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ABSTRACT

This research proposes a new neural network, Unified Adaptive Resonance Theory

Neural Networks (Unified ART), for clustering text and numeric data. The neural network is

based on Fuzzy Adaptive Resonance Theory and document similarity concepts. Hence, Unified

ART is an unsupervised neural network which has ability to clustering both text and numeric

data. Unified ART can work directly on textual information without text transformation into a

numeric value.

The research also conducts an experimental with generated data, zoo data and flags data.

Each data-set is clustered with three algorithms: Unified ART, K-means and Hierarchical

Clustering. The experimental results show that the proposed neural network has ability in

clustering. An evaluation of the proposed algorithm is almost similar to K-means algorithm.
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2.1.1 Hierarchical Clustering Algorithms
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2.1.2 Partitional Clustering Algorithms
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Algorithm Basic K-means algorithm.

: Select K points as initial centroids.

repeat
Form K clusters by assigning each point to its closest centroid.
Recompute the centroid of each cluster.

until Centroids do not change.

31 2.3 K-means Algorithm [17]
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2.1.3 Artificial Neural Network for Clustering
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THE MaJOr STRUCTURES OF THE NEURON

The neuron receives narve impulses through its dendrites, It then sends the nerve impulses
through its axon to the terminal buttons where neurotransmitters are released to stimulate

other neurons.
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M31an 2.1 dgyanuainldlu ART

Notation | Description

1 uwnm?euﬁmgﬂ

X ﬁagan?mmnmfuﬁ' F, Layer 1aufi x = (X ey X )

b, /w, Bottom-up weight

1w, Top-down weight

p M1 Vigilance Parameter FaiifusififmunaszaunnundionisvesInsaie
c S Tnuauu F, Layer n3adniundmaes

" i1 Choice Parameter Tautn@vzdiAuilu 1 @ M3y Fast Leaming
T, AIIMIAIUIV Choice Function YN F, Layer

Y 1INIAD3 VDA Choice Function UL F, Layer
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2.4 manfSeuneunnunaendaveaena1s (Similarity Measure)
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b. ﬂaagaﬁ":muﬁxﬂuﬁmam%u 19U $1UIUYAT6 AU
c. Yoyaduaviiiugae i szozmia 10-15 Alawas
2. qmﬁnﬁﬁﬁeﬂmmw (Qualitative Features) fio
a. Yoyaiuiiudoni wu & uae
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c. doyaiiiugavesdoyn iy winugiilavarsinaranszais <50, salavas,
508, 501>
3. In59a319909@115 (Structured Variables) 1HUSNYUZYDINITHIWNDA 13U 50
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Initialize: MNetwork Parameters

C =0

maxC = max cluster
while (X not empty) |
Learning Loop:

get x:
new = true;

comparing x to each output node {
comparing feature to feature {
T(x.wl)=5(x.w_,)
IXA\"JII
if (Num rfeature) T(x.w,)="—a—F
a+lw_,"

foreach cutputnode j:
foreach feature of x.
if (Text reature)

}

Y, = sum T'(x,w ) of input x
}

Do. Matching comparison

reset = true:
while (reset) | :find a winning node
comparing feature to featuxe |

foreach feature of X:
if (Text rfeature) M(x,w;)=S(w.x;)
X AW

if (Num feature) M(x,w,)= " "

x|

)

Z, =sum M (x,w ) of input x
J = index of max ¥,

K = index of max Z,

Do: Vigilance testing

ir Z, < p {
if ¥, >=0{ :find new candidate
¥, =-1
new = false:
reset = true:
jlelse| :mll candidate reset

if (C <= maxC){
Y,=-1

new = true:
reset = false:

lelse|
J = K
new = false:
reset = false:
1
}
Jelse {
new = false:

raeset = false:
1

Do: Update Weight

if (new) |

newlNoda(new) ;
foreach feature of X: |
W, =X
e, =F
}
jJelse|
update feature memory |

foreach feature of X:
if (Text feature)

U(x,w,)=(xww,)

reJa-ﬁ: ffw,ex
U(x.e,)=4¢, - B if w, ex
E; if xew,

if (Num feature) U(x,w,)=(1-08w,+ B(xaw,)

}
w, = U(x,w,)

e;=U(x.e;)

}

1
Do: Und iail
of data not pass vigilance >= (& percent of data)|

if no.
decrease vigilace with A
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3 Exidi Sorcerer B&W TV  Z80 48 4 57-63 | 4 60
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o o o
— Swuadamesgega =3
4 g0 i 1 -
— nlofidunamgavesdoyai luru vigilance = 30

— 1 Vigilance = 0.7

— manidadudmivdoyaiatonm - 0.5
— 1 Learning Rate = 0.2

- m Vigilance decrease rate = 0.02

— dmnuseumsisous =30
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@ ' a ~ Y A A ) : v
namssanguAugtivwezuallfivhs Tanniuiios K-means 1az Hierarchical AR

{ T | o ' [ 1 ' =
A15190 4.2, 4.3 1AL 4.4 MUAIAY mw:mmmﬁwnquﬁ'w K-means “lﬁmmmgnv’faq A

ngn Awmaalugli 4.3

:i [V ) Y a = Vv o A
M13197 4.2 LAAINANTIANGUYOYA Generate 1500 YARIWYIIYIvOzIAL WIS Tmniunes

Swmmndniianlundas Cluster
Class 1 2 3
1 0 0 500
2 60 436 4
3 457 43 0

Entropy = 0.34008

Purity = 0.92867

F-measure = 0.92885
Distance = 1.8259 * 10"

H o ' 3
FITiNﬁ 4.3 LOAIWANTT nﬂnqwﬁ'ay’a Generate 1500 YAAIU K-means

snumngniianluusay Cluster
Class 1 2 3
1 0 500 0
2 9 0 491
3 481 0 19

Entropy = 0.12123 F-measure = 0.98134

Purity = 0.98133 Distance = 1.2451 * 10"

M3190 4.4 UAAINANITIANGUTDYA Generate 1500 YAARIY Hierarchical

Swuandniianluudas Cluster
Class 1 2 3
1 38 318 144
2 84 279 137
3 117 237 146

Entropy = 1.55860

Purity = 0.38733

F-measure = 0.40520

Distance = 2.1141 * 10’




47

- a "y Y =) kY a A a o

1INA1319N 4.2 uaraawamistangualsgivhoezuadiiws laniumes Tavadmaes

dludumuvesdioyanarad 3, 2 uay 1 A@IRD M3190 4.3 LARINANTIANGUAIU K-means
A o o { o e { el 1

Fandeaos uAunuvenaIah 3, 1 1Az 2 MUAIWD A15190 4.4 HaAINaNIIIANGUAIY

Y o Y —“ o w
Hierarchical IﬂUﬂﬁfﬂﬂﬂﬁlﬁﬂﬂ']!iﬂﬂﬂlﬂ\l‘ﬁﬂ%ﬁﬂﬁ'lﬁﬂ 3, 1 uaz 3 Mmuaeuy

