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ABSTRACT

This paper proposes document clustering using a text processing competitive learning
neural network. The text processing competitive learning neural network works directly on
textual information without mapping documents onto some representations those have qualitative
features. The inputs of the proposed neural network directly receive a qualitative value without
mapping the qualitative value into a numerical value. Then, base on a new unsupervised learning
algorithm and the concepts of dissimilarity measure for symbolic ot’>jects. The proposed neural

network assigns cluster labels to the object.
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UANANIAUIENIN Symbolic Object 13 2 wiiafio nily wiadoyanligudnyaziuuuuid

Y1er (Quantitative) waz wes wiadoyaifiquanvasiiiuumFgunn (Qualitative)

¥
e o

A 1 va v o Y ' v v
tieannluduvesnuifuiildidendoyaminniflummaasaiiuenmsin  awi'ld
b 4 y s
narmdniudediudoyariiadiguam  daluluauiseitudenmmendnmnni
usnanfuveaenmIFliguanyuriadoyadunvuFigaunm hussyna 19

[ s

a d’l P * <
JTHIBYU qmsnanmm"hl

2.6.1 vanmsmanuuAnsanuveaenmsdelinadnuaryiiaihuuusa

AUMN

b4
]

TaoNANUUANAINTZHIIABATIS A LB B N5 00gUunuAuaums lasail
d

D(4,B)=>) D(4,,B,) (2.10)
k=1

A

1o

D = anuuananiuveusnas
k =qudinyuzvousnals

° 3 o a9 a
d = HrmmuimusvsiguinvusideinmsfSouiioy

Taohif1 gudnyuz vewdnzenmisveionlssnoumosdiufe anuanmatuly
a & Ve - & 1
13 Span GalivuuNUAI D, oz anuuandiuluF Content Faudouunudan D, Tavi

uAnzerlsznoumuisom Idnnaumsh 2.11 naz 2.12 awdwuy
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length of 4, — length of B,
D, (Ak,Bk)=|eng o8 1 @.11)
span length of 4, and B,

(2.12)

)= |length of 4,+ length of B, — 2xlength of intersection of 4and B,|
- span length of 4, and B,

D, (4,5,

Taof length w03 Ruidnuuzlaquesenas Aeniduinauvesmndnenualy
Audnyuz 1Y uaz 51 pan tength vowudnyuz laq vearsusnmsienadni i lde1nnsii
SnnuiomassmnFnieaouonasu Union fu tazHadWSgAR VIR N NIRRT
qniszniends 4, uoy B, fAewasiwveiannuandieiulude Span Az AW

unna1emu luFe Content Mg 2.13

D(4,,B,)=D,(4,,B,)+D,(4,B,) 2.13)

2.6.2 AU NNIIRIINMINANIUUANAIITEHIIUDNTS

auyadeyadietveuenmsyinlszneudisswaziBoanuasei 2.3 mndasthe

foyaenmsawmsieil 23 ManuuanAWsErienas Docl tae Doc2 UEAIMS

t 4
<

fuu idmuaums 2.10 fail
D(Docl, Doc2) = D(Docl _ Title, Doc2 _ Title)+ D(Docl _keyword, Doc2_ keyword )

M50 2.3 uaraadeyadIniNuoABnRmSIN

1|3 Title Keyword
Docl oil, stock opec, barrel, dir
Doc2 wheat, rice, stock price, ton, dlr
Doc3 gas, stock price, stock

HYTANANUUANARVBUBNAISH AuIANNAL Title TWIT span oSt 2.11 Ao
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|length of Docl _Title — length of Doc2 T itlel
span length of Docl _Title and Doc2 _Title

D, (Docl _Title, Doc2 _Title) =

=lﬁ =0.25
4

HOTAIANUUANANYBABNAIST AuANYUE Title 111Fa content AwaruMsN 2.12 fle

llength of Docl _Title+ length of Doc2 _Title— Z|
span length of Docl _ Title and Doc2 _Title

D, (Docl _Title, Doc2 _Title) =

Z =2%*length of intersection of Docl _ Title and Doc2 _Title

|2+3-@2x1)
4

=0.75

ANUUANAYBADNAIS T AUANHUEZ Keyword 111H4 span Ao

 [length of Docl_ Keyword — length of Doc2_ Keyword|
span length of Docl _Keyword and Doc2 _ Keyword

%&ﬁ_
5

ANUUANANYBABN TN AUANYUZ Keyword 11T content AiB

D, (Docl_Keyword, Doc2 _Keyword) =

 [length of Docl _Keyword-+ length of Doc2_Keyword - Y]
span length of Docl _ Keyword and Doc2_ Keyword

(Docl Keyword, Doc2 Keym)rd

Y =2*]ength of intersection of Docl _Keyword and Doc2 _Keyword

_|3+3-(2x1)
5

=0.8

NAUNTH 2.13 ANBUANAINENEITNIN Docl oy Doc2

=0.25+0.75+0+0.8

50942
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=1.8

1 4
@

ADNIINIANUUANANTEUTNIONES Docl uag Doc3 taaimsiiuln ldaail
D(Docl, D0c3) =D(Docl__7itle, Doc3__ﬁtle) +D(Doc1_keywr)rd, Doc3_keyw0rd)
ARITUIANVUANANYBABNAISN UANYUE Title 1UIFI span AD

|length of Docl_Title — length of Doc3 _Title]
span length of Docl _Title and Doc3 _Title

D, (Docl _Title,Doc3 T itle) =
= ’ﬂ =0
3

AIUINNUUANANYBUBNTITN UANYNS Title 1UIFI content AD

length of Docl _Title+ length of Doc3 _Title— V
D, (Docl_Title,Doc3_Title)=Ieng g YpOT IS Docd) Yitle— 71
span length of Docl _Title and Doc3 _Title

V =2*length of intersection of Docl _Title and Doc3 _Title

2+2-(2x1)
3

=0.67

ANUANAINVBUBANIS N AMANYT Keyword U4 span Ao

_Ilength of Docl Keyword — length of Doc3_Keymrd]
D, (Doct_Keyword, Doc3_Keyword) = span length of Docl_Keyword and Doc3_ Keyword

