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This research proposes an algorithm that has an ability to determine a suitable form of
the membership function in fuzzy logic. The classification is used for data sets that have
continuous value attributes. The graph of membership function defines the membership value
for an attribute which is significant to fuzzy logic. Generally, the process needs to be analyzed
by specialists who can decide the suitable form of membership function. This requires
experience, time, and experiment to receive the appropriate membership function that can

achieves the highest performance of the classification.

Our approach applies data distribution and uses multi-linear regression techniques to
evaluate the slopes for choosing a suitable form of membership function in each attribute. We
investigate two kinds of membership functions which are triangular shape and bell-curve in
order to automatically classify data for Wines and Breast Cancer data set. Considering the
performance on Wines data set, the result shows that the average performance of our approach
is 95.01%. whereas the classification uses only triangular membership function gets 91.08%,
bell-curve gets 93.30%. For Breast Cancer data set, the performance on triangular membership

function is 93.85%, and 94.91% in bell-curve. The average performance is 95.47%

Student’s signature Thesis Advisor’s signature



paanssudszma

A

AI96U0NIIVVBUNIZAM HA.AT.UIAITTY gUNIAEY UszsunssumsnyTom

a A ¢ A 9Jq Yo o Aax &’;’ o a dy 9

ANITUNUD 1/11@114?]1&1&31!1 AmMstaziuaoulumsauiuau %LLHZLEU?LLﬂﬂfQ‘HMLﬁ%
ATNMUDDUNNTDIA1) TUNUIIIAADANT VONTIVVOUNIZAM HA.ATITIATHT GITTAN

a { o o o A a J J
1A A7.A7337179 IP1911) 0 ﬁﬂqmﬂﬁ/ﬂmuzm u,azsffa!,ﬁuauuﬂumﬁmmfnu‘wu‘ﬁﬁ

YONTIUVDUNIZAUTANAZITAN NAUATH AUUTYULAZADIT IV DO AN A

[@UDI VDU UNTLAMUAUINTINNNIUATTMIOUTH FIdouUINANN;A1 VoIRITY

~ 4 [ A o dy dy Y Yo o
VIV UAUNLDT UIITUTT TAUYUA NABYLUSU maw!'osuaga LLﬁ%T‘rTﬂWﬁﬂ‘ﬂﬂluﬂﬁ
> dy [ Q'{ a

o Av =a s = Yo o Yo (X )
NM9uATl vovouauednadans ganmandna naeeliniasls Thalsne wazlvanu

]
= =

(] A A 9 1 A Ya a d’dyo < 1

PAIYLNADNAN DA LL@ZGU'E]GUE]‘]Jﬂm!W@uV] N ‘L!EN‘V]ﬂ1/111!1/]‘]1')8114')7]811!1/‘]1!151!%7“5i]ﬁqa'N]lﬂ
F) =

1ade

v

a a a s A 4 {
YOUDLAUNIAININGIMIADNANADT N AT UayUAIugnTal tazaIuNaaoa

E]

o A a 4
5388L3ﬁ11uﬂ15ﬂ13ﬂﬂ1uwu°ﬁ

v S A
ANTIA WNYAUAVSLAV

I8 Y 2553



a3vey

NSATIVNONATT
4 as
9Un3aiuazITN3
gilnsal
an
ABM5
a 4
NaLALI5 A
WA
a J
2154
agluazdorauonus
a3l
9
VOLAUDIUE
PAATUAZ AI91909
NANUIN
MARNUIN A T1YALDIANANITNAADY
a 4
MANUIN U HANUATIN

sziamsfns uazmsiau

(1)
2)
€)
(5)

21
21
21
35
35
43
45
45
46
47
49
50
63

82

(1)



AN

10

11

12

=).

aIUYMIN

Aaa EAR 9 < Y
HENNI TINA YBIVDYA TIALIT UATUY
aa g 9 J
wonN3 a1 vestoya 1
1 [} J
msumanuFuvesdoyalng
Y I~ a 4
namsdenjUuuunsmilasdunnuiuaudnuesdoyalo
A a A ) Y J 9}091}
UszanTnwmasvoanmssmunilszinnvesdoya i layldduaou
as A % I~ a
Mmsaennilansua il uauan
=1 =1 a a ~ o 9 o
namsifseuiisulszansnmmdsvesmsswunlszinndooya 1l lag
3 A Y a J v I~ a { 1 1 ]
Tiunoudtlasasinvesnsilasdunnuduaundnigilsieaeiu
A v I~ a 9 <
wamsaengdununiilansuanuiluamnsnvestoya lanuei
9y
AU
a a 1 o U 'd <3
Uszantnmasvosmssmundszinndoyavesdihendulsangs
oaj =Y % I~ a
v Tagldruaeuismadennsmilassuanudluaundn
~ = Aa a = o 9
wam3nlseumenlseansmumasvosmsduniszinnieeya

v v
TsauzSuduulasldiuneuisdasasinuesns il suanuilu

v
= 1 1

anynngilaneanany
A A A o Y 9 dy 1
Uszanimmmasnnmsdmunssnnioyaveslsanduiiiooonuusa
3 3 A 1

waz Taauzisadi Tagldiuneuns Ingeiisdseaimmo

= = Aa A ~ o 9 P
wanmsilseuisulszaniammasnnmaswuniszandoyaved Inin

&Y I~ a

Tdanmslsnimilatsuanusluandn

~ ~ A a ~ ° 9 Y1
namsnfFeumelseaninmmasainmsiwunilsznnisyaverioe

< { ! o I a
TsauziFaduui ldnnmalaougduuunswlilasduanuiluainsn

2

21

22

35

36

37

38

39

40

41

42

43

44



M519INUINT

Nl

n2

N3

n4

NS

o6

n7

N8

9

10

nll

nl12

a3UYMIIN (91D)

Uszansnmnnmsswunlsziandeyadouvesdoya lnilasly
o an A 7w g =
TuporIsMsaenniilanduanuiuanan
Usza@ninmainmsswunilszinndeyanaaouvesdoyalnilagly
o an A 7w < =
TupanIzTMIaennlanduanuiluaan

a a o v 3
Uszanamainmsswundszandoya lniTasldnsmileaiduainniy
amnFngilaumasy

a a o v 3
Uszanamainmsswunlsznndoya lniTaeldnsmilesdduainniy

a

andnglszaiant

Usz@niamanmsswunilszinndeya lniTasldnswlilasdunnuilu
anFngiimdidou

Usz@niamaamsswuniszinndeya lnilasldnswlilassuniuilu
anBngldmasuniany
Uszinamonmssuundsznndeyaaenuvesdihefiulsauss
i Taoldsuneu3smsdennsmiledduanuiuandn
Uszansnmanmssuuntszinndeyanaaovvesdihefiulsauza
unTaoldvuaen3smsidennsmliledduanuiuandn
UszAniamainmsdwunilszinndoyalsanziudunTasl¥ns
fadFuanuiluamnngannvao
UszaniamainmsswunilszinndoyalsanzsudunTasl¥ns
fasdunrnumndngiszaiant
UszaAniamainmsswunilszinndoyalsanssudunTasl¥ns
HlasFuanuiluainsngiimddou

a a o <
Uszansnmanmsswuniszinndoya TsanzisadruTagldns

J v IS a { {
Hansuanutluansngamasuniany

3)

51

52

53

54

55

56

57

58

59

60

61

62



P~
MNAN

10
11
12
13
14
15
16
17
18

19

AUy

nanmstnuresmsswunlszinndoya
Yoyadouszuy (n) uazdu lidadulaldhueigauimuio i ()
xS IS a { 4
nslilanduanuiluaunngilammiaon e a=0, b=5 1az c=10
) 5 A o 4
HanFuanuiluasFauuumadeu 1We m=5 1ag O=1
- I a Y o' 4
enduanuiluainsngilszaiandi e a=2, b=4 uaz =5
=1 % 3 a
msgitisuveilanduanuiluan¥nued A uaz B
a 4 @ o I A
M3soumesyNFUYeIHenTUA N uaFAvee A uas B
= 4 % I a
mMsneuNaNUaveIlanFUANUT UaNFNVY A
Y] 1 o 9 A Aa
@20819M53munlsznnaleilysasin

NTLUIUMSHINUYeIHFTa0IN

k4

HHUANUEATUADUNITRINUYD LUV

a

v 4
aulfidadulvvesdoyalon
Y Yo = ) o 4 = 3 9
au'lddadulavestoyadnuyuzvoswadvesfiheiluTsanzs aduy

4
%

as A J v S a
ﬂlumaua‘ﬁmim@ﬂ;.i,ﬂl,nmﬂﬁ%lﬁdﬂ%ummtﬂuﬁm%ﬂ

Y
U

an a a Jd o < a
"ll‘LlG]’E']‘Ll’)‘ﬁﬂﬁ‘Vﬂﬂigﬁﬂ‘ﬁﬂWWﬂl@\‘iqﬁ,ﬂLmUﬂiW\lW\‘lﬂ uaNUluaIFn

J v < a @ N aa J .
nsldanFuaNuluanynglszalanivewenniiiim Flavanoids

aa J

o | a @ N . o
ﬂﬁ']1"]W\1ﬂG]ﬂ!ﬂ'3111L‘]JufffilWWﬂzﬂﬁg‘ﬂNﬂTleUﬂﬁlla‘VWlﬁU'Jﬂ Color intensity

&Y I~ a ~ Aana 4
nslanduanuitluandngilaumasuveaenniiim 0D280/OD315 of

diluted wines

Qs’l ax 9 v 3 a
TunoudIsMsaswlsnsuanuduainan

(4)

12
13
14
15
15
16
17
17
24
26
27
29
30
30
31

31
32



()

Metinadydnuainazmee

0OD280/0D315 = OD280/0D315 of diluted wines
CFS = Chronic Fatigue Syndrome
Tri = Triangular shape

