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ABSTRACT

Currently, there are a lot of data mining techniques to help in analyzing data for making
the decision in the organization. However, there are many methods to build data mining.
Clustering is one of data mining which observe a division of data into groups of similar objects
while it’s different from another group. Thus, the way of data arrangement needs to be in the
center of a good data that keep the distance with data member most in order to effectively arrange
data.

In this project, focus on studying clustering technique with K-Means, Self-organizing
Map and Fuzzy C-Means algorithms which is one of the operations to execute of the complex

datasets.
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2) WRIIVBY Membership Grade d1n5udiByad il i ¥89YN9 Cluster szdBaiian

MNY 1 1aye

c
Yu,=lVi=1. N (3.8)
j=1
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Awosdaunls m fannsohonl8dezeglugasznihe 1525 udlaonanaldudaee
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fu dasa I ldansosautangu 1dviues
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Huiad niom@ s m (Fuzziness Degree) Timanzauiio 19 lumssnadae
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i( ,,)"x,

S =100 C 3.9)

E 4 [ [
4U% 3 AUIUNIA Distance Norm eyt 1dosu1e 1A ud 19198y Taeldaunisdns

v
anaaae 1il

d; = "x, /2 " = \/(x -vi) +(y-v2) (3.10)

q’: 4 s i a J ' A { o
Yui 4 Swaam U lumadng U Taonsns29aeun19ea Distance Norm fiinald
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nYuasuf 3 NIAINI1 0 U5l 191 Distance Norm 113107371 0 93¢ HUMI0ALN
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a o 9 o ° 0’: 3 g 9 9 9 o Y
naanniis1 Iimsdmnamutusouny 5 @iusoudsnds IWvmssa waz
= v ot = 4 ] a 1 T =
Usziiuwaningg luwnsnd U Tasldastsaeudoyaudasdiifiswesnnunilumnsnly

v ¥ L4 3
Cluster ngulagaiiga uaashidoyadniuinglsingeglu Cluster n3onguininiutes

(18819M139119114¥84 Fuzzy C-Means Algorithm
o 14 s, 1 ar d’
NHURVDY]UV (mput vectors) AN AU
DATA INPUT: (1,1), (1,2), (3,4), (4,5)
Y [ oo 9 ﬂ J =) A o : o
assmaiadeyanimuaunldesnily 2 ngunse 2 Cluster iiahmmuduasumsiiey
d' 1 9 o d”
muf ldnanuansouaas laaedl

° r a9 a o
1) MHUUAANTUAUYDUUATNS U

way m=2 (3.12)

S = O
—_ O O

2) MuraMmAAgUENa19YBING (Cluster Center) Y8917 Cluster (V) AMGAS

i(u,.j)"x,

v, =H——Vj=1..C (3.13)

Z(“y)"

i=1

4 ° J o 1
ﬂ‘lﬁ‘Nﬁ 3.1 ATUIUHIANYAFUINANYBINQY

Tﬂuﬂ Cluster Center Center

12 [0(1,1+1(1,2)+1(3,4+04,5))/[0+1+1+0] | (2,3)
v, | [1(L,1)+0(1,240(3,4)1+1(4,5))(1+0+0+1] | (2.5,3)
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> szuzvinszviadeyayadi 1 (x1) AU Cluster



M990 3.2 Annumssezesznedeyayad 1

Tnua Euclidean distance Distance
d11={x1-v1|| [(1_2)2 +(1- 3)1]“ 2.24
d12=x1-v2| la-2.57 +@-3y}” 25

> szozvinsznindoyayaii 2 (x2) AU Cluster

@1919M 3.3 Mudamssesviessnateyayad 2

Thun Euclidean distance Distance
d21 = [x2-v1{| [(1_2)2 +(2_3)z]"2 1.41
d22=|[jx2-v2| li-2.57 +(2-3y]" 18

> szuzvinszniedeyayad 3 (x3) AU Cluster

H' o ] i 9 ~
19147 3.4 ﬂ']u']ﬂl‘"'l5383"1\153“31\1ﬁlﬂgﬂ‘ljﬁ1’l 3

Tnua Euclidean distance Distance
d31={x3-v1| -2y +(a-3y}” 1.41
d32 = |x3-v2]| l6-2.57 +(@4-37)" 1.12

> szezvinszwiedeyayaii 4 (x4) fU Cluster

MINN 3.5 Aramszezdnsenindeyayah 4
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d41 = [[x4-v1|| [(4_ 2y +(5_3)z]”2 2.83
dd2 = |jx4-v2| fa-257 +(s-3f]" 25
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t 4
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AI3197 3.6 AT IR Matrix U

U, OWANAIVN u,
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(gﬁi)(ﬁ) +(2_i)(?-‘1)
24 5
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1
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1.41 1.
1
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o) )
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83 5
1
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3.1.3 Self Organizing Map Algorithm

Self Organizing Map (SOM) gﬂﬁ”ll,’d‘uﬂiﬂﬂ Kohonen 151 model ‘7”5?’1]?1’31“1?01!5’3
nilsdnumzves model Hhufnuazveslnseireiisan 2 $u fe i?yuﬁuum (Input layer) uag
a":mmﬁvm (Output layer) %350 Kohonen Ilayer Wiy ﬂszmun15z’§‘au§;i‘]aﬁn1snszé’u
TﬂN1iwﬁ'asauuﬁ'axTwa‘lui‘?mmﬁwﬂﬂzwﬁﬁuﬁuﬁu fispuiineuauesdentsnszduiia
figreiiudiisus TasTnuafisuzesiinisyfum weight Lﬁﬂ‘lﬁu’hinﬁﬁuvgﬁmnifu Tnuail
yuzaziimalium weight wnnd Iuuaiiogseus Tnuafisus $eInuaiiodinasenlien
Tnuafisuemsdum weight fezdosns sunseiahideadinslfun weight dn¥aizeq

1739919904 Self Organizing Map Asaaslugilfi 3.1

Kohonen Layer

31U 3.1 dnvaizuseIn39910983 Self Organizing Map

b
U

YUABUN15911911UB1 Self Organizing Map

14 ] b4 2
duh 1 Tueseums ssfimuamanee InnulasshaiensSoud wu dmuam

as v H 1 3’ o \J ar &
weight 190 Tnsedie Taemsquartiuan dmuam o fe dasnisiSoud e nalaq &
o Yt 1 ] a aor ] ~ o ° n ,.’,' o
Amua danuanlugiuaue Unfeglugae o 9 1 dmuasouiiseuludueninauas
YHIANNUNTI9UBY Gaussian function Bt t’)ﬁ11ﬂ‘1
E4 T ¥
Auf 2 TunszduIasedie wimsnszduinsssudighilasoud Ivuasuaues

1 - 4
msnszdulaangailiseudniufiedrus Tnold Euclidean distance

= w,.|| = min{le—w,} (3.15)
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Tavfi i fie %’mauﬁasauﬁlu%mmﬁum

diodmmsnszquTnseioee 18iaseudisl distance rftgaituiiasousisuzudi
921iims v weight ol

uii 3 Sumsioudlumsyfunlyes weight

Kohonen 1811833 lumsy§un weight 13 flodh m fie fiaseudafivuszudam vy
185un15U5uA1 weight mnﬁqﬂuazﬁasauﬁa;‘iu?nmsam fasoudafivuz (neighborhood)
fnasUsurgan weight &0 Taolddaseudieguiinaseuq (Reuthu) fUum weight Yoy
nidafivug daseuddaoen lBniusud weight WooaslBnaue o ganitaszhifims
e weight ud2esdeduilumeutuiiogina Tasdnyazves neighborhood Tduaas 131y

5UN 3.2

N"‘(t‘}""cecoc CC0QOoOO0
Nalt:F —— 5 GOOTTP 00000

Nm(t;)«?z (:ze 000 Q\Q o’aa o0

oS5 \Q@GQ\QGQ
000{9.0;@0003@@
\ e\eaoo/’oeeafée
\Q\\Qesegoafoss
& QO 0 0 O/ QO OO0

Winning neuron is m

510 3.2 ANy VB4 neighborhood £, {f, (¢, ...

