
( Feature Space ) £ s éﬁ H Y SVM #7i¢ * ch Mapping i # “TH  entr o Solic b 3o f i
P E L2 mmﬁt 2 14 ¥ Mapping F| % R i ez BP9 ch RS M o gt o E i
A @p&ﬁpﬁ"" Fle e € > B E = v # A 4T e (Maximal Margin Hyperplane) » »2 % = & #§ (Mao
etal., 2005) - .u"f it SVMApR A7 2 8% [ David# 3 — B % #ﬁm»f&_ts‘&ﬁg P BT A



F1#* &P =3t F L %2 32 (Fluorescence In-Situ Hybridization, FISH) # i w2 4 crn gL > 3 B
A B gk o L R AR é%ﬁﬁ%mﬁﬁm’&ﬂwﬁdklwéﬁaﬁéﬁﬁmmﬁ’ﬂ“

TROELOFA Py EEEH 8 A RK B + a1 23t SVM % E 2 %7 % suen@4 (David and
Lerner, 2004) -

® C50:C50;%% 2~ fﬁ-p #0142 72 $57) (rule-based reasoning model ) » §_C4.5 /% & ;2 eig 373K »
B ERNEY - fEo i AAJZ A FALE > #% Boosting = 5% 4% B HCA EFES 0 ~ 45 Boosting
ﬂwyﬁﬁ@Fﬁﬂ;ﬁ&“@P’%*mcﬁﬁﬁﬁmf’iﬁuhﬁiﬁJ%%*ﬁ%*%%
%7 A 4 K A4 decision tree )& ] & (rule sets )o i1 # 7 B C5.0 crap B A= 7 4o 15k {2 47( 2009 )
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® Extreme learning machine (ELM) :#-i# & ¥ % (Extreme learning machine, ELM) & - f#&#73] i
SREH SRR TR Y P ﬁ)@ 3 — ® 3 2006 #4 Huang ~ Zhu - Siew % F 3¢ % >
"Neurocomputing ; * o 7 >t H s A SR PR EY B 2R Fang B AR B EH -

s R e A SV EEAY S e B 03 (Single hidden Layer Feed-forword neural Network, SLFN ) » # ﬁs?] o
X F’&ﬁvfgiﬁ;;éﬁﬁj%%ﬁi AREWA A o ARk "31%4'/%; 2 g £ R 7}16_3311?] L F
d MP # % 2£'£ ( Moore-Penrose inverse) 4 %fr @3 ELM 5 Y i R AR B Sl R 2
(gradlent-based) AR EIFS  F SRR ER M- e (FF R 2010)° Vani & 4 (2010)

B ELM 3 2t 2 S Xk AaBE o8 B5 &P ELM 2 2 o855 X X4 8§ arc
E‘é '&"‘/\ﬂ is /ﬁﬂ"‘ = °

Ao~ 2AAEL LR R

e TR 101 £ R0 E  BEC
g g FlgAr o
P % B G © re § gEre g APE
v 141.2 95.1 134.3 934 1.7
;f, ? * ff,‘ ? /7 R 1 255 17.0 1 24.2 16.5 0.4
HJ’-‘fr'U-T-p\ ”T%_f—,rg T 2 21.7 14.4 2 20.7 14.3 0.1
=3 /B %/ 3 18.7 12.1 3 17.7 11.9 0.1
Lo s T 4 16.5 11.6 4 16.0 11.6 0.0
T R 5 76 50 5 7.0 47 03
Ry 6 6.0 40 6 6.1 41 02
Y 7 5.8 39 7 5.9 41 02
fF § T 8 45 3.2 8 3.9 2.8 0.4
2R A ENHT B 9 35 24 9 3.1 2.1 0.2
v a }?3 10 3.1 24 10 2.9 2.2 0.2
”’%,:ﬁz—frﬂ fd F’%lﬁ T 11 2.6 1.7 12 2.2 15 0.2
2% Bk 12 24 15 11 2.3 1.5 -0.0
S 13 1.8 15 13 1.9 1.6 -0.0
TR 14 1.8 1.2 17 1.3 0.9 0.3
%?"?;%7:[,%» 15 1.7 11 14 1.9 1.3 -0.1

