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ABSTRACT

The most studies of data mining have focused on structured data such as
relational, transactional, and data warehouse data. However, the most available data
that consist of large amounts of text documents such as news, articles, and research
papers is stored in document database. The ability to group these documents is an
important requirement for clustering analysis. This research proposes A Text Adaptive
Resonance Theory Neural Network for document clustering. A Text Adaptive Resonance
Theory Neural Network is designed to cluster on that data set that has a non-numerical
feature value. Consequently, the proposed learning algorithm works directly on textual
information without text transformation into a numerical value. The experiments are
conducted on 2 datasets. The first dataset is a synthesized dataset, which is generated
by the Data Mining & Data Exploration Laboratory and the second dataset is a Reuter-
21578 Distribution 1.0 which is collected from the documents appeared on the Reuters
newswire in 1987. The Entropy and F-Measure is used to measure the effectiveness of
the proposed technique. According to the experimental results, the proposed neural

network has shown good performance in clustering textual data.
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Features 184 Document A8 Terms aMMiuAine Matrix Mlsznausan Doc x Terms 34
nsa¥ie Matrix Tludanasialieee Document Representation WuNITLAUNNMINLLE
n1sdnuLianguiend1s  (Document  Clustering) dauiidrAtyrasnisdautianguienans
anrouieasniiu 3 dau Ae

2.1.1  Document Representations

2.1.2 Similarity Measures

2.1.3 Clustering Algorithms

2.1.1. Document Representation

C lunsduaninanuadisaderesienans Sufluiesinuun Atibute gaaBNaNT
ainunAualuaunismAaNAgeAde (Similarity Measures) Inel Attribute 9189
inansfignideniiteldlunisdmon Bundt Measurement feerauilu Attribute Aine] iy
Tite 18a18n@77 Author T8418nd13 Ay Keywords fediendn ednmosrdeyalu
Measurement 1aaiandisag ludnunizdayafivaunin (Qualitative Feature)

Fmilldwiunsiadeyadeannn (Qualitative Feature) 10 Measurement
gaqenansuuaafudayadanfnm  (Quantitative Feature) Juanedanng ez

' [l 3 L 4 »
nanmdaniilunianuazihuildiunivataionun 3 38017 dsil [6],[26)

2.1.1.1 Binary Representation

ANTuLL Binary Hazanunsauenisitteuanusazianansiafidiu iIndex Terms

L
1ol 0 a

Usnnghuananideld danisunudion 0 uwaz 1 Tag 0 wunadelifidnthlsngluwenans

waz 1 wunetadArtidsngluenans dadulusiaating



lusatieilifienans A Baenans F uwiasianansiiaiidiu Index Terms fadnaanail

Doc A care, cat, persian

Doc B care, care, care, cat, cat, cat, persian, persian, persian
Doc C cat, cat, cat, cat, cat, cat, cat, cat, cat

Doc D care, cat, dog, dog, dog, dog, dog, dog, persian

Doc E care, cat, dog

Doc F care

Index Terms = <care,cat,dog,persian>

¥
o e [

Aarhusunuenarsuuylunns (Binary Document Representation) A AHaGWEAAI

Doc A =<1,1,0,1>
Doc B =<1,1,0,1>
Doc C =<0,1,0,0>
Doc D =<1,1,1,1>
Doc E =<1,1,1,0>
Doc F =<1,0,0,0>

¢

TN T0aF N Binary Matrix 199afl

care cat dog persian
Doc A 1 1 0 1
Doc B 1 1 0 1
Doc C 0 1 0 0
Doc D 1 1 1 1
Doc E 1 1 1 0
Doc F 1 0 0 0

P . -~y pry -t o P o i
NHNITUWLL Binary N'ﬂﬂlaﬂ'lul?'ﬂ\'m']?‘luuu']“unﬂﬂ\’ﬂ'ﬂumﬂﬂ']?uﬂ:ﬂqquﬂﬂﬂqﬂ"m

dringluenans maunuienasdaedzidemlsz@ninmluassiadudiangn



2.1.1.2 Term Frequency (TF)
- X J o -l -
JEmsuun TF Usunsouanmaniaesdiilingluenatsld Asidss@ninm
ol v _ el . - oy L% ] o -; ' o
AndnAan1zuLy Binary Inedsnisuuy TF {unniuusdazAidmngluenansdnazauau
flsngiafa Taedaadld 0 wnuaenmanedhildndnnglhuenans afhafAsnimuuy
Binary Aasin9eiN

- 1 k1 ] L4 -J v ) L1
lusivatiiliienans A faenans F udssiananstianiiu Index Terms fadaansil

Doc A care, cat, persian

Doc B care, care, care, cat, cat, cat, persian, persian, persian
Doc C cat, cat, cat, cat, cat, cat, cat, cat, cat

Doc D care, cat, dog, dog, dog, dog, dog, dog, persian

Doc E care, cat, dog

Doc F care ‘

Index Terms = <care,cat,dog,persian>

£ o

safusumuenansunilihe () alfuadmial
TFjoen =<1,1,0, 1>
TFyocs = <3,3,0,3>
TFyocc =<0,9,0,0>
TFyco = <1.1,6,1>
TFipee =<1.1,1,0>
TFyocr =<1,0,0,0>

Fa1a1uns0a¥19 Term-Frequency Matrix I6ifall

care cat dog persian
Doc A 1 1 0 1
Doc B 3 3 0 3
Doc C 0 9 0 0
Doc D 1 1 6 1
Doc E 1 1 1 0
Doc F 1 0 0 0




2.1.1.3 Term Frequency * Inverted Document Frequency (TF*IDF)

Fmauun TRIDF  dumamanauacadzasdiidmnghuenansiaadunim
‘0’ a“ L d' d. i d. ) d -l o [
vwiinaesaidsnglhuenars WesenAmildu Index Terms  usiazARAINAIATY

4 L 73 v »
wansAneY Aediedliinminaasnnnantt nnavminminaesdgsamn laseaunisil

IDFy,, - Iogz(ND/ Moy 1) (2.1)

Tnefuuali
o 4
Np =R 7UMUNUNATBNENATTo

o -i'd -
Npy,  =MUIUBNANTNN index termy,

waanuminingesdn (IDF) IiFauFasudaWliguiy Term-Frequency faums

Wd,-,t] v TFdl,tj X IDFD,t; (2.2)

Tushatineiinienans A Balandns F uiasengasiianiidii index Terms Aedinaa il

Doc A care, cat, persian

Doc B care, care, care, cat, cat, cat, persian, persian, persian
Doc C cat, cat, cat, cat, cat, cat, cat, cat, cat

Doc D care, cat, dog, dog, dog, dog, dog, dog, persian

Doc E care, cat, dog

Doc F care

o

mﬁfnmuﬁqﬁﬂﬁng'lumnma‘%wz‘lﬁ Term-Frequency Vector Fadl
TFiocn =<1,1,0,1>
TFyoes =<3,3,0,3>
TFyocc =<0,9,0,0>
TFsoco
TFyoee =<1,1,1,0>
TFyoer = <1,0,0,0>

<1,1,6,1>

1
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UA[INTU M MINTBILAREAT

IDF,,, = <log,(6/5), log,(6/5), log,(6/2), log,(6/3)>
= <0.26, 0.26, 1.58, 1.00>

nanumitmingasAn (IDF) 1iFeuFeauda gy Term-Frequency

W,oon = <1X 0.26, 1 X 0.26,0 X 1.58, 1 X 1.00>
= <0.26, 0.26, 0.00, 1.00>

W,ocs = <3 X 0.26,3 X 0.26, 0 X 1.58, 3 X 1.00>
= <0.79, 0.79, 0.00, 3.00>

Woec = <0 X 0.26,9 X 0.26,0 X 1,58, 0 X 1.00>
= <0.00, 2.37, 0.00, 0.00>

Wieeo = <1X0.26, 1 X 0.26,6 X 158, 1 X 1.00>
= <0.26,0.26, 9.51, 1.00>

Wi = <1X 0.26,1 X 0.26, 1 X 1.58, 0 X 1.00>
= <0.26, 0.26, 1.58, 0.00>

Woer = <1 X 0.26,0 X 0.26,0 X 1.58,0 % 1.00>
= <0.26, 0.00, 0.00, 0.00> '

-~

Fama1504%19 Term-Frequency * Inverted-Document-Frequency Matrix 1Agiall

care cat dog persian
Doc A 0.26 0.26 0.00 1.00
Doc B 0.79 0.79 0.00 3.00
Doc C 0.00 237 0.00 0.00
Doc D 0.26 0.26 9.51 1.00
Doc E 0.26 0.26 1.58 0.00
Doc F 0.26 0.00 0.00 0.00

1 -3 -~ 1 7 - b 4 - o [ o~ )
atdwlsimu  ABmsulsddayadnunmuniudeysiafinuamiunisanu

BNAae mﬂriﬂ'lﬁ'l.ﬁmﬁtym Very High Dimensional Vector Spaces & &1 Index Terms &
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druuINdu 19U Collection TRBNEIIYAMIN 4721 1,000 1anan7 Warudunauniay
nnntlssuaana (Preprocessing Document) @1antliiiAf uau Index Terms M1NDR 30-50
A1 T4 Index Terms ARAmuNNE aslnanssnuiuiunauees Document Representation
B ldiernuiuneunin Document Representation fana12 41149 Feature Vector A¥i
° : 19 t' S o &« 4 % -ll [ :’z .

'-mmuu'mmum'm'lﬂmﬂ duranadnsdannaenudurey Document Representation 4

flmunm Feature 11w 30-50 Dimensions

2.1.2. Similarity Measures
v
Similarity Measures  Wuugudwiunsimuanguaasdays  Taadndranny
¥ - $ 1% L3 -t ] ar
ANRIAAITENIN 2 pattemns Tﬁﬂmm'hmn Patterns N Feature space LUNBUNY lums
ANMMIUMAITNARILARITEY Pattern 911 Feature type (U continuous 1971130 ldgms

Euclidean Distance [NanAAuAd eAdaTl [5],[211,[28]

. - 2 2 2
d(l,ﬂ=\ﬁ<“—xﬂ| +|xi2-szl +...+|xip—xjpl (2.3)
fvunli
= <X, X0 X >
J = <Kji X Xip™

p = Feature 194 Feature Vector i U8t j

atiwlsfimn  gas  Euclidean Distance  @wnsnlfidiamizinudayaszinm
Quantitative TieduadayafaadruuianideuanivAriaanBunreddiauls dalu
) & aly 1 74 L3 - 1 4 3 - M e Y ’ 2
maanuuansediayeflilifeyaduausnandongasit LIS Matwdeys
¥ ] ¥
el 1y enansunay Tevadedne uazArdidtyreenansine nszasliaing
vialudwiunsdauinguiayaienans Aasfasians Represent dayaliagdnwsieys

- o o . . o -J )
T nesuIusaY (Quantitative) Adanaslute 2.1.1 AlAna1auuds

2.1.3. Clustering Algorithms

Clustering Algorithms avminisutinguiayaseniungns MsFendt Cluster

1/

- Y 1 3 - o o~ L 7] ’ -t o } 4 P o ]
ayafiquanyusadInadiuazgniniagnquanaii - uAzIaANNAMANETLUANAN



12

o o L %4 1 ) [ - o -‘ ] 1 o . N .
fiuazgndmvagauasngu dangnunlflumruiinguazandenannig Similarity
A TR ] - 9 Yoo v - 't
Measures %38 Dissimilarity Measures \Was¥211848UNTNAMNAREAAINTDUANFININY
] . - ok o [ ] (S -J-l ] ] - N .
uinls ﬂﬂnﬂmumumuuana,ummgawuﬂqmmmuum'anu“]u 2 WM A8 Hierarchical

Clustering Ua¥ Partitional Clustering [21],[28]

2.1.3.1. Hierarchical Clustering

walla Hierarchical Clustering ﬁfam?@“mqumiuiiﬂqaLﬂu‘l‘?uqmuﬁflm“u%u 37N
‘il’mg‘aLﬁmﬁa"ﬂtmﬁﬁmﬁﬂ?znﬂu‘lﬂﬁ’l’faﬂﬁmmfau’mqav?wumﬁi‘:ﬁunuqm eriudu aeu
nsdangufiazfillundamesten liaunssiussradameiafinmzifindeyagainn
fsvaudnag Tanadidanidedanaifiunisdanguuuy Hierarchical Hannsouandld
ularauuuduliRGands Dendogram MUl 2.1 udmeuEuA M Dendogram 189
Hierarchical Clustering 'I.un'lm"r’wﬁﬁﬁ'u%umm Hierarchical Clustering ﬁ'utﬂmmm
sruunidiiuaedd  AsASuuy  Agglomerative u@ar  Apuuu  divisive FBuLL

Agglomerative Whidanldnunanlu Hierarchical Clustering [2]

{d1,d2,d3,d4}

{d1,d2,d3},{d4}

{d1},{d2,d3},{d4}

{d1},{d2},{d3},{d4}

d1 d2| |d3 d4

gﬂ:fl 2.2 udaMuHUNIN Dendogram 84 Hierarchical Clustering

Hierarchical Agglomerative Clustering

Add" q' } 23 -l ] [ [ & } 4 -: 1] :’/ °

'Jﬁu"lb’l?NQﬂn‘ljﬂ‘ﬂﬂ\l'ﬂﬂqﬂlﬂﬂ’l'luuﬂﬂzﬂﬂﬂl[il’r]i‘ URINURRETUIENINITION

[ r-; - o -i' [ T v v o~ 4' o %’ ’.’/ a:l'

(merge) ﬂaamewmuﬂunumanmmnammmmmﬂnu m@zm'mj'lumuﬂ'auu

J ’ 1 L 4 '
aunszidlddmnuresndanefidenigauds  vidaddasnislilisdudunanysalises
o O 1 o A o - - a o e o -t o e Y -
nduneuitidaunssiavaspdainafineaniAdanes  2aNAINNAMTUNIAITUARILARY

sendnusiasgadamail 2 38Aa Single-Link uaz Complete-Link Tudanesnuuuy Single-



2/

Link A1AMNLANA (Distance) Ttuingasndainas AeA1ANLANGN (Distance) Nt
figm (Minimum) $2Md3 2 Patterns 410 2 Adained lunuzhdanaiiauuy Complete-Link
A1AINUANANY (Distance) TEniNaandaIRaT ABAIAIMNLANGNS (Distance) NNNTgn

(Maximum) U374 2 Pattems A1n 2 AdALRDT

Qe

URBUNITNINUTDN Hierarchical Agglomerative Clustering Algorithm

=2

e

[l
-

dumaufl 1 A Distance ewiNUGALA Patterns anAFAReT LAY Distance adlu
Proximity Matrix

2', nll nnl'-d J 13 L3 -; . . . v [ % [ &
dunaui 2 MANTIAIANARIEARININTIGARIN Proximity Matrix u&299u 2 Addinafiilu 1
AddReF AnU Update A1 Distance 1 Proximity Matrix

v H v

duneufl 3 &1 Patterns Mnuaa nnadames gnaadii 1 adawmef Guufeauda Wivee

2 v T
191971 wana i linau i unduneun 2

2.1.3.2 Partitional Clustering

Partitonal Clustering newlanssypdanefiunduunilsnaunderiu Tl
'luursia:ﬂa"amm’%ﬂiznfau‘lﬂﬁqﬂﬁfmﬂav?mumﬁmwmﬁ'u‘lﬂﬂgj'lutwia:ﬂa“amm‘ v
nsUfu (update) ﬂ'a"ﬂmfaﬁﬂqﬁoﬂﬁqﬁ'ﬁ’uﬁ%ﬁﬂﬁlﬁﬂﬁﬂmm’mﬁﬂfi'\muﬁmﬁqm ns
U5y admmeslhildnininadameMtaguizanrs uwiiaanufuasulangitsresdaya
i ASAREFVENT  edanesiuuLL  Partiional | Clustering  TailfRnasa¥a
Dendogram Wilauds Hierarchical Clustering Tnefsanadnuuuy Partitional Clustering i
Fanfusidudaneiialungy K-means sfu [21],[28]

