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ABSTRACT

Clusterings are methods to group a set of objects into clusters such that objects within the
same cluster have a high degree of similarity, while objects belonging to different clusters have a
high degree of dissimilarity. Several clustering techniques for objects whose feature values are
numerical values are well known, Several technique such as k-mean algorithm, nearest neighbor,
decision trees and neural networks are proposed for clustering such objects. Recently, clustering
problems are extends for document clustering. To cluster documents by using conventional
techniques each document has to be mapped onto some representations that have quantitative
features. This mapping use several time in processing and may cause data to’loose their real
meaning.

The Text Processing Kohonen Neural Network is extened ability of Self-Organizing
Feature Maps. The Text Processing Kohonen Neural Network works directly on textual
information without mapping documents onto some representation that has quantitative features
and can assigns cluster labels to the objects. By modifing competition and Synaptic Adaptation
process of the proposed neural network with the concept of dissimilarity measure for symbolic
objects, The proposed neural network can directly receive a qualitative value without mapping the

qualitative value into numerical value and can cluster the objects.
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2.6 Conscience Algorithm
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1. Find the synaptic weight vector I, closct to input vector X'

Lganiey

||X—W,.u= min”X —IVI"_ j=l2.. N
j ;

2. Keep a running total of the fraction of time, p ,that neuron j wins the

competition:

new old old

p; =p; +8(y,-p;)
where 0 < B <1 and
d if neuron j is the wining neuron
e {0 Otherwise

the p, isa initialized to zero at the beginning of the algorithm.

3. Find the new wining neuron using the conscience mechanism

"X - W,,“ = m}'nd WX =1 u =il

where bj is a bias term introduce to modify the competition; it is defined by
b, =Cf ]
Y Pyt

where C is a bias factor and /N is the total number of neurons in the

network.
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D,(4,,B,)=

Span Length of A, and B,

msuSouiiouTuie span

_ |Length of A4, - Lenght of B,
D‘(Ak,Bk)=| £ k g A|
Span Length of A, and B,

Length of A, fio 9umeea lunuania 4,

Span  Length of A, and B, ﬁﬂi‘ﬁu')uﬁl@ﬁﬂ'ﬁ‘ld"ﬂuﬁtﬁﬂiuﬂ"IS union maaamauﬁﬁ A,
uay B,

Length of Intersection of A4, and B, ﬁﬂﬁ?u’mm@&ﬁ1ﬁ1d‘]clu“ﬁtﬁﬂium‘i
intersection VOIAMIULA A, waz B,

TasanuuanA1asmvesnautia 2 auaud 4, waz B, vzmldan

D(4,,B,)=D,(4,.B,)+ D (4,.B,)

ANVUANATIVDADNTT 2 1ONT1T A LAY B e
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o .
D(A.B) = D(A,.B,) dwsvonmsilauaulia d quauia
k=1

ﬁméwmimmmmmeiwuammm‘i

I
=

N3 Doc Yssnoudionmautia 2 auauiadail
Doc =Title X  Keyword

o ' v o o o

f10g19vYavUENMs Doc 1HuAIn1e1an 2.1

M99 2.1 naAIRIvEteyaveuenals Doc

[GIGEF) Title Keyword
Docl a,c,d,g c,d,i,j
Doc2 g k,m,n 1,m,n

AMUUANA1UD30NAT Docl uaz Doc2 w1ldan

HATINVDIANINUANAIIUDY feature UARE feature 1UBNATT WUAD

D( Docl,Doc2)= D( Docl,,,, ,Doc2,,, )+ D( Docl,

Kevword »

DOC?’KQ\'MHH )

TAgAMUIANATG v0 AR feature 11 1AV INNATINVDIAIMIANA1A 11T span LB

UANAT1A1UIFA content WUAD

I Docly,, . Doely, =D ( Doel,, .Doc2. )+ DA Docly,. .Doels. )
Lag
D( Doc ]K"-""""‘f -Docz"\'li“*"f'cf ) - D\( DOCIK(:r-mm‘ 1D0cz.‘.’¢-_\ word ) + D(( Doc Ixt'.mrm.f sDOCZKt‘J word )
ATl
4 —4 444 —2%(] 6
L Doel,,. Doed,. |= | | - ‘ ( )| _6
4 7
Lag

4 -3 4+3-2%(1)
D( Docl Kerward ,Doc2h‘|,“,,m, )= o + — =]
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v @
AIUU

DX{ Docl,Doc2) = 1.857

TasaadamsiianuveslnsaviotszamiNeuuyy Self-Organizing Feature .
4 : o 4

Maps(SOMs) naziurAas pamsTeufouanum Nounuy paENAIIIWNING lnnsia

Y04 consciencve algorithm %zqnﬁmﬂ%’iumaﬁ‘mumm Text Processing Kohonen Neural

Networks(TPKNN) 49z na1ana luswazivealuuni 3



=
VNN 3

Finlisisadalalamutiiseaiadsa

o a a 2 ad .
maldsadelalamuunisoaiiasa(Text Processing Kohonen Neural Networks)
a < ad 4 1w - e ¥
i fiasearinGsafiufu1591n910 kohonen self-organizing feature map 1agniinalnms
$1197UUD4 conscience algorithm WagiIAARLITUMIUWS sUIToUAILANA1ITEHIN
3 i a <o a qy ar a g 5

symbolic object Wszgnditelifiasoatiaisafiannsoiudoyanidudonin1dlasas
o : Y] a [ a = " [
i ansnaatuasulumsdsundoudoyaliidudeyadalfinauadanednsoinm