(FRE LR Rk F - 2014)
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3.1+ & w &4 (Support Vector Machine, SVM )

AETEPR IR AR AR WAL e R R YRS G ) R
?k—fﬁ'l“iﬁ BOAHRF RO A o d B A S ARSI HCR] o G Utk A Y B 1R T j—ﬁ\
RSB DR mma @Il SIREL o AR ERETHRMIAIEE Y A
kﬁ*i%s@wm‘*%%ﬁ FHRFTH SRS A 27 & & Az T 5 (hyperplane) o B 42T 6 A %

1¢%p+£ﬁﬁﬁ ﬁmﬁﬂiﬁmﬁ FRE - AERERR - AZRFI BN - EL AT LD
AR TR 2SR S § £ 2 BRRAR S A% ﬁﬂ P TR S TR R T A A o 1A PR AURFOR
AIEF3 A TApEN2Z BE 0 AV HNE LY BATAIRRT LA T AN ARG T T o
SVM & ;£ 4T Bk {(Xuy.)}_l’ X, eRd e{—l]}y“fiﬁ L% —F—:@?J)\ wEZIVRE SN ZEARKE
fmodhsF - BRI EZ AR -y, B o et B2 L7 R42T 5 (hyperplane) W-X; +b=0 H ¢ w
AARTGPECDEHRBE S FRAIRTG OB ATRZ2W 0 T EERPM OB LR
(Vapnik, 2000) -

Min () = u’ (1)

st y,(w'x, +b)>1i=12,..,N

(1)5% % # B+ sk #cz (Lagrange method) -3 f8 i BF RE a4 = 418 P 4E o 49 ki ol i® 5
PLp R Gl (DA S T A
Max O(w,b, & a, f) = Za - Zaa YiY X X (2)
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St Sy, —00 050, <Ci=12,..N

B P CLENFF L AT HNORE AR TAFE SR Y A S RRE LR L L B
Lo - HFETT 0 BT VR iy &2 D IR BAAZT G 0 R G ehfRiaA 2 5 R et
Pl E L (RS ENER R Lo Sl il R SN 2SN 3 f(RBF) - 258
EMD S BER Y AT d R RBERALR LR Y o %K 5 K(xi,xj)=exr>(—7||xi—xj||2).y20
(Vapnik, 2000) 2 y# 7+ RBF % & o F]JtRBFAL* 287 3 + o S £ enSVME 3 5 = \éﬁ CHpE S
SVMiz R E ~ Bt af 7 cnff 8o A7 AP R * 5 3SVM= 2 (Hsuetal, 2003) 7 B3l p %
# %R (Hsuetal, 2003)
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3.2 C5.0 i 4t

C5.0 4~ #F & §_#— %’&%Awﬁﬁﬁ*%@gﬁ%%%’ﬂ??Lﬁﬁ¢ﬁ A
(Larose, 2005) o g* B & $ % -5 At d R HIA BEHY EH O L ADREL &3040 ¢ S
C5.0d C45ec i 7 - L RAL o 4 FE LB~ mfReF L8 ~ BB L] KR A fip g %
2%{"5: {8 LD PELEEFDYL ~ F T #E(Larose 2005) - C4.57 Quinlan(1993) ﬂ} |+ E
A & enID3iF & 2 (Iterative Dichotomiser 3)d — ‘e e & g e e s = {1 R T AL
4@%#%% W EpEe 2o FRBFRBHET U KGR o C4. D - K enE B &gk i@
W JE P~ & (Information Gain) R EH RIFHNE > EHEF FTAEPFEOHLITL SFEORREHNE - 3
thig Fir A 2 2 Fla v R AL TR T R R Bl i F BRI A a7 Fi(lmpU” y
(Han and Micheline, 2001) - 123+ 5 A4 5 &) 32 5 ‘”‘gm P~ F GainRatio(A) > S# — T~ & > P
R B E LR AMS o B nl[ﬂ FREB e, He (i =1, .. ,n) B&S s 4Bk 28
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Info (S) = Y p; log( p;) 3)

i=1

BERABEI NBARE{AALAT @F ABSHLS L0 BT EE{5,5..5 )
L Al S5 S+ B A B aFuleE Al Info(S, A& E i L .