=|ﬂ =02
5

ANUUANANYDABNATN AUANBUL Keyword 1UIT content Aip
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_[length of Docl _Keyword+length of Doc3_ Keyword — S|
span length of Docl_ Keyword and Doc3_ Keyword

D,(Docl_Keyword, Doc3_Kepword) =

S=2*length of intersection of Docl _Keyword and Doc3 _Keyword

_|3+2-2x0)| _
s :

ld' 2 < ’
VINTUNITN 2.13 ANUUANANINTTENIN Docl taz Doc3

=0+0.67+0.2+1
=1.87

Y U < v ] ] a sy T v
NAIDIIVIAUTINIANUAINIENIY Docl uaz Doc2 9:danissniminudig
] 13 »
52119 Docl uaz Doc3 Iashinanmsiaanuuanalasennuenmshinanuiiiozii 1yl
] 1Y) ° » P= =y 7 A 9 A o
swfumahanuveslassiedszammsuunuSoudiionidrur - Faszuaasrvazidoalu

uni 3

2.7 m‘ﬁﬂqmmwmmmi%’ﬂndu (Cluster Evaluation Criteria)
& A ¥ =4 s T (| = =
lWﬂVlﬂzﬂzﬂﬂuQ\?Nﬁﬂﬂx‘lﬂ]iﬂﬂﬂi}ﬂ’nﬂf]ﬁlﬂ1WlWU\ﬂﬂ ﬁ'lff'lll'liﬂﬂi:muf]ﬁlﬂ'm‘vﬂq

o

danes i ldlumsdanguldenmstaguamvesdoyalundasadaimes msiaquaine:
-3 ? o o « E o 9 ci [ L IPLI 4 n’: =1 ar ]
Yuognuanuinell  inwadudeyaisi 1 lumstanguieyatiualimsdadunuany
1 a P 2R ' v c’: I w [ Y o 9 ]
agnls emrunsfisiinudazdiniugnszy 1uiugnialieg luiadedn vy dus
o o ' o o 2 v w ' 3 Ay ya
awniinavesmsiangu lassaneinvveusumlisumeniununguuesdeyai 1alims
o VMY Y o ; o acs ' & a o g
sangu iudrhgunmvesmsangudoyavessanesiusuiluesnls dSenmsiauuuil
’ " . Vv ¥ o Vo My o
T MITAUMNULVUNIUBN (extemal quality measure) taz Sdeyadus iy ialildgnia
» 4
ngu3neundusfezIalaomsnSousuusazadmansnuandadiniulaglufimsdhada
E 4
aruininmsusmisiSonmsiauuuiin msiaguamuuunielu (interal quality measure )
J { - e i 1 [} L "l
Fadoyan ¥ lumidsuindudoyaniidsuswmuas 1Autaonnuanyvestoya udadaiu
(519 UAen 1938 M3 InAUATMYBIMI SANGUIUUMS TARUAMUDVNIUDBN (external quality

é o y ar -
measure) FaUAON1IBNMI IAuuuiin19duii aoariinfie Entropy t1az F-Measure [2]

2.7.1 Entropy

A1 Entropy tiluda¥iamsiaquamuvunisuen nldvenhudazadmassimngni
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¥ v

Usznevlidredoyaninammduriuinniooud vy wulFlumssiatamass udasszdy

& 1 1 a o It o
494 hierarchical clustering 1HUAYU A1 Entropy szuemsihaindnlundmassiidnyas
milouriu (homogeneity) minvioutiivalalaviid a1 Entopy HidwanldfidrIndguduanciy

E 4 )

andnlundmaosiiulinnumiouiuga Taufidha1 Entropy fauvifugudnaasindanes
.’,' y 9y s 1 o 4 o 3 ° 4 a
vudszneu lildedeyan hitidnyazdndunelasduasunmsfiuina  Entropy 131910
° 3 A Hy ¥ o Qs o T ) o & o < .
fmuald P flewaii ldnindane3findangu &l m admees Hinnadames jlu Pisiee
° J A ~ v a a o ¢ [l . d' J
fumm p, Fsfemanuiuiicndoadmass j eveglu aara i Tavfid Entropy wea

J o d . o
upazadmass j Adalann

E; =—2.p;log(p;) (2.14)

1

flIHA3 Y Entropy qnidmsudmivgavesndmaesio

E.= Y —XE; (2.15)
j=1
A
e
N, flovipuesndmiaes j
A o ¥ 2
N fie $auvesdoyaianun

A o a o
m A IUIUAANADT

2.7.2 F-Measure

M1 F-Measure (Hudnd3n msiaguAmIUYMouen Fafigesfiorndte M F-
Measure (Susfifnninn1ssiuiuveen precision §ag A1 recall Faroasinfunafann
MY information retrieval Tﬂﬂﬁﬂﬁ precision LHagA recall VOINAMADST J UM i e

t 4

1deail

Nij
P =Precision(i, j) = —— (2.16)
N.
J
Ny
R=Recall(i,j)=—— 2.17)

N;
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A
ie

A . a . @ L
N, aosnuanInlu aaei lu admaes
N, flodnnumndnves admaes

N, floswanaindnues aad i

fl1 F-Measure Y93 AGTIADBS j Uz amd i M1 1d9n

o 2*P(i,j)*R(i, j)
F(i,j)= (2.18)
P(@i,j)+RG, j)

f11 F-Measure M5 ulaas aae i amdulasin

N.
F=Y —Max{FG, )} (2.19)
| =N

i
A
19

¥
N 9 SuauUpena s

Max fiD ﬂ'Tc] A (Maximum)

8191 F-Measure # 18dif1q (A10g531313 0-1) uamandeyaludmaei i 1alguaiwd
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NN 3
4 Y ] =
ﬂ]‘iﬂi:’,&l’mN’s\‘Il@ﬂ?l131(71’3811?]50‘1118]‘1]‘525?{171171831
d' G b4 v
NEIHHIUVUNINTUHS
(A Text Processing Competitive Learning Neural Network

(TPCLNN))