9/ 9 a W 9 9 = =1 ad dv W o )
anumIveaveyalinudvey 1a Iasaasiaved tiseamialsaliuaal ladagii 3.1

y

gﬂ‘fl 3.1 uanalAsaasanITnINUV0 Text Processing Kohonen Neural Networks

3.1 mnlsagadalamuiinseatindsa(Text Processing Kohonen Neural Networks)

1 ¥
Text Processing Kohonen Neural Networks aane 11liaziSondedn TPKNN

[

UszneudioapIdIundnfodIuved input unit X e ldaei
X =(x,,x2,...,xd)T

CII "ﬂ o e . . X & ' Y Ililw =]
AUITUIUAUTAVUAVDI input unit LAZEIUUD Y output unit U LAAIU

I’Vj = {1|)”=‘l1f__ ..... . “JJI;}
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' . wad
Wy = A Weight vector Y94 neural W, auauuan k
¥ ¥ . . 3 4 ' v ¢ o ) “
doyaril X 1 input unit FuFouaosdaauysainy Tuann lualu output unit ¥ (§ui

A e : o ¥ & oA N &2 a Yo a
LHOUIEN I input unit N1 output unit A9 weight vector FIUUIN ladail
Wy = {(Aigrs €r s (Aigas €4z )seeees (A ey,))

Ay, Ao qualitative value Y93 weight w,,

€., ' = €., o " R .
# flo AIAAIANUANTNVDA A,.kp # TiA15En190 09 1 lag e, =0 M qualitative value

A

' o ' § - = =,
4 WATudmniiwesdoyadh 7 ae Tuvsil e,, =1 &1 qualitative value 4, Hu

o

anFnveatoyai 7 eg1aauysel

= b4 ar acg

3.2 NITUIUMSIIUUIVDIDANDIHN

N5LUIUMSI50U3 YD TPKNN HUM5¥e10R2 1011150993 Kohonen Self-
Organizing Map Tudauves competitive learning TAUMIANUIUIAAYDA conscience algorithm

a o o =1 wada 1 : < . . Y | 2 e
saznfaneIfumsssumsuauauianlavesieyailuuuy qualitative 191 11 Fah
Toanei TuilannsodansMudeauuy qualitative 18 laonse TuadUATINUYDA
w as Yo o =
danessuensouaas ladagli 3.2
3.3 MINIUVDI TPKNN algorithm

M1311914°83 TPKNN algorithm Usznovdiodiudidn 2 dau Ao

3.3.1 @IUVDINITI cu:npetitive learning

<3 1 P = a 4 '

Lﬂuﬁ’sunﬂszqnﬁumﬂmm conscience algorithm HAZLIUIAALITDINITHIAIAIIY
HANAIIYOADNATITINUATZUIUAITH wining neural U943 competitive learning Tay

¥

Usgnovdreduneudiney 3 funoudaiifie

w '
L2 =

g W. 2a & v o ¥ v P
UYHABHN 1 n_h«!ﬁ’] neural output ! W“ﬂ?_lnlﬂuﬂuﬂuﬂu‘ﬂagaﬁn input X '1J—1ﬂ°l"|f1'ﬂ T_ﬁﬂn.ﬁ

MIAUUANATITIVUDY feature AR feature VDA input X' A1 neural output 7, Taony
HANAIVBIARY feature 2M1 A9 IANATIVYBIANUANA 1A TIFS span LAzAMULARA1I 1L

1% content

d
lX -w||=> D(x,,w,)*E

k=1
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i e s W . R
1: Initialize weight " in each neural output ~ ' . Each weight can be initializing from the

training data arbitrarily.

Wo=0w,, wpew}
Wi ={(Ayp ey i) (Ay s ey, (A €p))
w

" . 14 k
* = Weight of neural " feature

4 th 7

Ay _ Member P of "k

&) : Ay
#r = Degree of membership of ~*”

I~

: While stopping condition is false, do step 2-6
3: Draw a sample X from the input distribution with a certain probability. For each input vector

- " . )7
X = (%) Xg0e0 %) , Do step 4-6

4: For each output unit * ' *, Compute
d
"X - VK” = ZD(xk, W) *E
. k=1

d = number of feature and £ is defined by

PP
D

A_ew, Nx, e, . . A
where " T Tk Tk Fikp is degree of membership of % and D = Ze,k

e X-wy. .
Finds index ‘!’ such that " ’” is minimum.

517 3.2 nemsdanesiuvos TPKNN

'

) , ' X, e . W
FIMIMIAINIIVUANA VD feature ¢ 71U weight vector % 111d91n
Dix,,w,)=D.(x,,w, )+ D (x,,w,)

' ' a o . W ¥
Tavarnnuuanaialuiga span U1 feature & fiy weight vector =~ * nlann

\Length of x, —Lenght of w,kl

D.ix,w,)=
sipalfge Span  Lengtl: of x, and 1w,
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- . . . 14/
5: Keep a running total of the fraction of time, i that neural

new

1

where 0 < B <1 ap4

=p¥ + By, -}

newron I is

i
“win the competition

):JM)

hneuron

wining

¥ if
= 0  otherwise

6: Find the wining neuron using conscience mechanism
o
R— o *
X -mw|= m[m(z D(x, wy ) *E-b)
k=1

where b is defined by

)|
b=Cl3:~p)
oy 7. ;
where C 1s bias factor and N is total number of neurons in the network

7: For all weights that connect to the wining node I and its’ neighborhood (n) .

fold) - .
Wi Xy if

(old)
wtk

“)(m.'\r) _ re AJ’
ik - g
: Otherwise

And
fleg +n) if
{ new old .
elkp ' = f(elkp _’]) {f
2%n if

Ay, €Wy Mx,
A,kp gw, NXx,
Ay €ex, (W N x,)