1j +S2j+..+S

Info(S, A) = Z Y Info(A) (4)

j=1

o 2 ents 4 Splitinfo (A) E_S42% B A A aFiE o * ko ﬁz A BB EEL g AEAT

Splitinfo( A) = zn:T‘ [‘TS‘” (5)
i=1

Gain(A)=Info(S)-Info(S,A) (6)
GainRatio(A)=Gain(A)/ Splitinfo(A) @)

3.3 Extreme learning machine (ELM)

i § A Huang ¥ £ »v2004-# 4’% o mﬁ HE o A N SEAY T e 5 (SLFNS) i & 72 (Huang et
al., 2006) ¥ ":i%ﬁﬁiﬂ »EE B A ’Hﬁiﬂ DL o P Y B A HLF * (Sun and Choi, 2008; Nizar et
al, 2008) » # Wiy A3F F enb| 3 b AR A4F mmbf B L@ e A R i R Aok e B3
(BP)F=§ 4 it it i 4 > @ 2 g rﬂﬁ@m%*' TRHEE B LR BV F RV EY A
B ERABE  AFERALHE - EREROELESRE > TP LR Y BIFE 2 0 LENB
ER mﬁ%‘] )‘%J;.in?'\(}(i, ti)»i=1 ,...,N He X; =[Xips Xipreees In] eR"11 % t, =[t,,t,,.. |m] eR™ >
i nH - R R N B " &gk 2 o S fe(Activation function) g(xX) ¥ 1237 N B 4k » if 7]
PRFE  cHEEWHA AN TAF L HE=T

g(W1'X1+b1) g(W,\] 'X1+b,q)
H(Wg o, We, by D X, X ) = : : : (8)
g(Wl'XN +b1) g(Wﬁ “ Xy +b,\])

NxN

B =B B 5, Taxm = (T T

Heow =W, Wig,eo. Win]T =12, N, A L e 28RS IR I ERBow» S8

Bi =1 P Binl" 5 Ew il 2% R R S Bl B b 5 RIS RO o WX &
W, e X S Ao HAAE (F B R AR 45 0 IE"&*—(Hidden layer output matrix of neural network) ; H:fi
(7R A B e &ﬂﬁiﬂ/\ﬁd\xl,xz, NERN ) S Hﬁjj}llix%g%ﬁ;iﬂé’iﬁgﬁ%%
HoAxz B e 5 o F]pt o R R 31?] T E (i u%;%% E'Jﬁ]ﬂ%ﬁ VRIS FI B T Rk 0 TS 4 s

B o BB h MIRELSIEE @ P A g A 0T NS

B=H'T 9)
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4]* SVM ~ C5.0 Lauﬂ ELM =
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FAHE? Jrxiliny 168 6p L > 27 118 b BE P 5

T AL S 2 (TR AT E FTREER 2 2 2 R

:}Mg_lz @%p’ﬂ%ﬁ: FRPLCHEMETENL LR o

BRIV ER o
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FETES L L Do 1S C50 ﬁ—'i‘lﬁﬁﬁs e

For BREFBE R THEP L Z BT C50 SuplE R A AL K hoT 4 -
#2 2 C50 A4 #8 %
T RG]
1 (G H%) 2 (A4 )
1(F4%) 34 (95.00%) 0 (0.00%)
2 (24%) 2 (12.50%) 14 (87.50%)
T 3ol py ¥ 96.00 %

K- AT R ;tia;g;g;_;"gf\ge 0% > 3

S E 2 TARE)

E 4 SVM A #7103 -

Bk oo

B2 IR 12 B AR RHA HY » 2o
BFH(C fry ) 0 F15 BiEsa7 ¥ 427 7 RBF frv S 7 7 RBF TR © hgalpr g
Hsu & % g 1 i¢ * Refiidz
Plidtkrna iS40k =
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SBK T  ERE 21 2B (C=2 v =28 SVM B
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%= ~SVM 3] » 558 %