@ Unified ART
m K-means
0O Hierarchical

Entropy Purity F-measure

517 4.3 uamsnamsisziiulsedninmueamsiangudoya Generate 1500 %A

4.2.2 oy Zoo

g/ = 3 o A A o @ 9/ q’a
H030%A Zoo HYoYATTINIM 101 YA FealVOINVONAUANHULYDITDYANINA 16

b4 q‘.dl

= o = = o a - A 1w d a : Ay o’: A ]
Wived Taoil 15 Wwesiiludeyayaunin 0 wie 1 ovenhidaiviimiuiifivesiunse
[l [ a o = = o 9/ :l’ ] 9 & 4
daudoyaiFaiuavil 1 e Tavdoyayatiawisoutseen iy 7 nara deannsaaind
THﬁﬂ%Buﬂa‘lﬁ‘ﬁ http://www.ailab.si/orange/doc/datasets/zoo.tab N30 ftp://ftp.ics.uci.edu/pub-
¥y ¥ i
/machine-learning-databases/zoo/ NIUAINIT avuunls znnvesilines 1t
= ﬁaagauﬁu 1éun Hair, Feathers, Eggs, Milk, Airbone, Aquatic, Predator, Toothed,
Backbone, Breathes, Venomous, Fins, Tail, Domestic, Catsize
9/ a o g
—  UDYAHIAIUAY ‘lﬂllﬂ Leg
— doyanara Taun Type
a o c; Aﬂ' ' é '
MNAMIANSINTYA Zoo AIANTI 4.5 Hay 4.6 Nuaasdumilsvosdoya nud
= o Y ' & ﬂ d A " @ . A, oo A e ¥
Wiwesvesdeyadiuniiuunmsinumovenideyadatrviaruiifweiiunie lu v

foyaaw1snlinanesdanguain K-means 11ag Hierarchical Clustering 18
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Gi Y " 9/ a ' 9 =1 P
AN 4.5 llﬂﬂﬂﬁ?ﬂﬂ'l#ﬂlal‘!ﬂ 10 MIDUALTNUDIVDY YA Zoo Wivoini-g

Name hair | feathers | Eggs | milk | airbone | aquatic | predator | toothed
1 | aardvark 1 0 0 1 0 0 1 1
2 | antelope 1 0 0 1 0 0 0 1
3 | bass 0 0 1 0 0 1 1 1
4 | bear 1 0 0 1 0 0 1 1
5 | boar 1 0 0 1 0 0 1 1
6 | buffalo 1 0 0 1 0 0 0 1
7 | calf 1 0 0 1 0 0 0 1
8 | carp 0 0 1 0 0 1 0 1
9 | catfish 0 0 1 0 0 1 1 1
10 | cavy 1 _ 0 0 1 0 0 0 1

q‘l o (] kY Y] U 9 = o/
A13197 4.6 1AAIAID019T0YA 10 AIDU1ITNVDIVDYAYA Zoo WivDIN9-16

Name backbone | breathes | venomous | fins | tail | domestic | catsize | legs
1 | aardvark 1 1 0 0 0 0 1 4
2 | antelope 1 1 0 0 1 0 1 4
3 | bass 1 0 0 1 1 0 0 0
4 | bear 1 1 0 0 0 0 1 4
5 | boar 1 1 0 0 1 0 1 4
6 | buffalo 1 1 0 0 1 0 1 4
7 | calf 1 1 0 0 1 1 1 4
8 | carp 1 0 0 1 1 1 0 0
9 | catfish 1 0 0 1 1 0 0 0
10 | cavy 1 1 0 0 0 1 0 4
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daumianaasanuuitominaue ilesnInsswannsosudoyadonim1a

= (= o 9 9 o 9 o =) s u‘.: - o 9 o
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msdsudeyayduie 15 Hes Willudeyadeniuiliveside iiesnindoyans 15 Wives
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uurﬁuﬂ'ﬁﬂi"]i]ﬁﬂnﬂﬂllﬂlzilﬂ\'lﬁﬂ'l Tﬂtl‘ut}ﬂ'ﬂummﬂlimiuu mm’mnuugﬂnmmimﬂﬂ
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ms i lvAaduiionnvndiesgll Medrasud deyaiiiu (hair, toothed'} vzminoiiivn

=t
uaziify
AEER . el s g e e et fassy S .
1 \Data Hame CHI&;—L Eggs milk  aithone aquatic predator toothed -
i 1 aardvark 1 U 1 iy : o
3 2 antelope 1 0 0 1 0 0 0
4 3 bass 0 0 1 0 0 1 1 .
TE|  4bear 1 0 0 1 0 0 ; TEXT: 15 features
B 5 boar 1 0 0 1 0 0 1
b2 6 buffalo 1 0 0 1 0 0 0
8 7 calf 1 0 0 1 0 0 0
9|  Bcap 0 0 1 0 0 1 0 NUMERIC: 1 feature
0] 9 catfish 0 0 1 0 0 1 1
A1l 10 cavy 1 0 0 1 0 0 0

1 ! | featmel _feature2

z 1 aardvark  hair,milk predator toothed backbone breathes catsize 4

=B 2 antelope hair milk toothed backbone breathes tail catsize 4

TEXT: 1 feature 4| 3bass  eggs,aquatic,predator toothed backbone fins tail 0
_§_‘_| 4 bear hair,milk predator toothed backbone breathes catsize 4

. B 5 boar hair,milk predator toothed backbone breathes tail catsize 4
NUMERIC: 1 feature 28 B buffalo  hair,milk toothed backbone breathes tail catsize 4
8 7 calf hair,milk toothed backbone bresthes tail domestic, catsize 4

&5 8 carp eggs Aqualic toothed backbone fins tail domestic 0

511 4.4 uamamsgusnilives

o <2 = o = @ oAy a o o 4
asiulunisnanesdsgusauiivesawmanlugiin 4.4 vdufedoyayauna 15 Wives

¥ ¥
e 1 o o

a - P [ a o [ A A o = 3
1ANNNA1 0 M50 1 Tavaindeyayauiuld 1 nnensliives iy uaz 0 wnwedsdeyadad

aQ

t 4 ¥
o ar (Y 1

o e Ve 1 a4 d 1A oA et o
aniuhififlinesiiueg Aredrurudoyaues aardvark Mudnydwdiu 1 #1903 hair, mailk,
e 4 - ¢ 4
predator, backbone, breathes 1A% catsize A4WHYBYAVD aardvark 1WoguINW05UAD Nz 18
del .
Wmmﬁﬁwmm%y’mﬂu { hair, mailk, predator, backbone, breathes, catsize }
Tumsnaassianguaiegivhoezuadiin Tswiuies smuaausududmsums
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Soudvealassioilu
¥
— S Tnuaududunniawes =2
o o 4
— NUUAANADITPIGA =7
sd oo 9 P N E.
— wesisuaiigavesdoyai s vigilance = 30
- m Vigilance = 0.7
== 3 ¥y o o 9 a 3
—  MANTAIAUTIMTVUIYAIFIVOAIN = 0.5
— M Learning Rate = 0.2
- m Vigilance decrease rate = 0.02
° = 3
—  WIUTOUMIEOUG = 30
o v 9 o = v o A % 3 ar
namsianguAlegiivhvozualnvis Tauniuhes K-means 1az Hierarchical LTAIA

{ o w & =] v o U = = :
M1319N 4.7, 4.8 Az 4.9 MUTIAY Faezmumsvangualoytivhoezuad ivhs Tahuies
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Yo . d:; q' s i Y dd‘
1A F-measure uag Purity Anga luvuziin1s9anqualo K-means %A1 Entropy #figa

aanaaalugii 4.5

MM 4.7 udaananssangudeya Zoo Auyiivwezualiineg Tyuiuiies

Sumndniianlundas Cluster

Class 1 2 3 4 5 6 7
1 37 4 0 0 0 0 0
2 0 0 20 0 0 0 0
3 0 2 1 1 1 0 0
4 0 13 0 0 0 0 0
5 1 0 0 0 3 0 0
6 0 0 0 0 0 8 0
7 0 0 0 4 0 1 5