AaneINN  K-means qzﬁm?ﬁfmuiﬂﬂ‘v‘:m'mnwﬁmumﬂﬁ'ﬂLmﬂﬁmudu‘%um
. k  addmeT ("ﬁmzﬁ’mumqmquﬁnmwmuﬁia:ﬂﬁamaﬁumw%’ﬂuﬁuﬁw)
sim'm&u'lﬁ'fmu“ﬂLwia:ﬁq‘lﬂtﬂuﬂmin'ag'luﬂﬁame"?;'a;j'lnﬁﬁuﬂ’umnﬁqm Tnenizdn
srazinrzwinsiuiuanguinanesadaned srdaneifuasinsdunalllesau

arudnurasdiayanniuamnadamef eliteyaliliiuamninegluadainailandain

1
¢ oal

afuth Werivduiuneuiudesanaiufiasiomvnqaguinany semnadaned 7
-Il’mgaﬂg,i'lmjﬁnﬂip‘q TagasmanAadteesszazinananguinatatugindnynsa
luadawmef Tednuseindanefansasiimmuanunladihduneut Tneduouazana
Vianaiintuuafaneifinazaundy W imedunnstazinsewinadayausiazsaiu

- o cal S T o« T v i 20 < o
’ﬂﬂﬂuﬂﬂﬁ%‘l‘llﬂ\‘mﬂ']ﬂﬂﬂlﬂ'ﬂ?ﬂvlﬁ’ﬂﬂuu’ﬂﬂﬂﬂ uamzm'mq"uumummu‘lﬂqun?:mmmu



sasdayaluwsiszadameshifinnuReuuas aziiulddrdaneiiu K-means manzaniy

o

v ~ f-l g L4 -~ f—' L -4 . o
TAgaain mmﬂﬂammmﬂugﬂwnnau UBNAINUNITNINUAARY Lm'aﬂmmumﬂuﬁqmﬂm

uNTBIdaNaIIN K-means fiaxvinlinareen1sdnnguiinninin

d1|d3
d2

o)
1% 2.2 uamausnw Cluster 1894 Partitional Clustering

Criterion 11414 K-Mean Algorithm An Squared Error ARANNS

EX,0=3 3 ~c)| o

i=1l j=1

Amvuali xiAe dayai i W Cluster 7l j uaz ¢, A® Centroid 984 Cluster #1j

L
- °

JUADUNTITNIULEN K-mean Algorithm

Funard 1 fnvuadn K ilusnFufusesiiuaungu Cluster

Fupeud 2 ﬁ'mum'lﬁ'il’m;]aﬁﬁm Squared Error ﬁﬂﬂ?’iqmﬁmﬂ?ﬂmﬁﬂuﬁ’u Centroid 184
Cluster # i I assign agjlu Cluster ¥

‘lyTuFl'au‘?; 3 Update A1 Mean (Centroid) 189 Cluster "V‘ij

o

Funaud 4 gealaifisqm Convergence Windufiduneud 2, Convergence anunsniilulife
37U9U Loop MINNIL

Andaneitunilfinnanafivhe Fuzzy Clustering RAdnuuansnataiivliinAe
Clustering Algorithm Y';")‘lﬂﬁ:?:q Pattern 1 Pattern Mﬁﬂﬁ"ﬂfﬂu Cluster 1@ Cluster Wil
(one and only one cluster) 1Hu K-Mean Clustering Wid il Fuzzy Clustering 121
Pattern la Pattern Mﬁﬂﬁ'ﬂfjﬂa’m Cluster 1aefiAn Membership Function fdusna
FLAUANMNANNUSTENIN Pattern wae Cluster [21]
FuRaunmNaTeY Fuzzy Clustering Algorithm
Fumeud 1 fuuadn K usnEnfusesdmuoungy Cluster uaza¥1a Membership Matrix

(U) Tlszneudiag N x K 15ia N Aa 41191 Objects 7 Patterns uas K A8 49u2u Cluster
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anndnlu Membership Matrix (U) unusiag u, WNNETNAY Grade of Membership 189
Pattem X, luadainas C, A1 u, liAagszudne [0,1]
Fumeuit 2 fwualideyaniAl Squared Error YasfigaiiianFuuiiauiu Centroid 189

1 1 14
Cluster 71 j W assign a¢jlu Cluster 1l Insfignsaail

N K N
E*(X,U)= Zzuij"xl _Ck"2; C = Z,:uikxi (2.5)

i=l k=l

1 4 H v H v L4 H
Funeud 3 Miduasufl 2 91 aunEVia U, 189 Membership Matrix U hifinsulaauwla

2.2 Tasatnasz@n (Neural Network)

[]
& m

Tansdneszamnaluanesraanysd  lufdrdnysssnasluystduningh

&

puRiAnaslastielszamiisnnslusuaanyedivAaiutianuaiim “Aamn

wana”  SoinlingediudnidoussFoufifnddndla  Amezdnywdisuesiin

LA 1 (¢ i 3 - J
frarsthiuies . Teanasrawystilszneudon watssamiGends Taseu (neuron) #

i 1 o o []

Fausataiiuariuatinuinie agnneluaneysetag 10 wudutiareu [71,[81,[22]

A

p—

v
k4 -

faruntslivaneqfasautlsznoananianiu  vinlWanasyudannsolfifaunduden
v g ' ° P P o e 1 = -l ¥ t
Fandammrnuraasiasraniamailutiaqivnn Insiudaclorausciilasaaiiedner
7l Usznausnasious vite soma uariidulsramusneanhlansfiandng fiFands dendrite
P - - ) - o - = ™

wuvile  wendulszamiBaaanafifondy axon  wuuvik ludnwesr T Doeded

[] dl v ¥ N o, -J' o o~ -l -l'
( nucleus) agmsanany Twsryldaediaya (information) NEAALNURNTIN UATHIBAINAIT
Fundn plasma usspiatey mugy 2.3 Aswunmnezaiardielszamluanasnysd

[(21].[22]
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4 Partsof &
Typical Nerve Cell

Dendrites: Accept inputs

% ot Soma: Process the inputs

Axon: Turn the processed inputs
into outputs

Synapses: The electrochemical
contact between neurons

ﬁ

«l , -
5% 2.3 uansununmaintes Taseirelszaminauaansd

Hnseunsiazsaasiudoyyrnd  (impulse) mnﬂomuﬁq’ﬂ‘uq HUNN  dendrite
(receiver) mﬂqﬁuuaquchuﬁrgrgwm‘n‘lﬁﬂtﬂm??u?mvaJmmmﬁum‘lﬂmmﬁuﬂizmwu.'an
g1 (Axon) ﬁqﬁtytmnm:dﬂulﬁuﬂizmvaﬁ‘lﬂﬁwmlmﬂvm AGand lswnld (Synapse)
Tnelouuld Ae fqm'?;ﬁ'amim:udﬁmwionu (axon tedBazeunii  fuaulant
(Dendrite) ~ 1as@nilnsawnile)  dledynnn  WiwaUaiesesilonald  udafiaz
T gttt wazAea i UffFeaiifazgnulaadudyanndlii uazgnides
panunlaefaRGaNda neurotransmitter dedtyeuiniay uwsdngednslouuld (ldanu
¥ (Dendrite) T0<Tinreudusialy) uazasiniifnnanssnusuiylowd Tefinanseny
fininiulruld aunsoazgnuiulalaedoyyin (Mafaneanarasing i) Akinu
Fousatudlould AssnnsoGuganiansmiiudilifdouiols  Tuactusyiy

woAnzsuluednfiiunday dafunsiiraandizesnsd Jannsaneuauerianisszan

'
ol o o

-t ° u':; - - ai - 1 « J o
M?ﬂ@ﬂ‘lq1ﬂuu mmmnm?wmwn'auum’mmmmm:qu:ﬁmﬂmuﬂixaum?m NHU
- : o “ - - oy X o o .
refdausaN UL laefinisGauihenuguuazananeuzndniiueadareie

- Y P -1 v o -
ﬂ?:ﬁqﬂ1uﬂuﬂﬁﬂﬂﬁul§ﬁﬂ uaxmﬂﬂo'lumu'\'a‘nwuutmuflmmm 1ﬂlﬂﬂﬂ0’\l~l'ﬂﬂ'lﬂ’1!~l ae
° ° (] : - [ 4 dld o ) ]
Fraaansiuzesiandiedszammilinldlursnfamed  AFeniudn  “Tardradseam

Wi (Artificial Neural Network)”
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2.3 Taserelssaiviay (Artificial Neural Network)

Famrdauianguineldlassdielssamiion {hiAnaeufulgenumange
m'nmaﬂﬂé’ﬂqmﬂqnfc}'u%’waﬁﬁqnqﬁLﬂﬂ:ﬁuazuﬁnm?ﬁLf'imﬁ'umﬁﬂmam’
(Mathematical Model) ‘f‘:‘ﬁ'm‘rmmiﬁnifmﬂizmwtﬁﬁmﬁ'm%’ummﬂqnfiuﬁﬁﬂgj'lummzﬁ
daulugjld Winner-Take-All Leaming Rule Tusssnmdtiatszamassdadidinivans
Ursmudausntifseniu  walszamlufrasaufiduiy  eguarenlszimay
swmkuaswin e du welremndunde wesvamluanes wediszamiiau
wazayn (s [7],[8]

wadilszamszneudandaulugi 4 dou (7] Aedadlssamiatioreu dal
finlARudagnNnay 7811 falsramitasiitueentifesuuazdsdyyinminis
ﬂ?zmw”ﬂ'u-] Aefananaidundn uandeu (Axon) Mlarefsuansanifiuftuson Fundy
wulasy (Dendrite) saRarEndiuseEatsramRsefuGanda Trwald (Synapse)
‘-?iqmmmLﬂ?iﬂuﬁhmfmﬁ’l’ﬂumu‘lm”muzfry:mruﬁdwzudwﬁmlmvmﬂ?:mw n13da
foyyrnussmdnaaaszaminldlnemadramannlseneulafeuuacinunade [7)

S (Hodkin) wazdnag (Huxley) [7] Felrusedaluuanisdainanlddumwudn
nsinagearssnauladanuasinumaidaneesgsdlrzamaastiamiinldinihn
ANNANANE azagrzudng 50 T 70 fisdlaadd anuamIAnmsInainbiian
Jrasemannnsadsadlszamianeiduasastidinnseiind I Tassainaesiandie
Ursamifenfidnwoiindrondaiuanesuasrsulszamialsznauasdousaanis
Uszunanasine fidundndiareu (Neuron) ynv Taseugnananiidunnldvatsduwn usidl
IBFIWNIABADBTANIRLI LAZYNT mﬁvgm:uﬂn"lﬂﬁeﬁuvgmmﬁomu‘ﬂ‘uq melulpegng
nsdnsietunisluszuintiaseuliltdnrarsasnissieunusssunn 7 BunnaciiAdog
vmindusasmuaiasaeinsindeneluuesdialumsinguls  mstauseiiaseu
Tuuilasdneazgnimuualiniesia uivnlastinaannsofiasfuusdls deenqandy
nmstfuusannmeuaniassievielisreuannsodfusalddaasseaines4] 'luqﬂﬁvaa
ugmfivanuannsalunisfaufuavaninrediassirodszamiien Alasvinadszam
\Wasvaneguuy dminlandraysramBenildlunis Clustering daulvnjaziiitng
999 Winner-Take-All 3114 191 Competitive Learning, Kohonen self-organizing maps Uas
Adaptive Resonance Theory

lasstnenlszamidien Usznaudzinlszutanafidendy Hosew Aidensedeiu
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' ]
-l o -

P | ) . . P - v 4
N q‘ﬂl‘ﬂﬂuﬂﬂ'fllﬁﬂﬂqq weight Tﬂﬂ'ﬂﬂqu'nﬂuﬂﬂq'lulﬂlﬂ’ﬂ?lﬂﬂ')ﬂuqzuuquW‘N'ﬂunu b

] v
- )

uiaztiasauasiuArdtyyrnutunnidensenusdiuimuanilssuoang uavarlv
fryryrusen nfileimnieailiAriniy Teefdyginieniynldainusiaziaieeias
gnévludalioseuluaeafilarenwsialyl 317 2.4 uanugaunun e Artificial Neural

Network Way a9 2.1 udmadieuiisusevdng Biological iU Artificial Neural Network

[211.[22],[7].[8]

<l |
?‘ﬂﬂ 2.4 uamaununmaaslasdenlssamien

<} - ' LS . [ spe e
AN 2.1 udmn s ELRsLTININ Biological nu Artificial Neural Network

Biological Neural Network Artificial Neural Network
Soma Neuron
Dendrite unm
Axon 1R1YNn
Synapse Weight

2.4 Adaptive Resonance Theory Neural Network

Adaptive Resonance Theory (ART) Waunlag Carpenter uas Grossberg Tull 1987
o~ ST o ) v - . o e -
Wnnnsresdaneinuilre nisdnutanguiayaiidudoine Taidaneifinges ARTY
damiudnuiangudeyadaiainidu Binary uazdaneifinaes ART2 dwmiunisdautiangy
' L4
dayasaarmiduiaraiuaua® anwusnisinuseslissautiiiuuuuFouifaasiaiag

(Unsupervised Learning) (4] [22],(23] Adaptive Resonance Theory (ART) gnaanuuy
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el ldanunnauAnIzfuAuadanfeaesdeys (Pattern) Tunsdnuianguld uay
AIANITR Stability WAz Plasticity %110 ART frnmannsodnutngudeyafiidnmue
wanevanlan [11,021,071,019] Anani® Stability uNedi n"3# Winning node aifinns
Watuwaaile Input Pattem Fadnfiaagndaudngluaa gndwiiﬁuma’a‘nﬁ%q dwiulu
Taneairaszamiianuny Unsupervised  Leaming  wald azliifanamsnisGuuf
(Leaming Rate) adlid1Ing 0 mn‘f;qm nafil#Ae Winning node BniiAa1u Stability 1n
Tuusatlsfimunrangnmmsoufredandialrsamfoniidedafiaduiy Ag
eantnrnisdoufaniu 0 udaaghifiaenamnsolunisdangu Cluster  fdnlud
foymlunisilandelszamifieuuun Unsupervised Leaming TdansoFuuiteyala
%Fand iloywn Plasticity Fav Carpenter Ua% Grossberg aelAlduaunaAn Stability Uz
Plasticity 31 hAansA@endmauiimanlfusiauaiuaenadas (Adaptive Resonance
Theory)  IaafidEnasdruiursuansciuatnadiaafvraddayaninda Vigiance
Threshold  uazluil 1987 Carpenter uaz Grossberg TinaualninafildfusanuuL s
AMANLR Stability WAz Plasticity  #1 2 Tuiae Aa ART1  (Binary ART) uaY ART2
(Continuous ART)

FensauauziuAuaiitadsssdayainldTasmiamiiadiacuadiaads
Yarnd1An Vigilance Rtmunlandld dnfunimiaiuees ART Sautiveentd 2 dou Ae
Competition uas Resonance [4],[7].[8]

1. Competition AsdauiimsnBauiauanumilautuszuitdayadniuinua
i lullasau

2. Resonance  ABRIUNARAUMIAINAAAARBINITARULINNGNTAIRRAINdIU

Competition

2.4.1 ART1 Network

Tanafeees ART1 tzzneudas 2 1waf Ae F, (Processing Layer) uaxF, (Output
Layer) M98 Binary Adaptive Resonance Theory Neural Network 3inqsHiaanu
WU Feed Back L'Tv'ﬂ'lﬁ‘l‘ﬂmi'mﬂ?xmwLﬁﬂuﬁﬁmwmmm'lum?muQm::ﬁ’um'm
adreARreIndangulag1438n1an (4] Faulantnelszamiitad Weights 2 seeiu

Af Bottom-up weight ,b, TaziFanseuasdediayaseninaluund i u F, layer Wealuuan

i
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71 F, layer uaz Top-down weight, ¢, Feaziianseuacadsdeyarzudninuni jlu F,

layer uazvusah i lu F

) 1aYyer
O
X, v
o] O Oy
OO (O
X
o] OO (O
O
vigilance
F,{a) Layer F,{b) Layer F, Layer

gﬂﬁ 2.5 langi1eeas Binary Adaptive Resonance Theory Neural

Tudauraamsfudeymdy Tassdradssamifisniigneanuuumn Wfudayamiuly
~ - vy - - Yy e ) R v
U7 ﬂ']?l?ﬂuz‘ﬂﬂiﬂﬂﬂl‘ﬂ'm'\lﬂulluut?ﬂuzﬂflﬂﬂ’uﬂ\i (Unsuperwsed Learmng) Tﬂ?\]ﬁ?’l\ﬂl’f]\l
Tasvdedszamnifianiisenausag 3 4u Aa
1. Input Layer (F,, layer)
2. Interface Layer (F,,, layer)