R

TRR 2 %

1 (3 %%) 2 (A4%)

1 (3 2%) 32 (94.12%) 2 (5.88%)

2 (A4 %) 14 (87.50%) 2 (12.50%)

T h:g;;;,' 68.00 %

[32(F %5 43 2 g T RF)2(F B A3 2 pRI AR )]/50CRF# + 58)*100%
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L Z WA nT IR EES 5 68.00% 0 § 2 L G ¥ 1
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2EFE AR F b 14 mﬁs& b2 A A

EHELM A A 12 B R EARR fﬁnm@,} K12 B &g ELM & € & ﬁﬁxraééﬁm
xﬁz{%;ﬁéﬁ%m&ﬁ frpl % ELM {8 =t 2 37 2 Bk f 0 710t > ELM BCE3 1 2 30 2 4 )
IER SR J{E BEBREEF 0T ER BRI HRE S PRSI RELE o AR P;g
P p 283 BREAEEEE G R e A e

Zw ~ELM 3] A 5% %
F R TR P4 5
1 (3 4%) 2 (A4 3)
1(44%) 31 (91.18%) 3 (8.82%)
2 (R42%) 0 (0.00%) 16 (100.00%)
L 32y 94.00 %

[BL(F "5 R 2 TRl 3 )FI6(F AR5 2 R AR H) |/50CRIFE % & 1. #)*100%

=7 ELM #5283 e sg 8 % o T30 g pr ¥ 5 94.00% > 3 3= }]% Bas 1iassiis iy

LS % 2 ARE) TG O m Al ad 2 MRS NS % LA A 4
i % » C5.0, SVM.,, ELM 1T 354 i\?‘—g‘ﬂf.—? 5w 5 96.00%, 68.00%, 94.00% - H ¢ C5.0
L EER A DT P OROR BRI G RS IER e
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AT 5 ELM B 6 {1-1}5 % chT 3008 % 5 93.14% (F % %5 5 TR 525 2%
C5.0 7 F{zz}(ﬁ‘“ KA AR 7’*\1’,&’?)“"%’. BB ehT M rE S 91.27% - AR A = 0 B
B el i dd C5.0 24 9244% - d »+ C5.0 & {2-2}fc 48 ¥ B> SVM & ELM > £ 57 C5.0
Ef.'? Wy eb g —;7:44%1_'_1 l}_r’ﬁ/n\ Fﬂ,—_gr‘% o B ’CSOa"i 3 ?JP&'/”\;‘E&F e N ,; ° L_€
BT Ch07 WAAKGFIAEES: P (VU REF I THBAE? EE ¥ HEH
FER B RBET Y RBREFFHERFLTF DTN BEIEAY Y 0 58 10 A RGEES 0 RER
S &R OREH N R T R R TR e AR

a4

#1 ~C5.0~SVM ~ ELM 2 s 5 vt $i

KR {1-1} {2-2} b i
(F#p w2 gl ) (FRARFE L FFRIARE)

C5.0 SVM ELM C50 SVM ELM C50 SVM ELM
1 100.00 94.12 91.18 87.50 12.50 100.00 96.00 68.00 94.00
2 91.67 94.44 94.44 100.00 7.14 100.00 94.00 70.00 96.00
3 95.00 92.50 92.50 80.00 10.00 70.00 96.00 76.00 88.00
4 89.47 89.47 94.74 100.00 16.67 83.33 92.00 72.00 92.00
5 91.89 91.89 91.89 9231 7.69 9231 92.00 76.00 92.00
6 94.87 89.74 9231 81.82 18.18 90.10 92.00 94.00 92.00
7 84.38 96.88 96.88 9444 1111 83.33 88.00 68.00 92.00
8 97.14 9429 91.43 80.00 0.00 86.67 92.00 66.00 90.00
9 95.12 92.68 95.15 100.00 0.00 77.78 96.00 76.00 92.00
10 88.89 88.89 88.89 9286 0.00 92.86 90.00 72.00 90.00
T35 92.05 92.31 93.14 9127 7.87 86.26 9244 74.44 91.56
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