Where 10 is defined as below:
x if 0<x<l
fi(x)=< 0 if
Ly

8: Continue with step 2-7 until the stopping condition is true.

x<0

x5

5U7 3.2 (A0)
" v rl = xk [ . ],p‘* ulg.l
HAZAIANNULANATT IULYI content VO3 feature N weight vector % W1 1ADIN

Dy ) |Length of x, +Lenght of w,—2%Lenght of intersection of x, and w,|
I3 xk'“’:i‘ =

Span  Length of x, and w,

' '
=] =} P=)

W & " g
neural output =/ 'ﬂIJFHﬂ'ﬂSJLLﬂﬂmQHBU%?Iﬂﬂz&ﬂHTﬁUﬂﬂgﬂmﬂﬂ
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& a A v W aa A o w9 Y X a 3
Yumauii 2 Wiows 1A newral output NUANUHUDUAUNUVUDYALUT input A WINNTALLATD u
o ' \l o ' . b. a Vow D=
Sunouasly 15792H1015 1187 bias term ¥ 1AEUIIAMIHIATATIUVDINS IATUEDN

¥

(total of the fraction of time) Pi fﬁqﬁmu"lﬁﬁaﬁ

Hew

pi = p:lhl + B(_Vj _ p;lhl’)

S

a0 1 . I 4 '3 " ' aa
Tae B fiarseuiaofe 1 uaz Y Hanilu 1 e 7 154 index Y03 neural output W fifianm

v
=l

A v o 9 Y - 1= P
miloufufudoyad input X wnfiganazithu 0 Tunsdiouq

i .:hl [ ° ' . b.
210871 £ N LA IF1EIUIT AU IMUHIA bias term 970
1
b, = C(W -p)

1 % o o .::
Tag C Jlufn bias factor taz N 11UV neural output NINUA

i & #1&0zgminn1dlunism wining neural Tag
o
e = i, Y
lx -w)|= mlm(kz:; D(x;,w;)* E-b)

Yot wining neural 77 A1 ndunuiis 1R neighborhood ¥833TU FavIdn1n
neighborhood function ( Aylussaz w"lﬁ’s“’umsﬂ%’uﬂ;aﬁwaa weight vector Taiianu
Tndideany input X Ny

3.3.2 8IHYDINIH1 neighborhood U9 wining neural

‘1uzhuﬁygﬂumﬁm neighborhood U941 wining neural t‘?&ﬂ"wmumaa neighborhood 92
Lélﬁﬂﬂ‘)}ﬂ"'ﬂuﬂc],u output layer uaxfiouqaﬂaqmuﬁwmmawmmsmmﬁa Tau 3
neighborhood function Hudadvua

3.3.3 @IUUDINS update weight vector U3 wining neural a2 neighborhood

cluﬂ'mﬁﬂuﬂﬁﬂé"uﬂ‘;a weight vector U094 wining neural 118 neighborhood U0 ST

=] =t [ H o 3 ] = " [l P!
TTanulnddoaiy input X nntu Tasmsdsudgaiueraudaldidu 2 ddes fie

1 as 2 ! A
1. auvesmsdsulse ' Tuduues T

f W ) ' A § a ' "W,
dmanmstiuze e ludawes T iefuamndnlmidhnlu M Ta



8]
[o]]

(old) . -
“,{m-u-) = {H’“ W xk (f re Al

ik 1o .
WL Othervise

2. dmveamsuSulga i ludiuves S

TagwiamsuSuilysludiuiioonitlu 3 nqude

ild .
fley, +n) if Ay € Wy Ny
e;‘:’:"lr) =3 S( e:;f::: =qp) i Ay, & Wy N X,
2%n if Ay, ex;—(w,nx,)

[l
' =

< ' e, { A ' : o a = 1 e ' ¥ @ q 5
nguil 1 unguues 7% §ifl S fadhduandnlu Y awes T lunguiiszgnufuliy
-

LAY

Vo 3 e, n:;l:lA o ia a X ' €. i o
ngudi 2 Wunguues “ #il 0 Harhidifusingnlu © d1ves % lunguilazgnisy

TRasas
oA ﬂ 1 Aik a4 a o b ] u’.: ' ' e.k o
ngu# 3 unguees T wasun Iniantuaeu ludiuusn mues Tk szgniivua

VUAUANTVHLIZ AN
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MINaasILasNan1INaas

Tumsnaasaitonaaeuszdnsainuna TPKNN sana3ty Falszgndmsinnu
494 SOMs HazMsmmANIuAAa1IsznIatoyaiilu symbolic TaeldTisunsy MATLAB
version 6.5 Y84 U3N mathworks $11A Tunsdanamsiauvesdanesty laviiseazidon

UDINIINABDIAIH

4.1 MIadszansnnvewanes sy

lumsiatseaniamuessansssy maianudi lasedszd@niammsmMaiuues

¥
o

' ' 9 A Yo o g Y aw ¥ N . A = e
TPKNN Tunsazudyiniu 1didonldaaian1911uns39ea1u Information retrieval D36 F-
o o o as <) o o o o
measure LAZH13A Entropy 100238 F measure iHudaiafildlumsiannugndoaveans
| @ o < o o i o o o " 3
clustering @IUAIIA Entropy Lﬂuﬂ’nmﬁmwms%auﬂ‘unummnqu cluster 14 neural output
3/ ¥

TausiwazipoavpIdITANe 2 Iaal

4.1.1 727 F measure

= o o Vo a a 4 z - a a [ =

Wudrialedialsz@nsnInue hierarchical clustering MNAVINHATIVUYDIAT 2 AIAD
precision LL@g recall Tagis e safIuIuam precision L1812 recall YD cluster j a2 class 1 18
fatl

M.
Recall(i,j)=-—*+
f?i

s o 3 n;
Pr ecision(i,j)=—

}?j

1oy n, Fuswouveamnynlu class @ W cluster  j uaz
n, Wuiwauvesmndnlu cluster |

ol o a o
n, Wi wanvesmndnly class

F measure U84 cluster j 1AL class i NI AN

Fli. = 2* Recall(i,j)* Precision(i,])
! Recall(i,])+ Precision(i.])