Bell = Bell Curve



d o a Y a
mataennaantuanuiduainsnluilsSasdn
Membership Functions Selection for Fuzzy Logic

a1

~

qgj an ~ a g a £ o 9y A A
mummﬁﬂmcﬁammﬂumauﬂwuﬂumimuuﬂﬂizmmauamnmmﬂqmma

u

A o

Yo [l A 1 v Aa A Ax ~ a I
lasuanuaulvediann etelumsdadulyludsdiianunqunionu egasindums

Y

a d Aa F) A A o J v Aa VA o A [} ]
NUneviranssng ludoyananuaaunionu snaemsdaaulengaiulywse luly 019

U Q

I~ A A A Y 1 a 3} I 9 P 1 ]
Wudsiaguiaie Tudanu wu guvglveni aAnwge ifudu wavoargmsain liniueu
~ ' A o A 1< d? [ J v < a .
5enNAsFHIYa (Fuzzy Set) TaoilsFiganszvunuilansuaunduaunsn (Membership

. = o 1 ) < a YA 1 1 @ 3 ~ 1
Function) G]Nﬁ]%ﬂWﬂﬁl!‘U\‘li%ﬂ‘Uﬂ'ﬂNLﬂuﬁNWWﬂﬁlﬁﬂﬂW@Qi%ﬁﬂlN 0Ny 1 mﬂuuﬂﬁwgwmm

o v o 3 % y 1 a J
QﬂLl1111ﬁ%}Nﬂ’J13JﬁiJWl!‘ﬁLlﬂmLﬂﬁﬂ’ﬂﬂJ‘Viiﬂﬂ’ﬂﬂﬂlﬂaﬂﬂ‘i\iﬂﬁﬂ Lﬁﬂ“ﬁﬁﬂiuﬂﬁﬂlﬂimﬂ%ﬂyﬁ

Co & ated do Ao o \) & A g Yo
HansuanudluauFnidluilenruninmsmvuaszauanudl uausnlviny

Ay

a 4 9 A Aoy o A (Y 1 1
LENNTUINNADING JFU Iﬂﬂﬁ‘llfmﬂﬂ'ﬁLL‘WL!“VIﬂUﬁ'J!L‘I/IUWiJﬂ'J']iJUbJG])'ﬂLfﬂu "lmmuau ae
9

A =® 1 d‘o Y] 1 va A o a dl ]
AquIAIe AUINTluaIuNAYaeAUaNTAYTENIAUHUNMTVOINYE (N5 1231/3 1904
J o < a o @ 1 a o o I Aa
snFuanuiluansniianudnyaenszuumsaanazud iy Tasilananuduandn

1 A v 3 Y
a2 lannasvsoanunsnun e

A d o I a A a dy A Y
maaennslansuanuiluaingnluflasasintimeunilaimsnaunau

9y A Aa v A o v Ay o Yy 2 v a o
NL‘HEJ’J‘;me‘VI3Jﬂ'J”I‘JJ§Jﬂ'J”IlIﬁTJJ”Iif]LﬂEJ'Jﬂ‘UﬁUf’JHﬁVWI@Qﬂ”ISHThl’IJGlGIf “HQEjL“FEJ?%]QJ}Jﬂ'JHJﬁTﬂiIﬂH

Y )

9 ]
msfmruagluuuvesnsmilsdduanuiuangnldsudoyaiuq et lumsszau

I~ Aa A I Y a a o Y A Y 1T o
AN uauIFn LW@iﬁUlﬂﬂizﬁ‘ﬂ‘ﬁﬂTWﬂJ@Qﬂ"ﬁ%WLLUﬂ‘]Jﬁgl,ﬂTlsUf’Jllﬁ‘VliJﬂ’NiJﬂﬂ@]@\‘i HUUYIUIN

G U
v 4
a

Y
Il @ v A 1 <
Ju vazreaivayumsaaduliang Idazainuagsias wingeiiu

9
Av A

o ¢ v I~ a { a % I~
mdei Idinavemadonnsilassuanutuainsnludadaodn Fuilums
PININIINTZNOAIVDABNNT TN LazIMIds NaumMIMIoanoasuduatoanls e
1 @ A % I a 9 9 [ [ a
MAANUEY tazidengluuvvesnsmilanduanuiuandnliasandeanuudazienns-

a J

o [ 3| a ! @ N ' Y wa A o
19 TaeldnsmlilasFuanuilumnnglammasuuazgilszaiins Ided1aoa Tusd@ e



° v 4 9 Y1 3 9 &£~ = =)
msswunilszinndeyaves nivazdeyavesihe lsauziiudun Falimsnlseuiisuwa
o o o i< a { 1
mssuunlsznndeyalaeldnsmlilesdduanudumnsnglammasuiiowodiudon tag
4 z; =) 1 =) =) = o % 09/’ ad 1
siszalaniuigaed1ude) uaznfSeumsuramsdmunlssnnniuduaeuis Ins e

Uszamninondndie



U

Tagisyaen

4 Jd o 3| a 09.: a
1. iiveardensilsdduanuiiuaundnTaelddunouismsisoud

4 a a o v I~ Aa o
2. ednudelszaninmainms ldnsmilsssuanuduanda e audu

9
Joya
dszlawinmanezlasy

7w S a 1o o { {
1. annsaadilsiduanuiiuaundn’ld Taglisuiludodidideingninwg

) S = vy
MeInUTRYa T URAI1
d“ o 9 a a o 9 = Y ] o Q‘ d?
2. W‘I@THGLW‘H58@"1/]‘ﬁﬂ”I‘Wﬂ15ﬁ]TLLL!ﬂﬂ5$Lﬂ1/lsllﬂl‘aljﬁuﬂﬂnll§]ﬂﬁ@ﬂlllluEl”liﬂﬂfl\‘lsllu

4

Y o an 9 Jd o S a o o 9 1 A '
3. VlﬂﬂlumuﬁﬂumﬁﬁﬁNﬂ‘ﬂﬂﬂiﬂ‘lﬂummmuﬁm%ﬂﬁmiwuau"amm INOYIY

aruayumsaadaulylueuian
VouLvANaz YRR
1. aswilsdFunmniuandaiisnsinmoglugduunaumyao uazgilseadnh
2. 19A1 Sensitivity, Specificity itag Accuracy Tumsiadsza@nsammsianu

9 A o 9 3 Y o ' 3 Y 1q 1Y o
3. foyamihnmaassdeutluteyailszinndavminiu a1 lilysdewshimanag
pgnury Foamadsalaslioqlugivesday o-1 neu ilesvinmsihauvesiladasinly

) A w )
voyandluduaviniiiy

o ° s ' A <
4. ﬂﬂ’dﬁ]“ﬂﬂ‘U”ﬂfg‘VﬂﬂTiﬂWLLHﬂ‘lJimﬂ‘VlG{,J}’é]iJ”ﬁ"ll@\‘ill’Jungéﬂﬂﬂﬂlﬂuiiﬂh&iﬁlﬁﬁuh



N13A3IVONAT

[ Y

Aw A
1. QUIIVYNNYIVOY

v A av A o :ll Aadey A N a = o
1uﬂﬂﬂuuNQ1u3ﬂﬂﬁ1Qq V]u'll'f]']slluﬁf]ujﬁwcﬁcﬁa@ﬂﬂGﬁQ!ﬂuLﬂﬂuﬂWuQGLUﬂ'ﬁﬂ']U,‘Llﬂ

Q

Uszinndeyaniianuaquinion lasuanuaulvediann mesielumsdaduleludnd
@ | a ¢ g Ay 1 o A a
anuagquinseny Taengufiladaodnduluanuitoves Zadeh (1994) lanandsilsdasin
Y1 I a d a 9 A A o 1 v A A Qa: ]
Puumsinsziiznssng ludeoyaninnuaguiaieny sinaemsaadulendainly
A 19 1 I~ A A A 1o 1 a 3’ I Y
w30 W1y erwdudennguiaie lidanu 1wy gamgiveai g Wudu waves
Iy 1 ] ~ J ~ o A < d? Y Jd o <3
migm3aif lduveuSen Nilasdira (Fuzzy Set) Tasfladmanszdunuilanguanuily
a 4 o 1 Y <3 a ' ' 1 Y
A11%n (Membership Function) 39z iimsuiiszauanuiluamnsnliimegszniie o nu 1
ng ~ 1 o 9 Y] Y] 4 = oa/’ £ A ]
nnmiuiladanaies gnimnasuanuduiusuazilanugeenNIBNATINYA D58

a L4
Tumsanszidoya

Ay 1 Jd v i< a
NUITBVDA Pedrycz (1994) Tddnuiunzme lavaiinms Igianduanudluaingn
: 1 4 1< { 1
silmmmdsumumdoyalavasn luaavuuniulassaduilszneudie 3 awde diu
) o Y 1 : b v gt 9 o YNy Y
yoadeyariudn drumsilszuiana tazdiuvesdoyanadns seteyatindrldnnmsaii
o A 1 { g % { 4 1% '
Tagofodauadon oeelunsdidoyaiiudiavimanmsuunyouniosdnsna 15 AW
] I A A o Ao & Z o 1 Y [ I~ A As '
unziluuazinioseianduilu miwimsmlasa Ivdusmanuiuangnniaszning
= o Y [] o 1 @ o [ [ 4
0 84 1 wazgih Iveglugilvesnnees Tudiuvesdnlszulanaszsiimsmruannuduiug
szrinamvestoyatiiduaza LYoy aHAA N YBITLUY LAz UNLINYBIE T BYYA
v J | a I ) a { a
paansidumsutanamesanuiluaansaliiiumsiwause wan ldnelddoaunagiv

~ 4 vy Ay 12 Y A 7o Y v 7
GU’E]\TW“KGM"HGIETW?JLWQEliJullﬂﬂ’J'lﬂJW@GlflleUﬁNﬂ'ﬁV]Ulllil"l]@NﬂWﬁ'lﬂ"’lJE]\‘]Lﬂﬂ!c'ﬂf‘T'l“YTTLIEU'BiJ”ﬁNﬁaW‘ﬁ

