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B =8 7MF A AEF 71 A4 W (Neural Network with Weighted Fuzzy Membership Functions, NEWFM)&- ©]
S8t 2FA Fbdh(Wisconsin breast cancer)?} A©S F33ts HAFHS FE5311, BFEHE &4 SHEE A}
|3te] EAYHSFE HAE3 e WdehE Aetsn Jrh. NEWFM 729 F7¢ l‘%vt_'—" ﬁ}ol—ﬂt’“‘(hyperbox)a%n e
W, F, A2 4" M fqAa2E5Egs JFPen FEHY, g5 F Zu%—J o, 22 FAE JME AXL2ETFE
HA G g2 A (bounded sum)S AH&3ld GA] e J1E HA4aLEgFE J“(BSWFM) Hth.n e ERYH
(feature input)2 &HFH EE dtolujdtzd dAFHO dZF YL ?%‘6“31' o7)d nlFEEAAY 24 AP HE59
%357 o Exoae AASHAM HA m A} EAYE TS AES Seldaaz bt ARt o3 Wyl
A= Tr‘”“«] o9} EAE F 4E 83l NEWFM2 R F28 2719 AAFAL 99.71%9 d4F d2&s 7}

A9 o AATAS £ A8 9ol 84 Tre mE AAud 4TE wAEn

Abstract

This paper presents fuzzy rules to predict diagnosis of Wisconsin breast cancer with minimized number of feature in-
put using the neural network with weighted fuzzy membership functions (NEWFM) and the non-overlap area dis—
tribution measurement method. NEWFM is capable of self-adapting weighted membership functions from the given the
Wisconsin breast cancer clinical training data. n set of small, medium, and large weighted triangular membership
functions in a hyperbox are used for representing n set of featured input. The membership functions are randomly
distributed and weighted initially, and then their positions and weights are adjusted during learning. After learning,
prediction rules are extracted directly from n set of enhanced bounded sums of nset of small, medium, and large
weighted fuzzy membership functions. Then, the non-overlap area distribution measurement method is applied to select
important features by deleting less important features. Two sets of prediction rules extracted from NEWFM using the
selected 4 input features out of 9 features outperform to the current published results in number of set of rules, num-
ber of input features, and accuracy with 99.71%.

Key Words : #4 179, 73 $%, 7% 94 2484, 58 220 0y 53
1.4 B (3,6,10,12,13).

if-then B4 9 HAFH o =& 71HL JALEAL 93

HE BEU AY o2 22 9 447 2 w48 o] FNN& B4 T shiolt} o= FHU dlFo glojA nA

2e AYY HeH JAAHAY E(adaptive decision Y WHL if-then HAAFAA 22 dEd Feje A4

support tool)9l HAA A= Fuzzy Neural Network, FNN) ~F&828 Uehi= Zlojth Fofd daef b diolH 25 H
o] AotHol $tH1478911141617). & 7kx pze AN FEE SAskd Ay 2 ]iEé](self organizing
FNNo| 8t (learning), & S(adaptation), T2 %% (rile ex-  system) 7]¥b X307 o] A 9 oH5,15,17]. Setnes[11]
traction)& $1% LmFH ool AAE W g T AR LaEE olgdte ddsn AFETt %2 I
A3 76 BES dEd 24E wEh
B =82 7% A 25%8s 719 A7 % (Neural Net-~

=Xt 20054 638 1Y work with Weighted Fuzzy Membership Functions, N-
PHER YA 2 20054 9¥€ 9¥ EWFM)[10]& o] €39 $122F4 5942 Wisconsin breast
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cancer)[181¢] At &g Fdsle AAFIHE FE
HZERA Ba 2AYS ALEse] ERYETE 4= ¢
£ wote Aotstn Utk 7 AXaEGETE HAALET
29l oo wi} 2 AHY 2&5FFHRS 1 03 E T
JEE 3o dZolv} BF 5EE AFAZ F ATH10]

NEWFM< 370 72139 98 AZ(input layer), sto]#¥=
A Z(hyperbox layer), ¥ A%(class layen 22 F44
th 7z} stolHut s Aol gl BE stolduEts k=En Ul
o HAAFo R FALEH olEL EHE AT 2YL =
=9} 7} 7 At she] HAXARE 3 MY o, T, 29
71 JRA2EE5E T4 9tk NEWFMS 7+ gto|s{ehs
ot e n e 3174%95‘2 n N SR Yol uj
A ggAZIh gl ’l‘f’r“;‘ E HAAFHEY 3 7H o, Z,
2 E AN LSS EFE A ﬁl%L(bounded sum)°ll 93 3k
94 7V HALEHT i e wepA Zh dtoHuks e