Entropy = 0.46001 F-measure = 0.8811

Purity = 0.89109 Distance = 148.9901

d‘. [ "8 v
AN 4.8 LAAIWANITIANGUUDYA Zoo AU K-means

§nananBniianluusos Cluster

Class 1 2 3 4 5 6 7
1 0 7 0 0 31 0 3
2 0 0 20 0 0 0
3 2 0 0 0 0 2 1
4 0 0 0 0 0 0 13
5 0 0 0 0 0 4 0
6 0 0 8 0 0 0 0
7 4 0 4 0 0 2 0

Entropy = 0.44709 F-measure = 0.80597

Purity = 0.86139 Distance = 181.8216
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M3199 4.9 uAAINANIIANGUTBYA Zoo A0 Hierarchical

$wumndnfinnluudas Cluster

Class 1 2 3 4 5 6 7
1 0 0 3 37 | 0 0
2 0 0 0 0 20 0 0
3 0 3 0 0 2 0 0
4 13 0 0 0 0 0 0
5 0 0 0 0 4 0 0
6 0 0 0 0 8 0 0
. 0 0 0 0 6 2 2

Entropy = 0.82882 F-measure = 0.78198

Purity = 0.79208 Distance = 485.1269

DNA19T 4.7 taaaramsandudavgiivhvezualiin Taudhuiiel Tavadanod
udaumuvesdoyanmiaii 1, 4, 2, 7, 5, 6 unz 7 AWIAD A13197 4.8 UAAIHAMITANGY
A0 K-means TﬂUﬂﬁ"ﬂma‘ﬁi’fluﬁmmmm%y‘aﬂamﬁ 7.1,6,2, 1,5 4z 4 MUAINY 19199
4.9 naAIHAM3TANGUAIY Hierarchical Tavadmmodiiudumuvesdoyanaiaii 4,3,1,1,2,

7 1ag 7 MUAIAY

@ Unified ART
m K-means
0 Hierarchical

Entropy Purity F-measure

U045 uamananisisziivlsz@nsnmveanissangudenya Zoo
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4.2.3 Y030 Flags
=) o 4 u’: = = ot
Yoyasya Flags Hdoyasiuau 194 4a Fail Fivesvianua 28 Hived Taviiis ieein
9 9 1 =) [l 1) a  w o = o [ .:1”
Wudeyadonuuazdeyaydu drudeyadsdnaviismom 10 Wives Tavdoyayatiawse
: & = : g
wiseenldilu g aara dsmnseainiivandoya’ldn - hup//www.ailab.sis-
orange/doc/datasets/flag.tab N30 ftp://ftp.ics.uci.edu/pub/machine-learning-databases/flags/ nail
»
ﬁ'liﬂ‘iﬂﬁ1tlﬂﬂﬂ5:1ﬂﬂﬂﬂiﬁlﬁ]ﬂﬂaﬁﬂﬂ
— doyadonaw 1aun landmass, zone, language, mainhue, topleft, botright

ot %’aqauﬁu 1Aun red, green, blue, gold, white, black, orange, crescent, triangle, icon,
animate, text
— ﬂﬂylmﬂqnwﬁ"nm 1aun area, population, bars, stripes, colours, circles, crosses,
saltires, quarters, sunstars
— doyanara 1Aun Region
=) o ld' J ] A =}
1INN5ANTIU0YA Flags AIA310 4.10-4.13 nudoyadiuniiaiiudeyaydu
A v 9 e o n‘: =) =] o Y ° 9 9/ w oy
1Wﬂﬂﬂﬂ?1ﬂﬂy’ﬁuﬂl‘ﬂﬂ‘5u1\lﬂiE)NIIJL‘BNlﬂU'Jﬂ'IJ‘UﬂHﬁ Zoo Ylﬂﬁﬁ'llﬂiﬂi‘ﬁ‘ﬂﬂﬁﬂﬂﬁ]ﬂﬂquﬂﬂﬂ K-

means 0% Hierarchical Clustering 10

=i Y " Y ar ] 3/ = o’
131491 4.10 llﬁﬂ\‘lﬂﬂlﬂﬂ’lﬁ"ﬂﬂy‘ﬁ 10 MDY NUITNVOIVDUDYA Flags ‘ﬂﬁ]i’]iﬂl-ﬁ

Name landmass | zone area population | language bars
1 | Afghanistan 5 1 648 16 10 0
2 | Albania 3 1 29 3 6 0
3 | Algeria 4 1 2388 20 8 2
4 | American-Samoa | 6 3 0 0 1 0
5 | Andorra 3 1 0 0 6 3
6 | Angola 4 2 1247 7 10 0
7 | Anguilla 1 4 0 0 1 0
8 | Antigua-Barbuda | 1 4 0 0 1 0
9 | Argentina 2 3 2777 28 2 0
10 | Argentine 2 3 2777 28 2 0




] o ' o ' ot
M13197 4.11 UAAIAIDIITOYA 10 AI001915NYBITOYAYA Flags Wivesn7-14
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Name stripes | colours | red green | blue | gold | white | black
1 | Afghanistan 3 5 1 1 0 1 1 1
2 | Albania 0 3 1 0 0 1 0 1
3 | Algeria 0 3 1 1 0 0 1 0
4 | American-Samoa | 0 5 1 0 1 1 1 0
5 | Andorra 0 3 1 0 1 1 0 0
6 | Angola 2 3 1 0 0 1 0 1
7 | Anguilla 1 3 0 0 1 0 1 0
8 | Antigua-Barbuda | 1 5 1 0 1 1 1 1
9 | Argentina 3 2 0 0 1 0 1 0
10 | Argentine 3 3 0 0 1 1 1 0
M9 4.2 nansiedadeya 10 F1001913n¥03903aYA Flags Wiaa3i15-21
Name orange | mainhue | circles | crosses | saltires | quarters | sunstars
1 | Afghanistan 0 green 0 0 0 0 1
2 | Albania 0 red 0 0 0 0 1
3 | Algeria 0 green 0 0 0 0 1
4 | American-Samoa | 1 blue 0 0 0 0 0
5 | Andorra 0 gold 0 0 0 0 0
6 | Angola 0 red 0 0 0 0 1
7 | Anguilla 1 white 0 0 0 0 0
8 | Antigua-Barbuda | 0 red 0 0 0 0 1
9 | Argentina 0 blue 0 0 0 0 0
10 | Argentine 0 blue 0 0 0 0 1
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" o U LY 1 ot
M990 4.13 nanaiaedadoya 10 1061915NVDI4BYAYA Flags Wive5N22-29

Name crescent | triangle | icon | animate | text | topleft | botright | religion
1 | Afghanistan | 0 0 1 0 0 black green 2
2 | Albania 0 0 0 1 0 red red 6
3 | Algeria 1 0 0 0 0 green | white 2
4 | American-

Samoa 0 1 1 1 0 blue red 1
5 | Andorra 0 0 0 0 0 blue red 0
6 | Angola 0 0 1 0 0 red black 5
7 | Anguilla 0 0 0 1 0 white | blue 1
8 | Antigua-