]
(#5]

F M5V F measure Y9410 class 1118910

¥ Z&max{f:(i-j )}
o

S e <
Tao ndluinuvouenmsnavun
U =l 1 = = 9 o = =
A F measure UA152HI190 149 1 TasazlaA1unnInans clustering UAUNINA
4.12 79 Entropy
4

v w Y A o an v ' - A
779 Entropy gn 191ie Jafnn1mue cluster 11 1A 1aoA1904 entropy deANganoiy

a

0 [BNAANTUDALARE cluster UTENBURI0TOYADIN class HEUVITY TABNTHIAY Entropy
a o d ' ' g A ) = [l
Funnmsdnaua p, Tav p, femamninzituiandnves cluser j oglu

class i W&AWIMIUAT Entropy ¥0uAae cluster j M40
E;= pri log( py

' o ¥ :
fi1 Entropy Y0404 uAN1 14910

< . ... - &
n, Wunnaves cluster j, m [Juimauves clusters, 7 Hudnnuvedeyaianua

A1 Entropy viiAniesiionams clustering umsdouiviuioouazeziisunniudimams

clustering IM3HFOURVAUIIN

4.2 Yoyanlylumsnanes

v o Y a a o aa v ¥
soyaihnlylunsnageulse@ninmuoadanoa iy TPKNN dsznouqiu 1oya

= ' £

fiadavulaeldmaguiidnusnnsdanguiluiitondt Yeyagedidnys: wazdoyann
%17 reuter-21578 TauswaziBonveadoyaunazagaiingil
Vv

4.2.1 U03AYANIDNYI

¥
ar =l

a " o o o " : o i
PUAYARIONYI HATIINNGUUBIAIDONYTTIUIN 3 naudaldiiudunuveadoya

e

=

anmvonuamnifiiudonny deyaudazdlsznoudioameanid 2 quaniane Tile nag

keyword

Doc = Title * Keyword
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nauveignys i ldad1enaaunia Tite uaz keyword uanalddag Ui 4.1 nag 4.2

Cluster # 1 Cluster # 2

anow

Cluster#3

3 41 gadadnusildasadoyaluguennid Tide

Cluster # 1 Cluster # 2
¢ m
? n
p

Cluster # 3

]
o =

a o 1YY W wa
Ui 4.2 gaddnusildadradeyalunmaia keyword

@ 5 = 7 o o = o 5
A10819v8 By AT 1 TUINYAYE IS Y Tun T uay nanaldgansad 4.1
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mM519f 4.1 uaraatoyavduilylumsmsuiia

Sduf AvoInuaNla
Title Keyword
1 c,d,g,h dj
2 n 1,m,np
3 I,s,t,V u,w,y
4 h,k,n iR

a0 2 o =] -
Tavtveyaiinn ¥ lumsmsuiialszneudsdoyadau 100 doyalaaiumunFoves

cluster 1 $1471 34 foya ToyanidlumnFnvea cluster 2 $1u2u 35 Foya Yoyaiidluandn

194 cluster 3 117U 35 Yoya dmSudeyaihumarouanugndoveslumai ldanms
msufinlsznoudivyadeyaii Idenmsduiisnusainnguuessdasnysifoiuiugadeya

AlFlumsmsuiiaiiuu 5 ya lasliswazdoanan1s19n 4.2

a

MN 4.2 e wazidoaveyadeyaininnlilumsnageuanugndesveshuna

%ﬂga U cluster 1 cluster 2 cluster 3
datalk01 1000 328 331 341
data1k02 1000 333 322 345
data1k03 1000 342 321 337
datalk04 1000 | 322 337 341
datalk05 1000 345 333 322
4.1.2 YoY% reuter-21578

[ o aa q 9 o aaw Y = 4 &
$o1a117 reuter-21578 1lugavotoyantionlslun1si %A information retrival

o . 1 o ' A o ' o 3/
uaE MM text clustering UY52noVAILY1IT MU 22173 1maziiiadednn 135 iade doya
117 reuter-21578 1iuazeglugivewiudeya SGML dalumsiinldeedealimamion
£ ' P& = £ 3| 5 - |
Joyaneu Tavorautatuaoumsinssudoyaidu 2 Tunsunanao
n‘;‘ - o : ' A oA o Y 5
Tuaoud 1 fludunoulunsuoniig reuter-21578 oidonie ummziidadiuasitonIu

" q ¥
91 1%
& o = o @ o o . ! ' o
Tunoui 2 Wuduasuvreamsdadnimiiu (article) IAT8IHINLITIANBUATIY, AAAY

] ulz v ]
nazf1na lanes oon
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Funoun 3 ﬁ]u-ﬁvuﬁewummsmﬁwﬁwuﬁam"luﬂh'a\fuq c‘ﬁaaﬁwﬁwuﬁaaﬁyﬂ:gnﬁflﬂ‘l%ﬁluﬂ'w
111 feature VDIUVIIAALU)

Taohiifl sufenmmeanimn s ﬂzimhﬁﬁﬁm%ﬂmm‘aamv"nmsﬂﬁamv‘ﬁqﬁ
S0AZIBIAR RIS 1T 4.3

A151971 4.3 HEAR51UALDUATD T reuter-21578 ATl MAaDA

NAVAUI $mausTann F19 19714 train
eam 3183 355
acq 1932 331
crude 496 221
grain 467 215
money-fx 596 239