Ay . Y o 9 = o v Jd v 1<
NUI3BVBA Lotfi and Tsoi (1994) lahimsdrisiadeanudingvesilanduaimuiy

a = =l = 1 ax ~ Y o [ A
an¥n TagAnyIMsTouMeuuunNuUANANYEITMIF U MNTUTZ VUM IO UM%
£ 9 % I A A A o
¥9 ldnadounansznuvesilinduanuiluainsnuunszuumsilmawa Wosmiunggn
o | Jd v IS a {
fruantueu Taeldgiuuuileiduanuiumnsnaugluoy fe ylammaoy guuuy

4 o o ' 7o
MU uazgﬂizmﬂ’n (Cauchy bell shape membership function) NAMsAnEINYINHIRFY



3| Aa A 1 o A ) A 9
’ﬂ'ﬂﬂJL‘].]‘L!ﬁﬂﬂ%’ﬂilWﬁﬂig'Vl‘]JG]’t‘Jig‘U‘UﬂTﬁ’E)“Léiﬂu‘l/\l“lf“]ﬂﬂﬂﬂ’n‘fﬂuﬂuﬂ;]‘ﬁﬁf)IﬂiQﬁiNﬂ"li

U

Av Ao o A a G0 9 o o Y
mTemihiladaetnunlsegnaldiumsdwunilszinndoyaves Yang (Yang et al.,
1997) latiuerueismssuuniszinndoyadroilad dalddoya synthesizes overlapping data
o % I A { 1 1
1182 Electromyogram (EMG) taz I9ilandunnuiluaundngdamwmasy lunaaznguioya
=\ £ 4 ~ Y ) oA Yy Y A a VoA [
vlinguilang e viyad lIa lumsaginggnimuasisududiemsidentna lunguias siu
$ '3 [ 1 a, [ {
HaFaanaziominaazgnil5uaA1A835ns error back-propagation lunienas wahn 1aTuns
o { i [ <4 ] o
inaueszuuiladie 14 lnssadeiigie awnsognaousdesiasazdelunsi s
4 Aa A o { q'/ 1 ]
U3z Towd Yszanimmlumsswunvesssuuilad e ldezdnimuy Iasenedseam

Y
YLV AILFY

aw A o as A a a o 9y Yoy A a
musenaenuimitauedIsmainlszansnmlumsiwundoyalaeldiladanin
4
PE1UFUIUINIVDL FUTT (2007) tinaupIsmstuunilszinndoyalinndmilosouns
ya d 1 o % 1 1 <
Tagmsnaao lduasizdanndeyavesdiiedwiu 187 510 Fadoyavesdiheutsooniu
1 A 1 A A& g 9 A Y1 1 A o a
2 du e drunniiailudoyanansasindenvedihe uazdrunaouilumailszildueins
< 1 A o a o I a o { a
wuthe §1ve ldieuenaismssumunlszinndeyaceniu 2 33d100u Av 1) 19ladasin
9 ~ a [ Y= o A 9 1 Aa A A U
2) Mdiladasdnswivasmaswmasmun Taewan ldonmanaaoswunisz@nsamild
9 A a 1 v Aad o Y 9 1 Aas 9
13 FilaFasingwnuIsmssaumamsswunIiamanugndes 92.96% a5 19

AxsFandniesodraferliainnumiudn 83.37%

J

Y
NuIATeRINNNELazAmE (2005) Wuauemidangu Isadunuuen Iudadeduaow
i 15-ilad Taslddoyalsnduiu 536 sedmsumsizouiuazmsnadounisla
9 [
3-fold Cross-validation Tagld9oya 70% sndeyansruauaz1ddoya 30% nndeyaimie
a a = o o ¥ Y 1 Y
nado Uszanimmvedluaa Faluduusnvesmsiveyangmsasa luaans
[ 1 LY a { @ J Jd o [ a
Tanqudoyalsadudietii ls-lediumssangudeyalugduuvvesilanduanuiuaunsn

sUnuuammasy Taelinarasiuau 4 ame Talszansnmlaoswueaszunming 94%



Ay
2. NYHHNINYIVDI

=)

' ' A
Tudmvemguiinertoslszneuals mssuwundszinndoya Tuaouis lums

a

swundszinndoya dulddaduls Hedasin nazInseiedsamifion
2.1 mii‘imuﬂﬂizmwﬁlaga (Data classification)

= o Y < A Aqy @
ﬂqyg]mimuuﬂﬂﬁzmml@y‘a ("L, 2549) LﬂumﬂUﬂﬂﬂUﬂﬁﬁﬂﬂm

v o I § o @ EZR @ ]
ﬂgmmﬁuwuﬂugm%yja Lﬁ@ﬂW!Luﬂﬂﬁ&’LﬂﬂﬂlfJ\nﬂqﬂTﬂﬂﬂ!ﬁMUWﬂ@\ﬂ@]Q IFUH 1N

v J J

ANNFUIUTILHINNANMITNTIVINIMEA nuMsinalsa Taelsveyadieuas

U

o 1

ana o /A U A aa o Y1 A av 4
ﬂ"li')‘l!ﬂﬂﬂﬂl@\?!,l,w%m’llﬂ‘ﬂll') LW’l’)ll'l‘lﬂﬂf')ﬂ'lufﬂﬂﬂiiﬂsllﬂ\iﬁjﬂﬂﬂ NIDNITIVYNINNITUNNY

3| 9 4 o Y = 3 o l Qs}l Y dy
Wuau Glfﬁmiﬂ”|Lmﬂﬂizmmlﬂmmluﬂaumi‘w”muag 3UYUADU AU

U

MIAF1AMVY
adou

(=9
e

3]

Tuunlszantpyaveduuy

MsilseEuny

AndoIdIL

CY]

Swumlszandpyavesdy

A 4

—
9 T <
Joya lunoviu

mMsswumlszinn

9
Toya

MW 1 ugasdaranmaiinuvesmsiuunlszndoya



09/’ an o 9y
2.2 muﬂ@mﬂumimuuﬂﬂﬁzm‘nmayja
= 9 = . .
2.2.1 MITIUTUUVVUNTADU (Supervised Learning)

= Y = I~ =y ¥ A v o d Y
ﬂ']'il'iﬂugll‘ll‘ﬂllﬂ’]iﬂ'@ulﬂuﬂﬁgﬂ'JUﬂWﬁLﬁEJHELW@WT?TN?J?TNWH‘ET@Q%@HQ

[ o =

o ¥ ] ~ ° v o Ay ] {q 92 A o
UV uazﬁummwaawwmmmmﬂmwummmemg “Ijﬂﬂl@hﬁﬂi“ﬁﬁ]ﬂigﬂﬂﬁ]gﬁﬂﬂwmﬂ

u G

P

Yo A A v 9 Y o ' 3 o v W A Y
1wz ldmaeuigonie i Mlddwen lign szuunimsisuaueuneld

< 5 4 1 v &
wiaiowiudaounazadraiuszuumasous e ldlumsdsznmamadns

9y o 9 ] Y ~ 9 o = Yo
nndoyaruinyalud TaeldmsiFougilszmnmsduunissnn salddmunlssnnves

Q

I 9

JoyawadnsnAvIns

=~ Y £ A . . .
2.2.2 MILTIUFUVUMINNITTOU (Semi-Supervised Learning)

Yy Y

=~ Y} 2 a 3 ~ YAq Y Y '
ﬂﬁ!,’iEJu‘gLHJ‘UﬂQIIﬂﬁﬁ’ﬂulﬂuﬂ‘imﬂuﬂﬁﬁﬂug Gl%ﬂlﬂylﬁllﬂﬂvlhﬂﬂﬂ
=

) 9 1 o 1 9 v o
A1y uazGummmamummmmumugﬂu”lﬂsluﬂizmuﬂmiaug INTICUNATNUVUADU

U

v v 2875 ) o ' ° o ¥ o YA~
ﬂ’li'ﬁﬁ’lﬁg’ﬂﬂl@ﬂai@ﬂlWNﬂ’l@]ﬂﬂﬁl'ﬂﬂuu 'E'J'lfl]%gQQEJ'IﬂlW3’]3ﬂ’lﬁﬂ’lﬂuﬂﬂ’l@]flﬂ@]ﬂﬂ@’lﬁﬂlﬂﬂﬂ

1 v k4 Yy v
A luszaunilaneanudoyatiug wagluuasuaeumssimuadinoueinizdoels
9 &~ 0 = o Y 9 Y 1o [ 14
pannuIndeyatiudsuauun luvaz@ernumsadisgadoyan ilimaeuenaziild

] 1 1 ] Yy 1 dy ~ Y = Y
N8N llﬂli'lvluﬁ'lu'ﬁﬂclslfsu@%!alwa']ucluﬂ'ﬁlﬁﬂugllﬂﬂnﬂ'ﬁﬁ@uqﬂ

23 duliddadula (Decision Tree)

v A I 1 v A
au'lddaduls (Quinlan, 1986) WumsFeuinunuanuglugldulidaduls 14
o [ 9 d! [y U 9 =\ 9 1
dmsuswunlszianvesdoya sordeninnu13szilisvesdoya (Entropy) Hagauny

. A aa Jdao o Y o o
(Gain) Tumsi@onuennstmnisnalumsswundeyags Tnsuaainaans lugives
% I { 1 v Aa
Taseadedu ligannsoudaaiungiihle1dde dulidadulalsgneudis Tnua (Node)
a . A @ A ' =2 CZ a =2 !
aznd (Link) Naenu Tnua Tasiudas Tnuataaidnuaulia 1azfuaannves

Y 1

Auauiiatiu Tnuataegaisonit Tnualy (Leaf node) naasdalszinndoyanimua 1

msasdulddaduleilasaiievuaiios Tnua ieasiadeuguauiavesdoya uduen



v J 9
Uszinnasmwamvesns iaunseisdoyauaas lueglulszimderiunaua gaslums

funamanul¥sudsunazaunu Ao
Entropy(S) = —p,log,p, —plog,p. (D

Tagf S Ao YatouaTdUIZUL S

Q U

A i ] 2 A = ..
p, AD ﬂ"Iﬂ'J"I?JH"ﬁ]ZL‘iJHVIW“]JﬂﬁWﬁTIﬁHGli] (Positive)