= n 9 S ARLEES4E ded 20
EF_EP B =FdA Zﬂ“ﬂi’- g HEEAA B A
%357} v BEAQH-S Zo i A m 7l
i WAzt ol 7L°1 074]3&011 |
_}z_ } =m0 o) o
@3 AR AE “P% "f- UEE &

2. 7t% HA|AEEE 7(at MAF Y (Neural
Network with Weighted Fuzzy Membership
Function, NEWFM)

2.1 NEWFMel 3=

NEWFM¢} Fx& 23 19 veht ik NEWFM<= 3
Ml Az 4F A stolsdtx AF AL ATLE
FA0] 9k 48 AZole n A JYP=EEE FAH
of glon Z+ YH=EE st SAYHEE dEEA Ik
stolHutxs Al m 7Re oPOM‘ﬂ* =2 A"t |
WA StolHwtx w= B, © shte] EFdA xEo AZ

Hyperbox
Nodes with
nFuzzy Sets

Hyperbox Node

Input Nodes

#h Input Pattem
+4n} with neatures

a8 1. Ak WA asPS 4B TE
Fig. 1 Structure of Neural Netwok Weighted with
Weighted Fuzzy Membership Function
Su n e dEx=2Ry 7 7k A28 n Y HARG
< zreth B9 i WA ARRL B/E ENEEY H

A=l a,
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2004 HE upe} ol o, F, A8 TAHE 379 7tE #A

£%95E AT, £ ABE p A Fhe moER T
Hgoh 7t 2ol msk sh} S s ol soluu

2 wEo d@ﬂ‘ﬂ ok glaExem s b Hy 4F
AEHe I,=(A,=(ay, a5, a,),clas 2 71EA} o7]A
classE BE ZAo|i A, 2/ dEEAHo2 FAEL

22 Heo 2 2z o]M(Definitions and Operations)

D wy - stelHdaxE B FHaxE CAlY dE
VX e 2730w Adol ¢ A A w,=00] T
A} 9 stolgutaxs B ¥ Fds == C;7F 92
ol gt w,=12 AAEr ;& dolHdixER
BE s ol AZL M 4 gl W B, 2 24
w=xo] shgte] AAHREE AR g

@ v, : vy, vy, v, IE 2018 2ol o], T, & HAL
o] FAYAE 7 24 et SAAELS ds
g o] F92 2A4HY v v, T R Fo2 2
o] ark 4" ¢, 8 28 29 v~ Ve B9 SOl 3L
o}

® u; 2 W e Bl AARTR AAxEEFE UE
H j=1,2,32 o, ", 4 ‘“Zi——’%"’%—?-"% M Eat= e gdy
vebdeh, ZF HA 4 2
(v;- 1, v 0;0 )& 3151" ’%Z}%ﬂoi Hol sled 4%
ol AR (strength) g WEhE &%

(0 W<1, 2713 0.45< W;<0.55)8 %

HE 4

AN 7t HALETF AN AG4E 2 v, W, 04
2 vhepdivt
@ Len(y;): p;9 VHE 3437] S8 Zole Len() (9]

o7 Aoldt)

Len(y;) = ((vj4) — v;-)2)W; (1

L K S K]
[ range(v,) J\ range(v,) T range(v;) ;J

a2l 2. B9 SR ARG G THE AARERS)
Fig. 2 i-th Fuzzy set of B, (3 Weighted Fuzzy
Membership Functions)

® Adjust(B,) : o] ¥#olALr WA d¥AE

A,=(ay,ay -, a,)l 3, B, Wl » A HA G
o] 73 Y& W, T, & AALEFFS 2 7HEAl
2 zR%t 9 ;8 vE BiY v, % W a;¥
o) o5ty =A %u}(] 1,2,3). Adjust( B,) OJMI



E:11 aiﬂ-g’] i}o]% ‘4"5}‘{“_':]' E\l_‘_'?—:l_ Ej7}' ?_].zt-] Eji[E-E]'
2w "e ol Agwrt

new(v;)= vt aEu(a; )W, 2
new(W;) = Wi+ B(pa;) — W) &)
AAgE Adjust(B,)9]  HeoldH#ZLE oy F

NEWFM & za]ZolA 71&8t 13 32 99 4,9 B/ 9
7V AHALEESTS 23S A Adust(B) e #EolAe]
3 dE HAFET o

a2 3. B/9) Adjust(B,) AAL A3 o
(Fig. 3) An Example of Before and After Adjust(B,) of
B;