3.1 aonen35:uv89 TPCLNN
TPCLNN Hhuanilaonssu1nsesiwyssamifivuuyy Competitive Learning neural
network Algorithm M13mFwAuUMIMIAINANYBABNmS aorilaunssuupy TPCLNN
Uszneudrvdumwivesdoya 1 miwsmilouulnsad 1909 Competitive Learning neural
network %211 ATnuaduynudasInuaell weight NiFoudsludaInuadniynynada
(fully connection) IAUNIMUAVBIBUNNITYANMUAMNIIUIY “AUANYML” VDUDNAT
@oyadn daTnmuadninm snnvesInuadwiynes lildmmuadnounsiniveu’ld
& Yy o =3 t 3 1w o P 9 .’,'
Fagmau Inuadinnezidwouni lsiusgiumseenuuuuazyfudeu 1d Tuduasuns
4 P A g = v A
naaes aa1ilasnssuues TPCLNN udadlamugii 3.1 Tao x, fAedoyaduym dau p, fio

Y o A . a4 A J v Yy o . @ a .
OMYN Az w, A weight NFOUADITNNUOMIYN j NU BUWN

317 3.1 uansaoniaunssuves TPCLNN

é \J l o U Pl ." ‘l' -y
FINUUANANITNTN TPCLNN Hu Insavwdszamiioniaq 1 fef Tnuadunm

TPCLNN sz3uaifudoynaiFenainn (qualitative value) TnuR1 weigh  HapsinInuadunn
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Ly Y o - | 2 a @ c:’
“i* fuTnuadninm < j fin w, FatiowAdsil

& A 3 a A th ’ . -
1o Apij BUDYUBIRUAIN (1u'nuﬂa text) p  UBIAT weight UL ‘e . ° ADAI degree VO3

pij
@ o d ' a @ v 9 a . P ) o v -~ 9 ot
anuduiusvosiudaquamiumdoyaduym i & e,y Tszndn o 81 1t
e .= 0 uansioua 4., lidludiunilwesduwn <i° uddhi e = 1 uaaedoua
pij < A pij R pij v

o & a

a s o 9 :‘ £ d' = .
Ay anuduiugeiigaiuveyaiitnni nuaduym i’

3.2 Learning algorithm
o - ° ﬁy = ¥y =ty . .
ganeiiuveashnuuuiugmvesnsSouduuylifidaouunsupervised learning)
TaoldmsSouduruiionn  winner-take-all  $2uAUNERMIIAANAVRUBNAIA 1A
v 3 - ad £~ 14 . @ a P e
panuwdluunnz - mudsmsveantsiSouiiuuy winner-take-all Aatiasea Nezldsums
'Y a 4 o ' 4 ! o 1 3
U5y weight szdeuiluiiiseanldsumsUszmandludyuz Falunsudstuusazaiees
4 a P 1 .’,’ e ﬂ 9/ Y o = a ~ o a
dsiirseamouimiuissudeuzuar 185y weight  lumsmiiiiseafizus daneifiu
vous1 ldndnmsninnuanveaenmslael - MstuAININARTENINDUYNLABEA?
b \ ar ﬁ' 4 v L} \J - o Q’I A 1 d'
fouiuar weight pfIIFouRpegs T Inuad e TruaduymAniug  Fai
v 7 o A o A o & ¥ a o o a oo
Tnuadmnndalatimdnganseiiludsus TavsiwaziBsamsiinuvesdanssnulitunou

o

t 4
AU

Step 0: initialize weights wj,. Each weight can be initialized from the training data set
arbitrarily.

Step 1: While stopping condition is false, do step 2-6

Step 2: For each input vector

X = (x1,x2,..., Xd )T , do step 3-6

Step 3: For each output unit *j°, compute

[x-w]=3 $0(x.4.)
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p = Number of values of w,

d = Number of inputs

Step 4: Find index J such that ¥ is a minimum

Step 5: For all weights that connect to the wining node J ,i.e.,

’(Aw s )’

J (Azu &5y )’
(4res)semm

k(APU 2€pus )

» fori=1,2,3,..,k

wew) = w, U x

Step 5.1: Update degree values of weights

If wgm) e W™ Then

f(e(old)+ n(l_D)) ifA; ew,nx

plJ
(new) _
pi

F(e-n0-0)) it ewyr

o

Step 5.2: Update degree values of weights

I wie @ W™ Then e(p';m) =1

Where f(.) is defined as below:

x if 0 <x <1
f(x)=<30 if x <0

1 if x>1

77 = leaming rate constant

D = the net dissimilarity value of index J

I =Initial value has value 0 to 1

Step 6: Test stopping condition. Like classical competitive neural networks, there are
several strategies for stopping condition such as train data set until data in each one node

not change.
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3.2.1 fMo81am 3515V weight Y99 TCPLNN
3 y y
el lviuaoumsiSouives TCPLNN szvoundiptianesinedil dmuald
learning rate (77) = 0.1 fMMUANT degree Suduveaunazamndnlu weight = 0.3 Tauii Tnua

i d
Bmiynaealnua uazlin weight vounaz Inuadail

weightl = [(A, 0.3), (B, 0.3), (C, 0.3)]
weight2 = [(D, 0.3), (E, 0.3), (F, 0.3)]

iodunnagans AT = [(A), (B)]

3 »
aniu weightl fin weight voslnuangnlszmaldsus @manuansznindniuduys

a Y

° [] a 2 - s ar . ’
suymiouiigaitnmsfianegluumii 2) s Weightl 92185umsisunaoiiu weight Tmi
t 4

o =i

U

»

weightl.1 = [(A, 0.4), (B, 0.4), (C, 0.2)]

Tat? weight2 danslinuniioudy

dieduymyaiidhganeu = [(A)]
. P P} 5 [ : » Yo o [ . [l
weight Y83 InuaisU Av weight!.l AU weightl.1 92 1asumsdsunatnilu weight Tni
» i d
dnajInatl
weightl.2 = [(A, 0.5), (B, 0.3), (C, 0.1)]

{ - ¥ 1 =
TauT weight2 NdaRsliauniiouAy

apINduymN = [(D), (F]

[} E 4 ¥
weight 83 IMUANPUE 7D weight2 #1iU weight2 92 1aFumstSunaeiiu weight Tniidail
weight2.1 = [(D, 0.4), (E, 0.2), (F, 0.4)]
3 ] v > ]

dieimyamsuiisnasail m weight ganioh lduazezgmitly19fe weightl.2 uag weight 2.1

o " Yy g 1 ¥ a S aa P2 @ ¢ . v o °
nnAvtdeAuITfiun S Inuaiivusiulidunm Rnsafun weight osgnezi

¥ } 4 .