3. Output Layer (F, layer)

Binary Adaptive Resonance Theory Neural Network % R unit a4 lunnsTiemnag
o~ . 1 24 =t ) anaxl . -ll o - d‘ -‘d " ..
Qﬂﬂ@“‘ﬂﬂiﬂﬁ 178N921 26n17 Reset mechanism ‘N"I:'mﬂ'ﬁ‘?l‘ﬁmTﬂElN'ﬂlﬂ'ﬂVlNﬂ"l Vigitance
Parameter 1atiA1 Vigilance Parameter A idrauausziuanuasaaisrasieysiia

uaz Weights Tulasednalszamniian

2.4.2 ART1 Clustering Algorithms
dunauh 0: AMuuaAGNELINTL bottom-up weight WAL top-down weight luusas
] - 1 A' 1 1 -‘l’ - } 73 J
nunzaslaradradszammiian ArEusduwaniiandldainnisguidenaindayan

il lunsruounsFoud
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l.l.a::ﬁ'mum’i’lVigHance parameter, 0, = (0, 1] uaz L (Learning Rate) U8t Top-down

weight fAiu 1

i ' 1 v H
unsud 1: Wadhinsedoulalunmmga Winduneun 2-9,

134

&2

b 4

:’1 ‘; 4 } 3 I 1
dunaui 2: wendeyariniauun wiAt Norm
”S”ZZ S; Mdumraun 3-8 el
i

duneun 3: ivuadeyaudh D an £, Wifudauds X u F,,,

X, =S,
» '
dupaud 4: AmnnuFouifisudeyada X fuusacivunaaddasairolszamiauay

ATLUYNTUUA

Y, =Zb,yx,

>
Y - .
TuRawn 5: WFamnnasuviiuus J aaelasetislizganineun

i ’ d'

AYNINNEA

9

duneud 6: Wiauiitudeyadi X fu top-down weight Mdansiai winning node J

X =8ty

ATUILUIAT Norm 789 X

=2
]

Tuneun 7: naaeuRaulunis reset mechanism

i ﬁ <p,Wy,=-1 (dudeluun 1), Mdunewdt 5 anaks
S

i M > 0, Windumeuii 8
s

Funaum 8: Uunlgadn bottom-up weight Waz top-down weight 189TMun J

bi.l (new) = m

t,;(new) = x,

9 < - - °
AURDUN O: ‘Ylﬂﬂ’r)'.lJNﬁ‘lﬂ'ﬂﬂ'\?MEjﬂ N'au‘lmm?ut_lmmmmmuum?mu:

9.1Weight Tdfinanlasuuas
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9.2lifimsFem
9.3 4MUUTALIBINT TS

Taresnelszamilanuun ART  UAMATANIIM19UUDY order-dependent 93
1 4
ATUNNIBAD A71U9UTBINGN (Clusters,  Partitions)  Tuagiunsinunadn Vigilance
1 .
Threshold sy TudaanasiFons (Leaming)  18dlaseinallssarmfianuuy ART A1

(4

Vigilance aziiluAn Threshold AldRaRuniacuganndasrainisdnutingudays lunsdl

L] L]
i

ffayaiindlarsdtsdscammionligunsodaliagluevinniuusndegidale
Tassdnmlssamifissasimeafraanimmivua iz unuuas ideyaiugndn e u
nininualmina¥iniu dnanuvunenilidanisianundi Vigilance Threshold fina

fusuaungui ldarnnimiauraslardielssamieu iy ART

2'5 NMSINAUMNWIBINITIANGYN (Cluster Evaluation Measure)

nsdszifiudlss@ninmaasdaneginun ldlunsdanguldainnsdaanunineas
k74 ] -~ - o 4" [ h-; -~ -; ~ 4 -; o
dayalundasadamas nsinaaunmazauagiuanninmil Moeiudeyaiiienldlunisdn
L 4 i v
nguindayatiuinisdmdunanayedntls atfidu nsiefirgnaudaziimiugnszyly
dfugndnegfluviodadnalug nadnieasdaneifinazifiuasmsis Confusion Matrix [28]
(class x cluster) luuna (Row) aziily class F8sfByauas columns iy cluster 184

-~ - ot
BINDINH

A o (] . 0
AN 2.2 A198N4M1TN Confusion Matrix

Cluster1 Cluster2 Cluster3
Class1 785 25 0
Class2 5 245 7
Class3 0 3 695

FusannmimarentdanguiasdaneifnsearuFauieuiuiungue

Y alt v v My v v 4y o -t . o
fayanldinisdanguliudadingunmeesnisdangudeyasesdanasiusuiluedls 4
doyanlflusmddeiiiudeyaniigruruuaclfuiouanuuonurssdeysliudanaium
Andan1938n19TnszAnBnn 2 faddm A Entropy uar F-Measure [13],(23]
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2.5.1 Entropy

A1 Entropy shusasndnnadws Entropy annsniiAnlERaus 0 aud log,(C) e c
Aeduaunguititifeacdeyn 1ty d1il 2 class A1 Entropy axliAIzndn 0-1 vite il 3
class A1 Entropy aziiA191d13 0-1.585 A1 Entropy 'Titil_"\'lni’i 0 udmadaseiulsz@nsinn
189N IIAULIINGN Cluster HANMNYNFBIGIUAT Impurity M Wy ansaetneneed 2.2
Confusion Matrix A1 Entropy gaavaITARe 0.0959 uasENALINMN Entropy 284UAAY

v
Cluster azlginall

d J 1
AN 2.3 ATNUAAIAT Entropy 293URAAT Cluster

Cluster Entropy
1 0.0384
2 0.3656
3 0.0559

Cluster1 #@n Entropy Anga 1089a1nfianndneed Class audimaglu Cluster
wadiuieaiign Aa Janndn 5 siofiluees Class2 wiuuegly Clustert Tuilusouny

184 Class1 uazisFenusangnisniiidn seAl Impurity A1 TURBUNIIAIUIAT Entropy

[
e ol

Guanimuali P Aauafliaindaneiindnngn 3l m adawes Mnedamnad jlu
PuazAuaaman p, Fadudimnudullididmouresndawmes jazaglu aana i
A1 Entropy 18usiazad@iagd j Auanldainannisii 2.6 uarARamNgniAImaiaIn

ANNTN 2.7 AINRIAY

Ej :“Zpij log(P,-j) (2.6)
i
m N.
E =Y —LxE, 2.7)
P J
. . N
j=1

.,-
Wa
N, Aarun1endaLne;d |
- o v :’I
N #a 9mureddeyainun

m  ARIMUIUARALADT
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2.5.2 F-Measure

-~ o

FEim  fandaeanaznaniy A1 F-Measure  luAnfifinannnissunutedsn
' 1 1 - - . X -
Precision War A1 Recall TaaAlilluiulAnaInaiae Information: Retrieval 1aanAn
1 73
Precision WazA Recall 109Ad@InaT j 1 ARA i uanalisall

Ni/’
P(i,j) =7 (2.8)

J

.. Nij
R(i,j)=— (2.9)
Ni
4
dia
N, Aednuauamnninies aaai lwadanes j
N, Aednuausundnues Adaimes j

N, Aguananinee AaNg i

A1 F-Measure 1849 A4 i w1lAaan

2PR
E()=—— (2.10)
P+R

i pana i seieansliAdaumediiA F-Measure g7l AdGAaT j dmFL Asaa i
UaT A F-Measure asnartuiiluApzuuuduit Aad i A1 F-Measure $au999 P Alo

INNTIANGNABANDALILR4AT F-Measure dmFLusias Aang i wildaan

> (ixF ()
BITNA T (2.11)
2l

1< o 9 .

)| Apduaurestayalu Aata
A" F-Measure #A7EMdN 0-1 A1 F-Measure RlaRAgadnlng 1 uansindaya
T Cluster Mldannsdnnguiianugnsiage uazirAr F-Measure lditArgadnlng o

v v alv v . »o~ y o ) “ P

uandndiayalu Cluster Rldaannsdanguiimaangniiasin 1ty ansetamieai 2.2
Confusion Matrix A1 F-Measure 189%1IAAR 0.9776 uazinAuaumn F-Measure 189us

v
Az Cluster azlisatl



A 1] 1
A9 2.4 ANTNUEANAT F-Measure 193usIas Cluster

Cluster F-Measure
1 0.9906
2 0.8645
3 0.9853
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NOBPUARSUANNITIINULD
< 4 ¥ A Aaa @G acd
Wnaswalwslduluvesiagaaiuntiea

(A Text Adaptive Resonance Theory Neural Network)

3.1 Document Representation
-‘; ;3 1 o [ . . }
Waulasdaya Textual agluguuudmiu Leaming Algorithm d8ya Textual
viipatinudunau Pre-processing Adil
. oo o 4 o X -
® ipsaen®s digit uar LATRIMNIEqANIEYTNaTTARaulwiient (punctuation
marks)
o wlasmidusdneslunliidudodnenan
o snAWiilu Stop Words 980 [29]
o sadouiiily Suffix 189Aen lealddanaifin Porter NeMITINTBIAIAWT
(30]
2 . p v 2 - ¥
dupaunaumFauisuANAfIEARIIENENaNTAe  TURAUNITUNWANANT
#na7 (Document Representation) WegztuunfianmnsmimnAmanld nanssine e

szneudan Tadkes ArdrAty annsnunuaglugiiunees Cartesian Product Il [5]

Doc =D, xD,xDyx..xD, ' (3.1)

d AedurupnuaiRreanans uasAnaniRreuangsidneuzdayaiiiy

daA2N ANBLNLTY

Doc = Title x Keyword (3.2)

e Title Feature AnmnlfadunadaFasaaanans
Keyword Feature Aaafildesunaainuianluienans ieAd Atyaes

BNanT
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A1519N 3.1 'l!'r]?;]ﬂlﬂﬂﬁ']?

Title Keyword
Doc A {tax,net} {salary.money.costs}
Doc B {network,intemet} {tcp/ip,web,e-mail}
Doc C {internet,google} ‘ {search,rank,web}
Doc D {internet,microsoft} {desktop,software}

3.2 Similarity Measure for Symbolic Objects

27

MMaBaURaUAMUARILATITEUINANT TENINUANANT A UAZIENdIT B AN

W1IAMTA4 El-Sonbaty g1ursndautuannasldned

S(A,B)=zd:S(Ak,Bk)

k=1

(3.3)

TumsuBouifisuanuaiiaafaes S(4,, B,) innsuwfauiioy 2 doutesfe dau

-il J H -: -l )
filuaunees Feature (Fundn Span, S,(4,B)uazdouinithuiilanaes Feature Fandn

Content, S, (4, B) Tllunannsliai [5]

dnunisiFauinsuaNadIeAacTes Span Aty

(la +Ib)

S, (4,B)=
S 2xl,

doumsuliaunfiauniuagiaafeass Content Nlemtiy

inters

l

s

S.(4,B) =

fenrasdyansniluannisfisneg

v
! = FuuaNATNIIuNA LU Feature A

a

(3.4)

(3.5)
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I, =[muannInviauunly Feature B
> ]
inters = AMUIUABIANITANINNAN Intersection NUSENIN Feature A uae Feature

>
I = I + |, - inters = AMIUANTNNMNATEY Feature A UAL Feature B

§

> )
FANTURLAIERIUIUIINENITNNIMNAT Intersection TUTTNING Feature A LT

Feature B

dl =t } 4 P :" ] v -~ o ] [y
WanFoufauaNASIEATIATUMINANEULEIEUAT  AININTPINARAANTAIN

aatiasdfaafaannis Net Similarity 1

S(A;By ) =8,(A,,B,) +5.(A,,B,) . (36)

) = h L1 ° o~ e 1 -:
ANRINNAREATITRY Net Similarity HannsnAamls Awaatnai 3.1

v o a 3 g L, . . .
Fivatinan 3.1 n7ldgms Similarity Measure for symbolic object

S(DocA,

DocBy,)

tia?

S({"tax’, ‘net’},{'network’, ‘internet’})

S(DocA

= [(2+2) / (2*(2+2-0)) ]+[ 0/(2+2-0) ]
= 0.5+0.0
=0.5

Keyword? DOCBKeyword)

S({'salary’, ‘'money’, ‘costs'},{'tcp/ip’, ‘web’, ‘e-mail'})

= [(3+3) / (2*(3+3-0) )J+[ 0/(3+3-0) ]
=0.5+0.0
=0.5

il Net Simitarity Wiviniu 0.5+0.5 = 1.0

waneng): dayanlilusnetei 3.1 wrandeyalunisen 3.1
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3.3 A Text Adaptive Resonance Theory Neural Network

o| O

OO0

vigilance

m

&
3

3

F Layer - F

1e) Layer ,

1(b)

gﬂﬁ 3.1 TAr9a¥19994 Text Adaptive Resonance Theory Neural Network

ANl 3.1 Text ART Neural Network filassa¥iehiuansineanniasea¥ienes
Binary ART Neural Network n1siiensfdieyaiidinumilunniGengfonsiaias (Unsupervised
Learning) Thra¥ranesiasatneiinreninlszneudan 3 4 Ae

1. Input Layer (F,,, layer)

2. |Interface Layer (F,(b) layer)

3. Output Layer (F, layer)

uAtianuuansAe ludauasansiudayadi Tﬂmhﬂﬁfnﬂaﬁgnﬂﬂnuuum'lﬁ?”u
foyaiiludenin (Textual data) fattu TasstnefioseakL Text ART iasRdaunnsineann
Binary ART 3 Us2n17 Ae

1. ﬁuﬁéw%’uﬁuﬁ’wﬂudouﬂm bottom-up weight 4z top-down weight

2. maminuaruslaeld similarity measure &¥U symbolic objects

3. n15U5u bottom-up weight Ua% top-down weight 189 winning node

Text Adaptive Resonance Theory Neural Network 1 R unit Lﬁﬂl‘ﬁ'lumﬁmmn'\?f-‘fm
ngudeya Fund1 38017 Reset mechanism Feasinmuslasdeulafifidn Vigiance
Parameter Inein Vigilance Parameter (huaniildanugusziupuadiaafeassdayaidi

-~ 5

uaz Weights lutinsaatiinidia
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NM1IMNUT84 Text Adaptive Resonance Theory Neural Network Inevinanuuuy

Feed Back iielilaseireiiosesiiiianuaiisalunisaiupussiuanuadiunaates

nmadanguineliimBn (4] Aalulassinalszamilasi Weights 2 sedufs Bottom-up

. : o ) ' J . % i .

weight ,b, Bwzidensauszdsdayassuinaluuai i W F,, layer ldstwind j u F, layer

. ] v . . 4 . v

uaz Top-down weight, f, JeziFansauazdedayaszvinaluuah j I F, layer unzTuuai
. I R ;- - ¥ - 1 3

i W Fp, layer aRasinbilasdnafivreatiansomanuadiesiresdeyadniidu

Qualitative value TunilAa Text 19 Afuna Bottom-up weight ua Top-down weight A

1iuAnlu Weight i Qualitative value uazAuaAtAMITINANNTENTDQ Weight
by = {(Aiy,17), (Azy, 55 )’"'!(Ap[]’epij)} 3.7

Amualil A, An A1 qualitative value 189 Bottom-up Weightuas ep,,ﬁﬂﬂ"l Degree
uanspmiiluaininaes A,

A ey, 189 A, ulasvdiafiosaatififneglutaesznin 0 19 1 39d7 Degree ilu
' -I L’ [ - o b 3 -’ + 4 =t [ L’
Aisziumanniuaninaes A, M deyaidia &1 Degree w81 A, HAwYNAL 0 U
AIMANED Qualitative value 983 A, LilMiludaunilsaasdiayaid i 1 Degree 999 A,

fiAwiniy 1 Wiananuaedl Qualitative value 199 A \uguidnvesdayawdi i

0 = (B Baginer By )} (3.8)

nwuali 8, An A1 qualitative value 184 Top-down weight UAE ep,.lﬁﬂﬂ"] Degree
uameanuiluaniinees 8,

A1 e, 183 B,, 'luTﬁmhﬂﬁfmaﬁﬂﬁiﬁasjluﬂiQQ?:udﬁq 0 T4 1 34An Degree Hhiilu

Anfilisziunnnduauninees 8, Ay feyaudn &1 Degree 184 B,, HFuiniu 0 WK

AAMINEdT Qualitative value 324 B,, iliiTudeunilwasteyaudn j &1 Degree 184 B,

fiAuiniy 1 Waumsnadn Qualitative value 194 8, iluaundnasdayadi j

3.4 Learning Algorithms
A Text Adaptive Resonance Theory Neural Network uniseieAuaINIT
989 ART1 Neural Network latinFnuuwAanaaiuguaiandAreteyaithuuy