M315ua1 weight & 3o t 1ae Taeldaanis
w(t+1)=w,(t)+Awt) (3.16)
Taudi Aw,(f) Ale msal3unlyes weight

Aw, ()= a(N,,t)x(t)-w,()] for ieN, () (317
a(N,,t)= a(t)exp[—- Ir. =7.|/ o> (t)]

Tay r, fio Aunsvesiiisounivue
r,  fie Aundsvesinseuseuilisounvuy
o(t) fiv vurAUN9UBS gaussian function

a(t) Ao sasimsSoudvaslas
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y « 9
o & 9

14 ] ] ]
duh 4 Fuihdn MmsiaaeuliiSeeq wnsenan weight Imslasuulasies

A Y a [ 9
mﬂma‘lﬂmnmmmuaum‘lﬁ

f20819013R13428¢ Self Organizing Map (SOM)

Amualfguuuued input Kanse

M13197 3.7 a15°990YA Input

X )
0 6
0 0
4 1
5 0
5 5

1. Ay Wisoulufuening (1) =3 uazdasnisiond alt)= 0.5 uag o(f)=0.7

b 4
AU ¢ =1 944 uazgual weight i laseo

311 3.3 waasnrsimuaa I lnseie

2. m1ilsounsus 1avld Euclidean distance 18 input Ao [0,6] 921@ Tnuansuzis Inuad 1

GI'I‘S'N‘?l 3.8 MIsNuAfIITOUNTUL

uA |  Euclidean distance | Distance
1| Jo-1p+6-sp]? | 1a
2 | lo-3p+@6-3p]" | 42
3| Jo-4p+6-12]" | 64




3. U5 weight Tasgas w,(t+1)=w,(t)+ Aw, () uoz a(f)=0.5 uag o(r)=0.7 Ao
t=1034

Aw, ()= a(N,,)x(t)-w,0)] for ie N, ()

a(N,,t)= a{t)exp|- I, =r.|/o? )]

Am=1i=1

w(t+1)=w()+0.5 exp[—— I -7/ o? (t)Ix(t) —w ()]
=w,(t)+0.5 expl— I =] /0.7y _[x(t) -w,(t)]
=[1,5]+0.5(1)0,6])- 1,5
=[1,5]+0.5(-11))
=[1,5]+[-0.5,0.5)=[0.5,5.5]

Aim=1i=2
w,(t +1) = w,(t)+0.5 exp[— I, =)/ o (t)Ix(t) —w,(t)]
=w,(t)+0.5exp|-r, = 10.7) [i(e) - w, ()]
by -nl =6-1¢ +6-57]"
=[ey+2r]7 =) + @ ] =282

w, (¢ +1) = wy(¢) + 0.5exp|(~ 2.82)/(0.7) [x(t) = w, (¢)]
=w, (t)+0.5exp(~5.76 ) x(r) - w, )
=[3,3]+0.5(0.003)]0,6]- [3.3])
=[3,3]+(0.0015)f-33]
=[3,3]+[- 0.0045,0.0045] = [2.9955,3.0045]

im=1i=3
wy(t+1) =w,(t)+0.5 exp[— I =7/ o” (t)Ix(t)—- w,(?)]
= 1)+ 0.5exp|- |, ~ 5(0.7F Jx)- w, 0]
by -l =fa-17 +@-5p]"
=[6) +42]” =[0)+ ()] =5

wy(t+1) = w,(£)+0.5expl(~5)/(0.7) [xle) - w, ()]

=w,(t)+0.5 exp[(— 10.2)Ix(t) - W, (t)]

24
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= [4,1]+0.5(0.00003)]0,6]- [4,1])
=[4,1]+(0.000015)- 4,5]

= [4,1]+ [- 0.00006,0.000075]

= [3.99994,1.000075]

4 1
910 input A [0,6] USus weight asuvia Inuafivuzuas Inuadrafises weight 181ms)

aanALEAIzUN 3.4

31 3.4 uernesmsUSun weight Tnseavieidie input fie [0,6]

4 :
(i1® input sio liidhande [0,0]
1. miitseunyuz 1asld Euclidean distance 1ii® input fio [0,0] 9214 Tnuanisusfo

o
Tviuan 3

AN 3.9 Ay NUAAIHITOUNTUS

Tnua Euclidean distance Distance

| o-0.57 +(0-552}" | 532

2 | fo-29) +(0-3.0p]" | 417

3| Jo-3.97 +@0-1.0p]? | 403

2. UTue weight Taogas w, (¢ +1)=w,(t)+ Aw,(f) uaz a(f)=0.5 uas o(r)=0.7
Aw,(t)= a(NntXx(’)— w,(t)] for ie N, ()
a(N,,t)= a(r)exp[— I =r.|/ o’ (t)]

]
=

Nm=3,i=1



w(t+1) =w(t)+0.5 exp[—— Ir. =7,|/o? (t)Ix(t) -w,(¢)]
=w(t)+0.5 exp[— I - r3]| (0.7 Ix(t) —_—)

In-r| =|05-3.97+G5-1.01]"
=[-3.47 +(@asyp]”
=[(11.56)+(20.25)]"* =5.64

we+1) = w(f)+0.5exp|(~ 5.64)/(0.7} [x(t)- ()]
=w (1) +0.5exp(=11.5D)[x(t) - w; ()]
=[0.5,5.5]+0.5(0.00001)]0,0]- [0.5,5.5])
=[0.5,5.5]+ (0.000005)- 0.5,-5.5]
=[0.5,5.5]+ [~ 0.0000025,-0.0000275]
=[0.499,5.499]

fim=3i=2
w,(t+1) =w,(t)+0.5 exp[— I =r.|/o? (t)lx(t) —w,(t)]
=w,{t)+0.5 expl—— Iy =) /(0.7) Ix(t) -w,(t)]
In-n| =l29-3.9)+@.0-1.01]"
- |01y +@oy]?
=[(0.01)+ (@)]'* = 2.002
w, (£ +1) = w, (£)+ 0.5 expl(~ 2.002)/(0.7)" [x(e) - w, ()]
= w,(t)+0.5exp(—4.087)[x(t) — w, (t)]
=[2.9,3.0]+0.5(0.017)]0,0]-[2.9,3.0))
=[2.9,3.0]+(0.0085)- 2.9,~3.0]
=[2.9,3.0]+[-0.02465,-0.0255]
=[2.875,2.974]

fim=3,i=3

wy(t+1) =w,(£)+0.5exp|- I =7/ o? (t)Ix(t) —w,(t)]
=w,(t)+0.5 exp[— Irs =r]/(0.7) Ix(t) —w,(t)]
=[3.9,1.0]+0.5(1)]0,0]-[3.9,1.0))
=[3.9,1.0]+(0.5)-3.9,-1.0]
=[3.9,1.0]+[-1.95,-0.5]
=[1.95,0.5]

26
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 d ]
910 input Ao [0,0] Y5usi1 weight Asuns Inuafisuzuaz Tuuadrafiosns weight 1a1n

penNAEAIzLN 3.5

310 3.5 ugtasn1l5un1 weight Tnsediedie input Ao [0,0]
il input do Tuidwfe [4,1]
1. vinilseunyue Iaold Euclidean distance 1118 input Ao [4,1] 9218 Inuansuzie

Tvuai 3

AT 3.10 AT NUAAIUITOUNTUY

Tmm Euclidean distance Distance

/2

1| [@=0.49% +(1—5.49Y] 5:699
2 | [4-288) +(1-2977]"