® Random(B,): o] SH#olAez dlo|suta B, o] ut

£ol Jed B, el » M ARG ] /X1 ey
2 W (j=1,2,3)8 2718} A]Th W= 045~055
Aol qdele] 27) FEXE AW, FANA v, o}
o Aol e He o] oo grolojor gt

ri1S vy, 9714 j=1,2,3

8 a9 29 o8 o= 9T GeR TAEA Y
VEA wie 0082 2713HET
Output( B,) : &to|#H¥t~ B o] £33 pRA EHYH
A,=(ay, a5, a,) g3 & A3 o] Attt
4)

Output(B,) = Bi(u;(a; )W,

23 NEWFM st& 2 9lst g3 =

o] AolM= &L 93 NEWFM <xug&e 7|&3it
NEWFM ¢85S 27|13 GAZ Learning( B, C;) =2
NAE o] &3t AANLEET] FAAA € /A& =3
sl HAge Ze Output(B)3 29 dgdsls 2w
Zo) gy dvr dZel  Hw Ql¥dd
I,={A,=(a,, a5 ~,a,),classtoll 3} FHdjgts =
Output(Bpol 9 FHE Fd2awel X3 29
9t Learning( B, C;) L2A A7} A3 o] 7[5 HA AT
go] shgol YTt BE Y uElo] o e F o] Fgrol
U vkEsie] RE dEdEoer g A7 EA BEEs)
T 25 2497 g W7k sgg RS "ok

o
T

ol 8% 249

|

24

1)
e

o
K
A
4
2
lo

Algorithm NEWFM ;
1 While (result is satisfied)

1.1 for /=1 to m //m is number of hyperboxes, usually start
from number input

111 - Random( B),) ;

112 for j=1 to » // p is number of class nodes

1121 wy;=0;// initial connection weight between B, and C;

1.2 for k=1to & // his number of input patterns

121 find B, that has the maximum value of EnhOQOutput
(B,;) among m hyperbox nodes from the input A4, ;
// input vector : I,={A,= (a,,a,, ", a,), diagnosis}

1.22 Learning( B, c;};// C;is a diagnosis in I,

Procedure Learning (B, C;);
// m is number of hyperboxes

1 Case 1: Vm, w,;=0, where m+!;

1.1 wy=1;

1.2 Adjust( B)) ;

2 Case 2 3Im satisfying w,,=1, where m=+!/
2.1 wy;=1;

2.2 Adjust( B)) ;

Procedure Adjust( B,) ;
1 for i=1ton // for each ith set of membership function in B,

1.1 for j=11to 3 // for each membership function
111 if v;_<a;<v; // for left side of g;

1111 E;= min(lv;— al,lv,;-y~ ;) ;

1.1.1.2 new(v;) = v;— aE;pu(a;)W;;

11.2 else y;<a;<v;,, // for right side of ¢,
1.1.2.1 E;= min{lv;— a],lv;+, ~ a;l);

1122 neulv;)=v;+ aE;nla;)W,

113 new( W) = W+ Bp;(a;)— W) ;

24 HX7& FZ=(Fuzzy Rule Extraction)

%2 NEWFM2 <dg#es EFslr] ¢4

if-then 29| H|F& FZo ALLH F U) &5S A

A Foe stelgutart B ol ZF HA = 3719 7}

% HA 2453 (weighted fuzzy memberships, WFM, =L

4 69 4 £ Aok 7HEL WFEMRZRE 4

3 #2549 & gk 73 F& AFH(rule extraction strat-

egy) S oldlje} Zo] AQtsit)

O w2 49 #F& A2 FANY WFM2 bounded
sume thi o] AeoldEth WEFMS bounded sum
(BSWFM)2 1 4ol 4 2ol 3719 WFMY #HA &

e SH@h

5220
Baces

)

3
uy(x) = ; Bji(u;(x))

o
O
v Vs

a8 4. 34 7 #HX 45T Bounded Sum (72 4D
Fig. 4 An Example of Bounded Sum of 3 Weighted
Fuzzy Membership Functions (Bold Line)
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Fig. 5 Enahnced BSWEFM for WBC of Benign(black lines) and Malignant(grey lines)
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— =Z =Z i (a; DWW,/ Len(u;) (6)

n

EnhOQutput(B,;) =

Len(p;) Fa28E Len(p;ol 2&4E Hr 43
H ARE s :

® 523 doizl %r’zﬂ/\ C.ol dig #HE m A
stolsjet~ F  C; ¢ d4¥ B,E(w,=1, where
=12, ... M9 enhanced BSWFME® Yeld = 9
=3