A1 degree ¥0A1 weight AniulimgadulyiFosn Tuvhuesndududiarlu weight @alali

AsafugAdUNN AaTufergnanm degree avisausautiialinumiify 0 udreziigndnoensin

. P & vy ° £ . v o sAd o 3/ 1 ' e
weight Tuiiga Fawah Tdezm i weight uaazdganfedumuvesteyaudaznguniues
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qudoyaiiie191iu Weight Guduninyatoya
Nanuan 19143 trainning WoUNIRMUAA Degree

Bsuauliimng mnFnues Weight

narouitoulun1snya Training -

Tuiri
A J

Tnaadeyardiiizsen 1 ya

Y

Y
ANUMAIANUANIZNII gatoyad Ay Weight

UADZYAIUATUTINIU Weight NAD
a4 ' . v v v
niFeuAnsznIn Inuadeya uazInuadoyasen

Y

inen Inuadeyaveniiimnmdediga fu Tnuasuz
: 4 e 2 -
Haznn Weight Mi¥euaony Inuatine: 18151 Weight

WU v
. a4 o 3 o < .
Wmn Weight oy Tnua Hsuzuni Tenlosis $u Union

. ™
fugadoyath 181 Weight yalmitumn

AsnaoumNFaeaali Weight yalminutumndnan
#ilaglu Weighttnnse'li vienuthumngnlmiz

lﬂ'h 'hjlﬂu

+ * ¥ Iy ‘
1J5uA1 Degree Y93 Weight 1J5UA1 Degree Y91 Weight o f
2 v . , %A1 Degree 481 Weight
AIUM3VINALA Aumsaudom N. 4 as
M IVUA1 Degree I3UAY
Learning Rate Learning Rate

]

-~ - - a - Yo ¥
aanasnuﬁuqanmsuuznuvoxga 1948

bt Tnaadoyaii14 Training AsunNYA 2 1%'(EPOCH + 1y——

nya

317 3.2 uaA3 Flow Chart 715111374 ¥038an03 11 TPCLNN
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4.1 MINIBNYLAVRYR
v

Hq av a i 1 Y o @ Ay v 1 v W
Poyan14Tumsidvezli 2 o dauusniludeyadardnusildnnmsguandadns
@ v ¥ ¥ »

o o =3 [ ag A Y
Aw1ATIase (profile) Nimuatuunes msqudeyaduruesiinmelylumsnaaoums

e

Uszainanavesddluma TPCLNN Aeumsii l1diudeyasse uazdiunasaziludoya
] a ] a n' 9 v 9 4 Y
912 Reuters — 21578 Miiluona1sv139399i Idnnunasdoyauunylad [8] msnaaesiu

¥ ' 2 A a =< a a (g A o v @ 9 a a
foyai1n MedumsAnsandalsz@niamuesia Tumadion ¥ ausudoyassalavi

v I o oA =y o dy
VOYUATUAUITIATIDUAAIU

4.1.1 YoyasIonys

Wudeyai Idnnmsduvesdidnysdmau 3 nguind Tnseadudagili 4.1

Cluster #1 Cluster #2 Cluster #1 Cluster # 2

‘ Cluster # 3 ‘ Cluster #3
. 9.

30 4.1 uamaTnssadravesdoyadidnusildlumsmaass nyadeya Tite v. yadoya

Keyword

& o { M 5 o o s {
Fadnuvesdeyanguinindmsumsnaasaanswazidon lumsai 4.1 uazlu
M3l 4.2 iluswaziduavesdoyaiisr 19lumsnaaeuluina TPCLNN ndawinimums

v . » ¥
myutianudrdaums 1 4.3 1udedinunadiuve seyadisnusiguiuin



4; Y o o Hq ¥ a
1T NN 4.1 llﬁﬂQ‘ljﬂﬂﬂgﬁﬁ?ﬂﬂﬂ?ﬂ%ﬂlﬂiﬂﬂﬂ

foya $1uu (49) ARmADY 1 AdaADS 2 AdaAps 3
Data Train 300 100 100 100
‘; 3 o o g ¥
AN 4.2 taaIgadeyad18nusH 15 lumsnanoy
v o Y 4 [ 4 @ o
Joya UM (4) ARADT 1 ARAIADT 2 ARIIADS 3
Data Test 1000 333 320 347
q‘ [ [] £y o o - 9
MINN 4.3 nanadrednveoyadIsnysNiFlunisnaasa
Aun TITLE KEYWORD
1 agd c,d,i
2 h,n Jjm
3 1,5,t wvy

4.1.2 9830917 Reuters ~ 21578

Joyav12 Reuters - 21578 iludoyativesdninin Reuters Tnudoyaviiail 1474
srwsanay Idsausnminamjvewn3udr  Fulszneudasindnan 21578 Y11 n
$mou 135 nquinlasiudazdesiilasaadndoyadiulnd semi dediduanslu

MARUIN Y.