Barbuda 0 1 0 0 0 black | red 1
9 | Argentina 0 0 0 0 0 blue blue 0
10 | Argentine | 0 0 o |o 0 |blue - |blue |0

] '
@ A o &

daumsnaneaiuuIisiniuaue tesninInssiivannsaiudeyadoninnd

v o

b
Tavasadehisinnuiniudeaasdoyaiiiudnaylaoms lddusyau dniunuiseldn
o = - o ' 4
malfudeyaydueoniludeyadenim 2 Wwes Tasiivesusnionquuosdoyad Fsdh
Yoyaitlu { red, green, blue, gold, white, black, orange } wnmwidinnd uazdeyadnnquio

@ W o

Y] 4 v v . . : 2 Ay w ¢
TYoyadyanym mﬂwﬂy‘mﬂu { crescent, triangle, icon, animate, text} WHNWDINTYANH
¥y v
MAINIMuA
Tumsnanesianguaogivhoezualine Tauduiies smuamisududmiuns
Gouiveslasiioilu
L
o v o 4
— I THuAUUFUBUNNIAIWeS = 18
— $wundmaeigega =8
sd oo Y] Ag 1 L
— nesiruadmigavesdeyai Ik vigilance = 30
— m Vigilance = 0.7
e Y o w g a g
— MANTAIANTMIVYeYAFIten W = 0.5
- m Learning Rate = 0.2
- m Vigilance decrease rate = 0.02

— $wuseunsizous =30
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HamitanguAloytivwezum)iivhs Taurfuiiie K-means uaz Hierarchical 1aRN

A o w & g 1 o ' a ] ¥
M3 4.14, 4.15 10T 4.16 MUBIAY FazUIINIIanguAgiivhvezuallfinis Taudy

v
o

o3 1 Purity L18& Entropy ﬁﬁfjﬂ 'lwmzﬁmii‘i'ﬂnijnﬁ’w K-means 1911 F-measure aﬁ'c’[ﬂ
Awanalugii 4.6
P [ 'y = = £ o o [ d
1NMI190 4.14 uaaswamsdangualsgtivezualins lsuduies Taovadmaes
Wudumuvesdoyanara®i 8,2, 8,8, 1,2, 1 uaz 5 MuMAD M350 4.15 uaananIsIangy
) 4 a o Sy Y1 o A w o
A0 K-means daiindmaesn iannsovenldiiiusumuvesnaialafendmanin 2, 7
uaz 8 Tavadmnesh 1, 3, 4, 5 uaz 6 Wudumuveadoyanardi 6, 2, 2, 2 uaz 1 AudIAY
M3 4.16 HTAINANITIANGUAIY Hierarchical Taondmnesiludumuvesdoyanaraii 1,

8,1,1,1,8, 1 U8z 1 MuUMAY

M3 4.14 ugasansiangudoya Flags Aaogiivhoozua) s Tauiies

SumnFnfianluudaz Cluster
Class 1 2 3 4 5 6 7 8
1 11 1 8 6 16 1 11 6
2 0 12 5 2 2 14 0 1
3 0 0 1 1 3 3 0 0
4 1 0 0 0 0 1 | 1
5 0 6 5 0 0 1 0 15
6 1 1 4 4 4 1 0 0
7 1 1 0 0 0 2 0 0
8 12 2 11 11 1 0 2 1
Entropy = 1.7909 F-measure = 0.39195
Purity = 0.52577 Distance = 8.8967 * 10’




M13190 4.15 LAAINANTIANQUADYA Flags A0 K-means

Suammndnitanluudas Cluster
Class 1 2 3 4 5 6 7 8
1 3 0 3 5 1 46 2 0
2 0 4 4 8 4 11 3 2
3 0 0 2 1 0 5 0 0
4 0 0 0 1 0 2 0 1
5 0 4 4 7 0 10 2 0
6 2 0 0 5 1 7 0 0
7 0 0 0 1 0 3 0 0
8 1 2 3 4 1 24 3 2
Entropy = 2.2715 F-measure = 0.39554
Purity = 0.38144 * Distance = 1.5505 * 10"
3197 4.16 a3 Sandudoya Flags §90 Hierarchical
SmmaFniianluuaas Cluster
Class 1 2 3 4 5 6 7 8
1 7 22 4 3 6 2 9 7
2 5 28 0 0 3 0 0
3 0 6 0 0 1 1 0 0
4 0 3 0 0 0 0 1 0
5 4 23 0 0 0 0 0 0
6 1 14 0 0 0 0 0 0
7 1 3 0 0 0 0 0 0
8 1 29 0 0 2 6 2 0
Entropy = 2.1946 F-measure = 0.29499
Purity = 0.36598 Distance = 8.6290 * 10°
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@ Unified ART
m K-means
O Hierarchical

Entropy Purity F-measure

14 4.6 namswamssziiulsedninmveansvangudeya Flags

4.3 aywaminaaes
nnminaasssangudoyaluiaded 4.2 nisdanqudeyn Generate 1500 ARy
vwozuariwis Tasduiines Wnanmsdsziiulse@nsnimdoan Entropy 1111 0.34008 M
_ 1 v 1w & Q4 b < d o
Purity 1911111 0.92867 11221 F-measure 111111 0.92885 FaaAafaiin1ugnAne 92 nlesisua
o " o 1 \ o o A y
namsdanguisnansliiiuidazadmaesveiludunuvesnaralanaraniia o
nfSvuiivuanugnAeveIn1ssaNguAIY K-means 11ayHierarchical wu11 Iianugndes
sd o ¢ d o o w o ) o oA o
$lu 98 Wesidud naz 40 WosiFudaud 1Ay ¥ K-means 1inamsianquiniiudumuves
P { [ da '
amalanaraniia Tuvaen Hierarchical Hunndmaosn iawisaszynara’la
4 ﬂ. ; e o
ifinanndioyaya Generate 1500 yaluyaiiadniulaonsanvugmsdouiuves
W A~ v o Y Y o 3 o P a o
Yoy AelimsFounvvesdeyadeniulunaiain 2 uaz 3 uazdeunvvesdoyaiFduay
AR 2 uag3 wWornIanHamstanguuayiivhvezualindwmsan 4.2 nundeyanaid
P [ L do A W ¢ @ = o ¢ A A4 a
2 uaz 3 gnnszawliladmaesameg uandlindamosnanfivsndmaesiavl doNnsan
d 4 ) . - 4
m31an 4.3 Fuilunamsdadeyadio K-means nuhannsansndoyanaiai 2 uag 3 ¥
¥ @ =) A a o 9 ¥ . i [ o 3 1
mydeuriudeyalad uaziioRarsanansdadeyadio Hierarchical A9m1519% 4.4 wuan'laj
aunsousnaaai 2 uaz 3 senvindu lddsziiinldnindeyanaraii 2 dauluajazgniali
1 o S 1A [V ) 1 ' o o @ Y w s
oflundmaein 2 wuAnInunudeyadiulngvesnarad 3 Ngndalieglundmnesi 2
msianguivdoya Zoo Aregivhuezuaiiws Twudwiiies  TWwamsdszidiv
Uszaninimdionm Entropy AU 0.46001 A Purity 11111 0.89109 1Az F-measure (1111
& o ' <] s 1 e '
0.88110 Faneraadannugnaeslumsianquia 88 nlesidua nanisianguimaasliiiium