A J ] 3 A A 1 4
2. a9 anudzdunnuaaian luaule (Negative)

S
Gain(S, A) = Entropy (S) — Z M Entropy (S,) 2

veValues (A) ‘S‘

{ Aaa 4
Taef 4 Ao VoyauonnsnIn 4
° H aa { I
15| Ao Suamaiwyluenniton 4 Aliveyailu v
Y [
15| Ao Sauamananuainy lugadeyadouszu S

A 1 9 ~ Y
Entropy(S) A0 ﬂ”lﬂfl”m”liizl‘]_lEJ‘]J"UI’N%@%JE’JHﬁﬁ@Hi%‘U‘U S

s A

A ' 9 =1 aa 9 <3|
Entropy(S,) A9 manu13szdeuvesonnitIg 4 mmauﬂmﬂu v

Qs: an dy A A 9 9 Yo Aa A 09: ad a
Guu161fJu”Jﬁwugmmwmqmmmiﬁinmu"lumﬁuii) Ao YA UITIFIas Ty
Y 9y ' 3 Y as '
(Greedy Algorithm) Tagmsadredu Idvnuuasarauuuiug (Recursive) #2835n5114

4 4

[~ [l § v A ~
Y Inaitluilaurdes (Divide-And-Conquer) ¥adu liidadulatignadavulasmsFeus
o ] g q U

a

9 < v ax ) A 3 9 9 o 9 dgl
ﬂ’lﬂ"l]f]igﬁﬁ@ﬂigllﬂlﬂuﬂﬁﬂ ITNITNNIU AD Gluﬁuu@’é)uuiﬂﬁu Nﬂqﬂ15ﬁ51\11ﬁuﬂlliﬂ6\lu

& o v v v & & v a o I <
NUUIICNMINITNATDUUDY A m"uayjamﬁnmﬂumayjaﬂizmmﬂEl’mu IWUWUU%%ﬂa’IﬂLﬂU
Y
q ~ o 1 1 ana J o 1 o
Iﬁ'uﬂslll 5}1hlnslﬁmzumimuammmmu UBILULAASUBNNITUIN ﬂlu@l@il’]ﬁ]%ﬂ’lﬂ’lilaﬂﬂll@ﬂﬂ
A a AAa A 9 aa o'usj I ~ 1 9 3 o 9 a
‘5-‘]J'J1/]3Jﬂ1lﬂut:,f\3q@ LWﬂi“ﬂll@ﬂﬂﬁﬂ’)‘ﬂuulﬂuiﬂuﬂﬂllﬂﬁl!ﬂﬂﬂlﬂﬂga IMNUUNMNITATINNIUDY
Y 0

9 9/ vy 3 1 1 t:yoy A 1 1
@m"lmuammm@gaa@mﬂumu umaumqmaﬂwumﬂﬂwafm ﬂummz"lummsmmﬂ

! 9y Y
ﬂ’JHJLLﬂﬂ@IN"’UfNGU’éJHﬁUlWJﬂ



Y
Y v I

% o o v a !
Funeumsaaandu 1l (Pruning) Wuduasumsda lnualudu lddaduly e
o 9 9 o Y a o Y o Y
aaAnudFUFoutazmizinndeyadouszuunnnu 1l dldawnsodwunlszinndoya
Y3 d? £ v & Y Yo A ] I 9 o o dy
185230 gamsaaaudu lddadulaniseemilu 2 gluundienu dil
o g 3 &
D msdauneumsadduldiasuangl (Pre-Pruning) Huduaeunsvga
v 24 - y S & a o v
a$ e Inuamiy iweaamannyludeyawiunaralszinnferdurue nazvgaadalvua

A 4 T aa J 09;1 1< J o 3
LWNLﬁ@W‘]J’Nﬂ"I*U@QLLBTWIi‘]JTJVI wiuaueInunIrua

@ < [ < < 3 o
2) msdaaunasnngs9dnldiaioududugil (Post-Pruning) Ao TuaouMsAa

< v 4 A Y gy Ao = d‘ Y o o Y YY1 A
auTvuannaiuuy laodendulideshinnuanunigaudimsdadulddesiiaen

Y Y Y
p0n Mnuunudu ldesiudlreTnualy FamsdonaaranlaluIvualuiiulduainms

H [ 9y [
winarandsingoedluludulddesidanaliuniige (Majority Vote)

dodrvesdulddaduly azuaawwadnt lugiveslnseadradnld

Y A {1 o { [ vAa A [
Usznoudie TnuauazniiaenuTnua Tasfiuaag Tnuaudasdnuauia tagnaaasnanm

A 31’ ~ ' = Y o Y o A
yospuanany Tnuataegaiioni Tvualy naastlsznndeyansimua 13 danmi 2

U

sia gaigl  @nwema  Uszian Fr
1 28 HAADDN Tuau
2 25 luan Taiau
3 30 HAADDN Tuau
4 25 LAADON G
5 26 LAADON @y
6 20 tuan Tyirau
() deyaaouszuy (v) du'lddadule

M 2 Joyadouszuu (n) wazdulddadulaldinuneiazauimyioli (v)

a

{ <3| a 4 Y :
mslasuduldidung apasy, 2546) Weadrednlddaduladrannsonlaon

Y 9 Yq Y 1 A q 9 A v v I v ax
aulideglugdveng el lunsainszuuldmsunuanudvesngiundn F3msuas



10

au'liiflung F-THEN M@ Tasuaamadumasuduain Tvuasin ludaTnualy taznn

Qe

v
=

< A [ 1 4
ﬂﬁﬂﬂWUIWHﬂVIﬂﬁ@Uﬂﬁlﬁ}LWNIﬁu@ﬂﬂﬁ’[’)ﬂﬂﬂﬂ'ﬁlﬂ\‘]ﬂ'ﬁ‘ﬂﬂﬁ@ﬂll%lklua"lusllﬂ\i IF Llﬁglﬁ@‘W‘U

v b4
Trualudlilddszinn 13 luduves THEN @odrusu mnami 2 a¢ 1dngail

1) IF ammerma i eluan THEN Tidiaudm

2) IF anwenet iilu uaneen AND guinigil <27
THEN (aunm

3) IF anmwenia 1ilu uaneen AND gaingil >=27

THEN 'luaufm

N9 A v

manfasudulifiungiidediddaie Tnuaneluludulddadulainua

1 H H k4
witee Neuls azalsnglunguinnimilsde awnndulidadulai Tnuaiug szilsinged
4

3L

o) 3

1 { g 9 wa [ A Y 1A v Y
o2 nazuenauaiiiu il 1dvesqaauiialiuaaz e windhgismsdadunes Tnuail

=] < wa qg: v A Y (N {
naaan luda nzi liaaautiadumeldnndu lddaduleiud uadsainmsnlasu

o

9

Y 9 oI o Y a A ll v 3 1 o v 9 Yo A

GluhlllL”]Juﬂ{(]%g‘ﬂﬂ“ﬁlﬂﬂﬂ’ﬂllElﬂﬁ'QUiHﬂWﬁﬁﬂlﬁiJZJWﬂﬂ'JWilgﬂi%‘ﬂWTﬂﬂﬂﬁﬁﬂﬂﬂuqﬂﬁﬂﬁu%}
' = uBJI o 9 £ M 1o o 9 @ a9

ﬂﬁW?ﬂ@IﬁuﬂuuﬁWNWiﬂﬂggﬂﬁﬂﬂﬂﬂﬂWﬂﬂaﬂlﬂﬂu\‘l L!G]lliﬁﬂl‘l]uﬁ’f]\igﬂﬁﬂﬂ@ﬂﬂWﬂﬂ{]@ﬂ"U@

nila'la
2.4 ¥Faodn (Fuzzy Logic)

N a A s Y o A 9 = d?’ awv 9
Wladaedn Ae Maasamumsduidndiunumnniuluimsivea
a 4 9 ) I Y 1 ' 9 < 9
aowianes uaz Idgnii lillszgnaldluauaien winue wu Aumsuwnd Aumsnms
a I : o ! Y wa
augsne mugaans sy Wudu ddlinnuanniolumsdiunldsuszuuldTason Tuila
Yy oA (a a v A A Y} ) s
awanmadeuiulasull Imsdadulwuungnara@eaysdlauniu dauyud
1 { ] Y] U { U o o
awnsoudilgmaie 2ldneny1dTaserdennuiinn laseuiinnowimnlszgnalums
udtlymldediidszansam Aesasdingnandulae L. A. Zadeh 10T 0.7, 1965 (Zadeh,
o A A J -4 7 o a a . Y
1994) W\I@mﬁaafumﬂugﬂuuuwuwmmiﬂﬁ1amiﬂu1gawyauaai}ﬂ (Boolean Logic) RNGALY
A S A P [l a Y [ o W 9
mstemmgMsainIeanumsain luannsaesue ldedesdamu anudiAgueans s
laFainogh Inesssumnauains limawa nsemsszym lagedomaran e sindin

1 (Y] < @ ' ' A a g/ Y
wosnuau Inainezdu ) ludnsuzvesmsisena edragu enansulaneninda



11

o a oy 1 & ] oy ] a 4 o 2’
Mmsasnasuguugiveniuiuedn’ls duirdouumsinznyugniamnmerilmi

o w =

g & vy Oy ' o < A 3 9 1y Oy S 1o & ¥
U memsau"lnmﬂumﬁﬂmgugﬂmmﬂuaﬂ LLﬂﬂWHTiﬂuﬂTﬁﬂW@ﬂLiWﬂlliJ‘ﬂ"IL‘]_luﬂﬂQ
[ a £ 1 a v 9 9 9 = J a9y A 1 VA 1 dyd 9
‘]JT]JQﬂ‘Uﬂ “BQL?T%?JL?]EJHEJ']M’N IDUNIN IDUUDY VITDIINDA @]@QiJﬂH‘VHLI‘ViS FUNAIUITIUY
9y o 1 F) J o ‘é’ [KY] 1 &~ P f
]’lﬂﬁ]”lﬂﬂizﬁllﬂﬁmLlﬁgﬂﬂum"ﬁﬁ]glmﬂ@]”l\iﬂullﬂmuﬂgﬂ‘]JLLﬁﬁguﬂﬂﬁ G]i\i!,iflﬂlﬁfﬂﬂﬁmﬂhlﬂ