2.266

3| [a-195) +(-0502]" | 2110

21051 weight Tnogas w,(t +1)=w,(t)+ Aw,(t) oz a(t)=0.5 uaz o(t)=0.7
Aw,(£)= (N, )x(t)- w,(t)] for ie N, ()
a(N,.1) = a(O)expl- |1, -7,/ o2 ¢)]

fim=3i=1
w(t+1) =w,(f)+0.5exp|- Ir.=r.|/o* OlxE)-w, ()]
=w,(f)+0.5 expl— Ir =] /0.7y Ix(t) —w,(t)]
I -n| =[049-1.95) +(5.49-0.507]"

=[(-1.46) + (8.99%]"

=[(2.1316)+ (24.9001)}'* =5.199
[(2.:1316)+( )



(¢ +1) =w(e)+0.5exp|(-5.199)/(0.7} [x(t) - w,(¢)]
=w(t)+0.5 exp[(— 10.61)Ix(t) -w ()]
=[0.49,5.49]+ 0.5(0.000025 X[4,1] - [0.49,5.49])
=[0.49,5.49]+(0.0000125)3.51,-4.49]
=[0.49,5.49]+[0.000044,-0.000056]
=[0.490044,5.489944]

Nm=3i=2

w,(t +1) =w,(r)+0.5 exp[— I =r,|/c? (t)Ix(t) —w,(t)]
=w,(t)+0.5 exp[— I, = ]7(0.7)* Ix(t) —w,(t)]

Ir, -7 = [2.88=1.95F +(2.97-0.508]"*

=093y +(2.271]"
=[(0.8649)+(6.1009)] > = 2.639

w, (£ +1) = w, )+ 0.5exp|(~2.639)/(0.7) [x(e) - w, ()]
= w,(£)+0.5exp|(~ 5.386)[x(t) - w, (¢)]
=[2.88,2.97]+0.5(0.0046)[4,1] - [2.88,2.97))
=[2.88,2.97] +(0.0023)1.12,-1.97]
=[2.88,2.97] + [- 0.0026,-0.0045]
= [2.8826,2.9655]

Nm=3,i=3

wy(t+1) =w,(t)+0.5 exp[— I, -r.)/ o OF)-w, )]
=w,(t)+0.5 expl— lrs == |7(0.7) Ix(t)— w, ()]
=[1.95,0.50]+ 0.5(1)[4,1]- [1.95,0.50))
=[1.95,0.50]+ (0.5)[2.05,0.5]
= [1.95,0.50]+-[1.025,0.25]
=[2.975,0.75]

L 4 [
910 input A [4,1] YSuA1 weight asuvis ITnuansuzuas Inuadhafoss weight 1alni

p8nNUALIALUN 3.6

28
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311 3.6 uaaIms S oA weight Tnsededie input Aie [4,1]
A '
tite input A8 11idinAe [5,0]
1. mirsounsuz lagld Euclidean distance 1l input fiv [5,0] s¢ 1A Inuafisusde

Tnuan 3

A1319% 3.11 M NUTAIUITOUNT UL

Inua Euclidean distance Distance

1 | [5-0.49) +(0-5.49] 7 | 7105

2 | [5-2.88F +(0-2971]" | 2%

3| |6-2.980 +(0-075¢ ] | 2155

2. WSusi weight Tnogas w,(t+1)=w,(t)+Aw, (1) uaz a(t) = 0.5 uag o(r)=0.7
Aw, ()= a(N,,Ofx(t)-w, (t)] for ieN,(t)
a(N ; ,t) = a(t)exp[— "r; -7, "/0'2 (t)]

fm=3,i=1

w,(t+1) =w,()+0.5exp|- I —r.|/ o (t)Ix(t)— w,(t)]
=w(t)+0.5 expl_— I = r|/(0.7) Ix(t) —w,(?)]

Ir -7 =[0.49-2.98) +(5.49-0.757]"
= 2.49) + (a.74]"
= [(6.2001)+(22.4676)] > = 5.354

w (¢ +1) = w,(t)+0.5expl( 5.354)/(0.7) [x(t) - w, ()]
=w, (£)+0.5exp|(~=10.93)[x(t)- w, (1)]



=[0.49,5.49]+ 0.5(0.000017)[5,0] - [0.49,5.49))
=[0.49,5.49]+(0.0000085)4.51,-5.49]
=[0.49,5.49]+[0.00038,~0.000047]
=[0.490038,5.489953]

Nm=3,i=2

wy(t+1) =w,(1)+0.5 exp[— ”r, -7, || /o? (t)Ix(t) -w, (t)]
=w,(t)+0.5 expl— I, —r|/(0.7) Ix(t) —w,(t)]

Ir, -r] =[(2.88-2.98) +(2.97-0.757]"

=01y + (22 ]"
=[(0.01)+(4.9284)] = 2.222

w, (£ +1) = w, (£)+ 0.5 exp|(~ 2.222)/(0.7) [x(t) = w, ()]
=w,(t)+0.5 exp[(— 4.535)Ix(t) -W, (t)]
=[2.88,2.97]+0.5(0.0107)([5,0] - [2.88,2.97))
=[2.88,2.97]+(0.00535)[2.12,-2.97]
=[2.88,2.97]+[0.0113,-0.01589]

=[2.8913,2.95411]

Am=3i=3

wy(t+1) =w,(r)+0.5exp|- I =r.|/o? OIx)-w, )]
=w,(t)+0.5 exp[— I, —=||/0.7) Ix(t)— w,(t)]
=[2.98,0.75]+ 0.5(1X[5,0] - [2.98,075))
=[2.98,075]+(0.5)2.02,-0.75]
=[2.98,0.75]+[1.01,-0.375]
=[3.99,0.375]

» ]
910 input A [5,0] USuM weight asuMa Inuaivuzuaz Tnuadhafiveee weight 181na

sandTAIgLN 3.7

30



31 3.7 uamensUSum weight Tnseeiile input Ao [5,0]

iii® input Av Tlidandle [5,5]

1. w1iia50unyuz 1asld Buclidean distance (318 input Ao [5,5] 9314 Inuaiivusho

Tviuah 3

A13197 3.12 AT NUAANITOUNTUS

Tnua Euclidean distance Distance
i | [5-049) +(5-5490]" | 45%
2 | [5-2.90) +(5-2.957] | 2935
3| [5-3.99% +(s—038) ] | 472

2. 5un1 weight Taogas w,(t+1)=w,(t)+Aw,(r) uaz a(r)=0.5 uaz o(r)=0.7
Aw, (t) = a(N,.,tIx(t)-- W:‘(t)] for ieN, (t)

a(N,,t)= a(t)exp[— I, .|/ o* (t)]

Am=2i=1

w(+1) =w,()+0.5 exp[— "ri -7, ” /o? (t)Ix(t)— w,(1)]
=w(t)+0.5 expl_— I - /0.7 Ix(t) —-w(f)]

I -] =[0.49-2.90) +(5.49-2.95)7]"
= 2.41p + @54 ]"

=[(5.808

1)+(6.4516)]"* =3.501

w(t+1) =w,(f)+0.5exp|3.501)/(0.7) [x(e) - w, (¢)]

=w,(t)+

0.5exp|(—7.145)[x(r) - w, (¢)]

=[0.49,5.49]+ 0.5(0.00078)(5,5] - [0.49,5.49))
=[0.49,5.49] + (0.00039)[4.51,~0.49]




=[0.49,5.49]+[0.0017,-0.0002]
=[0.4917,5.4898]

Nm=2i=2

wy(t+1) =w,()+0.5 exp[— I, —r.|/o? (t)Ix(t) -w,(t)]
=w,(t)+0.5 expl-— "r2 -r, " / (0.7)2 Ix(t)— w, (t)]
=[2.90,2.95]+0.5(1)[5,5]- [2.90,2.95))
=[2.90,2.95]+(0.5){2.1,-2.05]
=[2.90,2.95]+[1.05,-1.025]
=[3.95,1.925]