1 1Y 4 ﬂ o 4 A =4 S J 3 o
LAfEAaaADIl uﬂ’mﬂu%ﬂﬂﬂﬁ1ﬁ1ﬂﬂﬁ1ﬁﬂu~) ﬂJBl‘lJ‘iU']JmU‘LIﬂ"IﬂTI!Jqnﬂl’N‘UiNﬂ'l'i'Bﬂ
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' ' ¢dd o ¢dd o
nNauAIY K-means 1Az Hierarchical i 1anwgndeuilu 80 nlesidud uaz 78 nlesisua
o & o " [Y 1 as &
awa ey naznansianguez Idndmaesnitludumuvesnaralanaianis
o " = ¥ 4 a
nstangqudeya Flags  Aogtivivezuaiiws Touduiiies  Idwanissziiu
Y52aNTNIMAIUAT Entropy 1111101 1.79090 A1 Purity IMIAY 0.52577 11aA1 F-measure (NN
& a o ¥ sd o o s ¥ o 1oAY e e
0.39195 Fauamasdalindmgndes 39 wesua Tavadmanin 1 Iiwanisdanqui ludiin
A - Y o s a 1A a a (- & 4
iieanindunindmaesvziudumuaaiah 8 uaniimunFnvesnaran 8 LudnTanilaves
a o ' 1 g ' o < ' 1 o d o
amnFnanua uatsedislswansdanguidaaaldituiudazadmaes suiiudunuyos
4 A o a ' ¥ g ' ; ;
analanaraniia WenlSouonn1nugndeausan13§ANguAIu K-means iiazHierarchical
' fd o s d o o o & . .
wuh Wanugndoaiiu 30 wesidus nay 29 nlefidudand Ay ¥a Hierarchical 1¥ian1s
o ' i o & o = o dlg 1
fanquitdludmunuvesnaralanaranils luyaei K-means Turandaaosn iannsosey

ama'la

M99 4.17 taaanamsmslsziivdseantnmuesdanes iumieg

Data Algorithm Entropy Purity F-measure  Distance

1.Generate 1500  Unified ART | 0.34008  0.92867 0.92885 1.8259 * 10"
K-means 0.12123 098133 0.98134 1.2451 * 10
Hierarchical | 1.55860  0.38733 0.40520 2.1141 * 10°

2.Zoo Unified ART | 0.46001 0.89109 0.88110 148.9901
K-means 0.44709 0.86139 0.80597 181.8216
Hierarchical 0.82882 0.79208 0.78198 485.1269

3.Flags Unified ART | 1.79090 0.52577 0.39195 8.8967 * 10"

K-means 2.27150 0.38144 0.39554 1.5505 * 10°

Hierarchical 2.19460 0.36598 0.29499 8.6290 * 1()a

a o " [ b . = ar
MIYsINNMITTANGUUDI Generate 1500 11 Zoo AU Distance 1HHANADANADINY
M w as HAq v a g ad A ) ' o
F-measure ﬂaaanasmﬂﬂNnmsﬂszmumu F-measure AN9¥31 Distance Y AIUNDINITIA
' s 9 > = ' = . L) -
NANYDA Flags MITANGUAIY Hierarchical THA1n131)52151uR0 Distance 091 Unified ART

3 t 4 o
natinnmInaassfiudeyans 3 gadaaswanmsysziiulsedninmdeisaeg

=

£
o ar @ ' ad 1 ar { l&
Aa31N 4.3, 4.4 uay 4.5 Muannsoagdramsvangu 1dd1035msa1eq 1ddan131a9 4.10
o ' o ' = - a4 Ao o
uaasldiinudmanisdanqudaogivhvezualiins Tsnhuiesinnugndeslndifvsdiuns

o I z i o a o ﬂy
IANAUAIY K-means Tudoyana 3 gamimmanesluamidvil



59

a o ~t d o 3 a 1 [ a 4
M3199 4.18 naasi uWRe s naImsulasveyad miumInanoARZ AN INY

fnuflisesnasmsmlaadoya
Unified ART K-means Hierarchical
1.Generate 1500 6 48 48
2.Z00 2 16 16
3.Flags 18 28 28

4 ' = a1
A15197 4.19 1LAAIAT Gain Ratio Vo903 e1 luggadoya Zoo

Wives Gain Ratio Gini
hair 0.30 0.08
feathers 0.46 0.14
eggs 0.37 0.11
milk 0.39 0.12
airbone 0.29 0.08
aquatic 0.18 0.03
predator 0.09 0.01
toothed 0.49 0.11
backbone 0.39 0.08
breathes 0.33 0.07
venomous 0.16 0.02
fins 0.28 0.07
tail 0.30 0.06
domestic 0.02 0.00
catsize 0.17 0.04
legs 0.25 0.08

FY w adq 1 - v 4 v ¥
Tavlumsnaasadivdaneinuaesziinszuaumsmlasdeyaive liannsaldau
Yo Y- o’: A . 3/ s/ o ar ' a a8 = o - 7
Tdfudaneiiuiug daihldgadeyadmivminaaeslunaazdaneiiueziisuouilivesn
¥y ¥ [

Ty elimsdangudeyadendiuiiK-means 10z Hierarchical vzApaudauilunnmes

' S o o q¥ 1 a <y v o VoA Y A a
nowiu dniidudazfivesdesadanninesvina lngesesiudoya luvazigivhoey

Y A 3 s ] o A 4
uaAns TS szanso 19w 1dnun Tas lude s asidlunnmnes #391na15199 4.18



60

=] 1 Y 1 a o o'q @ " 9
wanaliimudgivhoezumliims Tsuduifes annsaiwnlszgnaldlumsianqudeyald
3o o (=YY= 1 4 o [ )
Taul#31mauinnsioond135n150u TuAAINIT00AANUFUFOUYES K-means  11AE
. . A v ¥ o q ¥y & o &
Hierarchical NnazAnalasdoyasuiideyatinnudugouniniu
¥ ¥ . ] ¥
watinnnamsnaassfudeya Zoo Nluaitelinanisiangui@nd1 K-means 11y
= = o = = ¢ A A 3 ¥ = o o &
lumsnaaealimsgusiuiiwesnnyau 15 Wiwesmaoivaveyavennuinesinel &9
2 as 6 o = o’z Vo = o =] [
mieufuitiunisaannudidyveilinesiiugas uddanailioosves legs Fuudunvndns
o Y w n’: § o o o =1 g Y o w ] ') 1
I dniumedannudinguesiinesindeya legs anudAydomsianguinu
o Vv @ N ¥ A [ ¥y o o o o w =) ¢ ' i
mldwansdanguesnuignasanie L 39 ldimsiaszAuanudiAyvealinesAI0A1 Gain
= 1 s — A4 v d (=] daa " " A v A
Ratio 1MWAAINII199 4.19 Fauaaalfiiud W90 NIAIGain Ratio gagAND toothed 1UAD

o7 legs T ldiuTwesidinygegalunmsdandy



UNN 5

a :4
a‘gﬂmmn%mmsﬂmmummz

5.1 agdwanuivy

awv Al Yo ad a ' Y ] =1
il Idinaueitmsdangulasldnannisves Taseviolszamionuuyile

= a Y a d 7 o ¥ - ¥ y G
Fozuadiins Tanduiios unlszgnanunisminaundionisvoadona1u@u Similarity
o A ° 4 o ' o ' ] o
Measure 737 Idinauennds 9 li Inssiioiinnuannsalunsianqudeyaniiilives
Wludeyadoninuuazdoyaidaiuav1dlavawisafudoyasunniiiudeniuldlavasa