T dﬂl 1 d‘
uHuoUHN Hadan

= ~ 3 FY Y o w u’j A Aa I
GluVli]Baﬂ“]ﬂ‘ﬂﬂ"]f@]uua’]iJTﬁﬂllﬂﬂﬂejifg'lﬁllf’Jﬁ]"lﬂﬂsll'ﬂﬁl"]f@]uﬂ‘ﬂﬂQLﬂ?J‘VUJﬂWﬂ'J"I?JL‘]Ju
4

Y 1

a I A A A ~ [} ~ 1 o A Y I
a1y 0rse 1 90N Y39 WA LNGIDITLRYUNIUU Lmiuﬂ%%%@EJE]EJGlWiJﬂW]ﬂﬂJUJu

9
(% 1

a . 1w = A A 3| [ 4
auYN (degree of membership - ) LAAINIAAAVAIULLA 0 DI 1 mawamﬂumyaﬂym [0, 1]

4 [~ a I~ a 1 1
Tagiav 0 vuede Tudluaudnluee uazay 1 vunede Wuaundnluwa taza132119 0

Y] I~ a 1
AU 1 uaunFnuisaiuluse

[

1 H Y
psdlsznevidiAglumsaduiladasinlsznoulidae 3 daudail

[ 1

o o < a A Jou Ao < a
1) V\Idﬂ%ummgﬂuﬁm“}fﬂ o W\iﬂ u1/]ﬂ'11’71!ﬂﬁZQUﬂWﬂ'ﬂi\lLﬂuﬁNT’]ﬂﬂ"Uﬂﬁ
4

b4
U U

aa J& < a aa ¢ =2 ] o
UBNNIUIN °1)'\1ﬂ1ﬂ'31‘1]!,ﬂuﬁh1"lfﬂ"llflﬁll'é)‘ﬂ‘ﬂi‘ﬂ’)‘ﬂ uﬁ]gﬂluﬂgﬂﬂzﬂuﬂ‘ﬂﬂlﬂﬁﬂi'l“l/‘l“W\‘lﬂ“lfu

<3| =2

a o 5’ Jd o 3 a 1 Ao o 1 a Y
anuiluaindn auiuilsnsuanuiuandndeiudrundvyaonssuiumsaanazud 1
1 v I A ' ) 3 '
Py Tashnslilanduanuiluaundnazavinasvio higunastunndszmsn1d udua
A o I A & o o I A A o
yiavpalansuaNnutumngn Felansuanudluaudnnldauna

L GRERATITS &Y

[y o I~ a Y
) anduanuiluaindngilamivasy (Triangular Membership Function)
9 - I a A o 9 o o ] qg/'
myasnilsnsuanuiluandnjlawmasuansoila lasms fmuad i sgayuia

I A o ' A Yy 9 a ~
34y Iﬂﬂ‘ﬂﬂl!iﬂL‘1JLlfqﬂ‘ﬂ‘]J’f)ﬂﬂ”ILL“H‘LNGIJGQﬂﬂgu%ﬁiu&nu@mﬂﬂlﬂﬁﬁWNMﬁEJ?J (@) i}ﬂ‘VIﬁi’N‘]J@ﬂ

a Q

v
=

= A A = Y A
NAAYDAUDIT NN AYY (H) Llag{QWVIfﬁll‘ll@ﬂﬂ\ii]‘ﬂllllci/lﬁqu@THTQWﬂIQQﬁ]NIfWafﬂJ (c)

Q q &9

[

o 1 A o ' a 4 14 o A A
JAIDYTIUNDNIVUAATWITINNDT =0, b =5 DL c =10 ilzhlﬂﬂi1w¢]ﬂ‘1/l!l,f’fﬂﬂuﬂ1w1ﬂ 3



12

i
1_
c 1
(¢ 1
g |
[ 1
= 1
= '
=2 1
= 1
S |
ce 1
1
1 .
> X
a=1>0 b=35 c=10

AVDLBNN3 TN
H LY Y I~ a ~ 4
mui 3 naulilsnduanuiluaindngdammasy e a=0, b=5 1az =10

N1: Wga (2550)

©

[

° ' [ a A =1
AUMIMUIVNHIANANUD UFNFNUAI

’
0 x<a
X—a
b a<x<bh
—d
Triangular(x: a,b,c) = < C—Xx ®)
b<x<c
b—a
0 x>c

{ 1 aa 4
Taef x UNy MUBIBNNTUIN

o oo | a I A . . .
) Handuanuiluandngiuuumdiden (Gaussian membership function)
| Jd o | a Ao 1 a e’us.:} A 1 2 1 A
Wuiladruanuiluanannunmaines Tanua 2 A1 Av A1 m HINEdIAIRaY LAz
=® oA v o 1 A o 1 a 9 Y Y
o e ANdouuuNAT Y AsdIeg e MUAAIINTTNes 1W m =5 uag o=1 3214

s laauaasluning 4



H
1 ' ff \
0.9l fl" \ i
I \ i
0.8 .'I \
[ | \
@ 0.7 | |
= L .' | 1
g 0.6 H \
T3 - | :
é‘j 0.5 / \
c 04 / \
RS osl / l‘mﬁ |
oal ,ff \ l
0.1 4 \

1 2 3 4 5 & 7T 8 9 W x

' aa ¢
ATVBULDNNTUIN

a o o Il a Jd A A
M 4 Aadsuanuiluansauuumdiion e m=5 uag o=1
<
NN WY (2550)

£4
2

° ' IS a A =1
AUMIMUIVNHIANANUT UFNFN AT

2

2
Guassian(x : m,0) = exp (_ MJ

{ [ aa 4
Taef x uNU AVBILBNNSUIN

U Lo & a o o . .
A) Wanduanuiluau¥ngalszaiandn (Bell-shaped membership function)

(4)

J o < a % o Aw 1 a e’os/' A v o v A
ﬂ\iﬂGIleﬂ'ﬂllL‘]JHﬁNTWﬂzﬂﬁgmﬁﬂUTTliﬂﬂTWWi”Illm'l’)i‘ﬂfiﬁﬂﬂ 3 A1A9 (a, b, c) ANNIDYNUND

o 1 a 4 9 1Y dl
DUUAMWITINADT a =2, b=4 AL c =5 fl]gkl,ﬂﬂiTI/\Iﬂ\uLﬁﬂﬂcluﬂWWﬂ 5

13



14

¥n
=
e |

Huain

ANTUL
=
N

%9 1 2 3 4 5 6 7 8 9 10x

4

AVDIBNNTUIN
d' Iy o I~/ a @ ol d‘
i 5 Handuanudluaun¥ngilszdiandn e a=2, b=4 uaz c=5

N30 WY (2550)

9
2

° ' [ a A =1
AUMSMUIVNHIANANUI U FN AL

Bell-shaped(x: a,b,c) = 5
&)

4 1 Aaa 4
Taef x UNU AVBILBNNTUIN

'
o v =~

@Y o A { a . a J @
2) ANV Taodn ‘lligﬂ’f)‘ﬂél}ﬂﬂ AEYLUSU (Union) dUINDTIHNYU
E4

o = 4 )

9 ' v
(Intersection) HazAAIADUNALUA (Complement) 114 3 Mdsilinmauianmilounumidalu

9

Q'I d! =) =) v A
L“]iﬂ‘ﬂ?a]ulﬂ PINT1YASIDYAAIU

o @ = . I o o A Jd o [ a
n) AFYLUSU (Union) Lﬂuﬂ']ﬁ\i611!ﬂ1§'LGI)"E'JNWQﬂ%uﬂ?’]NLﬂuﬁNVﬁﬂﬂl@\iﬂfﬂ

9
v A

9 v
4 2 asmdaeny Taedeulneglugdaumsvesiladaoinldadl



15

405 (x) = max( e, (x), p15(x)) (6)
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If slope == (0, 0) Then
MF = Bell-shape
Else
MF = Triangular
Next Discretize Attribute
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Begin
Performance = Classify(AutoGenFn(MemFn))
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AutoGenFn(MF)
Input: DecisionTree, m
Atr = getTreeNodes(DecisionTree)
FOR i=1 to TreeSize
Count = NoOfoccurence(attribute )
IF Count > 1 THEN
FOR j=1 to Count+1
IF j=1THEN
b =min(Atr,.value)
¢ = locatelntersect(b, Atr,.valuelj] ,m)
a=b-c
DrawGraph(a,b,c)
ELSE IF j = Count+1
b = max(Atr, value)
¢ = locateIntersect(b, Atr.value[j-1] ,m)
c=bta

DrawGraph(a,b,c)
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ELSE

p = Atr,valuel j —1]+ Atr,.value| j]
2

a = locatelntersect(b, Atr.valuel;] ,m)
¢ = locatelntersect(b, Atr.valuelj] ,m)
DrawGraph(a,b,c)

END FOR
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a=b-c
DrawGraph(a,b,c)
b = max(Atr)
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c=bta

DrawGraph(a,b,c)
END IF
END FOR
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Specificity 99.08 9722 99.07 9238 98.15 99.04 98.10 96.26  98.17 100.00
Accuracy 94.38 96.25 96.25 94.38 98.75 98.13 98.75 96.25 95.65 97.52

DT 2 1 2 3 4 5 6 7 8 9 10
Sensitivity 98.46 9524 9375 8438  96.77 9833 96.83  91.05 9697 98.46
Specificity 89.47 94.85 93.75 95.88 100.00 97.00 100.00 96.77 87.37 94.79
Accuracy 93.13 95.00 93.75 91.88 9875 97.50 9875 9438 9130 96.27

e 3 1 2 3 4 5 6 7 8 9 10
Sensitivity 95.46 95.56 97.73 95.12 100.00 97.73 100.00 97.50 83.72 97.67
Specificity 100.00 100.00 97.41 98.32  100.00 100.00 100.00 98.33 100.00 99.15
Accuracy 98.75 98.75 97.50 97.50 100.00 99.38 100.00 98.13 95.65 98.76
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Accuracy 83.33 100.00  83.33 94 .44 88.89 77.78 100.00 83.33 100.00 88.24