& vy A Y a o - o '
FalumsnansszutideyamioldlumsmsuiisTuaadinsai Tasihmanus

9 0 :ly o 9 & o 9 l S " <
Foya 5 nquiihugadoya 2 yafe reuterl 1Hugadoyavesinnlungy {acqcrude grainjuas

3 ' ' . | VA
reuter2 Wugadayavo19121UnGY {acq,crude,grain,money-fx,eam} drudeyaviailslums
Y s ay v 4 2 v o ' -='\l vcl ¥
nagounIgnApave aai ldmnmsmsuiiniuzlideyavosinimualunduitlaly

Tlunmsmsuiiaiug

4.3 HaN1INAA03

a a o a a o ' &
11!ﬂ'l$ﬂﬂ'dﬂﬂﬂ‘i$ﬁﬂ‘ﬁﬂ']?‘l‘llﬂ~i TPKNN ’E)ﬁﬂ@i§M1-‘!1U0ﬂ15ﬂﬂﬁﬂdﬂﬂmﬂu 2 @7UnND

=1

¥ »
msnaasuiinadu Iaslddeyaiiduniziiuemingadmonysnusangy (gaioya

U

9 il

FronumuazmInaasafiudoyaludineswingadeyaun reuter-21578 Taviinszuaums
NATOUIASHAMI NATOUAIY
43.1 YAVOUAFIDNYI

3 -

yatoyadionusszneudedeyaduiifen 4.2.1 Tnslumsmsuiiail Usznoudiy

a o ' . W.. 5 o
{17500 (neural) 11 output layer $109 4 Trua uaas Tvualsznoudao weight( ) Fauiu
SNV feature 2 feature 71D title feature HAZ keyword feature HATHEN IAHAIINAITHIM

a Y d o “
TUNA MY UAINIT197 4.4
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a v LAY a
M1919N 4.4 HAANWTN lﬂmnm‘smsuuq

Neural HaEWIINMIIMI LT ueraanuiu
ﬁ’lﬁﬂﬁ Title Keyword AUNUVO cluster
1 c,d,g h,s,u,v d,Eij,w,y 1

2 d,g.hk,m,n,s,tv c,d,fij,p,w,y | Other

3 a,g,h.k,n d,f,1j,m,n,p 2

4 s,t,u,v u,v,w, X,y 3

o o a : ' . W a § o o N
I MImIuiada 15192 18 weight( ') 49aTiI5 0aTUTUAMNUVDA title

' ' .
=

o o o a a 0w o o
feature 110 keyword feature Y0atayaiihuhinsmsuiia Tastsoaddui 1idhuaunu
a o w o < Y a o o A o
994 cluster 1 ¥I30A[1AUN 3 WUAINUUDA cluster 2 LIAZUITOARIAUN 4 ndlumxmu‘um

cluster 3

v
=

lumsnageuagndswesiasoaiadini ldnnmsmsuiia s ddeyanatha

¥

Sunngaddnundofufudeianldlumamsuiisinmu 1000 M3 5 gaduaa

a

=

a & o Y 4 Y a o S Al Y
‘515'@13530@]11&‘?1151\3“ H'IiJ'l‘l‘]iLW'E]?ﬁ?‘Uﬁ@ﬂﬂ'l'lllgﬂﬂﬂﬂ‘llﬂQiﬁlﬂau'}liﬂﬁluﬂ!'ﬁﬂ‘ﬂ‘lﬂ Tﬂﬂ

[ I~ o a
HAGNEIINAINATO UL UAIAIT1N 4.5

; [ a g a
o197 4.5 naaaragniveamnagey luaaiiaseainisnvosdoyanaaoy

Yoy $wumnsn HAMSNARDY F measure | Entropy
cluster] | cluster2 | cluster3 | clusterl | cluster2 | cluster3
1 328 331 341 285 289 341 0916 0271
2 333 322 345 279 291 345 0.916 0.269
3 342 321 337 307 282 337 0.927 0.244
4 322 337 341 282 305 341 0.929 0.240
5 345 333 322 298 287 322 0.909 0.289

?{TLﬂaU F measure : 0.919

ANNGY Entropy :0.262

w Y v o

y o Y a
NnMsneasiinduiutouaradisns naaslifiiuiidansi Ty TPKNN @130

QU a

= 1

° v = oA s a 3 g ' "W
ymsuonnaudeyaldiuoiieg laulinundonugnAselumsuonngu F measure tN1NY

0.919 uaziiAundomsdounuiuyestoya Entropy N1 0.262




4.3.2 yaloua reuter-21578

v o

YAVDYAAID
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nuTilszneudiotoyaduiadon 4.2.2 Taslunmsmsuiiain)ssnoudle

a o ' o W ¥ @
1125908 (ncural) 11 output layer 31171 9 Tnua uaaz Tnualsznoudln weight( ) Faih

§UNUVDA feature 2 feature 7D title feature UAZ keyword feature 1aoTutaafl lAMd9INNS

a o w 9 o = U ' a 9/ - 3 & A
myuiisnggmi hinaasuiudeyaiilumngnveanguunildlumsmsuiiaianua viufe

¥
' ] . o £
HouayA reuterl 1YNNATOUAILTOYAINAGUU1I {acq,crude,grain } HIHUA LAZTBYA

Yy v oo . o = v
reuter2 W HPANATOUAIYVDYAINNGUUTI {acq,crude,grain,money-fx,earn} NIHUA FINAAND