1 4 - . " 4 o v o -t 3 - v Y -
PDYALTIAUNIN  Qualitative  value mm'luﬂanm‘nuumm?mmm‘mu'n'ﬂ:gauuum
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aunmiilngasalaglisoiunsruounisudasdt Qualitative Value: 1 Numerical

- -~

Value TumauraenisGoufoasdanainuiifail
Funsu 0: fvusAGusulRL bottom-up weight uaz top-down weight Tuusazinum
saslantnefinsea Adnurdrianalianmsdquidanandeyaminnldlunszuauns
- ¥

Fenf

waZNMUAAVigilance parameter, 0 = (0,1]

dumeud 1: fedvhinrFaulalunmmge Windunaud 2-9

v P - Y .y ¥ v o
YURDUN 2: lﬂﬂﬂ‘ﬂ'ﬂu“ﬁl‘ﬂ'\wquuﬂ UaININIg Transpose

= f o ‘.’/ d' '
Doc =(Dys Dy, D5 D) sndiumandl 3-8 delal (3.9)
dumaud 3: frmuadayaida D avn F1(a) Witusauls X u Fib)
X, =D, (3.10)

:’; n; 3 -t b 74 L& ' [ -
dumaud 4: A Fauiaudeyaudn X fuusiaziuuasesiasaisaiisraauasunninug

L& 3.11
Y, =Y 3S(X, 4, 3.11)

i=l n=t

RO

p ARIUIULDN bottom-up weight

d ABR1IUTRN feature values
4 ] - T—— el -
AURBUN 5: lLE‘UULWUUWWTMuﬂ J ‘ll'ﬂ\lTﬂ?Q‘ll'lﬂu'JTﬂﬂ'ﬂNﬂ']N'mﬂQﬂ

-

dumeudl 6: Wisuifisudayaidn X M top-down weight Adausariu winning node J

(iS(X‘.,tﬁ))—(O.S*d) (3.12)

(2*d)—(0.5*d)
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v ] ]
Funaun 7: naaauidaulenis Reset Mechanism
v v [ L 73
81z < 0, WY, = -1 (Fudabrun J), induneud 5 anak
] - % :’/ v v .« N
Tunsdl yoienimalmuagnduds Waiasninaluunluil

v [l
i1z 2 o, Windumeuh 8

v
o

umauf 8: UFLI{9A" bottom-up weight UAY top-down weight 183 T1A J

by =b{ UX

[1el” +m)if A,y eby NX, (3.13)
CS;JW) =1 f(ef.?}d’ -mif A, eb; NX,

L5 * n; Otherwise
= 0 U

rf(efs:d) +mif B ety X, (3.14)
el = f(el - n)if By ety nX,

\5 * nn; Otherwise

Avuald /O fienudiail

x if0<x<l

f(x)=40 if x<0 (3.15)
1 if x>1

funaun 9: nagaudavlenimya Raulanisugasnmnmuaing:
9.1Weight Taitinnrulfauuaq
9.2Lifm T

© =) 14
9.3 MUIUTAUTDINTITEUT
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AU IMIN1797829N TMNNUTRIBANETNNUWLL Text ART Clustering

T4 Matlab Fagnunsadenlugiuuy Flowchart 16#ail

5.

Aumnnyaveyminemilatums Training
kA Degres umuluimnesnimss Weight

Tunaveun 1 ya (D)

unibre 7 F(18)

Tunavsyaviniawer F(1a)
Whmwes F1b)
X<-D

v

ATLAOMNAITITI JAVBYAIN X AL botiom-up weight
ndafideumerantunwes F(1b) fumwer F2
(Competive)
F 4 s )
o ¥
Simitar) Wil
(Winning nods)
5 . . . Y T a1 uns
§ \#oniemAliARUN (candidate node)
e[ T
(Winning node)
b
W (Resst Winning node)
roser?
rmnualisymn X #r14 Output node i unzhevexn X oyl
mmmw Output node ”

" [
3

4.4, & . P>y "
ounin X alila Weight gt l

I'-.--,.

A

OB T g 3
Aitnylu weight innifelu wienidumnintu 7

‘ W iy mnbaod &
UL degree T8I weight UL degres 03 weight Y
sumnnneLan MM LA ".mh"" e
Leaming Rate Leaming Rate v
I o |
y
Fangiiiugan Fuupfvey 1 38 |
L
W /\ 8 (EPOCH+1)

1D Training ALy 7

-

gﬂﬁ 3.2 uamd Flow Chart m?ﬁwfmﬂmﬁ'anﬁ‘?ﬁu Text ART Neural Network
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3.2 f79tNN1TAIINITEN Text ART Neural Network
1 ]

natinalasaanaees Text Adaptive Resonance Theory Neural Network 39f F,
Layer (AL 2 Buwm wax F, Layer iy 3 o ninn Auuastnisfiineisineg uaz
satedayaienisBunafitunis Pre-Processing iall
Learning Rate = 0.01
Vigilance = 0.1
Learning Loop = 100
1 Training Document, D = ({'money’, ‘bank’},{’economic’, ‘market’, ‘finance’, ‘interest})
D

e = 1'money’, ‘bank’}

D = {*economic’, ‘market’, ‘finance’, ‘interest’}

Keyword
Initialized bottom-up weight

b,, = {(interest,0.5),(bank,0.5),(credit,0.5)}

by, = {(interest,0.5),(bank,0.5),(finance,0.5)}
b,,= {(compute,0.5).(science,0.5),(logic,0.5)}
b,,= {(compute,0.5),(accuracy,0.5),(math,0.5)}
b,, = {(logic,0.5),(bank,0.5),(biz,0.5)}

b,, = {(interest,0.5),(bank,0.5),(cost,0.5)}
Initialized top-down weight

t,, = {(market,1),(money, 1),(biz,1)}

t,, = {(market, 1),(money, 1) (finance, 1)}

t,, = {(algorithm,1),(biz,1),(crude, 1)}

t,, = {(interest, 1),(biz,1),(crude,1)}

t,, = {(acq,1),(economic,1),(war,1)}

t,, = {(money, 1),(economic,1),(marvel, 1)}



n1sAUIIlU Competitive Layer:
Y = S(X o> A)-€+ S(X gopora > €]

Y= [Sspan (XTiIIe ’ A) + Sconlent (XTillc ’ A)]e + [Sspan (XKey»wd ’ A) + Sconlenl (XKeyword ’ A)]'e

FiaatinaRInUMIAT Net Similarity 784 Output Y A16L7 1
X = {‘money’, ‘bank’}
Sspan (x'ﬁtle' A11)

FIEATIRLANITATUIN

8,pan ({'money’, ‘bank’} {'interest’}) = 0.5

Sspan ({‘money'v ‘bank’},{‘bank'}) =0.75

Sspan ({'money’, ‘bank’},{‘credit’}) = 0.5

Scontent (x'ntle'A1 1)

THALBUANITAINIY

Sconten (' money’, ‘bank’}{'interest’}) = 0
Seontent ({'Money’, ‘bank’},{'bank’}) = 0.5
S.oment ({money’, ‘bank’},{'credit’}) = 0

Muazduamsldannis S, wezaums S, A50g lfisoetad 3.1

span content

(Seant S

span content

) * e,, = [(0.5+0)*0.5, (0.75+0.5)*0.5, (0.5+0)*0.5] = [0.5, 1.25, 0.5]

Similarity T¥M374 X, W8z Bottom-up Weight 483 Output Y 816117 1

tle

WL (0.5+1.25+0.5) = 1.125

X = {*economic’, ‘market’, ‘finance’, ‘interest’}

Keyword

S, (X

span

Keyword® A21)
FURTIBEANITATUIN

Sspan ({'economic’, ‘market’, *finance’, ‘interest’},{interest’}) = 0.625
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S. _ ({'economic’, ‘market’, ‘finance’, ‘interest’},{'bank’}) = 0.5

span

Sepan ({*economic’, ‘market’, ‘finance’, ‘interest’},{'finance’}) = 0.625

Scontent (XKeyword' A21)

Seonent ({'€CONOMIC’, ‘market’, ‘finance’, ‘interest’},{'interest’}) = 0.25

Seonten ({'€CONOMIC’, ‘market’, ‘finance’, ‘interest’},{'bank’}) = 0

S.onent ({'eCONOMIC’, ‘market’, ‘finance’, ‘interest’},{'finance’}) = 0.25

-l 1 73 IIJV [] i
muav@uanisldannis s, uazanns S, 811709 1dNAIetT 3.1

span content

(Sant S

span conlem)

0.5,0.875]

* e,, = [(0.625+0.25)*0.5, (0.5+0)*0.5, (0.625+0.25)*0.5] = [ 0.875,

Similarity X919 Xgers 48 Bottom-up Weight 184 Output Y &161L7 1

Winriu (0.875+0.5+0.875) = 1.125

Net Similarity 483 Output Y @1#UT 1 WAL 1.125+1.125 = 2.25
wdanduinsAIanMIAY Net Similarity 189 Output Y 818U 2 uaz 3 quATLN MU
Net Similarity 789 Output Y 416U 2 Wil 0.75+0.75= 1.5

Net Similarity 489 Output Y &ARUT 3 AL 1.125+0.9375 = 2.0625

nadnslusatil Tuuaiieus Ao Outout Y @2éuft 1 #atiA Net Similarity WL 2.25

o :’/ 2 ° ¥
NAIINUU L‘Il"lijﬂ']?ﬂ']uq UNIAITNARAAREYN (Resonance)

nMsA1uItdlu Resonance Layer:

Xme = {'money’, ‘bank’}

Sepan Kriger t,,)

Sqpan ({'money’, ‘bank’}, {'market’, ‘money’, 'biz"}) = 1.125
Seanent Kriver t1)

Seonen ({Money’, ‘bank’}, {'market’, ‘money’, ‘biz’}) = 0.25



S (X tyy) = 1.125+0.25 = 1.375

X = {'economic’, ‘market’, ‘finance’, ‘interest’}

Keyword

Ss;:)an (xKewvord' t12)

S,pan ({"ecONOmIc’, ‘market’, ‘finance’, ‘interest}, {'market’, ‘money’, ‘finance’}) =1.2

Scontent (xKeyword' t12)
S onent ({'€CONOMIC’, ‘market’, ‘finance’, ‘interest’}, {'market’, ‘money’, ‘finance’}) =0.4
S (X t,) =1.2+0.4 =16

Keyword®
S(X.t,) =1.375+1.6 = 2.575
S(x ,1,)—(0.5*d)
T (2*d)-(0.5*d)

7 (2579)-(05%2) _ .
(2%2) - (0.5%2)

WnFeuisuiuAmwasimes Vigilance Threshold HaansAn Resonance
v ¥ % st I - - ST 0
AU 1% Document tewimmavivnivungLRN 1

ug MmNt Weight 1esiuunansui 1

nsU5u Weight aasTnusdiaudi 1 (uuadfigus):
Title uaT Keyword 1248UWR Document X
Xie = {'money’, ‘bank’}

X = {‘'economic’, ‘market’, ‘finance’, ‘interest’}

Keyword
A4NATN U bottom-up weight PALAN
b,, = {(interest,0.5),(bank,0.5),(credit,0.5)}
b,, = {(interest,0.5),(bank,0.5),(finance,0.5)}

AaN1En1u top-down weight gaAN



38

t,, = {(market,1),(money,1),(biz,1)}

t,, = {(market,1),(money, 1) (finance, 1)}

o~

YFurran@nlu bottom-up weight muaunasi (3.13) I bottom-up weight galud fall

b,, = {(interest,0.49),(bank,0.51),(credit,0.49),(money,0.05)}

b,, = {(interest,0.51),(bank,0.49),(finance,0.51),(economic,0.05),(market,0.05)}

¢

[ J - J P [ %4
U5uArgunEnlu top-down weight mugunash (3.14) I top-down weight galusd fall

t,, = {(market,0.99),(money,1),(biz,0.99),(bank,0.05)}

t,, = {(market,1),(money,0.99),(finance, 1),(economic,0.05),(interest,0.05)}



o
UNN 4

A8n19ALRUNNTIRE

b - o

Fayanlilunisidaaril 2 dou douwsnihudayasdnssiléannisguansiodnus
anlasaa¥ie (Profile) fiwusdunnies Gundy deyadauarl (Synthesized Dataset)

nsdudayaruniesiifinelflunmasaumnlszunanatesialina Text ART Neural
Network faunsinlUldiudeyaade dayadansey (Synthesized Dataset) urivneniiu 2
n'q'u‘fl'ﬂ:ga An Synthesized Alphabet Document W& Synthesized Text Document dfmﬁ
anvaziudayadnseninef (Reuters-21578) Milluiana13i19434 [27] mamasasiudaya
, o o - - - - 4 o 3 v ¥ - =

i19 Afedlumarsonilsz@ninmeessin luaaiem i idnuiudeyassineideys

s o al = as n‘l’
UWATUANITEAZIRHUANIY

4.1 'ﬂ"aga Synthesized Alphabet Document

¢ 14
k3 <t v R

-ﬂl v x 273 ar - ot 3
TunmeasaivenageuaNgniiadiiiesiueesdaneinn Tnaldgadeyadeaiieau

9 U
9

weldlunstindudiuan 100 90 Teaiwanngusodnusdmau 3 ngn nqustanssily
dusunuesfeyenfidnreuanifiduianny dayaudasilszneudanuanis 2

ALANLF A Tite WA Keyword

Cluster 81 Cluster 82
Clustee 81 Cluster#2

Cluster 83 Cluster #3

b 74

- « i [ v o i v
717 4.1 a gasdnesildaiwdeyalu Tite 37 4.1 b gasasnusRlinFrdayalu Keyword
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ﬁl‘li’Nﬁ 4.1 Synthesized Alphabet Document

ngudaYA SwautanlaFeug drusurnaildvaaau
Class 1 34 | 33
Class 2 30 26
Class 3 36 41
EREY 100 100

Muaziuarasgadeyamanuildlummeasauandlumeh 4.1 udnanniaia
Aumamuioudoan Weight gaieildfauiusownuresgadays  saaniuaziinig
nagaUAMNNIaITsIMILinguaadlitan  nafildannTagaLANgNABITEsI

Tuiaa uamlunnsan 4.2

A o (¥ | .
A5 4.2 UGAIUARNEN IFRNn1TAdaL1ad Synthesized Alphabet Documents

Class druaudsn@nfianlunsas Cluster
1 2 3
1 0 32 0
2 0 1 27
3 41 0 0
A1 F measure = 0.99009
A" Entropy = 0.044368

Learning Rate(77) = 0.01
Epoch = 100 Loops
Output Nodes = 3

Vigilance = 0.1

4.2 189Yy«K Synthesized Text Documents

daya  Synthesized Text Documents lfgadeysteairamuialilunistindu
(Training set) 47M2u 100 $18n13 uargadeysdmiuntmmaday (Testing set) AU,

1,500 $78M7 TeaFanngusanssduau 3 ngu ngusiednysiildidusiaunuresdeyai
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ﬁﬁﬁmﬂqamauﬁtﬂum’ﬂmw fayausacinlsznaudonguanti® 2 AnialR Aa Tite uaz
Keyword

Cluster 1:

Titl‘e = {compute, algorithm, database, intel, java, network}

Keyword = {algorithm, database, predict, cluster, web, firewall}

Cluster 2:
Title = {java, network, interet, protocol cisco, 3com}

Keyword = {web, firewall, mail, smtp, http, ftp}
Cluster 3:
Title = {car, business, travel, hotel, bank, airline}

Keyword = {market, tour, benz, toyota, money, airway}

A15197 4.3 Synthesized Text Documents

nANUBUR FuautenldiGeus Fuutnafldvanay
Class 1 36 499
Class 2 27 510
Class 3 37 491
79U 100 1500

~ NN oy A . <
usviduntesgateyaddnysnlflummesstuandlumisan 4.3 wdnanmiaia
Aunamsuilaudann  Weight  gaineilafasilusauuaesgadeya  sasnnduasinms
nagauAMugnAasTaInsuingueesliag  wadldannimeaeaunNgneieIeda

Tna wanlumnsed 4.4




42

A5 4.4 LARINAANST IAAINN1INARBLTIEY Synthesized Text Documents

Class SrususNBnAsnluLAaE Cluster
1 2 3
1 35 484 0
2 478 32 0
3 0 0 491

A1 F measure = 0.95561

AN Entropy = 0.16297

Learning Rate (77) =0.01
Epoch = 100 Loops
Output Node = 3
Vigilance = 0.1

L4 [

4.3 12K/ Reuters — 21578

fayatng Reuters-21578 (fludayatraaesdninita Reuters Tnadinyastinillany
o

susnuszlddausnunoanianctnnliuda Iae Reuters Ltd. (Sam Dobbins, Mike Topliss,

Steve Weinstein) Was Carnegie Group, Inc. (Peggy Andersen, Monica Cellio, Phil Hayes,

Laura Knecht, Irene Nirenburg) Wil a.A. 1987 UseARtianansdayagailissialiil

]
]

Wil A.a. 1990 1@nan7119 Reuters lagnldauiieantszasdamiddasininisduiu
A172UWNA  (Information Retrieval) {asi W. Bruce Croft wAME Computer ‘and
Information Science MUMANENEY Massachusetts at Amherst. N13zausaNGEuusn Hinlae
David D. Lewis wa¥ Stephen Harding il A.A. 1990 i YeulfiiAn1s Information
Retrieval Laboratory.

mn&u’lu T A.7. 1991-1992 u1e David D. Lewis uazuiel Peter Shoemaker 41N
Center for Information and Language Studies ﬁ University of Chicago. 'loﬁ'ﬁmv‘hiﬁathq
Reuters Lﬁmﬁu‘ﬁn‘fi@'% Dataset A8 Reuters-22173, Distribution 1.0 "quulﬁ’fﬁﬂmﬂuwiﬂ%q
wsnlumeuunsan 1 A.A. 1993 i FTP ﬁquﬁ Intelligent Information Retrieval (W.
Bruce Croft, Director) WaNuInaNatl Massachusetts-at Amherst.