Nm=2,i=3
wy(t+1) =w,(£)+0.5exp|- I =r.|/c? Ofx6)-w, ()]
=w,(t)+0.5 exp[— ||r3 -1 ]] /(0.7)° Ix(t) —w,(t)]
I, —r,] =[6.99-2.9) +(0:38-2.95) ]”*
= [a.00y + (-2.57]"
= [(1.1881)+ (6.6049)] * = 2.327
wy(t+1) = wy () + 0.5expl(~2.327)/(0.7) ()~ w, ()]
=w,(t)+0.5 exp[(—- 4.749)Ix(t)-— w, (t)]
=(3.99,0.38]+0.5(0.0086 X[5,5]— [3.99,0.38])
=[3.99,0.38]+ (0.0043)1.01,4.62]
=[3.99,0.38]+ [0.00434,0.0198]
=[3.9943,0.3998]

1 4 3
10 input A8 [5,5] Y51 weight AsUNS Inuansuzuaz Tnuadufions weight 181

pomAaAIgL 3.8

—
0.49 1)
I/
X3 —b( 5.49

e

3.95 N
20

N 193 ™

" — ~3.98

-

3 )
0.39 3\ 4

31N 3.8 uaraan 1515 ua weight Inseiuiile input fie [5,5]
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P Data imng Clusternng Application
| File Tool Help

%manms m“vsoMam /)
10 A1 m@i’ﬂ"hﬂ{ﬁ, i

Tool > Vertical i MMM MNIULVY Vertical

Tool >SOM

Tool > Horizontal

Help>Howtouse  © 4aaddsnsldau

'
S o

Help > About fio uaasswazidoa lilsunsunwmu, e

& ' Y o a ' A
diodhgnieendn wisingmihveiisumsnauveslilsunsy neududeuden
o aa d '
danesfiufideamsiianudaes Tasliideniinng Tool > K-Means vzuaasviinensiiam
U949 K-Means 80003711 #1331/ 4.3

wnasiiluenansnanulidmsunsldnuienisdnevintu eygelriluldussTevununisen

Lidnnsallagvisau Snvivnudlvidawdasiion wazfees1sddiadivesenarsynasaninisialuls



35

Data Mining Clustering Application

My Fiecent g Copy of s
Docurents @mﬂ‘(est

Deszkiop

My Document:

S
#58
My Computer
G,,‘} File name: bis_test ‘ ~] [ Dé i 3
i 3 i —rcuenr = e =3
My Network Fies of type: €SV Fies [" cxvi i _Cancei

v ¢ v o
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=~ Data Mining Clustering Application
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. K-Means Clustering
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62 33
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aaanalugil 4.6
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Application
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2. lddwaundesmsdangu uaga Fuzziness Degree
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o~ Data Mining Clustering Application ff_m
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‘ { 3 @ a o 4
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Clustering Application
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2. ld$mundesnsdangu uaza1 Dimension
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3. natjy {__;J Tilsunsuazilszuranaudasennnriiee o 19aeimsgh

o a ﬂ o v a a ] 2
ﬂﬂgﬂiﬂﬂ@ﬂﬂﬂﬂﬂﬂfﬂt uﬁ31ﬂ1]10fn1I’IiﬂQ'lﬁﬁ’wﬂ‘liﬂﬂﬂm'iﬂﬂiﬁ%ﬂllﬂﬁﬂﬂﬁﬂ\!ﬂﬁﬁ‘“ﬂ\i
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31]11 4.13 uﬂmnuwwmmsﬂsvuaawmﬂﬂqu

iinideniiy Help > How to use 3uaaanii1ne35n1s 1 Talsunsy dagili 4.14

& MIningG
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4 ; ; 4
iiedeniiuy Help > About 9zuaAIHI 1905 1wazBoa Tilsunsuitian, nosiu

Azl 4.15

Data Mining

Clustering Application

| K-Means, Fuzzy C-kean Slgonthm And SOM

‘ , Yersion 1.0.0.0

Copyright & 2008 [t-K it

KMIT! —

Sombat

¥ e BEet e e f L L LIl "

31 4.15 nileeswaziBes T sunsuiiRann, nessu

4.3 YeyaMinnnaasy

Joyaimiwmanes laun doya Iris, Wine, Segmentation 18z Diabetes Tavuanzdoyall
4
anvazdoyadsas Ui
1. Yoya Iris
9 . = ) é J [ U U = dy 9 '
doya Iris 1 4 mdeyanuanmeiy 1dun snnuenrvesndudosaenld, A
a 4 9 ’ = v ' 4 = $4
anundevesnauidessenld, Mmanwenveindusenll uazannunirevesnauaenls
; a 2 o1 (3 '
Tumiboudmas Hnanua 3 ama 4931l 4.16 (Msdoyavesnara 2 uazaana 3 AUMe?

9
u) Taouaazaanaiideya 50 #0619 AniuswIunqudeyave Iris Jauviy 3

1 Sepal Length Sepal Width Petal Length Petal Width Species

2 5.1 35 1.4 0.2 setosa

3 49 3 1.4 0.2 setosa

4 4.7 3.2 1.3 0.2 setosa

5 7 3.2 4.7 1.4 versicolor
B | 6.4 3.2 45 1.5 versicolor
7 6.9 31 49 1.5 versicolor

3 6.3 33 B 2.5 virginica

9 5.8 27 5.1 1.9 virginica

10 7.1 3 5.9 2.1 virginica

31N 4.16 oy Iris Nursaunara
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2. 'i’l'ﬂyﬁ Wine

doyalnfsmamignlumuiideiuluema 1 13 mdoyaiiuandreiu 18ud
Alcohol, Malic acid, Ash, Alcalinity of ash, Magnesium, Total phenols, Flavanoids,
Nonflavanoid phenols, Proanthocyanins, Color intensity, Hue, OD280/0OD315 of diluted wines,
Proline iavuA 3 ARl Fanmadinilsiidoyn 59 dr0619 amadi 2 Tdeya 71 frethe uas

aman 3 fidoya 48 A10619 Aagaln 4.17

X1 X2 3 x4 x5 X6 X7 hi] X3 X10 1 X12 x13
1423 1.7 243 156 127 28 3.06 028 229 564 1.04 392 1065
132 178 214 11.2 100 265 2.76 0.26 1.28 438 1.05 34 1050
13.16 236 287 18.6 10 28 3.24 03 281 568 1.03 317 1185
14.37 195 25 16.8 13 385 349 0.24 218 78 0.86 345 1430
13.24 259 287 2 18 28 269 0.38 1.52 432 1.04 293 735
142 1.76 245 15.2 112 3.7 339 0.34 1.97 B.75 1.05 285 1450
14.39 1.57 245 1456 % 2% 252 03 1.98 525 1.02 358 1290
14.06 215 261 176 121 2b 251 031 1.25 505 1.06 358 1295
1483 1.64 213 14 97 28 298 029 1.98 6.2 108 285 1045

31 417 doya Wine Munisamnara

9y .
3. 9U91n Segmentation

9 1Y

' ¥
Yoya Segmentation Hiudoyaiinsidosfuginwessdvesnaruda  Inanua

9

2310 Yoya 1sznovdle 19 udnymy tazinawue 7 aata aaraas 330 @aethe 1aun ana

= 4 1 a [ {
wihog, neaih, 1o, Fwua, nilde, mudu uazugh dsgiiin 418

BRICKFACE. 140.0,125.0.9.0.0.0.0.0.2777779.0.06296301.0.66666675.0.31111118
.6.185185.7.3333335,7.6666665.3.5555556.3. 4444444 4 4444447 -
7.888889.7.7777777.0.5456349,-1.1218182
SKY.140.0.25.0.9.0.0.0.0.0.99999875.1.4666697.1.1111107.0.118517555,128.0.
117.77778.142 .33334.123.868885.-30.666666.43 .0, -
12.333333,.142.33334.0.17250364,-2.3545518
FOLIAGE.101.0.121.0,9.0.11111111,0.0.0.6666667.0.843274.1.5,0.88819396.3.4
074075.1.1111112,6.0,3.1111112,-6.888889.7.7777777.-
0.86888889.6.0.0.8435185,-2.5191648
CEMENT.191.0.119.0.9.0.0.0.0.1.1111107.1.2938615.0.9444459,0.772202,39.851
852,36.22222.48.22222,35.11111.-10.888889.25 11111 .-
14.222222.48.22222.0.27171725,-2.0059998
VINDOV.189.0.144.0.9.0.0,0.0.0.0.0.0.0.0.0.0.0.0,0.0.0.0,0.0.0.0.0.0.0.0.0
.0,0.0.0.0