- 1o a a w 3 3 fedw Y 3 : =
Tavi s uiludoan)asdunynIdidudeyaiFednay  Maiiiveshsudeyadoniuniui

n.r

Snuazilusmiudoauisosunguuesi aiuitelisanesiundangiusuilgennaui

@

v
— 029U INUN

" 1 o” o ] ) o o = é L ' =)
‘Fl'lfl’Nu'l'H‘Llﬂ‘l}BQIﬂ‘N‘lﬂU‘ﬂtﬂJLWUQ"J{ﬂLﬂU’J “H»‘luﬂﬂﬁ'Ni]'lﬂIﬂi wozualnws ey

[
=S a

9 = av da 7q 9 ] (Y] " o ' 9 4 P |
uuumusmmmzﬂmﬂunnmsﬂizqnﬂﬂmwwmnm'ﬂumsnﬂnqnﬂau‘.amwumma
v

¥y ¥ ¥ L
min 2 ge Netiwumsldmnanihmindfivagaieniu Inssiodndinnuamiselu

¥
o ' o a a v o (% J I's
NTIANQUBYLYULAY 'IﬂUﬁIJ']“]iﬂ‘UﬂQﬂ']ﬂ'J\'Ill']ﬂllﬂ‘\lf)\iuﬂaﬁilﬂ'ITIT!VIIHUﬂfﬂﬂﬂiﬂlI‘ﬁlﬁu
as " as ¢ A :’ o ] "
msmuH?alﬂummmammaumazﬂaﬁmm "]Nﬂ'lﬂ"NU'lﬂUﬂ‘UfNTﬂ'iQ“Il'lUi'l«lﬁ’JH‘lJi’]wﬁ,l‘ﬂll"ﬂ

~ o ' w v o do o @ o ' °
ﬂ?ﬂﬂ'ﬂna]zllﬂ'lilﬂ‘]Jﬂ'I?zﬂﬂﬂ?'l‘”ﬁﬂwu'ﬁﬂ'lﬁlﬁﬂ'lﬂ'lﬁﬂﬂﬂﬂigﬂ"ﬂﬂ'l"lllﬁuwu{ﬂiﬂﬂllﬂﬁZﬂﬂlﬂa

3/ b 9/
dJouadoniula

— m vigilance
ar ¥ =4 [ ' ] S LT = 3 [
szAuAuadndslunmsianquueslnsaiolsyamifionss 1901 vigilance 1ilusia
4o ' P - v W a ' w '
u)5Af1MuARAT Threshold  Faa1u3deil 1d1TudanesnuvesInsevioiaruisolsuaan
vigilance AWAMMINZ AN INTIWIUTOYAN IHIUNMINATOY vigilance ALITIDININHATIY

-

¥ ¥ v
MmanuadwadsvesmsuSouioudeyadunnivaiarniminlundazasaziia linsi
¥ v
waziiTomaunndt 1 aaiulumsdmuan vigilance Saldmsianasoinargagainidiuly 14
YDINATINAINIINAA WA
— PwuInuaveslnsevi
o ' q’; a J ' e a as = o" —
$uTrnuavesTaseiolududunmezduegiunisiisandnyazvoaviines laoh
4 o 9 £ a g ¥ g '
nmssineslszandeyadeniwervezmnzanluuensd wumsinudeyaludnuuh

=

- ety ‘o & Y = ' = "« da & .
uﬂiﬂ1ﬂuﬂlﬂﬂiuu‘1 qfqﬂ'lu'JuI“ugwuﬂﬂaauﬂﬂﬁan']i15““%‘]3‘1Tﬂ53‘"1!]ﬂﬁ3‘““ VIUIU



62

n’/ a 1w e ny/ = [ o ; n!: 's

TnuapuFusumesmaezify s wIu TnuayuFuduyn daudiouTnuauuduemnym
J 1 =] ] - 9 (r=1 : 'S ° s
wnagiumsisouveslnsaiw Taosuduey hill Tnuavuswe mynuazinwemyne
a J A ) a [ . ‘o s A ll hly 2
uiuseuedeyadunn iHMIMAde vigilance uas e MmMunaziin 1y 1dsuds
¥ ' "
I Tnuagagamniuie hildidadlgmiswounguinniu luagilynimsiwngu
13007 v030LABUNN

aw 9 o A = a = o al o 4
Q'lu'.lﬂtlvlﬂu'llﬁuﬂﬂ’liﬂﬂﬁﬂﬂl?‘fﬂﬂizlnuﬂi:ﬁ‘ﬂﬁﬂ']ﬂ'l]f]ﬂﬂﬁﬂﬂ‘)"ﬂu“u'llﬁuﬂllﬂz1@]

v ¥
= o S =) "

o = =) ar o = é o J Y a Vv

minmsulSouiounudszaninmvesdaneiiuou Taowanisdangui Idiudedinldna
= o A o = A:i o =

andealndiAeariy K-means Failudanaiuiy Partitional Clustering #i 185uA W0 1Az

o v dao o ' ' ) o o P
Nﬁﬂ'li‘i]ﬂﬂfplﬂﬂ@uﬁﬂﬂ‘lﬁ’!ﬂ‘N'ﬂllﬁﬂzﬂﬁﬁlﬂﬂi Qzlﬂuﬁjll“uﬁ]ﬂﬂﬂﬁ']ﬁ‘lﬂﬂﬁ'lﬁﬂ1N

k4 o Aaw ¥
5.2 'llﬂli’ﬂl't)lluzl!ﬂ%llu)ﬂ%ﬂuﬂ]ﬁ'ﬂljﬂﬂﬂﬂ

[Y ak 4. [} ¢ A w A ] @ v g P
danesiuiminauemwsarh hhlszgndieanniduniesiio lumsdangudoyai

¥ o
o -

'\ a4 o A o ¥ o - ] v 3 .
2UVINYIUNITUANEUZUBYDNHAINAWY Tﬂuwunuulmﬂumﬂm'sﬁﬂm Symbolic Object

9 3/ R kY a @ 9 ] a e dv [
| 31J5$ﬂﬂﬂvl‘ljﬂ'lﬂﬂlﬂl‘!ﬁﬂlﬂﬂ'lll VoUaIWINNAY uawagmmmﬂume JUIBUATHNIT0TY

=
u
4
%Y
3/ 9 3/ a w v n‘l’ 24 ﬂ = a w 1 o vog d‘ﬂ
VOUAVDAIVLUASVDUALFIANUAVINIUN B mwuam‘muwmm"lﬂqmﬁmﬂqumagﬁm u
Symbolic Object

L
o ° = 3/

natiganasnuminausianuaisalumsdangudoyaniinisdouny (Overlap)
A r Al d'd 1 o "] L] u’:
Faliwamsdanquiiinnugndssroudiagannnmsnaassiudeyadiedialasluduneu
- " ] a : a o " ' g’ @ ]
mMsiBoudFsnInssnisezimsmy TnuauuduemiynuazlSumalrniminegaasana
' ¥ v
Wufe Insavelinnuilu Plasticity nazTumsiSoududazsominmarniminvesInsaviodl
9 A & da 9 = ar Ca=1 9 .:{y o A 1 =1
U TN Fanina lvaui¥nvesnamaai tuul Idunanale vune Insavioiiniy
Stability
Y A:Iy Y] = L | [ ] Yo 9 -:; . .
qﬂmuuummﬂum‘swwmﬂmwﬂﬂﬂamsﬂmiﬂsww'lmwm,;amﬂu Symbolic Object

A o v o " a Vo
iinsnniludnuuzdoyaniiogesaiiny 18Ty



Y a
1PNA1ID 1D

[1] Cabena P. et al. Discovering data mining from concept to implementation. Prentice Hall

PTR. 1997.
[2] Lanrene F. Fundamentals of Neural Networks Architecture, Algorithms and Application. New Jersey :

Prentice Hall International. 1994,

[3] Gowda K.C. and Diday E. “Symbolic Clustering Using a New Similarity Measure.” IEEE Trans. On Syst.,
Man, Cybern., vol. 22, no. 2, March/April 1992. pp. 368-378.