¥
=

9 v aa o ¢ q’}’ ' .’,' f ¥ 1 0] s o
mﬂ‘uagammmsmzuwnmﬂuﬂmmuwmumimwwayanaum"lﬂh\nu AU
¥
Jun 1 uwaeuamzden1ulu Topic uazlu Body ¥9a9n9U17 g1 Index voLA

az412719g U Topic Inu

| ] »
< oo A

ufi 2 vidariied i 1dnifin Bodyamuainmiddifey (eyword) daeTalsunsy
copernic summarizer Tnotumsmifidifyuewdazsnldfimuainnuvesd i 137 1o M

$uft 3 411 denaw Title uaz Keyword #1411 stemming Y833 muviadamiitiiu
stop word

91017 Reuters- 21578 'ﬁ’muﬂﬁ1'19%'158nnfju*\inﬁ’l‘ff'mnﬁwﬂamvfmnﬂﬁmu 3,5
oz 14 aguinmuiidulaoiingy 3 uaz 5 nquinsaudeyaiilfinsuilunsnaney'ld
fmualaoguin dwdeyasnmu 14 nqusgateyamsmsuiisuaznameyldvimm
Fommuaves Apet 8] filswazBonogiundimiousy Iy Reuters21578 Faumma
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' ok -
Joyavsesmeini Inssadruiulvdyiia sGML

- & A o - .
wuu"hJ'sl|nsw\munwanﬂmww‘ﬁ'aﬂ‘amnegs:'n'ne
Tag <TITLE></TITLE> 1lag <BODY><BOD/Y>

g, Z -
Wuitedanuaildvin Tag BODY w1 Keyword

o &9 05 ok = o
119 Al Keyword uazfin'ldvin Tag TITLE wéda
Stop Word a1 Stemming U831

- =Ty
gadoyannFeudmiviithl Train
fuTueatiaseafianesveasisely

UM 42 uamamudsiuneumsinssugatoya

M3191 4.4 nansgadoyadmsulmsutiwaz l9nadeuvesdoyayii Reuters 3 nqu

AGUI S ldinsy fa i ldmadey
acq 331 1932
crude 221 496
grain 215 467
W 767 2895




MmN 4.5 uaasgadeyadmivldmsuiluns 19nadeuvesdioynv1i Reuters 5 ngu
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AQUAUT? S 1ildmsu Sminiilmaey
earn 355 3181
acq 331 1932
money-fx 239 596
crude 221 496
grain 215 467
33U 1361 6674

M31a0 4.6 uansgadoyadmsuldinsuiium: 1nareuveadoyain Reuters 14 nguy

AU §aunii1finsy SR namey

l.eamn 2433 727

2. acq 1362 492
3. money-fx 420 93
4. grain 348 73
5. crude 306 134
6. trade 313 90
7. interest 254 70
8. ship 176 64
9. wheat 169 27
10. comn 141 24
11. dIr 87 18
12. money-supply 75 13
13. oilseed 107 24
14. sugar ) 107 21

3 6298 2866

4.2 ANIZIINABDNVDINITIVY

& S P 9 9y
INTOINDUNAADIN 1F UM NAaBsenoudY

CPU Pentium 4 1.6

GHz

mitoanui e 256 MB 15adan 30 GB Suruszuulfiams Microsoft Windows XP
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T)sunsy Matlab nesdu 6.1 WulsunsuiildianndaneSiy 1¥TUsunsy Copemic
o a oo w S ' . o o
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4.3.2 4A9032U12 Reuters-21578

swaziBunvesyatoya Reuters21578 Mildlumsnaaseglumisni 4.4 - 4.6 Tay

Hadl IdeInmsnadeunugnAnivesia luma uaadlumsei 49 - 4.11

M3 4.9 HAAIHAANTVDINISNATIVYDITBYAYTI Reuters $7UMU 3 AQu

Tnuadindaf $naumndnfianlundmasd
afludumuveangu) 1 2 3
1 (acq) 1822 81 29
2 (crude) 140 344 12
3 (grain) 29 35 403
f1 F measure = 0.88
fi1 Entropy = 0.39
Learning Rate (77) =0.01 Initial Learning Rate = 0.3 Epoch =379 Tnuadnivm =3
M3 4.10 HOAHATHTYOINTINATBLYEITOYAT17 Reuters §1147% 5 Agu
Tnuadniyndail Snouauidniianlundmasy
aHudumuveangu) 1 2 3 4 5
1 (money-fx) 158 137 119 1466 52
2 (crude) 49 16 378 52 1
3 (grain) 30 418 12 6 1
4 (acq) 569 8 8 10 1
5 (eam) 116 40 55 185 2785

f11 F measure = 0.84

1 Entropy = 0.5

Learning Rate (77) = 0.01 Initial Learning Rate = 0.3 Epoch = 256 Tnumé’vﬁvm =5
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(udumuwes | 1] 2 [ 3| 4 |[s5|6|7]8]| 9 [10{11]12|13]14
ngu)
1(trade, interest) 0|16 [29]646]| 2 |12] 3 | 1 5 060611
2 (acq) 2612251 1 4 23111 4|4 1117|0]15[58] 4] 0
3(9) 241 6 [0 0 |34l 1|17{0| 4 |0]|3]1]0]|3
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S (money-fx) 11| 7 1 1 41810 19 0 0|3]0]|]0(1
6 (crude) 4701 o1 (3|1 |1f{0f1|s|1]o0fo0]n20
70) 35| 1 1 0 |15s({O0 10} 0 0 0(4]1]0(07 4
8 (ship, wheat) 120 f1|)0}o|16l0 30| 1]2|1f{o0lo0]1
9(-) 210 f0f0f1}t2|0f13/ 0 {5|1{0]0}3
10 (grain, oilseed) | 5 | 0 [0 | O [1 |1 |3 |7l 0 {s5|11o0]o]1
11(-) 0 2 0 0 |13(0 310 0 o0f0]0j01jioO0
12 () 1o j1fo0f4|/1{oflolojololo]o]s
13 (-) 2(l0fo0o|lof|2|31|4|0(|6|]1]{0]0]|s
14 (money-supply, | 4 | 0 J 0] 0 o |1 | 1]]1 0 1]2]010(0]12
‘sugar)