Wt A.A. 1996 04 MUANNUIITINTT ACM SIGIR '96 conference F1RaURIMAN

o

nqaninddt Text Categorization lifEnwmnseludada?es “how published results on
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Reuters-22173 could be made more comparable across studies.” uaa;ﬂﬁﬂmman
nefunesgadayatng Reuters Iniflguuudany anprwmaguiedelugluniandisas
(less ambiguous formatting) ’

Faths Steve Finch Uax David D. Lewis AlFimafinlgaudly (cleanup) deya
117 Reuters Fusideuiueau aududeungaaniou Tl a.a. 1996 aeldzLluunms
4AN918NA13189 Finch's SGML-tagged uaaw'ﬁﬂmfanmww'lﬂqnmmm‘h] 595 1Bnd"7
iasanfiauindeustnann sniuluneubniddienaisiiamiesy 21,578 1enans
410 ﬁqﬁﬂnqmiﬂuumhnm'luﬂﬁdﬁ Reuters-21578 Distribution 1.0. [27]

Reuters-21578 Uszneaudasinndiuau 21,578 1ane19419 AN 135 nquig
Tnsgnausazinasiilanafredoymiulid sSGML dretndinudaslunianuan 9. an
ﬁm‘gmi'wﬁﬁL?'\f-}:\iﬂ-xi'vvamumm;hu%umun’mm?ﬂn‘iiﬂgaﬁﬂu}lﬁ‘lﬂ'l'i'\ﬂu !

Fumenud 1 usmenawizdeanulu Tite uarlu Body 197t uamin Index
1aausazi1298g U Topic Tuu

dunaudt 2 vindadiadnafild (@nwin Body) v?wummmﬁ'm?ﬁﬁ'ry (keyword) mng
Tusunsu copernic summarizer Tﬂﬂ'lum?mﬁ"lﬁ'}ﬁ’rgmmLtﬁiaxﬁiw‘lﬁﬁwumﬁﬁmummr'h‘/";
41137 10 A

Fumaudt 3 via 48R Title Ua Keyword Rl stemming TDIANTNIAAAN
iy stop word

3N117 Reuters- 21578 'l;.l:\muﬂL‘i"ﬂﬁlﬁ’r]nﬂfiu‘li'l‘l‘?‘;'l‘ﬁ'ﬁ’]ﬂﬁ?ﬂﬂﬂ’ﬂ\l‘/imuﬂ’i'mﬂu
3, 5 uar 14 nfimi'mmuﬁ'm”u‘l:ﬂﬂﬁmiu 3 uar 5 nén'ﬂqofiﬂuou'i’mgaﬁ'l'i’m?uﬁqua:
wogaulFimualanguiumn doudeyadiuau 14 nfaingadeyanisnuiisuacnagey
Tanudan muntes  ModApet ﬁﬁmﬂa:L’éﬂmmj'lu‘lvla’ﬁu'mw’s’@uﬁu”lwd’xiw Reuters-
21578
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- ° - - ] '
A9 4.5 uangadaysdmiuldmsulisuaslinanauaesdayatinn Reuters 3 nqu

naxgin duquinangiFeud $rurusnaldvaaay
acq 331 1932
crude 221 496
grain 215 467
EatY 767 ‘ 2895

uaziBununsgadays Reuters-21578 ilflummaaseglumsai 4.5 Tne uah

IHanmsmaasuanugniiesesnling uandluniinm 4.6

- o - ' ° '
M990 4.6 llﬂﬂ\’NﬂﬁWﬁ‘I]ﬂ\Iﬂ'\?ﬂﬂﬂﬂUﬂﬂ\i?‘fﬂHﬂﬁ'\Q Reuters-21578 91U 3 n{y

TuusE i $nnumndnianluadainad
(Husaunuaaingx) 1 5 3
1 (acq) 1762 81 89
2 (crude) 140 324 32
3 (grain) 29 35 403
A1 F measure = 0.85313
A1 Entropy = 0.45886

Learning Rate(77) = 0.001
Epoch = 81/100 Loops
Output Node = 3

Vigilance = 0.03



A . o - .’ 1 J
A19197 4.7 wansgadayadmiulfinsuiiauaclinagaunesdayating Reuters 5 ngx
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NANUT7 St diFeug {uautnldnadau
eamn ' 355 3181
acq 331 1932
money-fx 239 596
crude 221 496
grain 215 467
794 1361 6674

- o (] ° . J
A19719N 4.8 I.lﬂVNNﬂﬂWﬁ'ﬂﬂ\m’]?‘Wﬂﬂﬂu%ﬂi‘ﬁﬁ)&ﬂ‘ﬂ'\’l Reuters-21578 47494 5 NN

Truadwinmsan Srususandnfianluadainad
(fusaunuaas 1 2 3 4 5
na)
1 (money-fx) 148 127 1486 119 52
2 (crude) 51 17 4 54 370
3 (grain) 23 422 14 7 1
4 (acq) 569 T 9 11 0
5 (earn) 102 46 64 2789 180
A1 F measure = 0. 84963
A1 Entropy = 0.50952

Learning Rate(n) = 0.001
Epoch = 136/300 Loops
Output Node =5
Vigilance = 0.03




el 9 o - ) '
A1910 4.9 uamgadaysdmiuldinsuliauazlinaaauresdeyadin Reuters 14 ngu

46

nguaing druqutnaildiseug Fwaudnnlivanay
1.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.diIr 87 18
12. money-supply 75 13
13. oilseed A 107 24
14. sugar 107 21
793 6298 2866




A1599 4.10 WAAINAANTIRININAGELTDITRYAT12 Reuters-21578 A7uau 14 nau

47

sugar)

TnuaEYinmean Susuamndnnanluadainas
(dudunuaas [ 1| 2 (3|4 [5|6|7|8]| 9 |10]11]12]13]14
nax)
1(trade, interest) |1 |646 |30 13 |4 |12]|4 |0 |5 |0 |7 |5 |0 |oO
2 (acq) 253 |2 [231|24|13|3 |5 |99 |0 |16 |57 |14 |0
3() 20(7 |3 |o [31|1 |14|0 |7 |0 |6 |1 |0 |3
4 (earn) 0|1 [0 |o [3 |5 |1 200 [25]1 |0 |0 |7
5(moneyfx) |10]|6 [0 |1 |4 |8fo |19]0 |0 |4 |0 |0 [1
6 (crude) 471 fo |1 |3 |1 [1|o |1 |5 |1 |0 |0 |29
7() 351 {1 o [15]o{10f0 |0 |0 |4 [0 |0 |4
8 (ship, wheat) {12 {0 {1 {0 |o [15{0 [1 {32 [2 |1 [0 |0 |0
9(-) 21o-.[15]0 |+ |1 |ofo|o {4 |1 [0 |0 |3
10 (grain, oilseed) {4 |1 Q10 \C8A~-PFe T +0| 4\ [0 [0 |2
11 () 0 1 4o fo |1fof2fo o fo |o o |1 |0
12 () &~ (. RS o kb3 '@ ¥ro) o v Yo spoy o [o |6
13 () 2 fo |0 fo 3 [340o fa o |5 |1 [0 |0 |6
14 (money-supply, |3 |0 0 |0 0 |0 {1 {1 |O 2 {0 |0 |14 0

A1 F measure = 0.66189

A1 Entropy = 0.85547

Learning Rate(77) =0.001

Epoch = 275/300 Loops

Output Node = 14

Vigilance = 0.03

4.4 agduan1smaaas

ANUAMTNARRIAITNT 4.2 Tunammeasaiugadeyasidnesua Synthesized

Alphabet Documents N1#ABAY F- measure WinfL 0.99009 war AN Entropy winfiu

0.044368

-
HAZAMNHNANITNARDIANITINN 4.4

unanimeaesiugadeyasanusua
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Synthesized Text Documents FAAaAN F- measure Winfu 0.95561 Way A1 Entropy
Wiy 0.16297 FafluAnTiuameinszAnBnimasenisdasaneinniy ATNITNIANGNAL
FeyamsiaiulFRunniiamgndesielszin 95-99 wlefidus
Tudouaesgndayatinn Reuters-21578 anmei 4.6 Hunanmasesresdays
3 nq’uéwa‘i’i‘lﬁ A1 F-measure Winfu 0.85313 uaz A1 Entropy Wil 0.45886 3
Uszavinmeesmsdanguivdeyaeglunuamatanugniealszinm 85 wefidusiua
ansoszytuadniwidusiaunusesusiasngulfetinadaeu dwmideys 5 ngumn

(P

A797 4.8 WNH A1 F-measure infiu 0. 84963 UaY A1 Entropy WL 0.50952 @4

' [l

Usz@ninmwaeansdanguivdeyadatiadiegluinoeinaninugneiestlssunn 85
wefidus uazamnsaszyiwuadninnndusaunureusssnguldatdaautumaaiy
doyn 3 ngu uaz qavihadmiudeys 14 ngn Tudugedeyanunalugjuanlianmise
4.10 & A1 F-measure WML 0.66189 Uaz A1 Entropy 1N 0.85547 Use@nsninaes
nsaanquiudayasglunueimnalifaasuaunledfiiug F-Measure 0.66 uaraINNaNIs
¥ ' .: o < 3 Yy T [ ¥ o
nasesrecdieya 14 ngu LdmuBndtunadmuadinnlignansaszylsdadudaunuaes
[ ' P ¥ -: =l o o - 3 Yo
ngudeyangule  lesaandeyanlilunimmeassinamivdeniunin.  Geaziulden
Entropy ﬁq\n‘w 0.85547

v

v v 3
friuanEanmasesaue tasstulssamineniiiiaua i sonlaingudays

Y
v
vlvd 4 9 e g

mmmmm_gauumﬂuﬁwaﬁﬂﬁnmmz Less-Overlapping Dataset uasdananusznisnilaaes
Tnmhﬂﬂ?zmwLﬁﬂuﬁﬁfﬂam%umunmm‘a"ﬂuiaqam‘lﬁ Lﬁﬂqmniﬂqaﬁmums
Extraction Wilunguanldiflu Identifier yeusiaziangns Fanquaniiananands (Present)
dnglassinulszamieniflannss aelifeskinudunaunts Map vse Transformation
ﬁ']ﬂﬁ%‘ﬂﬁ?ﬂ"‘ﬂﬂ‘ﬂ’ﬂd Document Representation v%qu.uu Binary, Term-Frequency uae
TFxIDF e lWl# Feature Space mfauﬂnmiﬁﬁuifmﬂa&qﬁmm (Quantitative Feature
Space) uanaNtERldHaNIMAaeITId L RaUTaLAINANIMAREIIs TPCLNN [18]
‘%a‘lﬁv‘hmﬁmumnzg'm@nmﬂho Reuter-21578 uazlduann1sn1anuuuy Unsupervised
Learning Neural Network u 4 davgal

douit 1 Whsuieuludiunadnsildannisinlssansnmianan F-Measure

doud 2 WBsuieuludunadnsldannisinlsz@ansnméaean Entropy

douii 3 WBeudeuludaunsdnsiildannnisindiuauseunisfin Epoch

doud 4 WisueuludaunI M8 anaI Ny
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H o f-‘ o - U
doud 1 Wisuwsuludounadnsnlsainnisinlssansninaaeni F-Measure

@ Text ART NN
m TPCLNN

F-measure

Reuter 3 Reuter 5 Reuter 14

- ' '
NS 4.1 ugmanITFtuWELAT F-Measure 35M9714 Text ART Neural Network Waz

Text Processing Competitive Learning Neural Network

- Tudoui 1 Gaannsani 4.1 Use@ninaneesnisdnnguienansdag F-Measure 104

Text ART Neural Network HUss@nsnamnanda ussapalndiasan

doui 2 uhisunsuludiunaawin lsainnisdndsz@nsnindaedn Entropy

B Text ART NN
®m TPCLNN

Reuter 3 Reuter 5 Reuter 14

NsINT 4.2 uamenafauifiauAl Entropy 751979 Text ART Neural Network ua Text

Processing Competitive Learning Neural Network (TPCLNN)
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Tugouil 2 Bannsmi 4.2 UstAninmaesnnsdanguienansdon Entropy 199
TPCLNN fidsz@ngnmandn widaslndiaeaiu dauaindaud 1 uazdoun 2 apladn
UsrANBNINNII9ANGNIBNANIT83 Text ART Neural Network uaz TPCLNN Hiulsz@vsnng

InaAsanu

-I o r-l o O
doun 3 WinuWeuludaunadninlgainnisinsuausaunistin Epoch

—eo— Text ART
—a— TPCLNN

Loop
N
8

Reuter 3 Reuter 5 Reuter 14
Datasets

NN 4.3 uananaiFuuiisud o Epoch 15419 Text ART Neural Network uas Text

Processing Competitive Learning Neural Network (TPCLNN)

- Py A AICHC
ludaui 3 aqldannsan@ 4.3 Al saunnstin (Epoch) 1849 Text ART Neural
Network ldaruruseuiasndy agdumaun1snieuees Text ART  Neural Network

:’z ° - —I 1
WU eLTUAAUNIINI1ae TPCLNN azadgldludaun 4 salyl

doui 4 Reudeyludiunisiuaesianeii

Tudoudl 4 lumsAsamniminusaneifintes Text ART Neural Network WAy
TPCLNN 'l'iuﬁnn'nﬁ'muuwﬁujﬂummmsﬁﬂuiuuu“lﬁﬁgaﬂu (Unsupervised Learning)
FINNUUANNITIAANNUANFANTBAUBNANT ?iaLwia:ﬂ;*ﬂun'\?ﬁ'mua:ﬁtﬁmLm'n'vgmfuuﬂ
weawiniufianiluduzuas Iunnlfu Weights usfiaanuuansiaiu duaaslunsad

4.11
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A15197 4.11 WhRBLRHUNIRNIUSanaINNees Text ART Neural Network Uas TPCLNN