& o P
ﬂlﬂdﬂ'liﬂﬂﬁf)ﬂ!ljuﬂdﬂl'ﬂdﬂ 4.6 U0z 4.7

9197 4.6 wadnsanmsnageu Tuaain 191NN U7 reuterl

RNV SuMihnmagou HAAWTUDIUIINNINMST
= Yy w
clustering 19QN#DY
acq 1932 1546
crude 496 323
grain 467 308

F measure = 0.80

Entropy =0.48

15131 4.7 Haanionmsnagouluaan 1AM Ut reuter2

HadnsveIuIINNIMS

NAVUI fananmihumaney
2 ¥ v
clustering 1AgN#A0A

acq 1932 1171
crude 496 292
grain 467 331
money-fx 596 255
carn 3183 2036

F measure = 0.67

Entropy =0.73




34

EY o

[ ar < Vv oo a

nnramsnaaedfiugadeyadisnysuaaliiuiiiganeT Ty TPKNN @13

o wy v Y =Y a o o . 9 [ d’d’l 9 o

waldedragndsanaziidse@niam Taoamisaiims clustering Soyadunsiziilaiu
1 =S A o 1 o é

96147 1181 F measure 3018 0.919 uaza1 Entropy 7018 0.262 Fauaaafianauoanis clustering

aa = oA 3 o . 1 " o A o
NUAUNTHA UNMITHOUNUVNUUDINANIT clustering ‘1ullﬂﬁ3ﬂquﬁtﬂﬂ 1umm:mﬁammﬁmaad

(4

deua reuter-21578 Hamsnaneaada Tnglugadeya reuterl a1 F measure Jald 0.80
1z e Entropy Yald 0.48 ua:‘lu‘qm’faga reuter2 A1 F measure 30 14 0.67 aza1 Entropy 1A
18 0.73 SaUAAITINAYDINT clustering TR HAFITMIMIFoURDAUVDINANTT clustering Tu
usaznguneauasludoyaye reuterl tazAeudegalugatoya reuter
donfSouiounadniuoans clustering 103a reuter-21578 Tavlddanaituuuy
TPKNN flUM13 clustering #2873 Centroid Similarity 148 Cluster Similarity INUITVVD
Michael Steinbach HazaAme [11] $930A1 F measure 'I& 0.50 oz 0.53 @iy wudie
F measure 7130 1401nms 196anes Suuuy TPKNN a1 lndifsauas gandiiwans clustering

FuSnmaanatagy Fuaadlifiuilssansnmues TPKNN sane3 sy ldiluedied



1

YN 5

asUwanazuImMamsnannlueinng

. 5 as o w ¥ 4 a9
Text Processing Kohonen Neural Networks(TPKNN) HudanesTuinannvumely
o . ¥ v 3/ oy 3 £ ¥
#150%M3 clustering SoyadszinndonanuldTasasa hidesihmsudasdeyaliiu
9 a o ' N LY ° o e s A ¥
Joyadadnavnou Faeliansoaanmlumsmlaumsmvuadydnyaiinounuvoya
pazfaamnsaneanumnvesveyaduld Taosmsuszgnauuafamsmanumiouiuyes
i’fﬂgauun symbolic data WhruaNuansolumsm clustering Y94 Self-Organizing Feature
v = 4 o a
Maps Taosznoudiomsyinianlu 3 dunsundnfoe
1. JUADUUBINTNT wining neural HuduasunYszgnauILuIAAMIMIAY
=) [y kY . 1 LY o . i 3 A o
IMUBUNUUBIUBY AUV symbolic data 1umwaway_amf]u qualitative w1 liiedany
" ¥
uaneaRuueIteyaitt A U508 lUFUYD4 output layer
& & o
2. YURNDUUDINITH neighborhood WUTHADUUBINTT N neighborhood YD wining
neural f'ldnndunounsnlaoly neighborhood function
3. YuapnueImslsum weight vector Y94 wining neural 1@ neighborhood UDINU
A Y 3 = v Y v 4 o o
e liinnulndifvenudeyadnnniuaudidy
d- o [ oA a b a 1 =
N ialseantamuealuaan lasinmamsuiialasaolssamiiouiuy
TPKNN Tua1uissii1didond 3a F measure o 15 Tums TaA1nugndnaweams clustering
TAtA1 F measure 9201NH1HAMNT clustering HAMNINAIALAITA Entropy 1o lFTamadouiy
4DINANTS clustering 1ABF1 Entropy 9z pediimsdeunuiuiaiuiios
HANINARDIFIUTENBUAIIMINARDINVEATDYAAIONYT (15190 4.5)uasms
v W f P 3 £ Y]
NARDANUYDLAU reuter-21578 ¥315eNBUAIBYATBYA reuter] UAZYAVDYA reuter2 (AT
N 4.6,4.7) Mua1ay
[ o o "o a a
MnHanIInAanIfUyATeyadenysuaa N IEIdanaT T TPKNN 413150
fnuldesgndosariilszaniam luvnziidievhnmsnaaesiudeyn reuter-21578 Ha
m3naastanmal laslugadoua reuterl THavINS clustering A uAGalimsdouiiuin
B ] v [ 9/ YY)
YBIHAMS clustering THUAAZNAUNDAUAIT TIUTOYAYA reuter2 MIFOURUAUVBINAMS

clustering Tunaagznguiineudragain 114 F measure idas udiionfSouiounams

.
Sl

clustering UM clustering #3035919 11 [11] W1 TPKNN 82003 5u8anaamnsonims

clustering 1@ageiiUsz@nTamiilofiouiuns clustering uuuduUA .