11 F measure = 0.65

Y| Entropy = 0.8

Learning Rate (77) = 0.01, Initial Learning Rate = 0.3, Epoch = 340 Tnuaid19iym = 14
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cost Analysis that the GAO has obtained from the Agriculture Department and the Office of Management
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agriculture GAQ is preparing the certificate study at the specific request of Sen.
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government The report, which will focus on the cost of certificates compared to cash, is scheduled to be released in
USDA mid March.
report The cost of certificates, said the GAO source, depends on the program’s impact on the USDA loan
committee program.
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However, if it is determined that certificates have caused the government grain stockpile to decrease,
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<REUTERS TOPICS="YES" LEWISSPLIT="TRAIN" CGISPLIT="TRAINING-SET"
OLDID="5679" NEWID="136">
<DATE>26-FEB-1987 17:11:01.51</DATE>
<TOPICS><D>grain</D></TOPICS>
<PLACES><D>usa</D></PLACES>
<PEOPLE></PEOPLE>
<ORGS></ORGS>
<EXCHANGES></EXCHANGES>
<COMPANIES></COMPANIES>
<UNKNOWN>BC-GAO-LIKELY-TO-SHOW-CE 02-26 0126</UNKNOWN>
<TEXT>
<TITLE>GAO LIKELY TO SHOW CERTS MORE COSTLY THAN CASH</TITLE>
<DATELINE>WASHINGTON, Feb 26</DATELINE>
<BODY>A study on grain certificates due out
shortly from the Government Accounting Office (GAO) could show
that certificates cost the government 10 to 15 pct more than
cash outlays, administration and industry sources said.
Analysis that the GAO has obtained from the Agriculture
Department and the Office of Management and Budget suggests
that certificates cost more than cash payments, a GAO official
told Reuters.
GAO is preparing the certificate study at the specific
request of Sen. Jesse Helms (R-N.C.), former chairman of the
senate agriculture committee.
The report, which will focus on the cost of certificates

compared to cash, is scheduled to be released in mid March.
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The cost of certificates, said the GAO source, depends on
the program’s impact on the USDA loan program.
If GAO determines that certificates encourage more loan
entries or cause more loan forfeitures, then the net cost of
the program would go up. However, if it is determined that
certificates have caused the government grain stockpile to
decrease, the cost effect of certificates would be less.
GAO will not likely suggest whether the certificates
program should be slowed or expanded, the GAO official said.
But a negative report on certificates "will fuel the fire
against certificates and weigh heavily on at least an increase
in the certificate program,” an agricultural consultant said.
The OMB is said to be against any expansion of the program,
while USDA remains firmly committed to it.
Reuter
</BODY></TEXT>
</REUTERS>
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GAO LIKELY TO SHOW CERTS MORE COSTLY THAN CASH

27Uv89 BODY

A study on grain certificates due out
shortly from the Government Accounting Office (GAO) could show

that certificates cost the government 10 to 15 pct more than




Cash outlays, administration and industry sources said.

Analysis that the GAO has obtained from the Agriculture
Department and the Office of Management and Budget suggests
that certificates cost more than cash payments, a GAO official
told Reuters.

GAQO is preparing the certificate study at the specific
request of Sen. Jesse Helms (R-N.C.), former chairman of the
senate agriculture committee.

The report, which will focus on the cost of certificates
compared to cash, is scheduled to be released in mid March.

The cost of certificates, said the GAO source, depends on
the program's impact on the USDA loan program.

If GAO determines that certificates encourage more loan
entries or cause more loan forfeitures, then the net cost of
the program would go up. However, if it is determined that
certificates have caused the government grain stockpile to
decrease, the cost effect of certificates would be less.

GAO will not likely suggest whether the certificates
program should be slowed or expanded, the GAO official said.

But a negative report on certificates "will fuel the fire
against certificates and weigh heavily on at least an increase
in the certificate program,” an agricultural consultant said.

The OMB is said to be against any expansion of the program,

while USDA remains firmly committed to it.
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data(1,1).text(1,:) = {'bahia’};
data(1,1).text(2,:) = {'cocoa'};

data(1,1).text(3,:) = {'review'};

data(1,2).text(1,:) = {'dIr'};
data(1,2).text(2,:) = {'york'};
data(1,2).text(3,:) = {'sale'};
data(1,2).text(4,:) = {'cocoa'};
data(1,2).text(5,:) = {'crop'};
data(1,2).text(6,:) = {'min'};
data(1,2).text(7,:) = {'bag'};
data(1,2).text(8,:) = {'comissaria'};
data(1,2).text(9,:) = {'smith'};
data(1,2).text(10,:) = {'bahia'};

data(2,1).text(1,:) = {'standard'};
data(2,1).text(2,:) = {'oil'};
data(2,1).text(3,:) = {"form'};
data(2,1).text(4,:) = {'finance'};
data(2,1).text(5,:) = {'unit'};

data(2,2).text(1,:) = {"standard'};
data(2,2).text(2,:) = {'oil'};
data(2,2).text(3,:) = {'venture'};
data(2,2).text(4,:) = {'north'};
data(2,2).text(5,:) = {'america'};
data(2,2).text(6,) = {'dlr'};
data(2,2).text(7,:) = {joint'};
data(2,2).text(8,:) = {'manage'};
data(2,2).text(9,:) = {'commit'};
data(2,2).text(10,:) = {"oversight'};
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text processing competitive learning neural network The
text processing competitive learning neural networks works
directly. on textual information without mapping documents
onto some representations that have quantitative features.
The inputs of the proposed neural network directly receive
a qualitative value without mapping the qualitative yalue
into a nurnerical value. Then, based on a new unsupervised
learning algorithm and the concepts of dissimilarity
measure for symbolic objects, the proposed neural netiork
assigns clustér 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 ART1, ART2, and competitive learning
neural networks are proposed for clustering such objects.
Recently, clusteting problems arc extended for document
clustering. To clister documents by using typical neural
networks, each document has to be mapped onto some
representations that have quantitative features. One of most
widely used -representation is the ‘vector-space model [1].
clustering documents. However, the tilization 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). -

Unljkeﬂupreviousworks.u:ispepames.aten
processing competitive learning neural network to solve
that problem. The text processing competitive learning
neural networks works directly on ‘textual information
without mapping documents onto some fepresentations that
have quantitative features. The inputs of the proposed
neural network directly receive a qualitative value ‘without
mapping the qualitative value into a numerical value. Then,
based on .a new unsupervised learning algorithm and the
concepts of dissimilarity measure for symbolic objects, the
proposed neural network assigns cluster labels to the
objects.