Text ART Neural | TPCLNN

Network
Similarity/Dissimilarity Measure | Similarity Dissimilarity
Winning nodes Max{Y} Min{Y,}
Update weights Weight 1aaiuungus Weight 199 luunguy
Control degree of similarity i (R

mndenluuaTizaes Text ART Neural Network atidentuuafifidngaiign
{lasnlduannisdautiaanansidudnnis Similarity Measure for Symbolic Objects eN
wénnsli Objects TRAMMARIERANN axiidn Similarty ga Tuanzfinindentuunmiy
789 TPCLNN aw@enbmafiiptiesiign  iasanldvdnnmsdauiaenaslindnms
Dissimilarity Measure for Symbolic Objects Faudnnsil Objects AfAuAgEiuNIN A
A1 Dissimilarity A

uATIAINUANSNATUAS Text ART Neural Network NAMANLRANMTAILANTTAL
ANARILARITEINIIARNAN (Control degree of similarity) FatmualagAn Vigilance
Threshold wazin ¥ Text ART Neural Network # Weights 2 qn An Bottom-up Weights
uge  Top-down Weights Tmﬂ‘i‘;vanm?ﬁuwm:ﬁ'mgnuﬁﬂuLﬁﬂumquc’hﬂﬂ'ﬁqo’\’fm
Similarity Measure for Symbolic Objects (fudauau 2 a%a e 1 saunstin Tansevuiivik
u’ﬁuumﬁ'ﬂu: ﬁqmmo’w’qaqm Similarity Measure for Symbolic Objects TENINIENANT
Aunsuar Bottom-up Weight uazsaufiges wrpsmnNtuludeniuundaussongns
Similarity Measure for Symbolic Objects ?:wim'anmi%uvgmm: Top-down Weight Tnefl
#n Vigilance Threshold ¥wifirauausziuAMuAR aiuIaaena sBumail Top-down
Weight teiaseaiindifa Tusnuzi TPCLNN i Weights 1 4 \andnsdunmdegn
wWRsuisuruARILARNsae Dissimilarity Measure for symbolic objects usauau 1
ps sia 1 seunasiin Tae wilwuadaus Austufangms Dissimilarity Measure for Symbolic
Objects FEwdnAANAITBUWALGE Weight 18diosaailniifa Fauinuauduneulung
FUINLTD4 Text ART Neural Network ARdmanduseusnnniniienSauniisuiudiuam
Fumanlun1TAuInIEes TPCLNN wiiia@ndruausaunisiln (Training Epoch) ANHANAT

nAaadText ART Neural Network 1¥91uquseunistintiesndn
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agiuanisiseuasuRLAUALUE

5.1 agUnanuIde
aiAse ‘1:%11'1muﬂ‘ﬁ‘ﬁmﬁmn@umnm?Tmﬂ'l‘ii’ua“nmwm‘iﬂmi'mﬂizmwLﬁﬂw?i
Fuufuuimdauzuun Adaptive Resonance Theory fanfiimamaduainaniariuges
1BN@TULY Similarity Measure for Symbolic Objects anudnnAITanuATIng1aNA
Trssnedszamifnaiimniuminasnsofudeyatuyniidhuderan  (text) il
Uszananaldlanmse Taofilidndudeslasdunn Wiiudayaludeiananeuusstola
$Ennsitanantiywesninfin High Dimension 199 Eie14REN17189 Vector Space
Model tumsutingaiideyasuaiva) 39 Feature figndendmiunnindnlulasadne
Vszamientsznaudan nduATaviaies (Set of Tite)uznguAnaaddndrty (Set of
Keyword) 418418n417 Fafudamou Input Nodes 1a4lAseinalszamiienaayiai 2 Input
Nodes
iafmuassiuANNARIEARITasEnaisiun TR ngy Tasstneszamiieni]
2lAn Vigilance husautlshitvuadn Threshold Fufularstnglszamifionitaiing
H9UUAN 2 daufe
® gdouusnAa Competitive douﬁﬁ'mﬁﬁﬁmfuumQ"nuzmungmm Winning-Take-All g
wuadaus - (Winning-Node) Aeluuanimenimageiian  waslimafidiening
saeaanifulnuaguie  (Candidate Node) InznasAinuamAIANARIEARITENIN
1aNATAUNANAL Bottom-Up Weight
e @ndauAa Resonance dautisimihiinaseuiieulafiddy TaansdiuaniAiagy
ANIEARITENINIENATBUNRANL Top-Down Weight FeazifiumAruoniifadlusiouls
Z than z fAngandnAn Vigilance wamsiniiannasnadesiuideuls (Resonance) A9
ﬂ'am*u'lﬁmﬁvgm’l‘uum&utﬂu‘[uumcj‘nu: uasMMILIFL Weight Taaieninaluuniiaus

v 1 ) [}
tumunRanlennanidluuni 3

TugauaaanisdnlssaninneasnanimasadluanAdeillaldAn Entropy uazAn

¥ ] H ] ]
F- Measure lusa3inlsz@nsnmenansdangn Tanuanimaaadluunmi 4 letiuai
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nuFaudisuiunsanamddelandelrzamiionGoufuiimigoue. (A Text
Processing Competitive Learning Neural Network (TPCLNN)) [18] Tanunsnluitlefius

299 F-Meausre Wil 65% W91 Text ART Clustering Husz@nnwandn TPCLNN

5.2 UNILATIEN
-~ [] 3 174 ) el :d
"I’]ﬂﬂﬁ?ﬁﬂﬂﬁﬂ’]?@ﬂLLUQﬂf!Nlﬂﬂﬂ'\?Tﬂtl'l‘ﬁ Text ART Neural Network WU?MIENITUN

14

-l oml ] @
’ﬂﬂmuﬂ'lﬁn’li‘ﬂuj 'lu“ﬂ']ﬂﬂizlﬂu

& .
5.2.1 aAAMNTUTAUTDITURDY Pre-processing

* v L

{in9aniumauLaIN1in Document Representation 189MUAAHT WANAIAIN
:’z © 5 . sl¢ -l' - 2" [ 1 73 Vly
1unauUNIINT  Document Representation ol FeluemiAdeil ANBOUTTDYAR AN
Document Representation Wy Title x Keyword ﬂ?:nﬂué'fmniiuﬁ'mm‘ﬂﬂGﬂquﬂzna"uﬁﬂ
aeaAdnAyreendts  wanisndadnlasiielssamifianuun Text  Adaptive

) 1 4

Resonance Theory lalnanssdeandunaunisutiad Textual Values 1 Numerical Values

uazefagauantloymn Input Dimensional Feature Space adlanaeduiu

5.2.2 A1 Vigilance

P ‘ P ' - -y Yol o e
lu’rNQ']ﬂﬂ']lﬂ']'ﬂw‘ﬂTuuﬂ'ﬂﬂ\ﬁﬂT\]‘ﬂqﬂl’?zﬂ'}WWlﬂ“'ﬂ']quﬂqwqq‘lﬂﬂlﬂiNﬂu INalaan

<

-dld & R v a -; ' A -t (%
Lﬂ’WIWﬂTMuﬂVINﬂ’]’]Nﬂﬂ’]ﬂﬂﬂQLtﬂxﬂﬂﬂﬂﬂﬂﬁﬂutﬂﬂﬂ’\?u"mﬂﬂﬂ A1 Vigilance audusiowls

<
[l

' 5
& -

fdAnyilddmIuimue Threshold sasnaswitnguienanslsiiluetineg Tasdn Vigilance
- ' - : = LI - [y - ¥
fiA1721919 0 AUda 1 A1 Vigilance Naglng 1 MNAETNANARILARILAZADAARRITRINTT

¥
WNNENTTALAN uananilA Vigilance lnafuAIuIuNguYe Cluster

5.2.3 AIUNUNGNLANET (Centroid)

iieean Bottom-up weight uar Top-down weight gaalaseineszamitend
annsaifuARidanTuneui Weight Auiusandnues Weight N G AR
annsaifluAinddysasusiaznguienatsussiifusaunungn (Centroid) 1 Wieanaszy

seauANANTUSIRIA T Weight usiazgnls

5.2.4 msldanulaagiandieuang
- [ 3 } 73 3 ar - J p []
Asnssanaansifilssgnaliiuszuudanisdayaienansau oating
} 3 d! v o = -~ 73
ndwenaiissaindayaenarsutiaqiuiiunnminumisng uszszuuAnnsdeya

LNANTHVAINUANETIUL 1T TYUUAUAUANTAUINA (Information Retrieval Systems) seuU
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adsdiayalanas (Document Warehouse Systems) WAZTZLLNNSIAUNIAMIANGNT (Text
Categorization Systems) \wsiu WReaiRnFdinsiiadlussuudnnisdeyaenansiangne

gy
nRINIT

5.3 TALAUBUUSUAZULUINIUNITINIR 85D

desnlumideiilnnassiuiansdeyaflidudayada (Text Document) fae
38N Text ART Neural Network 3uiazfininindnisdianaannldiiy Web Document
viv wnarsieglugLluy HTML vida Ascii Text uazdafipauiilldlunnidanedii]
‘lﬂﬂianﬁtﬂﬂﬂ’mmLflum‘ﬁ':mﬁﬂ‘ﬁoﬂ'luszuuﬁuﬁummumﬂ (Information Retrieval) unu
Q‘liu‘%m::uur’u’uﬁummumm:ﬁmﬁummnmﬁ?mumﬁﬁaﬂ'tuixuuua:ﬁm'md’uﬁuﬁ'ﬁu
Ardudu §ldamnsoguaain Document Cluster tienianansiinitadasld Systems)
FamstAaninazdieludaunisandun B (Scanning) lussivudenaiaadldiily
DHWA

ananiigefiamauiililflunmehdansitui hilssyndidemuniusiaci
1997 uuARIBYALBNATT (Document Warehouse) ludaudas Document Loading dmiu
wnansnuAIe s Selussinadadayaianansarafiduauienanslusuuieg
Sumsnnuia fafunimia Document Clustering iessynguianansiadeiilu
sruadidiayalanans AninazdaeludounisanduauFnausumaenarsiussundngan
wazgaelugdan Pre-Processing 184n139anNAuilandns (Text Categorization) qmv’hﬂﬁ

wumlunsvmuddasisaaisnsu biinaansndauiingudeyaianatsii

Anwni Overlap gals
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NAMANUIN N.

LAAIAIDEN9113 Reuters-21578

n.1 Wad1anaunisanunn

<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
reqguest of Sen. Jesse Helms (R-N.C.), former chairman of the

senate agriculture committee.
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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.
Reuter
</BODY></TEXT>
</REUTERS>

n2 'Wddnuasannlasauinienemzdayaluudin TITLE uaz  uwin

KEYWORD

ddmasanniadauiinieanizdeyaluuin TITLE uaz uvin KEYWORD uda

al o

#1183 TITLE Heail

GAO LIKELY TO SHOW CERTS MORE COSTLY THAN CASH

491283 BODY

A study on grain certificates due out
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shortly from the Government Accounting Office (GAQ) 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.
GAOQ 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.

al Y ) o af
A9199 N.1 udAFatinTaIA i Stop Words

a about above according across actually adj after afterwards again against all almost
alone along

already also although atways among amongst an and another-any anyhow anyone
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anything anywhere

are aren't around as at

b be became because become becomes becoming been before beforehand begin
beginning behind
being below beside besides between beyond billion both but by

¢ can can't cannot caption co co. could couldn't

d did didn’t do does doesn't don't down during

e each eg eight eighty either else elsewhere end ending enough etc even ever every

everyone everything everywhere except

f few fifty first five for forﬁwer formerly forty found four from further

h had has hasn't have haven't he he'd he'll he's hence her here here's hereafter hereby
herein hereupon

hers herself him himself his how however hundred

ii'di'li'mi've ieif in inc. indeed instead into is isn't it it's its itself

| last later latter latterly least less let let's like likely Itd

m made make makes many maybe me meantime meanwhile might million miss more
moreover

most mostly mr mrs much must my myself

n namely neither never nevertheless next nine ninety no nobody none nonetheless
noone nor not

nothing now nowhere

o of off often on once one one's only onto or other others otherwise our ours ourselves
out over

overall own

p per perhaps .

r rather recent recently

s same seem seemed seeming seems seven seventy several she she'd she'll she's
should shouldn't

since six sixty so some somehow someone something sometime sometimes somewhere
still

stop such
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t taking ten than that that'll that's that've the their them themselves then thence there
there'd there'll

there're there's there've thereafter thereby therefore therein thereupon these they they'd
they'll

they're they've thirty this those though thousand three through throughout thru thus to
together too

toward towards trillion twenty two

u under unless uniike unlikely until up upon us used using

v very via

w was wasn't we we'd we'll we're we've well were weren't what what'll what's what've
whatever when whence whenever where where's whereafter whereas whereby wherein
whereupon wherever

whether which while whither who who'd who'll who's whoever whole whom whomever
whose

why will with within without won't would wouldn't

y yes yet you you'd you'll you're you've your yours yourself yourselves

al ar ' o o o~ v . o
ANSI9N N.2 LAAFRRENITRIAN IAMAIAINGTA Stemming 189A7

Title keyword
gao, like, show, certificate, gao, cost, loan, agriculture ,government, usda,
cert,cost, cash report, committee

d o ] o i o . © i
A5 N.3 UAAIRIBLNTBIAMAR stemming uazAALEIL stop word

fauMAn stemming UAIAA stemming
tons ton
omits omit
accepts accept
minerals mineral
groups group
called call
acquires acquire
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acquires

acquire

drafts

draft

certs

cert

earning

eam

driving

drive

meeting

meet

planning

plan

according

accord

a

is

am

are

on

the

an

to

then

that

of

while
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Title Keyword

data(1,1).text(1,:) = {'bahia'}; data(1,2).text(1,:) = {'dIr'};
data(1,1).text(2,:) = {'cocoa'}; data(1,2).text(2,:) = {'york'};
data(1,1).text(3,:) = {'revew'}; data(1,2).text(3,:) = {'sale'};

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

ANS19N N.5 UAAIFAAtN Weight TlFaannns@end (Synthesized Text Document)

Bottom-up weight

Neuron Weights

Output Node 1 {{3com,1.0),(cisc0,0.99), (internet,0.98),(java,1.0),
(network,0.99),{protocol,0.98)}

QOutput Node 2 {(airline, 1.0),(bank,1.0), (business,0.98),(car,0.99),
(hotel,0.98),(intel,0.0), (network,0.0),(travel,1.0)}

Output Node 3 {(algorithm,1.0),(compute,0.99); (database,0.97),(intel,0.98),
(java,1.0),(network,1.0)}
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Top-down weight

Neuron Weights

Output Node1 {(83com,1.0),(cisco,0.99), (internet,0.98),(java,1.0),
(network,0.99),(protocol,0.98)}

Output Node 2 {(airline,1.0),(algorithm,0.0), (bank,0.97),(business,0.98),
(car,0.99),(database,0.0), (hotel,0.98),(intel,0.0),
(network,0.0),(travel,0.99)}

Output Node 3 {(algorithm,1.0),(compute,0.99), (database,0.96),(intel,0.98),
(java,1.0),{network,1.0)}

AN5147 1.6 WARAIBENY Weight #ildannsGuuf (Routers-21578)

Bottom-up weight

Neuron Weights
Neuron 1 {{complete,0.001),(kraft,0.001),(quaker,0.001),(carling,0.02), (elders,0.002}

(buyout,0.003),(disclosure,0.003),(favors,0.003),(period,0.003),(shad,0.003
(shortening,0.003),(agree,0.004),(stars,0.004),(store,0.004),

(firm,0.005),(ups,0.005),(group,0.006),(bank,0.008),(bid,0.013),
(acquire,0.025),(pct,0.029), (stake,0.116),(unit,0.171),(merge,0.221),(buy,0

Neuron 2 {(expansion,0.001),(analyst,0.002),(good,0.002),{guinea,0.002),
(papua,0.002),(prospect,0.002),(arab,0.003),{heavy,0.003),(supplies,0.003
(term,0.004), (bombings,0.004),(colombian,0.004),(group,0.004),
(pipelines,0.004), (suspend,0.004),(boosts,0.005), (output,0.005),(post,0.04
(acquisition,0.01),(opec,0.011), (american,0.013),(crude,0.018), (price,0.03
(pct,0.157),(0il, 1.0)}

Neuron 3 {{midwest,0.001),(movement,0.001), {slow,0.001},{carloadings,0.002),
(fall,0.002),(ahead,0.003),{cbt,0.003),(look,0.003), (spring,0.003),
(traders,0.003),(lanka,0.04),(overnight,0.04),(sri,0.04),(tendering,0.04),
(crop,0.05),(main,0.05),(projection,0.05),(reduce,0.05),(rice,0.05),
(plantings,0.09),(maize,0.016),(set,0.026),(export,0.229),(usda,0.398),
(corn,0.477),(grain,0.671),(wheat,0.964}}
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Top-down weight

Neuron Weights

Neuron1 {(group,0.001),(kraft,0.001), (quaker,0.001),(unit,0.001), (merge,0.002),

(carling,0.002),(elders,0.002),(disclosure,0.003),(favors,0.003),(period,0
(shad,0.003),(shortening,0.003),(acquire,0.004),(agree,0.004), (stars,0.(
(store,0.004), (firm,0.004),(stake,0.005),(ups,0.005),(pct,0.008), (buy,0.Q

Neuron 2 { (expansion,0.001),(opec,0.001), (analyst,0.002),(good, 0.002), (g
0.002),

(papua, 0.002),(prospect, 0.002),(american,0.003), (arab, 0.003),
0.003),

{heavy, 0.003),(supplies, 0.003),(term, 0.003),(hombings, 0.003),
(colombian,0.004),(group, 0.004)}, (pipelines, 0.004),(suspend, 0.004),
(acquisition,0.005),(boosts,0.005), (output,0.005),(pct,0.005), (0il,0.916)

Neuron 3 { (country,0.001),(midwest,0.001), (movement,0.001),(slow,0.001),
(carloadings,0.002),(fall,0.002),(ahead,0.003),(cbt,0.003), (look,0.003),
(spring,0.003), (traders,0.003).(Iankq,0.004),(ovemight,0.004),
(plantings,0.004), (sri,0.004),(tendering,0.005), (crop,0.005),(main,0.004
(projection,0.005),(reduce,0.005),(rice,0.005),(maize,0.005), (export,0.0
(usda,0.006),(oil,0.009),(grain,0.116),(wheat,0.238)}




68

NIARUIN .