PATH.86.0.197.0,9.0.11111111.0.11111111,1.611112.,1 _4516907.1.2777786.1.103
8647,.63.22222.56.22222.77.77778.55.666668.-21.0.43 666668 —
22.666666,77.77778,0.28533262.-2.06802
GRASS.204.0.156.0.9.0.0,.0.0.0.5000003.0.27888626.1.9999996.0.55777323.,23.7
03703.17.333334,25.444445,28.333334 -
19.11111.5.2222223,13.888889,28.333334.0.38903406.2.8649306

31/ 4.18 doy0 Segmentation Munisuaaie

4. -i’fa:ua Diabetes

4 \ 4 — L J
doyatiiludeyavesdiholsammanu Mdhunemds ergetraios 21 Jau'lal i

o )

nanua 768 Yoya Usznoudan 8 Audnyuy uazll 2 e lAun AAE tested negative 11Dy
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tesed positive Iasdoyanaiausnil 500 @red1e uaz Amanaesdl 268 det1e Kagilii 4.19

b4
AIUSIUIUNGUUDA Diabetes IATAWNIL 2

0.067474048.0.477830328.0.540180006.0.138542286.0.053840449.0.296177786.0.116968905,0.075163399.1
0.125144175.0.561582422.0.636612022.0.504951476.0.172043758.0.585473832,0.050409404,0.058823529.1
0.355824683.0.586215391.0.781260045,0.009803922,0.009803922,0.42913708.,0.042874366.0.156862745.1
0.471164937.0.630554734,0.716972035.0.36631016.0.134960367,0.572324012,0.123248104,0.467320261.1
0.009803922.0.72908661.0.572324012.0.009803922.0.009803922,0.563557465.0.116968905.0.124183007. 2
0.298154556.0.561582422.0.540180006.0.009803922.0.009803922.0.562096374.0.08641014.0.336601307.2
0.125144175.0.620701547,0.556252009,0.287086552.0.247369397.0.490502908,0.343438656.0.156862745,2
0.067474048,0.857178047.,0.556252009.0.495048524.0.680781532.0.629306566.0.27101857.0.124183007.2
0.009803922.0.615774953.0.588396014.0.009803922.0.009803922.0.540180006,0.085154301.0.516339869.2

31/ 4.19 Jo3ya Diabetes Murismmnara

4.4 HANMIIANGNUBYA

Tumsnassafisumeviszaninmlumsdangudeyaszniteg K-Means  Algorithm,
Fuzzy C-Means Algorithm (a2 Self Organizing Map Algorithm ’c’?]ﬂ?ﬂ‘l’fﬂyﬁ Iris, Wine,
Segmentation 1182 Diabetes Tdnamsnaneaail

441  wWamsdanguueya Iris

1. MIANGUKUY K-Means Algorithm

Ay

@ ' 9 K [ ' o Yo
msianquieyavesdoya Iris Riidoya 150 #1061 uazimualiiau

QK
3

=

' - ' = o o
AQu K i 3 uamanineemslanisiimesasgai 4.20

SEREVIN Standud Devishon wimBayansaluniy

51/ 4.20 M35 ldA s 1iiinesYea K-Means Algorithm

4' g e '

] [y v
DTUNDINITIANQULAITY %zu’dmmT1ilaa?l]Naizﬂzmaim‘ummﬂﬂﬂqu%ga

' k4 ]
uazduniisauinasgiu wiewsis XML Trldieninaues K-Means Algorithm 14633111 4.21



P

wlogasrabunu - 61

310 4.21 uamaniveagiluanis9ANgUDe K-Means Algorithm

M990 4.1 uaaawamsdangudieya Irs 111 K-Means Algorithm

Sundai aquit | Swaumndemolungy | semeran | dauidesuuinasgiu
1 150 78.94084142 1.25518479733985
1 50 15.2404 0.552094195

2 38 23.87947368 0.79272139

3 62 39.82096774 0.801419786

2 150 78.94084142 1.25518479733985
1 50 15.2404 0.552094195

2 38 23.87947368 0.79272139

3 62 39.82096774 0.801419786

3 150 78.94084142 1.25518479733985
1 50 15.2404 0.552094195

2 38 23.87947368 0.79272139

3 62 39.82096774 0.801419786

4 150 78.94506582 1.25863554540172
1 50 15.2404 0.552094195

2 39 25.41384615 0.807240411

3 61 38.29081967 0.792286789




M990 4.1 (7D)

45

funsai nquit | $aumndamelungy gmesw | dawdisanuinasgiu
5 150 78.94084142 1.25518479733985

1 50 15.2404 0.552094195

2 38 23.87947368 0.79272139

3 62 39.82096774 0.801419786

2. Msdanqudeyaun Fuzzy C-Means Algorithm

mavanguieyavesdoya Iris Aifidoya 150 e wazdmualdimaungu K

" @ " W 1 a o o {
IWMNY 3, Fuzziness Degree iN1N1 2 uﬁmnﬁH%amslﬁmsmmﬂsmgﬂﬁ 422

A

1 4.22 ms1damns1iiines 83 Fuzzy C-Means Algorithm

A o w ' =] [ 1
diesuwamsianguiaiy  sztaaandiseajilwaszozmasiuvesmsiangudeya

¥ v
uazdudisauuinasgiu wiewna XML 1Waemwavos Fuzzy C-Means Algorithm T8@ag1)

423



Nt | 8 67 766656065€ . Standard Devithin, 0 7630433715

AowBRgAmBLN A

31 4.23 uamanThveawan13 9ANGUYDA Fuzzy C-Means Algorithm

M3199 4.2 LaAINANsIANGUABYQ Iris 111U Fuzzy C-Means Algorithm

46

$undai nquit - | Swumndnmelungy | ssiesn | dowdisauunasgu
1 150 79.11556667 1.26288292322676
1 50 15.2404 0.552094195
2 40 27.0575 0.822458206
3 60 36.81766667 0.783343972
2 150 79.11556667 1.26288292322676
1 50 15.2404 0.552094195
3 40 27.0575 0.822458206
3 60 36.81766667 0.783343972
3 150 79.11556667 1.26288292322676
1 50 15.2404 0.552094195
2 40 27.0575 0.822458206
3 60 36.81766667 0.783343972
4 150 79.11556667 1.26288292322676
1 50 15.2404 0.552094195
2 40 27.0575 0.822458206
3 60 36.81766667 0.783343972
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aafi 4.2 (#0)
Sunsei nz;inﬁ swouanFamelungy | szmesw ddisauumnasgu
5 150 79.11556667 1.26288292322676
1 50 15.2404 0.552094195
2 40 27.0575 0.822458206
3 60 36.81766667 0.783343972

3. msdangudeyauuy Self Organizing Map Algorithm

@ v Y ) . Aay @ ' ° Yo '
N13IANQUVDYAVDIVUDYD Iris nuvoya 150 A998 ltﬁ3ﬂ1ﬂuﬂ1ﬁﬂ1u3uﬂqu K