2. Document Representation
Here, a document, Doc, for clustering task can be written as
the Cartesian product of specific values of its features Dy’s
as [2]

Doc =D, *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 [2), dissimilarity
between two document A and B is defined as

d
D(A,B) -‘ZD(Ag By )
=1

For the k* feature, D(A,,By) can be decomposed into two
components: the dissimilarity component due to span, D,
(AgBy) and the dissimilarity component due to content, D,
(AyBy). Each Component can be defined as below:;

of Ay -Langthol 8,
D, (A, .By )=
apenienghtol A, andB,
Jeangthor A, +Lnginot8, ~Lengthotinersectonof A, anae, |
Dq (Ay.84)

spanlenghtofl A, andB,

where. fhe length of feature is number of its elements and
the span length of two feature value is defined as number of
clement in their union. The net dissimilarity between A,
and By is

0(Ax.Bi)=0, (Ax. B4 )+0, (A,.B,)

ﬂwconeeﬁuofdhﬁnﬁhﬁtymmv&u’beusedm
measure the dissimilarity between documents in the next
section. ;

= 1125 —
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4. The Text Processing Competitive Learning
Neural Network

The architecture of the proposed neural networks is shown
in Figure 1.

Figure 1 the architecture of the text processing
competitive learning neural network

Basically, the proposed network consists of two layers. A
layer of input units each of which is fully connected to a set
of output units. These output units are arranged in some
topology where the most common choice is represented by
a two-dimensional grid. Unlike conventional neural
networks, input units of the proposed neural network
receive qualitative values. The weigh from the input unit %’
to the output unit *j’, wy, is defined as

wy =Ky o) oy oo Moyiog ) g}

where Ay;is the p® qualitative value of the weight and
‘eyj" is the degree of association of this qualitative value to
the input ‘i’, egy’s have value between 0.10 1. ex=0 if the
qualitative value, Ay, is not a part of the input ‘i’. While
¢pi=1 if the qualitative value has strong association with the
input ‘i’

5. Learning Algorithm

Basically, the proposed learning algorithm, which is an
unsupervised learning, is based on the winner-take-all
learning and the concepts of dissimilarity measure in
section 3. According to the winner-take-all learning, the
neurons compete among each other to be the one that fires,
As only one neuron will fire, it can be declared the winner.
To find a wining neural, the proposed algorithm, based on
the concepts of the dissimilarity measure, computes
dissimilarity between input patterns, which are qualitative
values, and that unit's weight vector. Then, the output node
that has the smallest values is declared the wining node.
The details of the proposed algorithm can be presented as
below:

49

- Stop0:..initialize weights wy. Each weight can be
. initialized from the training data set arbitrarily. -

Step1: While stopping condition is false, do step 2-6
3 SmpZ:Porad:t-npmvectoy.
X = (x1.X2...., xd y .domp3-6
Step3: For each output unit j’, compute

I -w,l= £ f‘o(...A,,,

k=1 n=

p=no. of values of wy
.d =no. of inputs 2

Stepd: Find index J such that [x—] is a minimum

Step5: For all weights that connect to the wining node J,

KAVJ-ew) \
(Azu-azu) '
ie,w;, =1 p fori=1,2,3,....k
&P S con 2
( lJ'ele) ]
wﬁ’em=w{71d) Ux;
and
)4 f(eg,\’j”-l-n) if ADU € wy; N,
€piJ f(eg’,ff)—n) if Ay & Wiy Ny,
where () is defined as below:
x fOSx<1
f(x)=40 ifx <0
1 fx>1.
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. Step6: Test stopping condition. Like classical competitive
. neural networks; .there: are several strategies for stopping
condition such as reducing leaming rate, 1), until n=0. .

6. Future Works
In the future, some experiment results that are conducted on
the Reuter-21578 new articles [4] 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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Abstract

This paper proposes document clustering using a text
processing competitive learning neural k. The text
processing competitive learning neural network works
directly on textual information without mapping taxts onto
some representations that have quatitative features. The
inputs of the proposed neural network directly receive a
qualitative value without mapping the qualitative value
into a numerical value.Then, based on a new unsupervised

learning algorithm and the concepts of du.rimllamy !

measure for symbolic objects.The prop

assigns  cluster labels to the Reuter-21578 uxt
categorization test collection distribution 1.0.The results
experimental of this paper we persents with 5 topics of
Reuter news groups.

1. Introduction

Several clustering techniques for objects whose feature
values are numerical values are well known. Several neural
networks such as ART1, ART2, and competitive learning
neural networks are proposed for clustering such objects.
Recently, clustering problems are extended for document
clustering. To cluster documents by using typical neural
networh.enchdommenthntobenuppedontowm
representations that have quantmuve features. One of most
widely used representation is the vector-space model. 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.

Unlike the previous works, this paper proposes a text
processing competitive learning neural metwork to lolve.
that problem. The text processing: competitive learning
neural networks works directly on textual information
without mapping documents onto some representations that

have quantitative features. The inputs of the proposed
neural network directly receive a qualitative value without
mapping the qualitative value into a numerical value. Then,
based on lnewunsupervi:edleumngnlgmthmnndﬂw
concepts of dissimilarity measure for symbolic objects, the
proposed neural network assigns cluster labels to the
objects.

2. Dissimilarity measure

According to El-Sonbaty-{2), dissimilarity between ‘two
document A and B is defined as

D(A,B)= i D(A,,B,) 1)

k=]

For the k* feature, D(A,,B,) can be decomposed into two
components: the dissimilarity componeat due to span, D,
(Ap.By) and the dissimilarity component due to content,
D . This paper represented oaly D, (Ay,By). Component
due to content can be defined as below: .

r-2+27

D.(A,B,)=
(4B, span lenght of A, and B,

)

Where :

Y =Lengthof A, +Lengthof B,

Z =Length of intersection of A, and B,
where the length of feature is number of its eJements and
the span length-of two feature value is defined as number

of element in their union. The-net dissimilarity between Ay
and B, is

D(AvB.\)=0.(AvB.) e
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the concepts of dissimilarity measure will be wsed to
measure the dissimilarity between documents in the next
section.

3. A text processing compettitive learning
neural network

The architecture of the proposed neural networks is shown
in Figure 1.

Fig. 1 the architecture of a text processing
competitive learning neural network.