A158A89UD9A1 F measure 1415 NAasafugatoya reuter-21578 1NADINMINTTINY
vosrinuroolusideyaina S lia1ues weight vector Tutifaz 1A neural output it

a v oa g o 9) [ v 8 9 a & 9 o
amnsaumAusume soyaudaz adulAed i Fuaaaliiunnnamnaaod
ypedoyaya reuterl HouiugAToya reuter2 Taugadoya reuter] Falsenoudionguini:
$1uutioon311881 Entropy FaUaadaims o uiunuUBIHANT clustering tounigateoya

Y

" o ar 4 =1 o [ § o o o
reuter2 DENATY 1A%A uaxzﬁenwurmﬂgm’fay_aﬁuﬂs1xﬁ?§wmﬁn‘szmunummmﬁau HAN3
. Ay YR a v ¥ W o W ¥ o v o
clsutering 11 14343181 Entropy Y8R0 1UINWMITUN v 1d TaonisnasvInyed
a A ' i a o vq ¥ S 4 q¥
anFnu weight vector ,aAA1 learning rate a3 waziivszozna lumsGoudlinaiu el

3 < A o vy Yeaa d?
neural output Hfiag TUARINTS afusitudunuueangudeya lAddetiu



PNA1391994

[1] Anil K. Jain and Richard C. Dubes. Algorithms for Clustering Data. Prentice Hall
Englewood Cliffs, New Jersey 07632. ISBN: 0-13z022278—X

[2] Eric Backer. Computer-assisted Reasoning in Cluster Analysis. Prentice Hall International
(UK) Limited Campus 400, Maylands Avenue Hemel Hempstead Hertfordshire, HP2
7EZ ISBN: 0-13-341884-7

[3] Merkl D. “Text Data Mining,” A Handbook of Natural Language Processing: Techniques
and Applications for The Processing of Language as Text, Edited by Dale R., Moisl
H., and H., Mercel Dekker, New York, 1998.

(4] Kohonen T. Self-Organization and Associative Memory. Berlin: Springer-Verlag 1989.

[5] S.Haykin. Neural Networks: A Comprehensive Foundation. Prentice Hall International, Inc.
ISBN: 0-13-908385-5

[6] DeSieno, D. “Adding a consclicnce to competitive learning” Neural Networks, 1988., I[EEE
International Conference on , 24-27 Jul 1988 pp. 117 -124 vol.1

[7] Gowda C.K. and Diday E. “Symbolic Clustering Using a New Si'znilarity Measure”, IEEE
Trans. On Syst., Man, Cybern., vol. 22, no. 2, pp.368-378, 1992,

[8] Dinesh M.S., Gowda K.C., Ravi T.V. “Classification of symbolic data using fuzzy set theory™
First International Conference on Knowledge-Based Intelligent Electronic Systems, 1997..
vol. 2, pp. 383 -386

[9] Ravi, T.V. and Gowda K.C. “Clustering of symbolic objects using gravitational approach”
IEEE Trans. On Syst., Man, Cybern., vol. 29, no. 6, pp.888 -894, 1999.

[10] El-Sonbaty Y.A. and Ismail M.A., “Fuzzy Clustering for symbolic Data”, IEEE Trans. On
Fuzzy Systems, vol.6, no.2, pp.195-204, 1998.

[11] M. Steinbach, G. Karypis, V. Kumar. “A comparison of document clustering techniques” In
KDD Workshop on Text Mining,2000

[12] D.Sullivan. Document Warehousing and Text Mining. John Wiley & Sons, Inc. ISBN: 0-
471-39959-0



AANUIN

a o a; Vs a a d
NN IASUMIANUN

1. Worapoj Kreesuradej and Songpol Chutipongpattanakul. “Document Clustering Using Text

Processing Kohonen Neural Networks.” ISCIT2001, November 2001. pp.41-43.



39

Document Clustering Using Text Processing Kohonen Neural Networks
Worapoj Kreesuradej,Pi.D. and Songpol Chutipongpattanakul

Worapoj Kreesuradej,Ph.D

Advanced Computer Application Group and
Design Research Group,

. Facluty of Information Technology,

King Mongkut’s Institute of Technology
Ladkrabang,

Ladkrabang, Bangkok 10520 Thailand

Tel: (662) 737-2551-4 ext. 522

Fax: (662) 3269074

Email: worapoj@it.kmitl.ac.th

ABSTRACT

This paper proposes document clustering
using Kohonen neural network. This
algorithm  works  directly on  textual
information without mapping documents into
some representation that has quantitative
features. The input level of the proposed
neural network can directly receive a
qualitative value without mapping the
qualitative value into numerical value. Then,
based on Kohonen self organize feature maps
and the concept of dissimilarity measure for
symbolic objects, the proposed neural
network assigns cluster labels to the objects.

1. INTRODUCTION

Several clustering techniques for objects
whose feature values are numerical values are
well known. Several neural networks such as
ARTI1, ART2 and SOFM neural network are
proposed for clustering such objects.
Recently, clustering problems are extends for
document clustering. To cluster documents by
using typical neural networks each document
has to be mapped onts some representations
that have quantitative features. One of most
widely used representation is the vector-space
model [1]. Then, the typical neural networks
can be applied for clustering documents.
However, the utilization of the vector-space
model may led to a very high dimensional
feature space. In addition, this feature space
is generally not free from correlation [1].