LAAYAIDEINNITNNIURY Text ART Neural Network

Training

Set Initialze Degree of botton-up weights = 0.500
Set Initialze Degree of top-down weights = 1.000
Set Learning Rate parameter = 0.010

Set Learning Loop parameter = 100

Set Vigilance parameter = 0.100

Number of input units = 2

Number of interface units = 2

Number of cutput units = 3

X(35) Y(1) NET = 2.35000 , Z = 0.15476 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(57) Y(1) NET = 1.87500 , Z = 0.34286 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(83) Y(1) NET = 1.99107 , Z = 0.50000 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(64) Y(1) NET = 2.17857 , Z = 0.70833 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(16) Y(1) NET = 1.00000 ,Z = 0.00000 Loop(1) ---> RESET :: FIND CANDIDATE NEURONS

>>>>> X(16) Y(2) Loop(1) I!l ALL UNITS RESET 11! ADD NEW OUTPUT NEURON , Z = 0.00000

<L LL< ’

X(98) Y(1) NET = 1.82500 ,Z = 0.00000 Loop(1) ---> RESET :: FIND CANDIDATE NEURONS

X(98) Y(2) NET = 1.30000, Z = 0.17143 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(97) Y(2) NET = 1.92867 , Z = 0.30000 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(32) Y(1) NET = 1.69615, Z = 0.50000 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(51) Y(1) NET = 1.77622, Z = 0.70000 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(73) Y(1) NET = 1.73427 , Z = 0.50000 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(17) Y(1) NET = 1.72115 , Z = 0.45000 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(65) Y(2) NET = 2.17857 , Z = 0.37500 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(23) Y(2) NET = 2.39286 , Z = 0.62500 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(89) Y(1) NET = 1.47115 , Z = 0.62500 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(45) Y(1) NET = 1.69231 , Z = 0.22500 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(13) Y(2) NET = 2.64286 , Z = 0.62500 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(8) Y(1) NET = 1.57692 ,Z = 0.00000 Loop(1) > RESET :: FIND CANDIDATE NEURONS

X(8) Y(2) NET = 1.18750 ,Z = 0.00000 Loop(1) --> RESET :: FIND CANDIDATE NEURONS
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>>>>> X(8) Y(3) Loop(1) !t ALL UNITS RESET !} ADD NEW OUTPUT NEURON , Z = 0.00000
<<<<<

X(42) Y(1) NET = 1.69231 ,Z = 0.00000 Loop(1) ---> RESET :: FIND CANDIDATE NEURONS

X(42) Y(2) NET = 1.16667 ,Z = 0.00000 Loop(1) ---> RESET :: FIND CANDIDATE NEURONS

X(42) Y(3) NET = 1.00000 , Z = 0.33333 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(99) Y(2) NET = 2.64286 , Z = 0.75000 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(49) Y(3) NET = 2.10000, Z = 0.58333 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(26) Y(2) NET = 2.14286 , Z = 0.45000 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(9) Y(2) NET = 2.14286 , Z = 0.37500 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(30) Y(3) NET = 1.80357 ,Z = 0.00000 Loop(1) > RESET :: FIND CANDIDATE NEURONS

X(30) Y(1) NET = 1.78297 , Z = 0.45000 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(22) Y(3) NET = 1.67857 , Z = 0.26667 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(21) Y(2) NET = 2.50000, Z = 0.29167 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(37) Y(2) NET = 2.31250 , Z = 0.40000 Loop(1) <<< NOT RESET j| COMPETITIVE COMPLETE >>>
X(71) Y(3) NET = 2.07143 , Z = 0.37500 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(100) Y(3) NET = 1.83036 , Z = 0.37500 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE
>>>

X(84) Y(3) NET = 2.01786 , Z = 0.26667 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(47) Y(3) NET = 2.20536 , Z = 0.62500 Loop(1) <<< NOT RESET || COMPETITIVE COMPLETE >>>

X(93) Y(2) NET = 2.35000 , Z = 0.70833 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(40) Y(2) NET = 3.45000 , Z = 0.55000 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(24) Y(1) NET = 2.50000 , Z = 0.54167 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(7) Y(3) NET = 3.00000 , Z = 0.47500 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>

X(27) Y(3) NET = 2.75000 , Z = 0.67500 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(69) Y(1) NET = 2.50000 , Z = 0.35000 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(15) Y(1) NET = 2.25000 , Z = 0.22500 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(12) Y(3) NET = 3.00000 , Z = 0.54167 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(14) Y(3) NET = 2.50000 , Z = 0.57500 Loop(7) <<< NOT RESET }| COMPETITIVE COMPLETE >>>
X(99) Y(2) NET = 2.95000 , Z = 0.60000 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(26) Y(2) NET = 2.65000 , Z = 0.45000 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(75) Y(3) NET = 2.75000 , Z = 0.87500 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
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X(72) Y(3) NET = 2.25000 , Z = 0.53333 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(50) Y(3) NET = 2.50000 , Z = 0.37500 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(48) Y(1) NET = 3.25000 , Z = 0.40000 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(91) Y(3) NET = 2.50000 , Z = 0.32500 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(41) Y(1) NET = 2.25000, Z = 0.26667 Loop(7) <<< NOT RESET {| COMPETITIVE COMPLETE >>>
X(39) Y(3) NET = 2.50000 , Z = 0.35000 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(77) Y(2) NET = 2.35000 , Z = 0.22500 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(58) Y(3) NET = 2.50000 , Z = 0.53333 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(71) Y(1) NET = 2.50000 , Z = 0.36667 Loop(7) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(64) Y(1) NET = 2.50000 , Z = 0.70833 Loop(8) <<< NOT RESET |} COMPETITIVE COMPLETE >>>
X(16) Y(2)'NET = 2.50000 , Z = 0.35000 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(98) Y(3) NET = 2.75000 , Z = 0.40000 Loop(8) <<< NGT RESET || COMPETITIVE COMPLETE >>>
X(97) Y(3) NET = 2.50000 , Z = 0.30000 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
(4) Y(1) NET = 3.00000 , Z = 0.36667 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(38) Y(1) NET = 1.75000, Z = 0.37500 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(34) Y(2) NET = 2.50000, Z = 0.41667 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(67) Y(2) NET = 2.25000 , Z = 0.22500 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(14) Y(1) NET = 2.50000, Z = 0.29167 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(96) Y(1) NET = 2.50000, Z = 0.50000 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(78) Y(3) NET = 3.00000 , Z = 0.30000 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(28) Y(2) NET = 2.50000 , Z = 0.54167 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(93) Y(3) NET = 2.25000 , Z = 0.62500 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(74) Y(1) NET = 2.75000 , Z = 0.33333 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(29) Y(1) NET = 225000 , Z = 0.35000 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(43) Y(1) NET = 2.50000 , Z = 0.70000 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(53) Y(1) NET = 2.50000 , Z = 0.35000 Loop(8) <<< NOT RESET }| COMPETITIVE COMPLETE >>>
X(86) Y(2) NET = 2.25000, Z = 0.43333 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(15) Y(2) NET = 2.25000, Z = 0.41667 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(54) Y(3) NET = 3.00000, Z = 0.62500 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(24) Y(2) NET = 2.50000 , Z = 0.54167 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
X(85) Y(1) NET = 2.75000 , Z = 0.62500 Loop(8) <<< NOT RESET || COMPETITIVE COMPLETE >>>
(Learning Loop = 100) Epoch = 8

The vigilance value = 0.1000

The number of class = 3

Entropy : 0.00000
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F-Measure : 1.00000
Number of Reset : 0

Data Swaping : 0

confusion =
0 0 30
38 0 0
0 32 0

Clock = [year:2004] [month:4] [day:19] [hour:14] [minute:0] [seconds:51]

ek

Epoch 8 ==> ***** No Data Swap Move Across Clusters
The learning loop (8) is finish
The process is completion.

Running time is 8.05 minutes.

Experime}wtal Result of clustering.

The total elements’ number of cluster number[1] = 38
The total elements’ number of cluster number[2] = 32
The total elements’ number of cluster number{3] = 30
The 100 rows of data set can be computed as 3 clusters.
The total of new neurons is 2

The vigilance value is 0.100

The training set is data2

Entropy of clustering data is 0.00000

F-Measure of clustering data is 1.00000

Confusion Matrix is in train_model.mat ,variable namely, confusion
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b- s ,
- This paper proposes a Text Processing Adaptive Resonance Theory Neural
& Network for document clustering. Unlike the -conventional clustering
j algorithms, a Text Processing Adaptive Resonance Theory Neural Network
. yorks directly on textual information without transforming text data into a
imerical value. The main contribution of this paper is to show how to adapt
e concepts of ART1 clustering on a data set, which has a qualitative féature
/. values. The Text Processing Adaptive Resonance Theory Neural Network
- utilizes of the concept of similarity measure for symbolic objects, which is
@ifferent from the conventional similarity measure: for objects whose feature
- values are numerical values. The proposed neural network assigns cluster labels
o the objects. ] r

KA

RODUCTION
- Continuous numeric data are well known as a classical data type for

numerical values. Symbolic objects are extensions of classical data type. The
Batures of symbolic objects may include one or more elementary objects and
Pata set may have a variable number of features (Gowda and Diday,1992). There
B some research dealing with symbolic objects. Gowda and Diday proposed
Jlissimilarity and similarity measure baed on positiot, span, and content of
gymbolic objects. The core algorithm is agglomerative clustering. Gowda and
Javi proposed divisive clustering for symbolic objects. El-SonBaty Y.A. and
Jsmail M.A. proposed fuzzy clustering for symbolic data. T.V. Ravi and K.C.
0owda proposed clustering of symbolic objects using gravitational approach:
The text data is considered as a symbolic objects. :

- Several clustering algorithms for objects whose ieature values are numerical
fvalues are the conventional clustering algorithms. Recently, clustering problems
jare extended for text document clustering and non-numerical values. To cluster
text dbcuments by using the conventional clustering algorithms; each document
jor object has to be mapped onto some representation that it has’ quantitative
featutes. One of most widely used representation is' the vector space model
Gerard Salton,1989). The utilization of the vector space model may lead to a
‘very high dimensional feature space. In addition; this feature space is generally
& not free from correlation. T '

stering and the conventional clustering algorithm works on the objects which
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The propas tering - rithm . in . this . pa T is different from the
cmvenﬁona“lzpzliiste#:;m‘ggﬁfgn?\vhkh, -works n%:crica! data type. The
proposed clustering  algorithm " “Works " directly on textual data without
transforming text data into numerical values or quantitative features. The inputs
of the proposed neural network directl _receive a qualitative feature. Then, |
based onane\\{‘uh_si)p._’e"rWSed'Fehﬁ)’ingﬁ the concepts'of similarity easyre for /
symbolic objects; the proposed’ néural network assigns clustet labels to the
o‘bjecm g X P o3 S i .. e it ‘ o . 3

Frawhy ook N 7S

D’OCUMENTREPRESEN’I‘ATION T
A document , Doc » for clustering task can be written as the Cartesian
product of specific values of its features Docy's as (Gowda and Diday,1992).

Dx-b;:xosz,x...ib, : M

Different from a vector ‘space model, the feature valués are words ' that
describe the features. As an example, a documekit can’be written as Cartesian
product of 7irle feature and Keyword featureas - -

2

. Doca Title x Keyword - AN @)

where the values of thé Title features are words that describe the title of the
document and the values of the Keyword features are a set of keywords of the
document. ’

Here, according to Gowda and Diday, similarity between two documents 4 -/ 8
and Bisdefinédas © .- i d s 35 1

S

S(A-B)=‘§ls(f‘k.s.3k). g 18 g (3)

Forthe b feature, (4, 8, is defined usig the following three
components. . (A -, .

1)S,(4;,B;) due to position.

2) S, (4, B;) due-to span.

3)sc(A,;,B,)dueto¢ogtefgt. 7 -\ 4
The similarity component due to “position” arises only when the featune
type is quantitative. The position indicates the relative Positions of two feature | X
values on real line. The similarity component due to “span” indicates the relative .
sizes of the feature values without referring to common part between them. The .
similarity component'due to “content” is 3 measure of common parts between
two feature values (Gowda and Diday, 1993). ' ,
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)

F or iqualitative type of features, the similarity component due to “position™
i lbsem The two components that contnbute o similarity are “span” and

= leng_th of A or number of elements in A
= length of B, or number of elements in By
k' inters = length of intersection of 4; and B;

' 1,= span length of 4, and B, combined =/, + Iy~ inters

The-similarity componcnt due to “span” is defined as

g +1)

x(Ath)g 2 1 (4)

¢ - The similarity component due to “cont'em” is defined as

3 S - inters
b ; T Sc(AkBy) = { , . )

3

Net similarity between A,and Bj is defined as
S(Ag, Br) = So(Ar, Bi) + Se(Ar, By) . L (e
- ‘,Ihq net similarity has the degree of similar between [05 2]. As_an

vle, the similar between the first object , Docl , and the second object ,
Po¢2 , shown in Table 1, can be computed as followmg

Table 1: D Data
GV DOCUMENT TITLE - \KEYWORD *
[ Docl- JAVA Handbook PWAVA Object Oriented Approach
C++ Handbaok C++ Object Oriented Approach
«}::Doc3 . - | MatLabHandbook | MatLab matrix labordtory

%81 S(Doc1,Doc2) = S(JAVA Handbook, C++ Handbook) +
" S(JAVA Object Oriented Approach, C-++ Object Oriented Approach)
S(JAVA HandBook, C++ Har_l:dbook) [(13+12) / _2 (17 1+ (8/ 17)

F S(JAVA Object Oriented Approach, C++ Object Oriented Approach)
yi e [(29+28)/2.(41)]+ (16/41) = 0.6951+0.3902 =1.0854
 The net similarity of Keyword feature is 1.0854.

' ; Then the net similarity between Docl and Doc2 for two features of values is
059 + 1.0854 ='2.2913. The concepts of similarity measure will be used to
'méasure the similarity between documents in the next section.
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THE TEXT PROCESSING ADAPTIVE RESONANCE THEORY NEURAL
NETWORK 4, S, :

In this section, a new learning algorithm for document clustering is
presented. The architecture of the proposed neural networks is shown in Fig 1.

>y

Y,

D,
Y
D, L
Y
Figure 1: The architecture of Text Processing Adaptive R Theory

Neural Network

Unlike conventional neural networks, input layer of proposed neural
network receive qualitative values by using unsupervised learnifg. To compute
qualitative values, the bottom-up weight, by, and the top-down weights, #;, have
to contain qualitative values and degree of association of the qualitative values.

b/j - ((Avjleli/)'(Azy'ew)v"')(APij'.pfj)}. € (7)

where 4, is the pth qualitative value of the weight and €, is the degree of

- association of this qualitative value to the input ith. €,’s have value between

interval 0 to 1. €,; = 0 if the qualitative value, 4py , is not a part of the input ith,
While e,; = 1 if the qualitative value has strong association with the input ith.

1= «Bljl;el]l)!(BZJI!".'/I)-j"v(B'pjivegjl)} (8)

where B,; is the pth qualitative value of the weight and €, is the degree of
association of this qualitative val.. to the input jth. e,,’s have value between
interval 0 to 1. €,; = 0.if the qualitative value, B, Jis not a part of the input jith,
While €, = 1 if the qualitative value has strong association with the input jth.