Basically, the proposed network consists of two layers. A
layer of input units each of which is fully connected to a
set of output units. These output units are arranged in some
topology where the most common choice is represented by

a two-dimensional grid.  Unlike eonvenuoml neural

networks, input units of the proposed “neural rk
receive qualitative values. The weigh from the input unit
‘i’ to the output unit ‘j*, wy, is defined as

wy =y og ez oy )(A317'°30)""(A00'°Pq)}

where Ay is the p* qualitative value of the weight and
‘e’ is the degree of association of this qualitative value to
the input ‘i’. e,’s have value between 0 to 1. ey=0 if the
qualitative value, Ay, is not a part of the input ‘i’. While
ey=1 if the qualititive value has strong association with
the input ‘i’

4.Learningalgorlthml

Basically, the proposed learning algorithm, which is an
unsupervised leaming, i$ based on the winner-take-all
learning and the concepts of dissimilarity measure in
section 2. According to the winner-take-all learning, the
neurons compete among each other to be the one that fires.
As only one neuron will fire, it can be declared the winner.
To find a wining neural, the proposed algorithm, based on
the concepts of the dissimilarity measure, computes
dissimilarity between input patterns, which are qualitative
values, and that unit’s weight vector. Then, the output node

that has the smallest values is declared the wining node.
The details of the proposed algorithm can be presented as
below:

Step 0: initialize weights wy. Each weight can be
initialized from the training data set arbitrarily.

Step 1: While stopping condition is false, do step 2-6
Step 2: For each input vector

X =\Xq0X00n xdy , do step 3-6

Step 3: For each output unit ‘j*, compute

-w,n=ij gb(x,.Am)

k=l

p = Number of values of wy;
d = Number of inputs

Step 4: Find index J such that [x is a minimum

Step 5: For all weightsthatoonnect‘tothewiningnode
Jie,

(Aw L )' g
(Azu €21 ),
£ fori=1,2,3,...k
{ (Asu 16317 )v---v & \
(A,,,, "'p-v)
wl(lm) =wiu X

step 5.1: Update degree values of weights
¥ wi) e W™ Then

f(e(""+r;(l—0)) ifA,,€w,Nx,

(aew) -
=

i(e’-n(-D)) if A, e w,Ax,
step 5.2: Update degree values of weights

K w,(,"") & w{") Then
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et

where f{.) is defined as below:

x #0Sx<1
f(x)=40 #x<0
1 x>

and:

= Learning rate constant
D = The net dissimilarity value of index J
I = Initial value have value between 0 to 1

Step 6: Test stopping condition. Like classical
competitive neural networks, there are several strategies
for stopping condition such as train data set until data in
each one node not change.

5. Data set

5.1 Document representation

Here, a document, Doc, for clustering task can be written
as the Cartesian product of specific values of its features
Dy's as [2]

Doc =D,*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.

5.2 Reuter-21578 data set
In all of the data sets, we have removed stop words,i.e.,

common words sush as “a”, “are” and “the". After
removed words next step we have perfoemed finded

keywords of all body news using word frequency teachique.

The summary of documents used in this paper is shown in

Table 1. Summary of Reuter-21578 data set.

Topics No. of Data No. of Data
T _training
Eam | 31 55
Acq 932 31
| Money-fx 596 239
Crude 496 - - 221
Grain 467 215
6. Experimental result
6.1 Synthesized english alphabets data

For this experiment, some english alphabets are used to
represent value of each features.The values of title feature
and keyword feature of each cluster are shown in figure 2
and 3 respectively.

Chuster & 1 Clustere 2

)
()

Fig. 2 Title feature profile

Cluster #1 Clustero e

‘D
)

Fig. 3 Keyword fm profile

As an example, some documents that are generated

- llu _;_Ea:“ se'u .md;‘f:?n s Relu :)“ 2RE according to data profile in figure 2 and figure 3 are shown
- \ y in table 2.
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Here, the training data set consist of 34 documents from

48 9 | 4 | 34 1 |694

Table 2. Some d hesized Tabic 4. An output of data in each output node at learning rate =
mmmﬁum ' 0.00001 and epoch = 148 .
No. Data Value Output Node
Title Keyword Topics | | 2] 3 4 5 | Acc
1 adgh dj (%)
2 nk imnp Eam | 186 | 117 | 17 | 35 | 2826 | 888
3 LSLY uW,y Acq | 1675 | 85 | 33 | 49 | 90 |86
- hin el Money-| 29 |470| 95 | 0 | 2 |789
fx
Crude
Grain

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 documentsfrom cluster number 1, 277 documents
from cluster mumber 2 and 339 documents from cluster
number 3.

To mx the y of the proposed network, the
clustering accuracy 7 is defined as below:

Zdoc,
r=|1-| & *100% @
n

Where doc; is a number of documents that are incorrectly
assigned to a wrong cluster.

According to the testing set, the clustering accuracy, ie. I,
of the proposed network gives the accuracy 94 percent.

6.2 Reuter-21578 data

For this experiment, we uesd data in table 1 to tained and
tested our algoritham. The best results of some leaming
rate are shown in table 3 — large is better for F-masure and
small is better for Entropy. Table 4 shown numbers of data
in cach node output, that is topic cam has node 5 is agent,
topic acq has node 1 is agent, topic money-fx has node 2 is
agent, topic grain has node 4 is agent, topic earn has node 3
is agent.
Table 3. An Eatropy and F-measuer

30 | 26 {391 17 3 | 837

Average Accuracy Total (%) = 81.5

Acc. = Accuracy

The result of clustering with data Reuter-21578. An
algorithm performed to satisfy,thai is a average accuracy of
clustering equal 81.5 percent at entropy = 0.5017 and f-
measure = 0.8593.

7. Conclusion

This paper presented a new algorithm for text clustering
and the experimental result on reuter-21578 data set. The
experimental result show that the performance of this
clustering algorithm is vary well and the total accuracy is
81.5 %. It have some error on clustering because some
news data is member of more than one topic and training
data on some topic is not cover feasible issue in test data.
In the future, some experiment results that are conducted
on the Reuter-21578 news articles [4] more than 5 topics
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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at learning rate = 0.00001.

Epoch Entropy F-measure
145 0.5355 0.8457
146 0.5331 0.8458
147 0.5070 0.8565
148 0.5017 0.8593

49 0.5210 0.8528
50 0.5131 0.8534
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