VoW [ ' @ o §
MM 3, Dimension MM 4 LAAIMTI9DM3 TaMTIABIAIFUN 4.24

A S U e P& e
g1l 4.24 m3ldAns1Timo3ues Self Organizing Map Algorithm

d' o L J

< Y 1
DITUADNITIANQULAIY ﬂ%llﬁﬂﬁﬂﬁ'ﬁﬂﬁiﬂﬂﬂ5303“1\151“‘“6“\15ﬂﬂﬂqu%ﬂqﬂ

uaza U oAVUINATIIU HANSIANGUYDI Self Organizing Map Algorithm 1daa31/7 4.25



SEUrIISI

3N 4.25 uaaaniineeayilnan139ANquUYes Self Organizing Map Algorithm

M3 4.3 Llﬁﬂﬂwﬁﬂ1i§'ﬂﬂduﬂﬂyﬁ Iris 1111 Self Organizing Map Algorithm

e nguil Saumnsnnelunge g3 - | daudflosuunasgu
1 150 78.94084142 1.25518479733985
1 50 15.2404 0.552094195

2 38 23.87947368 0.79272139

3 62 39.82096774 0.801419786

2 150 78.94084142 1.25518479733985
1 50 15.2404 0.552094195

2 38 23.87947368 0.79272139

3 62 39.82096774 0.801419786

3 150 78.94084142 1.25518479733985
1 50 15.2404 0.552094195

2 38 23.87947368 0.79272139

3 62 39.82096774 0.801419786

4 150 78.94506582 1.25863554540172
1 50 15.2404 0.552094195

2 39 25.41384615 0.807240411

3 61 38.29081967 0.792286789
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15197 4.3 uaawan1sangudiaya Iris (LY Self Organizing Map Algorithm (#8)

Sunde nquit | Swowmndamelungy | semasa | daudsssnasg
5 150 78.94506582 1.25863554540172

1 50 15.2404 0552094195

2 39 25.41384615 0.807240411

3 61 38.29081967 0.792286789

[] 1] (3R] Y
dmSudoya Inis Tum15199 4.1, 4.2 1az 4.3 wause K-Means NaNingafonsiuasan

dad A v o d .. dad
1, HaYD? Fuzzy C-Means NANYAABAITIUATIN 1 LHASWAYBY Self Organizing Map NANYA

= a o’: o @ P
ADNITIUATIN 1 ﬁs‘mﬁﬂﬂiuﬂ'ﬁ'lﬁ‘ﬂ 4.4

] ]
o Lot

M13197 4.4 uaaswamssangudoya Iris Hafige

R.

$undait nquit | Swnumndnnelungy | sewwsay | daufsuunasgu
K-Means
1 150 78.94084142 1.25518479733985
1 50 15.2404 0.552094195
2 38 23.87947368 0.79272139
3 62 39.82096774 0.801419786
Fuzzy C-Means
1 150 79.11556667 1.26288292322676
1 50 15.2404 0.552094195
2 40 27.0575 0.822458206
3 60 36.81766667 0.783343972
Self Organizing Map
1 150 78.94084142 1.25518479733985
1 50 15.2404 0.552094195
2 38 23.87947368 0.79272139
3 62 39.82096774 0.801419786




442 wWam3SAnguYela Wine

1. MIIANGUUVY K-Means Algorithm

50

asdangudoyavosdoyn Wine Niifoya 178 dreths uazdmualisuay

¥ v @ { o o 1 o o 1
Aqu K iMny 3 lﬁfliuﬂﬁﬂ'ﬁ%ﬂﬂijul’diﬂ ‘ilzu’cTﬂQ‘H'l?l"lﬂﬂﬂi'ﬂNﬂﬁ%ﬂ:’;‘i’l%ﬁ')ﬂﬂﬂﬁﬂ'ﬁﬂﬂﬂqn

9 1 t:i o 1 o’: o d' d'
Youa uazmummmuumsgm‘lumiimmazﬂsq"lﬁ'mmﬂmmﬂm 4.5

M3197 4.5 uaAIwan1sIANgNYoYa Wine UL K-Means Algorithm

Sunssd nquit | $woaumndanmelungy | sz dhufisauumnasgu
1 178 2370689.687 210.991386328405
1 62 566572.5032 95.59427901

2 69 443166.7208 80.14178746

3 47 1360950.463 170.1657804

2 178 2370689.687 210.991386328405
1 62 566572.5032 95.59427901

2 69 443166.7208 80.14178746

3 47 1360950.463 170.1657804

3 178 2370689.687 210.991386328405
1 62 566572.5032 95.59427901

2 69 443166.7208 80.14178746

3 47 1360950.463 170.1657804

4 178 2370689.687 210.991386328405
1 62 566572.5032 95.59427901

2 69 443166.7208 80.14178746

3 47 1360950.463 170.1657804

5 178 2370689.687 210.991386328405
1 62 566572.5032 95.59427901

2 69 443166.7208 80.14178746

3 47 1360950.463 170.1657804




2. 19 ﬁﬁnfjmmu Fuzzy C-Means Algorithm

51

nmstangudeyavesdeya Wine NiiYoya 178 #rvd11 uazdmualisuau

’ L. L4 A b r \
AU K INNY 3, Fuzziness Degree (11101 2 ulﬂi'l\mﬂﬂ'li‘ilﬁﬂ’qmﬁ%‘% ﬁxtlﬁﬂﬂﬂﬁ'ﬂﬂﬁ;ﬂﬂﬂ

] ¥ ]
szgzmeswveamstangudeyn uazdnudsuuuinasgulumsiundazasalddemsen

15199 4.6

A13197 4.6 LLTAINDNTT ﬁ’ﬂﬂfjﬂ‘(’fﬂgﬁ Wine (111 Fuzzy C-Means Algorithm

$unsad nquit | Swoumndamelungy | semesw | dawdlssnanasg
1 178 2379535.426 211.878149352172
1 61 588105.6985 98.18898627

2 46 1308995.625 168.6903276

3 71 482434.1023 82.43085897

2 178 2379535.426 211.878149352172
1 61 588105.6985 98.18898627

2 46 1308995.625 168.6903276

3 71 482434.1023 82.43085897

3 178 2379535.426 211.878149352172
1 61 588105.6985 98.18898627

2 46 1308995.625 168.6903276

3 71 482434.1023 82.43085897

4 178 2379535.426 211.878149352172
1 61 588105.6985 98.18898627

2 46 1308995.625 168.6903276

3 71 482434.1023 82.43085897

5 178 2379535.426 211.878149352172
1 61 588105.6985 98.18898627

2 46 1308995.625 168.6903276

3 71 482434.1023 82.43085897




3. MIIANGULLY Self Organizing Map Algorithm

52

msvanqudeyavestoyn Wine iidoya 178 AeEN wazfmualdsuau

ﬂqu K Ay 3, Dimension MY 13 masuwamﬂaﬂqmam ﬂ“’llﬁﬂﬂﬁu'lﬁﬂﬁi'ﬂﬂﬂ

ITYT YI'Ni’J!J\lENﬂ'IiilﬂﬂQﬂ‘ilﬂuﬁ u,aumummmummg‘uu"lumiﬁutmazﬂsaWmmﬂm

mswn 4.7

M3ed 4.7 ueraawamsdangudieya Wine 111 Self Organizing Map

fundelt | ngudt | $noumndamelungu | szmesaw ddsauanasgu
1 178 2370689.687 210.991386328405
1 69 443166.7208 80.14178746
2 62 566572.5032 95.59427901
3 47 1360950.463 170.1657804
2 178 2370689.687 210.991386328405
1 69 443166.7208 80.14178746
2 62 566572.5032 95.59427901
3 47 1360950.463 170.1657804
3 178 2370689.687 210.991386328405
1 69 443166.7208 80.14178746
2 62 566572.5032 95.59427901
3 47 1360950.463 170.1657804
4 178 2370689.687 210.991386328405
1 69 443166.7208 80.14178746
2 62 566572.5032 95.59427901
3 47 1360950.463 170.1657804
5 178 2370689.687 210.991386328405
1 69 443166.7208 80.14178746
2 62 566572.5032 95.59427901
3 47 1360950.463 170.1657804
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[]
3 =y

dmSudoya Wine lum1319M 4.5, 4.6 uaz 4.7 Wavod K-Means Nanfiganon1ssu

Y ] ] Y ]
A597 1, HaYBY Fuzzy C-Means NANGARDNISSUATIN 1 1IATHAYDY Self Organizing Map 1A