[4] El-SonBaty YA and Ismail M. A. “Fuzzy Clustering for Symbolic Data.” IEEE Trans. On Fuzzy Syst., vol.
6, no. 2, May 1998. pp. 195-204.

[5] Carpenter G. A., Grossberg S. and Rosen D. A. “Fuzzy ART: Fast Stable Learning and Categorization of
Analog Patterns by an Adaptive Resonance System.” Pergamon Press plc., Neural Network, Vol. 4,

1991, pp. 759-771.

[6] Freeman A.J. and Skapura M.D. Neural Networks: algorithms, applications, and -
programming techniques. Addison-Wesley. 1992.

[7] wwgnido udiFaugalsnd 2539 “msdraeamsnanlassilszamifiou-Artificial
neural networks simulation” AINIIMUTINIMAATIMNIURAA A1ININOINS
aouunesuazmaluladmsauma Tauaaineds, aonjumalulaowszvound
Wgunmsaimnszi,

[8] [Online]. Available: http://en.wikipedia.org/wiki/Neuron

[9] [Online]. Available: http:/faculty.washington.edu/chudler/cells.html

[10] Dave A. and George M. 1992. Artificial Neural Networks Technology. [Online].
Available: http://www.dacs.dtic.mil/techs/neural/neural.title.html

[11] [Online]. Available: http://medusa.sdsu.edu/Robotics/Neuromuscular/Theses/Hongyu/ -
chapter3.pdf

[12] M. Narasimha Murty et al. Jan 2004. Clustering Large Symbolic Datasets. [Online].
Available: http://www.ceremade.dauphine.fr/~touati/workshop/PDF/-

18 _Clustering_Large Symb Datasets Narashima.pdf
[13] 103 ana gAnsiiaLna 2546 “winTswadaTalemuihseainGinlaoldnnszuy

] a ) oa o = a = o
msf%'uui'uuﬂﬂn” INVTUNUT NI TATUHIUUNA ﬂ']ﬁﬂ’)‘]i']’)‘l’lﬂ'lﬂ'liﬂBHW’Jlﬂﬂﬁe



64

uazmaluTadmsaums Yausiainodo, aoniumaluTagnszeeuindudigunms
21AN3TIA.

[14] wivaufa nau@ue 2547 “m3nisnguienais Iaoldimatianisilszulanadeniudiy
TaseholszamifouiiGouduuumdug noriinus imnmaasuumiudia aw
Frimemsneunanesuazma Tuladasauma dusainode, aoniuma Tulad
W3Z0UNANNINUNMITAIANTZIA,

(15] wwusiesug Sungas 2547 “Wnozuatlims Towhuiifsoamiaiin” Tnoriinus
MM aasunIiuma NI IMMneuNunesuazma TuTadms aume
Vaudiainnae, aoniuma TuTatwszseuindudgunmisaranszai.

[16] Murphy, P.M. & Aha, D.W. (1991). UCI Repository of Machine Learning Databases. Dept.
Machine-readable depository, Information & Computer Science, University of California
at Irvine, CA. [Online]. Available: http://www.ics.uci.edu/~mlearn/MLRepository.html.

[17] Pang-Ning T., Michael S. and Vipin K. Introduction to Data mining. Addison-Wesley.
2005. [Online]. Available: http://www-users.cs.umn.edu/~kumar/dmbook/index.php

[18] AK. Jain, M.N. Murty and P.J. Flynn “Data Clustering: A Review.” ACM Computing
Surveys, vol. 31, no. 3, September 1999. pp. 264-323.

[19] A.M. Bagirov et al. “Unsupervised and supervised data classification via nonsmooth and
global optimization” School of Information Technology and Mathematical Sciences, The
University of Ballarat.

[20] T.V. Ravi and K.C. Gowda. “Clustering of Symbolic Objects Using Gravitational Approach”
IEEE Trans. On Syst., Man, Cybern., vol. 29, no. 6, December 1999. pp. 888-894.

[21] Dinesh. M.S. et al. “Classification of Symbolic data using Fuzzy set theory.” IEEE Trans. On
Knowledge-Based Intelligent Electronic Systems, May 1997. pp. 383-386.

[22] R.S. Michalski and R.E. Stepp. “Automated Construction of Classifications: Conceptual
Clustering Versus Numerical Taxonomy.” IEEE Trans. On Pattern Analysis and Machine
Intelligence, vol. 5, no. 4, July 1983. pp. 395-410.

[23] M. Blume and S.C. Esener. “An efficient mapping of Fuzzy ART onto a neural architecture”
University of California at San Diego. Neural Networks,10(3), 1997. pp. 409-411.

[24] B.V. Robert Pieter Schotema, Customer relationship management the ultimate guide to
the efficient use of CRM. SCN Education, Vieweg , 2001

[25] G.A. Carpenter, S. Grossberg. “Adaptive Resonance Theory” Cambridge, Massachusetts:
MIT Press, September 1998.



MARHIN

= W ci Yos o a d 1
AN HIDBN 1S UM IANNVINSUNS



66

- awv 'd d = a -1 v a e o 9
YNNI RODITDIVIAIU LA ITNIU NIFYITIAY, “guﬂwﬂxuﬂﬂnmsTmuuumusmmumam
a o b ¥ . . . .
IIAAAVUDTVIYAVDNNN,” The 9" National Computer Science and Engineering Conference,

UTCC, Thailand, October, 2005. pp. 763-769



67

The 9" National Computer Science and Engineering Conference

October 27-28, 2005

University of Thai Chamber of Commerce, Bangkok Thailand
Organized by:

Depariment of Computsr Englneering, School of Engineering,

Uhvershy of Thal Chavmber of Commercs

In Cocperation with:

El=crical Enginessing; ElecTomics, Compulsy, Teeommunicatons
and Fiormation Tachnoiogy Asscdaion of Thaland [ECTI)

IEEE Communications Sodsyy, Traland Craper

Sponsored by:
Urheerslly of Thal Cramber of Commernce

Mationa Elsctorics and Computer Technokgy Canter (NECTES)
Sun Miomysiems {Thaland)