A 2 1 7 3 4 5 6 7 8 9 10
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Specificity 83.33 90.00 72.73 81.82 88.89 85.71 90.00 85.71 91.67 81.82
Accuracy 83.33 88.89 83.33 88.89 88.89 72.22 94.44 83.33 94.12 88.24

A 3 1 2 3 4 5 6 7 8 9 10
Sensitivity 100.00 66.67 100.00 85.71 100.00  75.00 83.33 100.00  80.00 100.00
Specificity 100.00  93.33 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Accuracy 100.00  88.89 100.00 94.44 100.00 94.44 94.44 100.00 94.12 100.00




53

3 A a ° o 3
ﬂ1§1\‘iwu3ﬂﬁ N3 ﬂigﬁW‘ﬁﬂ’]Wﬁ]’]ﬂﬂ’ljﬂ’]l!uﬂﬂjglﬂwsﬁj@yjaqjﬁiﬂﬂi%ﬂi’]WWQﬁWUﬂ’]’lulﬂu

anFngilennmaen
Ao

AaNd 1 1 2 3 4 5 6 7 8 9 10
Sensitivity ~ 100.00 100.00 57.14 7500 8571 10000 000  66.67 100.00  66.67
Specificity ~ 80.00  100.00 100.00 100.00 9091  73.33 7143 9167 100.00 100.00
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AaTd 2 1 2 3 4 5 6 7 8 9 10
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Specificity  100.00 90.00 7273 8182  88.89 8571 50.00 8571 100.00 81.82
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Accuracy  100.00 88.89 100.00 9444 9444 9444 4444 10000 9412  100.00
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AaNd 1 1 2 3 4 5 6 7 8 9 10
Sensitivity ~ 100.00 100.00 57.14 7500 8571 100.00 100.00 66.67 100.00 66.67
Specificity  90.00  100.00 100.00 100.00 9091  73.33 10000 91.67 100.00 100.00
Accuracy 9444 10000 8333 9444 8889 7778 100.00 83.33 100.00 88.24

AaTd 2 1 2 3 4 s 6 7 8 9 10
Sensitivity ~ 8333 87.50 100.00 100.00 88.89  63.64 100.00 7500 100.00 100.00
Specificity ~ 100.00 90.00 7273  81.82 88.89 8571 90.00 8571 91.67  81.82
Accuracy 9444 8889 8333 8889 88.80 7222 9444 8333 9412 8824

AaNd 3 1 2 3 4 5 6 7 8 9 10
Sensitivity ~ 100.00  66.67 100.00 8571 100.00 7500 8333 100.00 80.00  100.00
Specificity  100.00 9333 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Accuracy  100.00 88.89 100.00 9444 100.00 9444 9444 100.00 9412  100.00
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AnA 1 1 2 3 4 5 6 7 8 9 10
Sensitivity ~ 100.00 100.00 57.14 7500 7500 100.00 000 6667 100.00 66.67
Specificity ~ 80.00  100.00 100.00 10000 100.00 7333  78.57 9167 100.00 100.00
Accuracy  $8.89 10000 8333 9444 9444 7778 G6L11 8333 10000 88.24

AaA 2 1 2 3 4 5 6 7 8 9 10
Sensitivity ~ 66.67  87.50 100.00 100.00 100.00 63.64 7500 7500 100.00 100.00
Specificity 10000 9000 7273 8182 8182 8571 4000 8571 9167  81.82
Accuracy 8889  $8.89  $333 8889 8880 7222 5556 8333 9412 8.4

AaA 3 1 2 3 4 5 6 7 8 9 10
Sensitivity ~ 100.00 6667 10000 8571 8571 7500 1667 10000 80.00  100.00
Specificity ~ 100.00 9333 100.00 10000 100.00 100.00 83.33  100.00 100.00 100.00
Accuracy  100.00 88.89 10000 9444 9444 9444  6L11 10000 9412  100.00
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A 1 1 2 3 4 5 6 7 8 9 10
Sensitivity  100.00 100.00  57.14 75.00 85.71 100.00 100.00  66.67 100.00  66.67
Specificity  80.00 100.00 100.00 100.00 90.91 73.33 100.00 91.67 100.00  100.00
Accuracy 88.89 100.00 83.33 94 .44 88.89 77.78 100.00 83.33 100.00 88.24

AR 2 1 2 3 4 5 6 7 8 9 10
Sensitivity ~ 66.67 87.50 100.00  100.00 77.78 63.64 100.00 75.00 80.00 100.00
Specificity 100.00  90.00 72.73 81.82 88.89 85.71 90.00 85.71 100.00  81.82
Accuracy 88.89 88.89 83.33 88.89 83.33 72.22 94.44 83.33 94.12 88.24

AQE 3 1 2 3 4 5 6 7 8 9 10
Sensitivity  100.00  66.67 100.00 85.71 100.00 75.00 83.33 100.00 100.00 100.00
Specificity 100.00  93.33 100.00 100.00  93.75 100.00 100.00 100.00 91.67 100.00
Accuracy  100.00  88.89 100.00 94.44 94.44 94.44 94.44 100.00  94.12 100.00
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RGEGH
1 2 3 4 5 6 7 8 9 10
Benign
Sensitivity 98.50 9825 9725 9850 9825 99.00 98.75 97.50  98.75  99.00
Specificity 99.07 98.61 98.14 9721 98.15 96.28 98.14 99.07 97.67 98.14
Accuracy 98.70 9837 97.56 98.05 9821 98.05 9853 98.05 9837  98.70
fAane
1 2 3 4 5 6 7 8 9 10
Malignant
Sensitivity 99.07 98.61 98.14 9721 98.14 9628 98.14 99.07 97.67 98.14
Specificity 98.50 9825 9725 9850 9825 99.00 98.75 97.50  98.75  99.00
Accuracy 98.70 9837 97.56 98.05 9821 98.05 9853 98.05 9837  98.70
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RGEGH
1 2 3 4 5 6 7 8 9 10
Benign
Sensitivity 97.78 9546 9546 9556 97.73 9773 95,56 100.00 97.73  91.11
Specificity 9593 100.00 95.83 9583 9583 79.17 100.00 87.50 91.67  95.83
Accuracy 97.10  97.06 9559 9565 97.06 91.18 97.10 9559 9559  92.75
fAane
1 2 3 4 5 6 7 8 9 10
Malignant
Sensitivity 95.83 100.00 95.83 9583 9583 79.17 100.00 87.50 91.67 95.83
Specificity 97.78 9546 9546 9556 97.73  97.73  95.56 100.00 97.73  91.11
Accuracy 97.10  97.06 9559 9565 97.06 91.18 97.10 9559 9559  92.75
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RGEGH
1 2 3 4 5 6 7 8 9 10
Malignant
Sensitivity 9524 8333 100.00 96.00. 8571 86.67 88.89 86.67 100.00 95.46
Specificity 88.89  89.74 100.00 100.00 93.02 100.00 90.00 9524 9333  97.06
Accuracy 91.23  87.72 100.00 9825 9123 9649 8947 9298 9649  96.43
fAane
1 2 3 4 5 6 7 8 9 10
Benign
Sensitivity 88.89  89.74 100.00 100.00 93.02 100.00 90.00 9524 9333  97.06
Specificity 95.24 8333 100.00 96.00 8571  86.67 88.89  86.67 100.00 95.46
Accuracy 91.23  87.72 100.00 98.25 9123 9649 8947 9298 9649 9643
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RGEGH

Malignant

Sensitivity 95.24  88.89 100.00 96.00  85.71 86.67 88.89  86.67 100.00 95.46
Specificity 88.89  97.44 100.00 100.00 93.02 100.00 96.67 92.86 93.33  97.06

Accuracy 91.23 9474 100.00 98.25 91.23  96.49 9298 9123 9649  96.43

e

Benign

Sensitivity 88.89 9744 100.00 100.00 93.02 100.00 96.67 92.86 93.33  97.06
Specificity 9524  88.89 100.00 96.00  85.71 86.67 88.89  86.67 100.00 95.46

Accuracy 91.23 9474 100.00 98.25 91.23 9649 9298 9123 9649 9643
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RGEGH

Malignant

Sensitivity 95.24 7778 100.00 96.00  85.71 86.67 85.19 9333 100.00 95.46
Specificity 88.89  89.74 100.00 100.00 93.02 97.62 9333 97.62 9333 94.12

Accuracy 91.23 8597 100.00 9825 9123 9474 89.47 9649 9649 94.64

e

Benign

Sensitivity 88.89  89.74 100.00 100.00 93.02 97.62 9333 97.62 9333 94.12
Specificity 9524  77.78 100.00 96.00  85.71 86.67  85.19 9333 100.00 95.46

Accuracy 91.23 8597 100.00 9825 9123 9474 89.47 9649 9649 94.64
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RGEG)

Benign

Sensitivity ~ 97.78 9546  95.46 95.56 97.73 91.73 9556  100.00 97.73 88.89
Specificity  95.83  100.00  95.83 95.83  100.00 79.17 100.00  87.50 91.67 95.83

Accuracy  97.10  97.06  95.59 95.65 98.53 91.18 97.10  95.59 95.59 91.30

RGEG)

Malignant

Sensitivity  95.83  100.00  95.83 95.83  100.00 79.17 100.00  87.50 91.67 95.83
Specificity ~ 97.78 95.46 95.46 95.56 97.73 97.73 95.56  100.00 97.73 88.89

Accuracy  97.10  97.06  95.56 95.65 98.53 91.18 97.10  95.59 95.59 91.30
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A Self-Tuning Algorithm for Data Classification Using Fuzzy Logic
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ABSTRACT