3. Ald A3 (Experimental Results)

ol oAM= NEWFMo| 23] %% Wisconsin bre—
ast cancer AT HAX|TFA S HolFil o] H5& AHES

B3 Hrigitk NEWFMoz &% 27}14 Jm;wo
99.56%9] QA4-8E& 7HAY ol HAFH o 4 &l

ol AF7AA G vE =7 ZHRT ¢S HAFI
A
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E;(] ol gl

RH y]z]-'ﬁ’-z‘_}g] \_T’:ﬂ"—' ‘l']ol'oq f<) l:l*1 TE’. v"]/\
dleks AA)3I}. AR o® Wisconsin  breast

sate
5% TE 9 oA 42 FolAA 99.719%2]

cancer 53YH

A&z P A7 ok
31 9ARM Fwete BF
CECRI 1

et A dAE AgoAE HAEA
et gol ] FHY YPAFEA e Wisconsin Breast
Cancer, WBC)—J tole Hlo] ~[18]E AMEEIATE ¢] AR E
WBC Aa& 93 9712 EA9=8 33} %4 (benign) Z&
o—1’/“(mahgnant)/] A FAaE FAH gt o] dHoF
ol 69979 HZEE 2k YAIY 167 dase &
Agkol 2 7| whA glol o] A9t 6837 HAZEE ALEF
Ak 29 55 NEWFMY 9 sh5aa S Azl Zakd 7}
Z ¥ X 24 3(enhanced BSWFMs)o|t}.

<E 1> ¥ 59 enhanced BSWFMsZHE dojdll
WBC #F& 9% AR 73S BAF <& 2>+ WBCH
Foll gloja B =&olA AAIG AxFE 7 8ke] R
H[12,1312) wal A5 BoFa gl

<E 1> 2EA ke HR A
<Table 1> Fuzzy Rules of Wisconsin Breast Cancer
CT | csilCshMAlSECS BNLBG NN| Mi
rule 1| (b} (b) W | 0| ® BB )] b
rile 2tg)| (@) | (@) @ | @ |t@|@]| @@ Malignant

Class

Benign

(b)s are the black lines and (g)s are the grey lines in (Fig. 5).
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<E 2> A22A AU Q4 A3 wm
<Table 2> Comparisons of Recognition results for
Wisconsin Breast Cancer

Algorithm Recognition Rate No. of Rules
Nauck [12] 96.5% 4
Gomez (2] 99.12% 1
NEWFM 99.56% 2
NEWFM= 99.71% 2

NEWFM+2 #3303 84 243
EQY(E 19 H4DS 4T 23

32 HZHEY BN SHY
29 54 YeERd $224 Fukd dleled] i Ag
£5% enhanced BSWFM=2 7FA A o2 Azt obdo of
g AFo)H g HAFE: 4 & W olg), o]2F 2lo]HE o
g S AAGeEA B 1
HAFE G e F YA ok ERAYHo] AASR ol
dl2 - E 9] enhanced BSWFM] &% o] ZFojEr}h
g& O3 62 F YA 249 Clunp Thickness(CT)
EAAHo) Y3t enhanced BSWFME A £& 2Holth
57494 Clump Thickness& { WA B4 Yoz} ahd, 1
9 69 3 5E<2 Benign Superior Area (A})E 449 ¥
ol & ZA$9 wWHelm, Iy 69 HF A 2l
Malignant Superior Area (AZ)E 44 HAgo] & A
$-9] WAg JEdth A+ Al W YowA A

Tt =
»o W7k B8 Basle] Qow F 2usg 27T

o %ol 73 ki B = ok iR
HSEHA B (Non-Overlap Area

= U

Distribution) F2l2g g4

d

g

R

S

S

fD)=(A+ AL/ Max( A}, A) (7

Yo tht

Cunp Ihdoex

a6 A=A AR 4 oby
enhanced BSWFM<e| v|FEH A 24t9] o
Fig. 6 An Exmaple of Non-Overlap Area

Distribution of Benign and Malignant
Enhanced BSWFMs

o
0

o]

a
s
5

[

=3
2
o]
a
dm
o
jincd

_?._
I
02
rz
]
1=
o
ro
B
b
10
dm
0A
e
A
#a
&
Ral
=1
L]
1o
1
T

oX L
z8 fjo
i)
lo
o

> T
X

Sk R
0 OF
O n_?_
% o7
XN ©
Ly
He
u
ro
i
fio
=
\1\3

o
W
rir
X
)
=
D
to
ol
it
o

b

e N i

Weight
o = N w s oo o o~

Weight
f::;
o

Bare Mudlei Band Crvomatin

33 7. F29 4 4EEA dig J2F it
P (E M)A o (F44) enhanced BSWFMs
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