©3 Leatmio Pulilz Company Limied

Frarson Educstion indoching Limitsd

The OOA Group



a A, o s 2 4
givhuezuainslumhanesdmIudoyai suaviazdoyaton i

Unified Adaptive Resonance Theory Neural Networks
for Numeric and Text Data

e aofosidant na: 1wl mguar

- -~ - 03
iz ma TuTada s muma, anriuma uTadwszaemnd udrnamms amns: i

ATINMNUHIUAT 10250

juthamss@inet.co.th’ worapoj@itkmitl.ac.th’

unfinto

s 3ieiinmue Tnsavdss e misugin
pzundins Tvnshuiied Faimuriuio a1 ums
nqudoye TavanniazosiutoymFadnavias doya
fonaw Tnsaviedaninms SudgailyFozuntiin
i3 Tl (Fuzzy ART) unlszgnd 195 udums
wisuivunwnd1ends (Similariny  Measure) 94
mhfTasewewsadangufoyadonaw dlnense
Tag Tidosmimiadiuds ooy ainsnaney
anurunsnvedInsavie Insshninaraumsizond
ﬁunq’ui’aynﬁﬁﬁu"‘;:ﬁ'mﬁmwuwua']?nsn‘w
aunsongnANLiAnd 11va«oya Tneinngy 1ded

gndas

Abstract

This paper proposes a new neural nerwork, called
a unified adaptive resonance theory neural network,
Jor clustering objects whose feature values may
combine numeric and text data. The proposed model
is based on the concepts of fuzzy ART neural
networks and similarity measure of symbolic objects.
The proposed model works directly on textual and
numerical information without mapping objfects onto
some representations that have guanfitative features.

The inputs of the proposed neural network can
directly receive bath a texmal value and a numerical
valve without mapping the text value inte a
numerical value. The preliminary experimental
results are shown the unified adaptive resonmance
theory newral nenvork can correcily clustering data.

Key Words: Neural nerworks, adapitve resonance
theory, data clustering, dara mining.
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Initialize:
L. p. Default Degree
C«0
while (X not empty)
Learning Loop
{
get x;
new = true;
loop j = 1:C
Y, = T(x.w.)i
loop i = 1:C
|
J = index of max T
if Mix.w;) > p
{
W = Ulx.w,):
new - false;
break:
]
else
T, = -1
H
newlode (new) ;
)

31 2 urmadaneTilien T Unified ART

i’mnlvﬂqnﬁ'mmdudmﬁn 2 A A8 Botom-up
Weight (Forward Coenection) WD Top-down Weight
(Backward  Connection) Wil IRB Teuilinmuems
Aoudoazwinduhimaidanimin 2 ¥A M0
imuithaenisignn s i mindesyaides §a
Winavoamadoufinige)

Unified ART WAMIAOVINART 3aTnsaaire
Unified ART uitasiaguil 1 'iau'iui.‘uﬁuqm:ﬂa:nuu
TdreTnuas1aq Fauda: Tuuavuodudos
ABBNUBENTD feoture famuniniulffadeya
donmunzdoyaiuny ‘lus:umhf'qm: Yiznoudaw
Tnuadiaq Juin: Tnumnnefanguueadeyante
cluser 7 Tna¥ 1A 18 S aninoud d2u Weighs
Consection  Wanisidradmtniiiluanuiiwes
Tassswil¥ndeufuazuisenngudoua Tan
ynilime i1 et muinanslumaed |

tunnifeufssdrudumusaneifukeyudl 2 eecdi

fafdu NEWNODE(ew)  damanodanizinuInua
a_ a4 s a 4 ¥ .

nfynniefviwaungy TaoTuuniinye: bis
. . »
AufududrBunmivios faiffadfFuit g luns
fhu‘mi:mhmmhzmmmi'mgahﬁ'
o Joyaiidusuny

- Chice Fuaction Amiudoyafidudnay

T(x,w,;)=S(x,w,)

- Mstch Function

M(x.w )= S(x,w,)

- Update Function

Us.w,)=(1- 8w+ Blxaw,)
o Joyeiiudeny

= . » - »
- Choice Function i udpyafiiiudenim
T(x.w,)=S(x,w,)
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- Match Function

M(x,w,;) = S(x,w))

- Update Function

Ux,w;)=(xww,)

{10z Update Function #1170 Degree ¥oafoyaksil
e, +a:

U(x.e,) =18~
default degree: if x & w,

ifw,ex
ifw,ex

Faw: iU degree Woglusao Tnofwnnm
Arirmannndt 1 esediubiiviniy 1 uezdiianioonis
o st ity o Tnoluns@iif1 degree voadoya
iuo l:m1‘!:quunannn'[mmﬁmmi’mﬁn

4. HAMINAADY
'lurmnnnaam-x|?uuflﬂn'h¥'am1m1’nnmuum

ianguld ool af1nnngudoyaiimun

etaquin 100 ya Farlaznoukaenudnyusiiy

donnmunrdnavoiieay 2 1 Inodoyonuude

nammmaiuaverfoya FaummalugUi 3 Tavl
ApfIn] class AOMUIMAVYRANGY
noufveslnisinlasd i vgilnce 1y
0.6 unzAAnI AUy 0.7 WinaEnsFauanaluman
iz Fuduihlanwennnsodangeldgndvafo
nenvoadoyanTe Chuster Alm i lfu v
Foynnn clas: 2, Luaz 3 mwdy
Tunwifolfihmamaneunaialaemadmuari
viglance w07 upzAAnIGuAudu s waau
nanpaunmabinfuhiddnianumieuiuveadoyn
1umsnaui'u'l#agm§miu‘:ﬁuﬂumiuﬁuminnu ¥a
nguvealnsito Taeithiinnunduvealn: iRy
dauzifuis

Tmahwmusodanguifidy 4 ndy Taadudoyasin

1
windu Fuananadnd luaiaail 3

class 2, 1, 1 1Az 3 mud Ay
y ¥ » »
Wati luruv0anoduy Fearure HuABA NN
1 a d - 4 ﬁ- .
|mnwm¥annmmuuf FINAD template  UYDINTY

n'nqﬁ;ﬁmmm:ﬁuufﬂuﬂmuiw

Cluster  Featurel Feature2 Feature3  Featured No. of data frem
Classi  Class2  Class3

1 [k mn} [ ;. mm.mm) 0.8028 09813 0 36 0

2 [ac.gh) {snccddgghh]  0.0000 08785 33 0 0

3 {uy.Lr) {owvvarssit) 03827 0.6916 0 0 kb

A3 2 ueraanan1aivuivealaz sy Tavdmuad vigilnce = 0.6

Cluster  Featurel Feature2 Feature3  Fearured No. of data from
Class]  Clasal  Class3

1 (k.ma) (3. mm om} 0.8033 09813 [] 36 0

2 (b} {hh} 0.0169 08785 3 0 0

3 (agh) {an,cc dd gghh} 0.0000 08785 30 ] 0

4 fuv,tr) [ vy gs.it) 03827 0.6916 0 0 31

a3 uamanamsdeuivoslaisie Taofmua vigilance = 0.7

s apl
a aa - 2 ¥
it lddumueiinniangudeyaTlan
dargnATassiodszamifisuun: manlfomiiou
auadwadunld doi i Tasseiduaued
’
anumwalun i nudidoyaddeanuua:

foyndaoy Tnedmivdoyaidadonmmnfummnin
W lATaehifesfimmunadoyadey
HailnavnsminanomanaliifuiiTnsavie
awodouidoyaildluminaceulda Tas
gunsndangudoynfeiugnies
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