A classification of ambiguous data like medical data needs to be analyzed by specialists. However, the
physicians may have different expertises that affect the medical diagnosis result. This research proposes the
classification techniques that can arrange data to a set of predefined classes. We use decision tree to learn from
training set in order to extract a feature set, then our approach investigates three kinds of membership functions
which are Triangular shape, Bell-shape and Gaussian curve to find the most suitable model for the classification.
The data sets used in our experiment are Chronic Fatigue Syndrome (CFS) and Breast Cancer data set.
Considering the performance on CFS data set, we found that the performances of our approach is higher that

Neural Network (85.11%). For Breast Cancer data set, our algorithm gets 94.91% on correctness.

o o w o Y o A a J v a
ALY : msmuuﬂﬂmﬂmaga asaedn W\‘Iﬂ%ﬂﬂﬂﬂlﬁﬂﬁﬂ?%’ﬂ

Keywords : Data Classification, Fuzzy Logic, Membership Function
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A Self-tuning of Membership Functions for Medical Diagnosis
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Abstract. In this paper, a self-tuning of membership functions for fuzzy logic is proposed for
medical diagnosis. Our algorithm uses decision tree as a tool to generate three kinds of
membership functions which are triangular, bell shape and Gaussian curve. The system can
automatically select the best form of membership function for the classification process that can
provide the best classification result. The advantage of our system is that it doesn’t need the expert
to create membership functions for each feature. But the system can create various membership
functions using learning algorithm that learns from the training set. In some domains, user can
provide prior knowledge that can be used to enhance the performance of the classifier. However, in
medical domain, we found that some diseases are difficult to diagnose. It would not be a problem if
that disease has been completely explored in medical area. In order to rule out the patient, we need
a domain expert to provide the membership functions for many attributes obtained from the
laboratory test. Since the disease has not been completely explored in medical area, the
membership function provided by the expert might be biased and lead to the poor classification
performance. The performance of our proposed algorithm has been investigated on 2 medical data
sets. The experimental results show that our approach can effectively enhance the classification
performance compare to neural networks and the traditional fuzzy logic.

Keywords: fuzzy logic, Gaussian Curve, Triangular Membership function, Bell Shape
membership function, medical diagnosis.

1 Introduction

In medical informatics field, concepts such as symptoms, signs, interpreted results obtained from the
laboratory or from clinical investigations, usually identified by a linguistic term and can be formalized
by fuzzy sets. In order to directly model these linguistic expressions, fuzzy sets allow us to assign
degrees of compatibility of what is observed in the patient to what the term stands for may be applied.
Fuzzy logic is mainly contributed in two areas of medical fields which are medical control systems and
expert systems. Fuzzy logic is very well suited for medical control systems because the parameters
involved are mostly uncertain. Hence a domain expert must provide the concept of symptoms that are
obtained from the laboratory test in the form of ranged values. Many researches apply fuzzy logic as a
key technology to deal with uncertainty and found that it provides a promising result. By the way, there
are some diseases that haven’t had enough knowledge about the symptom, yet. Therefore, using the
traditional way of membership functions created by physician seems not to be a good idea. Because
these membership functions created by human might be biased and lead to the wrong diagnosis.

Our hypotheses is that for the disease that is difficult to diagnose, we should do some kinds of data
mining using machine learning technique to learn from set of attributes and used the knowledge to
generate the membership functions automatically. The advantage of our idea is that the learning
process can bring new knowledge from data that physicians may never know before and this will
contribute to the body of knowledge for domain expert as well.

The rest of this paper is organized as follows: in Section 2, we briefly present the basic concepts of
fuzzy logic and its contribution in many research papers. Section 3 provides the background of decision
tree learning. In Section 4 we introduce the framework of our system. Section 5 shows all experimental
results. We finally conclude the paper with an outlook to our future work in Section 6.
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2 Basic Concept of Fuzzy Logic

In this section, we briefly review basic concepts of fuzzy sets which were introduced by Zadeh [17]. Fuzzy
logic is the theory of fuzzy sets that calibrate vagueness. It is based on the idea that some attributes are
obtained in degrees such as temperature, blood pressure, etc. These attributes are in the form of continuous
values. Therefore, each attribute need a function called membership function to convert the continuous value
to the degree of nominal value (ie. high, low). Fuzzy inference can be defined as a process of mapping from a
given input to an output, using the theory of fuzzy sets. The most commonly used fuzzy inference technique is
the so-called Mamdani method [8]. The Mamdani-style fuzzy inference process is performed in four steps
which are fuzzification of the input variables, rule evaluation, aggregation of the rule outputs and finally the
defuzzification process. The process of fuzzy inference consists of 4 steps which are as follows

Stepl: Fuzzify inputs:

Step2: Apply Fuzzy Operator:
Step3: Apply Implication Method:
Step4: Aggregate All Outputs

Fuzzy logic has broadly been used in many medical informatics researches. An internal blood glucose
monitoring system was developed by [13]. The system is able to monitor the glucose levels and adjusts
the level of insulin using an expert fuzzy logic algorithm. A specific software and hardware design can
provide a high level of reliability. Their implementation uses multiple sensors to monitor blood glucose
levels. The data will be compared against each other to control the amount of insulin to supply.

The severity of patients suffered from asthma, using a fuzzy decision-making analysis was determined
by [7]. The data set is consists of two parts which are the objective severity (OS) (the standard tool for
doctor) and the data obtained from questionnaire (PS). Both OS (rated by doctors) and PS (rated by
patients) were rated as mild intermittent, mild persistent, moderate, or severe. These variables were
pooled, and considered as potential variables patients might use to determine their PS. They were tested
against the PS measurement using FDMA.

Four applications of fuzzy logic theory in epidemic problems were presented by [9], using linguistic
fuzzy models, possibility measure, probability of fuzzy events and fuzzy decision making techniques.
The results demonstrate that the application of fuzzy sets in epidemiology is a very promising area of
research. Furthermore, fuzzy logic is used to enhance mammographic features for breast cancer
diagnosis [3]. N.H. Phuong and V. Kreinovich build a fuzzy expert system for syndromes
differentiation in oriental traditional medicine and combine with the disease diagnosis of Western
Medicine [11]. Lesmo.L. et al. combines fuzzy production rules with frame-like structures in order to
assess the liver function and to the diagnosis of hepatic disease [6].

Many hybrid systems combine fuzzy logic with neural networks such as the research done by [1]. They
implemented a hybrid neuro-fuzzy prognosis system for the prediction of breast cancer relapse patients.
The membership functions used in their works are the tumor sizes, grade of tumor and number of
axillary nodes. Neuro-fuzzy was also implemented as a multi-sensor fusion system for control of dept
of desflurane anesthesia. In this study, depth of desflurane anesthesia was examined through
cardiovascular-based an adaptive neuro-fuzzy system according to the changing in the blood pressure
and heart rate taken from the patient. The membership functions are heart rate and blood pressure
which are provided by the physician [16].

An application that can induce atracurium for neuromuscular block during surgery was developed by
[10]. They observed improved control over complex numerical techniques. The self-learning fuzzy
control technique shows much promise for other medical applications such as post-operative blood
pressure management, intra-operative control of anaesthetic depth, and multivariable circulatory
management of intensive care patients.

Fuzzy logic was also used in Stuttering Therapy in order to correct the pronunciation of speech. A
system called Orator can adjust all the therapy parameters automatically and tune them adaptively to
the patient [5].
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3 Decision Tree Learning

Decision tree learning [12] is a popular algorithm for supervised learning. The tree is constructed using only
those best attributes that are able to differentiate the concepts of the target class. Each node in the tree is an
attribute selected from the training set using gain ratio (see Equation 2). The gain ratio measures the different
between the entropy (see Equation 1) of the training set before and after selecting the attribute. The attribute
which has the highest value of the gain ratio is selected to be a node in the tree.

Entropy(S) = _-P P _N N
py(S) PN RPN PN 8N )

S
Gain(S,A) = Entropy(S)— Z = Entropy(S,) )

veValues(A) ‘S

S = training set,

A = attribute,

S, = subset of training data that has value v on attribute A,
P = training set with Positive class,

N = training set with Negative class.

4 The Self-tuning Algorithm

We extend our previous work [14] to make our algorithm more flexible in order to get higher
performance by using variety styles of membership functions. The classification’s performance is
optimized by the most suitable form of membership functions. An approach called Self-tuning, which
consists of the following steps:

1) The AutoGenFuzzy algorithm generates three kinds of membership function
which are triangular, bell shape and Gaussian curve.
2) The membership tuning process that aims to locate the best degree of

membership function belong to the intersection point ().
3) The fuzzy inference is the final step that classifies the patients into classes.

4.1 Feature Selection

The feature selection algorithm is based on decision tree learning. Since the decision tree’s mechanism
aims to select the best attribute that has the highest information gain. Therefore, we develop a greedy
feature selection algorithm as shown in Table 1.

We found that the selected features obtained from blood test are Intake, ALT, MCH, HCT, BUN,
Mononuclearcells, CO2, AST and MCHC. The selected features obtained from symptoms are General
Fatigue, Role Physical, Social Function, Bodily Pain, General Health and Vitality. Note that, the value
found in all leave nodes are the class value.

The feature extraction obtained from WBCD data set are Single Epithelial Cell Size, Marginal
Adhesion, Sample Code Number, Bland Chromatin and Uniformity of Cell Shape, respectively.
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Table 1. Feature Selection Algorithm.

Algorithm: Feature Selection

Initialize 1 =1, tmp =0
FeatureSet = {a;, a, .., an}
n = sizeofAttr (FeatureSet)
While 1 < n
acc = accuracy(DecisionTree (TrainData, FeatureSet))
IF tmp < acc THEN
tmp = acc
FeatureSet = FeatureSet - {a;}
IF tmp = accuracy(DecisionTree (TrainData, FeatureSet))
THEN
FeatureSet = FeatureSet + {a;}
I++
END WHILE
RETURN FeatureSet, DecisionTree

4.2 Automatic Membership Functions Generation

The AutoGenFuzzy algorithm generates a set of membership functions for each attribute using the
decision tree. In this study, three kinds of membership functions are automatically generated which are
triangular, bell and Gaussian curve.