] L ] [
Nigafen1ssunsan 1 awaadluaisnn 4.8

ci o t 9 . Ao
ATTNN 4.8 LAPINTNITIANGUUYDYD Wine NANTA
k4

sunsefl | nqudt | Swoumndanmolungu | semesay | dawisananasgiu
K-Means
1 178 2370689.687 210.991386328405
1 62 566572.5032 95.59427901
2 69 443166.7208 80.14178746
3 47 1360950.463 170.1657804
Fuzzy C-Means
1 178 2379535.426 211.878149352172
1 61 588105.6985 98.18898627
2 46 1308995.625 168.6903276
3 71 482434.1023 82.43085897
Self Organizing Map
1 178 2370689.687 210.991386328405
1 69 443166.7208 80.14178746
2 62 566572.5032 95.59427901
3 47 1360950.463 170.1657804
443 WAN1ITANYUYDYA Segmentation

1. MITANQUUVY K-Means Algorithm
msdangqudeynusadeya Segmentation Sivoyn 2,310 Aeths uazdmuald
o .1 1 4 o o 4 o
$maungu K i 7 diefuramsianguad szuaamiseaglnasssenisuveans

] L4 ] ]
danqgudeya azdmutisavuinasgulunmsiuurazasalddeasieinised 4.9



A15197 4.9 LARINANS 5ﬂﬂtjﬂ‘i’f€]gﬁ Segmentation 1{1J1) K-Means Algorithm

54

¥V

Sundsit | nquit | Snumndamelundy spmesay | dhwdisasnasgy
1 2310 389.3056043 1.046015142
1 327 46.18821276 0.375830224

2 236 31.46226487 0.365122831

3 383 55.83573291 0.381818286

4 330 59.03857874 0.422971375

5 157 24.1345214 0.392075332

6 580 146.1647814 0.502004227

7 207 26.48151221 0.298602312

2 2310 385.9393679 1.060711505
1 403 77.11530925 0.437439281

2 275 57.81276756 0.458506538

3 330 59.03857874 0.422971375

4 548 91.43789143 0.408481904

5 327 46.18821276 0.375830224

6 72 7.535041167 0.323501699

7 355 46.81156694 0.363130237

3 2310 394.7205973 1.074114447
1 177 16.75536764 0.307673681

2 153 23.58580856 0.392626555

3 366 67.47529263 0.429370147

4 279 58.25627826 0.456950615

5 558 96.36102953 0.415559884

6 376 55.23354995 0.383272409

7 401 77.05327071 0.438352364

4 2310 389.2794685 1.066558776
1 563 97.34683588 0.415821291

2 280 58.5770813 0.457388087

3 192 31.08699268 0.402382182

4 330 59.03857874 0.422971375
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A1TIT 4.9 (D)

$uned ﬂzjw?; Swaumnsnmelungu FETNNIW dnudoanunasg
5 398 76.45762625 0.438297375

6 370 52.50374503 0.376698837

7 297 41.67425123 0.374589568

5 2310 393.16458 1.094165552

1 256 30.94889428 0.347698315

2 364 66.31240059 0.426821889

3 252 54.81243169 0.466379298

4 489 81.47184209 0.40817776

5 330 59.03857874 0.422971375

6 335 43.00469359 0.358290692

7 284 57.57573902 0.450257121

2. MIANGULLY Fuzzy C-Means Algorithm

Y "9 g ) Ay [ 1 o 9/
msvanquisyavesdeyn Segmentation Ufsya 2,310 AI981 LAz mualy

o 1 (Y A 1w i o o 1 a3
VIUIUNQU K NN 7, Fuzziness Degree NN 2 lﬁﬂiuﬂﬁﬂ'l‘iﬂﬂﬂ’c]lllﬁiil ﬂzllﬁﬂﬂﬂﬁ'ﬁlﬂ

[l E4
ajnaszeznesauvoinsiangudeya uazdaudsuuuuiasgnlumssuurazaialdds

A15199 4.10

A13199 4.10 Llﬁﬂﬂﬂﬁﬂ’liiﬂﬂiﬂﬂi’l’ﬂy’a Segmentation {111 Fuzzy C-Means Algorithm

$undad nquit | $wawmndamelungu | semasaw drufisanumnasgiu
1 2310 373.6627879 1.064552599
1 354 0.38277881 51.86794463
2 294 0.452439981 60.18236926
3 331 0.381689466 48.22234672
4 352 0.418639192 61.69108801
5 330 0.422971375 59.03857874
6 337 0.429603267 62.19637181
7 312 0.312476095 30.46408874




13199 4.10 (#1D)

56

$unedi aquit | Swoumndanelundy sensy | daudvauuinasgy
2 2310 395.8394721 1.067068857
1 176 0.374200281 24.64454965

2 358 0.439102585 69.02636657

3 166 0.393925249 25.75939887

4 538 0.484215437 126.1419489

5 338 0.32710245 36.16465224

6 403 0.404319755 65.88020914

7 331 0.381689466 48.22234672

3 2310 373.6627879 1.064552599
1 352 0.418639192 61.69108801

2 354 0.38277881 51.86794463

3 312 0.312476095 30.46408874

4 337 0.429603267 62.19637181

5 331 0.381689466 48.22234672

6 330 0.422971375 59.03857874

7 294 0.452439981 60.18236926

4 2310 373.6627879 1.064552599
1 312 0.312476095 30.46408874

2 337 0.429603267 62.19637181

3 331 0.381689466 48.22234672

4 294 0.452439981 60.18236926

5 330 0.422971375 59.03857874

6 352 0.418639192 61.69108801

7 354 0.38277881 51.86794463

5 2310 373.6627879 1.064552599
1 354 0.38277881 51.86794463

2 294 0.452439981 60.18236926

3 312 0.312476095 30.46408874

4 331 0.381689466 48.22234672
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mmeii 4.10 (o)
$unded aquit | Swowandamelungy | semesan | daudfiosnanasg
5 337 0.429603267 62.19637181
6 352 0.418639192 61.69108801
7 330 0.422971375 59.03857874

3. MIVANYUUVY Self Organizing Map Algorithm

msvangudeyavesdoyn Segmentation ifoya 2,310 §10819 nazdmuald

° [ Y . . v W o a 3 <
§1urnnqu K 1118 7, Dimension iy 19 diesunanisdanguiads ssuaasmiiveagina

] 9 1
goznesvesmssangudeya nagdnudouuummsgulumsiundazaselddemisiad

4.11

M3199 4.11 UTAIHANS %’ﬂﬂt}'m’l'mql.ﬁ Segmentation 411J1) Self Organizing Map

$undaii nquit | Swaumndanelungu | semesau drndsauuumnasgy
1 2310 371.9955616 1.064122542
1 330 0.380267839 47.7191976

2 339 0.41640219 58.7794756

3 319 0.307143421 30.09352887

4 367 0.389417332 55.65402995

5 370 0.43132471 68.83517214

6 255 0.451036187 51.87557871

7 330 0.422971375 59.03857874

2 2310 373.4666176 1.059667566
1 327 0.375830224 46.18821276

2 345 0.418472959 60.41626811

3 262 0.287867041 21.71126746

4 413 0.390798825 63.07489699

5 374 0.432397272 69.92580796

6 259 0.452839968 53.11158554

7 330 0.422971375 59.03857874




A3190 4.11 (7D)