Unlike conventional methods, this paper
propose a Text Processing Kohonen Neural
Network. The proposed algorithm works
directly on textual information without
mapping documents onto some representation
that has quantitative features and can assigns
cluster labels to the objects. The results
obtained from the proposed algorithm are
shown in section 5.
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2. DOCUMENT REPRESENTATION
Here a document, Doc for clustering task
can be written as the Cartesian product of

specific values of its features D, ’s as [4]
Do =, * D, * . %D
Unlike a vector-space model, the
features have qualitative values, which are
words that describe the features. As an
example, a document can be written as
Cartesian product of Title feature and
Keyword feature as
Doc = Title * Keyword
Where the values of the Title feature are
words that describe the title of the document
and the values of the keyword feature are a
set of keywords of the document.
3. DISSIMILARITY MEASURE
To formalize the problem of document
clustering, a definition of dissimilarity
between documents must be defined. Here,
according to El-Sonbaty [4], dissimilarity
between two document A and B is defined as

o
D(4,B)=Y D(4.B,)
k=1
For the k" feature, D(A,, B,) can

be decomposed into two components: the
dissimilarity component due to span,

D (A,,B,) and the dissimilarity component
D.(A,, B,). Each

component can be define as below:
|Length of A -Lenght of B
Span  Length of A and B,

due to content,

Df4,.B,)=

DA #=

[Length of A« lenght of B - 2"lenght of mrersection ol

Span Length of A, and B,

Where the length of feature is
number of its elements and the span length of
two ‘catures value is define as number of
element in their union. The ncl’dissimilarity

between A, and B, is



D(4,,B,)=D,(4,,B,)+ D.(4,B,)
The concepts of dissimilarity measure

will be used to measure the dissimilarity
between documents in the next section.

4. THE TEXT PROCESSING KOHONEN
NEURAL NETWORKS
The architecture of the proposed neural
networks is shown in figure 1.

X N
[W W. N,

Figure 1. The architecture of Text Processing
Kohonen Neural Network

Basically, the proposed network
consists of two layers: input unit and output
unit. Input unit each of which is fully
connected to a set of output unit. These
output units are arranged in two-dimensional
grid. Unlike conventivnal neural networks,
input units of the proposed neural network
can receive qualitative values. The weight of

output unit ‘i’ feature 'j', w, , is defined as

wy =Yy e) (A, €50, (A €3, (Ap0,)

Where ¢ A

' is the g litative val f
it P qualitative value o

3 :
e, i the

association of this qualitative value to the

the weight and degree of

input'i’. The value of ¢, is between 0 to 1.

e, =0 if the qualitative value A is not a

i
art of the input 'i'. While ¢ _ =1 if the
p p Y

qualitative value has strong association with
the input 'i’.
Learning Algorithm

The Text Processing Kohonen Neural
Network algorithm is Lased on Kohonen Scif
Organize Feature Maps and the concept of
qualitative symbolic dissimilarity measure as

!
J

describe in the prior section. The algorithm is
summarized as below:

1: Initialize weight 1w, in each neural IV .

i
Each weight can be

training data arbitrarily.
7 = Sy
W = u”,w;_,,...,wu.}

initialize from the

= 5: 0 b
wy = Ay @) (A, E), (A )en(Apgeyy) }
W, = Weight of neural I’Vi feature j

ih
A,,;=Member p~ of W,
e, = Degree of membership of A,
2: While stopping condition is false, do step 2-
6
3: Draw a sample X from the input
distribution with a certain probability. For
each input vector
o §1
Xo=(x;, X500 %) , Dostep -6
4: For each output unit */ ¢, Compute
li
v = .
X =W, = > D(x, w,)
k=1
d= number of input and output feature
Finds index ¢/* such that "X —H"!\ is
minimum.
5: For all weights that connect to the wining
node I and its’ neighborhood (A;).
fold) S i
; (news “?,f ij Ur e,
- el -
d W, Othenvise
And
fold) " ~
% fnew) f(eup + rJ’) M An;p € “I;, m '\1
np - . fold) i , :
Iie;, -n) if Ay, g€w,Nx,

Where f(.) is defined as below:

x df U=x=g]

fty=1 0

rf

6: Continue with step 2-5 until the stopping
condition is true.

5. EXPERIMENTAL RESULT

In this section, experimental results of a

document clustering based on the proposed

neural network are represented. lere, a

training set of 100 documents that consist of 3

cluster is synthesized. Each document in the

training set can be represented by fitle
feature and keyword feature, i.e.

Doc = Title * Keyword .

x<0

x>/



Each feature of a document is qualitative
value. For this experiment, some English
alphabets are used to represent value of each
feature.The wvalues of title feature and
keyword feature of each cluster are shown in
figure 2 and 3 respectively.

Cluster # 1 Cluster #2

. Cluster #3

Fig. 2 Title feature profile

Cluster # 1 Cluster #2

. Cluster #3

Fig. 3 Keyword feature profile
As an example, some documents that are
generated according to data profile in figure 2

and figure 3 are shown in Table 1.

Table 1. Some documents of the training

data
No. Data value
Title Keyword

| c,d,g,h d,j
2 n i,m,np
3 r,s,t,v U, W,y
4 h,k,n jsp

Here, the training data set consist of 34
documents from cluster number 1, 31

documents from cluster number 2 and 35
documents from cluster number 3. Then, a
testing data set of 1000 documents is also
generated based on the data profile in figure 2
and figure 3. The testing data set consists of
298 documents from cluster number 1, 277
documents from cluster number 2 and 339
documents from cluster number 3.

To measure the accuracy of the proposed
network, the clustering accuracy /* is defined

as
.
Z doc,;
i=1

n

*100%

Where ¢ is a number of documents that
are incorrectly assigned to a wrong cluster.
According to the testing set, the proposed
network gives the accuracy 91.4 %. This
shows that the network have well
performance in clustering text data.

6. CONCLUSIONS
In the future, some experiment results
that are conducted on the Reuter-21578 news
articles [5] will be reported. The result of the
selecting corpus will be that the labeling is
reflect some semantic coherence that can be
trusted.
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