Considering any attribute; founded in the decision tree, the AutoGenFuzzy creates the number of
membership functions (graph) of that attribute using Equation 3. That means the number of membership
functions for attribute; depends on the number of occurrences of this attribute appears in the tree plus
one.

G(attribute;) = NumberofNode(attribute;) + 1 3)

where as G(attribute;) is the number of graphs
NumberofNode(attribute;) is the number of occurrences of attribute;.

Next, the membership function of that attribute is generated using the lowest value of that attribute
founded in the decision tree and we assign the degree of membership as 1. For the highest value of this
attribute, the AutoGenFuzzy algorithm generates another graph and assigns the degree of membership
as 1.

421 The attribute occurs only once in the decision tree

For any attribute; occurs only once in the tree, there are 2 graphs for such attribute (see Figure 1 and 2).
Suppose that the graph’s line is connected in triangular form (see Figure 1)

Q 0]

DegreeOfMembershin

0 9 20
Attribute value found from the tree

Fig. 1. The membership functions for attribute; which has one occurrence in the decision tree.
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Where (O = The lowest value of attribute;
as @) = The highest value of attribute;

The value of attribute; found in the decision tree

AL ASTISGOT <57 0ar

(INTAKE < 0.6 Foe

) mononuclearcells < 140.5

Fig. 2. The membership function of attribute MCH.

42.1 The attribute occurs twice in the decision tree

In case that the attribute founds in the decision tree twice. The algorithm generates three membership
functions (see Figure 3-4). The AutoGenFuzzy algorithm is shown in Table 3. The algorithm scan the
decision tree in order to get a set of features and count the number of their occurrences in order to
determine the number of membership functions for each attribute.
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Fig. 3. The membership function of attribute which has 2 occurrences founded in the decision tree
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Fig. 4. The membership function of attribute INTAKE which has 2 occurrences founded in the
decision tree



Table 2: Self-tuning algorithm

Algorithm: Self-tuning

INPUT: TrainingSet,FeatureSet
MemFn ={Triangular,Bell-shape Gaussian }

BEGIN
FOR i1=1 TO 3
Performance[l]= Classify (AutoGenFuzzy (Memfn[i]))
END FOR
IF MAX (Performance)== Performance[1l]) THEN
MF = MemFn[1]
IF MAX (Performance) == Performance[2]) THEN
MF = MemFn[2]
IF MAX (Performance) == Performance[3]) THEN
MF = MemFn[3]

END

Table 3: Membership function generation algorithm

Algorithm: AutoGenFuzzy

Input: DecisionTree

Atr = getTreeNodes (DecisionTree)
m= 0.2

FOR i=1 to TreeSize

Count = NoOfoccurence (attributej)
IF Count > 1 THEN
FOR j=1 to Count+1l
IF j = 1 THEN
b = min(Atr;.value )
C=locateIntersect (b, Atr;.value[j] ,m)
a = b-c
DrawGraph (a,b,cC)
ELSE IF j = Count+l
b = max (Atr; value)
C = locatelIntersect (b,Atr;j.value[j-1] ,m)
c = b+a
DrawGraph (a,b,c)

ELSE

b Atr,value[ j —1]+ Atr,.value[ j]
2

a = locateIntersect (b, Atr;.value[j] ,m)
C = locatelIntersect (b, Atr;.value[j] ,m)
DrawGraph (a,b,c)

END FOR

ELSE

b = min (Atr;)
C = locatelIntersecte MiN(Ats.value)+max(Atg.value) =
2

a = b-c

DrawGraph (a,b,c)

b = max (Atr;)

a=locateIntersect (b, min(Atg.value) + max(Ats.value) -
2
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c = b+a
DrawGraph (a,b,c)
END IF
END FOR
RETURN MembershipFunctions

4.3 Membership Function Tuning

The intersection point tuning is an optional step since the AutoGenFuzzy has already set the default of m to be
0.2 which provide the promising results. This step makes fine tuning for membership function. The process
aims to locate the intersection point (m) between each graph line of membership function. The range of value
m is between 0-0.9. We evaluate the affect of different values of m by doing fuzzy classification.

5 Experiment

5.1 Data sets
Two data sets were used in our experiments which are the Chronic Fatigue Syndrome and the
Wisconsin Breast Cancer data set.

5.1.1 The Chronic Fatigue Syndrome Data Set

This data set was obtained from CDC Chronic Fatigue Syndrome Research Group. There are 3 classes of
patients as follows:

a) Patients who suffered from Chronic Fatigue Syndrome disease (54 cases).
The class is labeled as CFS.
b) Patients who were ruled out as normal ones (64 cases). The class is labeled
as NF.
c¢) Patients who have insufficient number of symptoms or fatigue severity (69

cases). The class is labeled as ISF.

We separate patients’ records into two groups which are the blood test data and the symptom data
obtained from patient’s self-report. The blood test data contains 34 blood test values. The symptom
data obtained from self-report consists of 70 attributes.

5.1.2 The Wisconsin Breast Cancer Data Set (WBCD)

The data set consists of 683 samples that were collected by Dr. W.H. Wolberg at the University of
Wisconsin-Madison Hospitals taken from needle aspirates from human breast cancer tissue. The
WBCD consists of nine features obtained from fine needle aspirates. 444 of the data set with 683
samples belong to benign, and the remaining 239 samples are of malignant class. The malignant means
that the patient gets cancer pathology whereas the benign implies that the patient is healthful.

5.2 Experimental Results

A comprehensive performance study has been conducted to evaluate our method. In order to make the
experimental results more reliable, we use /0-fold cross validation method. All experimental results are
evaluated using sensitivity, specificity and accuracy, respectively. In this section, we describe those
experiments and the results. We run our algorithm on 2 datasets which are CFS and WBCD to test its
classification performance against traditional Fuzzy logic and Neural Networks.
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5.2.1 Performance of AutoGenFuzzy using Different Feature Set

The objective of this experiment is to evaluate the potential of our feature selection algorithm. In order
to test the feature selection algorithm, we set up the experiment as follows

1) We used 2 data sets which are CFS and WBCD data set.

2) We run two different learning algorithms which are AutoGenFuzzy and Backpropation Neural
Networks.

From Table 4, we can see that feature selection provides satisfactory results. Considering the CFS data
set, we found that feature selection can enhance the performance of both Neural Networks and Self-
tuning. However, Neural Network gets less performance compared to Self-tuning on both data sets.

Table 4: Performance obtained from AutoGenFuzzy on CFS and WBCD data set

Data Set Algorithm FeatureSelection Accuracy
CFS NeuralNetworks yes 67.50
no 46.22
AutoGenFuzzy yes 87.40
no 83.37
WBCD NeuralNetworks yes 95.19
no 95.19
AutoGenFuzzy yes 97.10
no 95.47

5.2.2 Performance of Self-tuning using Different Forms of Membership Function
We compare the performance of Self-tuning algorithm using different forms of membership functions
which are triangular, bell shape and Gaussian curve. Classification performance on CFS and WBCD

data set are shown in Table 5 and 6.

Table 5: Performance obtained from Self-tuning on CFS data set

Membership functions

Class Label

NF ISF CFS
Triangular Sensitivity 100.00 78.57 70.33
Specificity 100.00 86.43 88.79
Accuracy 100.00 83.50 83.50

Bell shape NF ISF CFS
Sensitivity 93.57 67.14 75.67
Specificity 96.73 85.39 85.77
Accuracy 95.67 79.06 82.89

GaussianCurve NF ISF CFS
Sensitivity 100.00 70.00 72.67
Specificity 97.57 87.48 86.65

Accuracy 98.39 81.00 82.61




Table 6: Performance obtained from Self-tuning on WBCD data set
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Membership functions Class Label
Malignant Benign
Triangular Sensitivity 91.80 94.73
Specificity ~ 94.73 91.80
Accuracy 94.03 94.03
Bell shape Malignant Benign
Sensitivity 92.34 95.93
Specificity ~ 95.93 92.35
Accuracy 9491 9491
GaussianCurve Malignant Benign
Sensitivity 91.54 94.77
Specificity  94.77 91.54
Accuracy 93.85 93.85

Considering the results shown in Table 6, we found that Self-tuning using triangular membership
function can effectively rule out the patients who are not suffered from the disease (NF). Self-tuning
gets 100% of sensitivity, specificity and accuracy.

For the CFS patients, we found that AutoGenFuzzy using bell shape membership function gets
75.67% on sensitivity which is more than that of the traditional fuzzy which gets only 59.67%.
Considering the specificity performance, Self-tuning using triangular gets 88.79% which is lower than
that of traditional fuzzy logic which gets 100%. However, this performance is acceptable because in
medical domain the specificity means the ability to rule out the CFS patient which is less important
than the ability to detect the real CFS patient measured by the sensitivity. Therefore, the overall
performance of Self-tuning is more satisfiable than the traditional one since the Self-tuning is more
sensitive than the traditional fuzzy logic.

Considering the sensitivity in Table 6, we found that the Self-tuning using Bell shape membership
function outperforms other kinds of membership function (sensitivity = 92.34%). The ability of Self-
tuning to rule out the malignant patient is 95.93%

6 Conclusion

In this study, we propose an approach that can automatically generate membership functions without
domain expert intervention. The advantage of our system is that it can enhance the classification
performance because of the contribution of the decision tree learning. The learning algorithm creates
the concept of CFS data set by selecting informative feature sets and partitions each feature value that
maximize the information gain. Therefore, we build an automatic system that gets the learned decision
tree as input and generate the set of membership functions as output. We test the potential of these
membership functions and compare to the traditional fuzzy logic using the well-known membership
function obtained from domain expert. We compared our classification performance in terms of
sensitivity, specificity and accuracy to the traditional fuzzy logic algorithm. We found that Self-tuning
algorithm is a high potential algorithm since it outperforms the traditional fuzzy logic and Neural
Networks. We plan to investigate the self-tuning algorithm on other data sets in the near future.
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