58

fundafl ﬂq'uﬁ nnumndnaelungy | senaesu dadissuumnasgy
3 2310 398.2762465 1.113288718
1 331 0.381689466 48.22234672

2 547 0.408872314 91.44558311

3 332 0.415767993 57.39052392

4 306 0.440885103 59.48018036

5 332 0.40302679 53.92695709

6 132 0.46687287 28.77207656

7 330 0.422971375 59.03857874

4 2310 381.2075534 1.090179922
1 327 0.375830224 46.18821276

2 352 0.432048676 65.70645262

3 319 0.307680975 30.19895877

4 384 0.394916269 59.88820201

5 434 0.428154968 79.55943773

6 164 0.497724767 40.62771078

7 330 0.422971375 59.03857874

5 2310 371.9843491 1.063465914
1 327 0.375830224 46.18821276

2 344 0.419716972 60.59984369

3 317 0.306407066 29.761637

4 363 0.387720557 54.56878453

5 371 0.432075668 69.26176116

6 258 0.451378299 52.56553124

7 330 0.422971375 59.03857874

dm5udoyn Segmentation Tua1519% 4.9, 4.10 LAZ 4.11 WAUDS K-Means "V’iﬁﬁﬁqﬂ
Aomsduniei 5, WaU04 Fuzzy C-Means ﬁﬁﬁqﬁﬁami%’uﬂ%ﬁ 1 UBTHAYDY Self Organizing

A

s
& o

Map NANGAABNITTUATIN

5 qauaasluaisisin 4.12



M7 4.12 uanIHaN153nqudoYa Segmentation AATIGA

59

Aundai nqud | Sawendnmelundy | ssmesa daudsuuunasgy
K-Means
5 2310 393.16458 1.094165552
1 256 30.94889428 0.347698315
2 364 66.31240059 0.426821889
3 252 54.81243169 0.466379298
4 489 81.47184209 0.40817776
330 59.03857874 0.422971375
6 335 43.00469359 0.358290692
7 284 57.57573902 0.450257121
Fuzzy C-Means
1 2310 373.6627879 1.064552599
1 354 0.38277881 51.86794463
2 294 0.452439981 60.18236926
3 331 0.381689466 48.22234672
4 352 0.418639192 61.69108801
5 330 0.422971375 59.03857874
6 337 0.429603267 62.19637181
7 312 0.312476095 30.46408874
Self Organizing Map
5 2310 371.9843491 1.063465914
1 327 0.375830224 46.18821276
2 344 0.419716972 60.59984369
3 317 0.306407066 29.761637
4 363 0.387720557 54.56878453
5 371 0.432075668 69.26176116
6 258 0.451378299 52.56553124
7 330 0.422971375 59.03857874
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444 WaMITANGUYDYQ Diabetes
1. MIVANGULVY K-Means Algorithm
[ ¥ . day @ 1 o ¥
mydangudeynveddoya Disbetes Niidoya 768 @061 uazdmuald
° v ' o 4 o o v (-]
fmaungu K vidy 2 dissunanisianguiade ssuaasmieeagimassszmesnueins

[] E 4 ]
fangudeya uazdnufisuuuinassmlunsiuusazaselddensi 4.13

M5 4.13 LAAINGNTS %’ﬂﬂdu%’aga Diabetes 1111 K-Means Algorithm

$unfail A fnoumndanolungy | sziesaw | daudisavnasgi
1 768 116.5493096 0.562154968
1 515 71.93626681 0.373740647

2 253 44.61304277 0.419923966

2 768 116.5493096 0.562154968
1 515 71.93626681 0.373740647

2 253 44.61304277 0.419923966

3 768 116.5493096 0.562154968
1 515 71.93626681 0.373740647

2 253 44.61304277 0.419923966

4 768 116.5493096 0.562154968
1 515 71.93626681 0.373740647

2 253 44.61304277 0.419923966

5 768 116.5493096 0.562154968
1 515 71.93626681 0.373740647

2 253 44.61304277 0.419923966

2. MIVANYUUVY Fuzzy C-Means Algorithm

mssangudeyavesdeyn Disbetes filldoyn 768 da061 uazdmuald

$1UNGN K 1AY 2, Fuzziness Degree 11111 2 tifoSunamssanguiads szuanaaniine
' k4

agmaszeznesamvesmsiangudeya  uazdaudsuuuinasgulunsuudazas1én

A5 4.14



AN 4.14 uarasnansiangudeyn Diabetes UV Fuzzy C-Means Algorithm

61

$unted aqudi | Swoummn@amelungy | semesan | daudisaunasg
1 768 117.1632893 0.561230602
1 460 60.97879309 0.364091463
2 308 56.18449624 0.427103261
2 768 117.1632893 0.561230602
1 460 60.97879309 0.364091463
2 308 56.18449624 0.427103261
3 768 117.1632893 0.561230602
1 460 60.97879309 0.364091463
2 308 56.18449624 0.427103261
4 768 117.1632893 0.561230602
1 460 60.97879309 0.364091463
2 308 56.18449624 0.427103261
5 768 117.1632893 0.561230602
1 460 60.97879309 0364091463
2 308 56.18449624 0.427103261

3. M3IANQUIVY Self Organizing Map Algorithm

nmisiangudeyavesdeya Diabetes Hildoya 768 F20619 nazdmuald

F7ungu K 11U 2, Dimension 0y 8 iiiesunanissanguia’s szueasmiinoagina

¥ 4 ]
szggnNTIveInsiangudeya sazd nudvaunsnasgmiums Suudazase l8dewmsedi

A1SNN 4.15

M3 4.15 udaswansSangudoya Diabetes 111 Self Organizing Map

$unsai Aguil dnoumndnnelungy | sz | daudlsaunasg
1 768 116.5604959 0.562028748
1 258 45.59681464 0.420394862
2 510 70.96368129 0.373020741
2 768 116.5540653 0.562049678
1 255 44.97345359 0.419960099
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m1ef 4.15 (o)
Sundad nquit | Swovandnmelungy | semesan | dadesunasgig
2 513 71.58061169 0.373541639
3 768 116.5493096 0.562154968
1 253 44.61304277 0.419923966
2 515 71.93626681 0.373740647
4 768 116.5493096 0.562154968
1 253 44.61304277 0.419923966
2 515 7193626681 0.373740647
5 768 116.5493096 0.562154968
1 253 44.61304277 0.419923966
2 515 7193626681 0.373740647
dmudeyn Diabetes 1um1197i 4.13, 4.14 uag 4.15 #aves K-Means Tinfifigane
ﬂ’]ﬁ’uﬂ%’{ﬁﬁ 1, HAYDY Fuzzy C-Means ﬁﬁﬁqﬂi’%mﬁuﬂ%’{iﬁ 1 tagWnues Self Organizing
Map ﬁﬁﬁa_fﬂﬁﬂmﬁuﬂ%ﬁ 1 faeraslumsteit 4.16

@13190 4.16 uaawan1sdangudoya Diabetes NANIgA

$undai nquit | Sawmndnnwlungy | semesay | daudivananasgig
K-Means
1 768 116.5493096 0.562154968
1 515 7193626681 0.373740647
2 253 44.61304277 0.419923966
Fuzzy C-Means
1 \ 768 117.1632893 0.561230602
1 460 60.97879309 0.364091463
2 308 56.18449624 0.427103261
Self Organizing Map
1 768 116.5604959 0.562028748
1 258 45.59681464 0.420394862
2 510 70.96368129 0.373020741
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LY 1 a a o 3 Q‘l’ 3 o §
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A3ANY1 K-Means Algorithm, Fuzzy C-Means Algorithm ({0 Self Organizing Map Algorithm

o A ® 9 [V d’l
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