LEARNING ALGORITHM : g '
The details of the proposed learning algorithm can be presented as below:
Step 0: Initialize bottom-up weight and top-down weight ¢an be initialized
from the training data set arbitrafily. Vigilance parameter; p, = [0,4) ok
Step 1: While stopping condition is false, do step 2-9
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Step 2; Faruchinpm'quﬁmﬁmvﬂue’s‘trmpm 1,0 Vi vl L AT £
© Dde = (D), DyDy Dy pdb Step3 it foy s e )
Stefs 3: Set \nputDﬁumtheF,,,LroX\?Enihle on theP,,,,, B bl
%0 STy
Step : For each the jth outgmm)g,cpmpute,\ L gl oe, S e vahge B
d - ' 4
25 Y}.n'kgl»%.g(’x*"??)‘\w . .:, ORI ¥ I ‘ o A¥ (“) L
"~ where ST ER
pxsnumberofvalmofbonom-upwelgm
{. 'd is number of feature values * ‘"

S;ep 5 Find index J such that is a maximum ,';

Z= S(X,,l.n).c_,, s ) :;L ) B e (l2)
Step? Tmfprmet mechanism S
. IfZ.< p, then.¥, =1 (inhibit node J),dosteps agun
4+ IfZ 2vp, then dostep 8 .,
Step8: Update bottom-up weight and top—down welght for node J
b(m) . b(O’d) uX

Zeon 3 { S0P 4 n)if Ay eby N X,

e -
'.'U. / f(e,(,"'f-rr)i_f'A,ﬁeb}}h* .
t_(,’,""")ax ‘
Sl _ 1(el5 +n)xf8m,et,,nx
I g f(e,u, =m)if By €ty nX (13)
where f(.) is defined as below:
L x if0sxsl1 ‘
B f(x)=10 ifx<0
1 ifx>1 (‘4)

Step 9: Test for stopping condition. Might consist of any o the followmg
= below:
No weight changes,
‘Nounit reset, - y
. Maxxmum number of epochs read:ed

BEXPERIMENTAL RESULTS .
¢ - In this section, the experimental results. of the proposed neural network are
X ented. A training data set 100 data consist of 3 clusters and a testing. data
¢-get 100-data consist of 3 clusters are synthesized. Each documm in the xrammg
set can be represented by Title feature and Keyword feature. -

Bich feature of a text data is qualitative value: For this experiment, some
glish alphabets are used to represent values of each featuré. A’ set of title
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feature for a member of clusterumber 1:is a subset.of {a,¢;d;g,h}-and a set of
eyword feature for a member of cluster number 1 is.a subset of {cd.fiij}. Aset
of title feature for a member of cluster oumber 2 is a subset of {g,h,k,m,n} anda
set of keyword feature for a member of cluster number 2 is a subset of
{ij,m,n,p}. A set of title feature for a member of cluster number 3 is a subset of
{r,s,tu,v} and a set of keyword feature for a mémber of clustet number 3 is a
subset of {u,v,w,x,y}. it o
To measure the accuracy of the proposed neural network, the clustering
accuracy, r, is defined as “

=[1-(Z doc)/n}*100 5
g AR S
Where c is a number of data that are incorrectly assigned to an incorrectly

cluster. » is a number of all data.
The experimental results of the testing data set consist of 32 data from

cluster number 1 , 27 data from cluster number 2 and 41 data from ‘cluster

number 3 . According to the testing data set, the proposed neural network can
gives the clustering accuracy as 99.00 %. This shows that the proposed network
has well performance in clustering text data:- o

CONCLUSIONS W% v

In this paper, a text processing adaptive resonance theory neural network is
proposed. From the experimental results, the proposed neural network can work
directly textual data without mapping the qualitative value into numerical value
as well performance. In the future, some experiment results that are conducted
on the Reuter-21578 news articles will be reported. = ’

NOMENCLATURE

S(A,B) : similarity measure between A and B objects
S, : similarity component “span” :
S. : similarity component ‘‘content”

r : clustering accuracy
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Abstract: Most studios of data mining have focus on structured data such as relational, transactional, and data

house data. H

, the most available information is stored in text database, which consist of large

amounts of text documents such as news articles, research papers, and e-mail mossages. Data stored in most
text databases arc unstructured dals, such as abstract and contents. The ability to deal with different types of
altribuies is & typical requirement of clustering in data mining, Thus, mining unstructured data has become an
increasingly important task i text mining. The main contributlon of this paper is to cluster on a data set,

which has a non-numerical feature value, Unlike the conventional clustering algorithms

such es the K-Moans

algorithm, which forms clusters in numerical values domains, 2 Text ART Neural Network works direotly on
textual information without text transformation into @& numerical value, The experimentsl results are

that conducted on 2 datasets. The first dataset is a Synthesized Text Document and the second
dataset is a Reuter-21578 Distribution 1.0. The F-Measure equation use (0 measuro the effectiveness of the
proposed technique, According (o the experimental results, the proposed neural network has well performance
in clustering text data that the F-Measure of the experiment is 95.56% and 83,31% respectively.

Key-Words: - Text Mining, Document Clustering, Unsupervised Learning, Artificial Neural Networks

1 Introduction

The text mining research areas focus about
pnmxnmllhnpuom-dum
techmiques (o extract useful
mmmmmlmdm
mining are proposed. These techniques can be
divided into document techniques,
document classification techniques, and toxt
summarization techniques. Due to the huge amounts
of textual data collection in text database, document
clustering has become a highly topic in text mining
research. In this paper we focus on document
clustering problems.

The conventional olustering of data can be
divided into hicrarchical clusiering and partitioning
clusiering. The hierarchical clustering creates a
hierarchical decomposition of the data such as
agglomerative algorithm and divisive algorithms. In
section of the parililoning clustering generates &
paitition of the dala lo recover natural groups
present in the data. Which of the data is in the form

of & patiemn matrix and the feature space of pattern
matrix contain & numerical value.

Numerio data are well known as a classical dat
type for clustering and lhe classical clustering
algorithm such as K-Means algorithm, works on the
objects which are numerical values. Textual
information i3 extensions of classical data type.
Recenlly, clustering problems are extended for
document clustering and non-numerical values. To
cluster documents by wsing the conventional
clustering algorithms, each document or object has
o be mapped onto some representation that it has
quantitative features. One of most widely used
topresentation is the vector apace model [2]. The
utilization of Lhe vector space model may lead to a
very high dimensional feature space. In addition,
this feature space is gemerslly not free from
corrolation. There is some rescarch dealing with
non-numerical data [7)(8)(9].

The proposed clustering algorithm in this paper
iz different from the conventional clustering
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algorithm which works numerical data type. The
proposed clustering algorithm works directly on
textual data without text transformation into
numerical values or quantitative features, The inputs
of the proposed neural network directly receive a
textual feature value. Then, based on a new
unsupervised leaming and the concepts of similarity
measure for symbolic objects [5], the proposed
neural network assigns cluster labels 1o the objects.
The oxperimental results are represented that
conducted on 2 datasets. The flrst datasel is a
Synthesized Text Document and tho second dataset
is 8 Reuter-21578 Distribution 1.0. The Reuters-
21578, Distribution 1.0 test collection i» available
from David D. Lewis' professional home page,
currently:  hilp://www.research.att.com/~lewls! or
htip:/fwww.daviddlewis.conv

2 Text Document Representation

To transform text dataset into an appropriate
representation for the leaming algorithm, we have to
prepare lext data with data preprocessing stops
following below:

1) the fiml step wo romove digits and
punciuation marks.

2) the second step is conversion words onto
lower case.

3) the next step is removal stop wards

4) use Porter’s siemming algorithm to find out
root of words. (7]

And represent a text data, Doc, for clustering
task as the Cartesian Product of specific values of its
features Docys as [S)(6].

Doc = Dy x Dy x Dy X..x D, 1U)]

The feature values have qualitative foatures (3],
DifTerent from a vector space model [2], The feature
values are words ihat deseribe the foatures, As an
oxample, & text document can be written as
Cartesian product of 7¥/e foature and Keyword
feature as

Doc = Titlex Keyword )

where the values of the Tirle featvres are words
that describe the title of the document and the values
of the Xeyword features are a set of keywords of the
document

3 The Text ART Neural Network

In this section, a new lcaming algorithm for text
document clustering is presented. The architecture
of the proposed neural networks is similar with
ART!1 architecture. But it is different on feature type
of weights, similority measure, and weights
adjustment mechanism.

|
Lrl(-)uyu O O]
TN

Figure 1. The architecture of Text ART
Neurs) Network

3.1 Feature Type of Welghts

To vecognlze qualitative feature values, the
bottom-up weights and the top-down weights have
to contain quailtative feature values and degree of
association of the qualitative feature values.

by = {4y, ey) (A o) (Apyie)) — (3)

where Ay is the pth qualitative value of the
weight and @,y is the degree of association of this
qualitative value to the input ith. e,4"s have value
between interval 0 10 1, @,y = 0 if the qualitative
vche.d,,.llmupanoﬂhoimlh.“mﬂae,,-
1 if the qualitative value has strong association with
the input Ah.

= (o) BrputspdeBrendt  (4)

where By, is the pth qualitative value of the
weight and €, is the degree of association of this
qualitative value to the input jih. €,5’s have vale
between interval 0 to 1. e,y = 0 if the qualitative
value, B, , is not a part of the input fth, While e, =
1if the qualitative vajue has strong association with
the input fth.
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3.2 Similarity Measure .

Simiterity measure i3 introduced in the literature
for symbolic objects [S). We follow the sinvilarity
meaminuodnmbyGawdaandDiday[S]lo
formalize the problem of text docoment clustering.
Here, according to Gowda snd Diday, sicnilarity
between two documents A and B is defined e

d
S(A.By= ) 3(4,8,) 6]
I
For the kth festure, $(4,,B,)is defined using the
Tollowing thres components,
l)s:(dhﬁl)m to w

2}, (4,.B,) dus to content

3)8,(4,,8,)dve to pasltion
The. similarity component due to "span” indicates
the retative sizes of the featwrs values without
referting to common pert between them. The
similarity component due to “content” is » measure
of common parts betweea two fenture values, [5)

For qualitative typs of features, the similarity
componeat due to “position™ Is sbsent. The two
components that contribute to similarity ato “span”
and “content”

Let
Io= length of 4) or number of elements A,
Iy = length of B, or number of cloments inB;
inters = leagth of imerseclion of 4, and 8,
{, = span length of A, and B, combined

= [+ Iy~ inters

The similarity component duc to “span” is

defined as
Uoth)
S4B~ ‘2xi, ©
The similarity component duo to “content” is
defined as

S.(4.8) =2 ™

Net similarity between 4, and B, is defined as
S(A‘,B‘) = '(“hal)"sc(dhal) ()

3.3 Learning Algorithm

The F; layer is a competitive layer. The outpit *

unit with the targest net input becomes the candidate
o leam the input patiems, which aro qualitative

83

values. Whether or not this output unit is allowed to
learn the input pattern depends on how similar jts
top-down weight is to the input pattern. This
declsion is made by the reset unit, based on
qualitative values [t recelves from the {nterface the
thyu.lfthowtpn!unilkmtdlwedmlum.
it is inhiblted and & new unit s selected as tho
candidats [3). The con of similarity measure -
lntrodwedbyﬁowdnm@bid:ywlllbeapplledto
the ART! leaming algorithm. The details of the.
proposed lcaming algorithm can be presented ss
below:

Step 0: Initialize boltorn-up woight and
top-down weight can be initiatized from the
training data set arbitrarily.

Step 1: While stopping condition is
false, do step 2-9 .

Step 2: For each input qualitative valoes,

Doc=(Dy, 0y, Dyye D) , do 810p 3-8
Step 3: Set input D from the Fypy to X
vaciable on the Fg, .
A= D, .
Step 4: For cach ths jth oviput unit,
compule

Y, ‘gi‘s(xn WAy ©)
m d=|

P s number of values of bottomeup weight
d is oumber of feature values
Step 3: Find index Jsuch thatIs a
maximom ¢
Step 6: For all top-down weight that comect to
the winning node

Z=§(X,,By,) (10)

Step 7: Test for reset mechanism
¥ Z < p, then ¥)= -1 (inhibit node J), do
step S again
IZ> p, hendostep 8
Step8: Updato bottom-up welght and top-down
weight for node /
b mbP UX

(e +)if Ay @by X, an
o m (el - Ay #b, NX,
3% Otherwiso



18 a iU X
1% + if By ety nX, 2)
o5 = 1005 - )it By wt N X,
5*g;Otherwise
where f()is defined as below:
x f0sxsg1
f(x)-{o fx<o a3)
1 x>1

Step 9: Test foc stopping condition.
Might consist of any of the following
below:

No woight changes,

No unit seset,

Maximum number of epochs reached

4 Evaluation Measure

To mensure tho effectiveness of the proposed
neursl notwork, we use the P-Measure to cstimate
the clumnnj wocuracy, is defined below [4). The F-
measure of cluster / and clnss / is define a3

2 recali{i, /) * precision(t, /)
recall(l, j) + precision(s, j) ~ (14)

F(’v!)"

maﬂ(i.j)-[%q-]‘lw s)
]

aq,,
pmlslon(i.j)-[;l)']‘loo (i6)
i

whese 7y is the oumber of members of class 1 in

cluster

my is the numbRe of members of cluater

ny Is the number of members of clags |

For an entiro clustering the F-measure of ovenalt
<an be computed with equation below

il
Py mxiF /) un

The F-Measure values m in tho interval {0-100]
percent and larger P-Measure values indicate higher
clustering quality

$ Experimental Results

In this section, the ‘experimental sesults of the
proposed neural network are that consist
of 2 datasets. The first dateset is a Synthosized
Boglish Text Document and the second dataset is
Reuter-21578. In the phase, we rcduce
time-consuming in tealning phesc by let the nuinber
of training data is lose than the number of testing
data. Bach document in the training data set can bo
represented by Tiile feature and Xeyword feature,

5.1 Synihesized Text Document

A set of title featixe for a membar of clusier
nunber | is a. subset of {compute, algorithm,
dalabase, intel, java, network) and 8 set of koyword
feature for a member of clusicr number 1 i3 a subset
of (algorithm, database, predics, cluster, web,

GR

A set of title feature for 2 member of cluster
number 2 I3 n subset of {fava, network, internet,
profocol cisco, 3com} and & set of keyword feature
for 8 member of clusier pumber 2 is a subset of
{web, firewsdl, mail, smip, htrp, fip}.

A sct of title festuro for a member of cluster
number 3 is 8 subsct of {car, business, travel, hotel,
bank, airline) and & sct of keyword feature for a
member of cluster number 3 {s & subsct of (markes,
tour, benz, toyota, money, airway),

+In the first dataset, a tralning data sct 100 dats
consist of 3 clusters and a tosting data set 1,500 data

consist of 3 clusters are synthesized.
Table 1. Synthesized Text Document
Clats No. of traini No, of testing
Class 36 499
Class 7 27 510 .
Class 3 37 491
According 1o the testing dataset, the proposed

neural network can gives the F-measure vakues by
95.561%. The example of the proposed model after
learning ‘phase, is presented in table 2 snd 3 ss
below:

Table 2. Bottom-up weight
New Weights

Newonl [ {(3com,1.0),(cisc0,0.99),
(internet,0.98),(Gava, 1.0),
(network,0.99),(protocol,0.98)) |

Neuwron2 [ {(airiine, 1.0),(bank,1.0),

(busine2,0.98),(cer,0.95),

{hote},0.98),(inte),0.0),
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(network,0.0),(travel, 1.0)}
{(algosithm, 1.0),(comprte,0.99),
(database,0.97),(inte},0.98),

ava, 1.0)(network,|.

Tabls 3. T t
Newroy Weights
Neuron] {(3com,1.0),(cisc0,0.99),

(Internet,0.98),(java,1.0),

{ 0.99 tocol,0.9
{(aitiine, 1.0),(algorithm,0.0),
(bank,0.97),(business,0.98),
(c01,0.99),(databaso,0.0),
(hotcl,0.98),(intel,0.0),

{n 0.0 2

{(algorithm,].0)(compute,0.99),

Nouron 3

Neuron 2

Neuron 3

(databasge,0.96),(inte},0.98),
ava, |.0),(petwork, 1.

5.2 Reuater-21578 Distribution 1.0 dataset

Tho Reuter-21578 text categorization test
collection Distribution 1.0 dataset complied by
David D. Lewis. The collection consists of 22 data
files, an SGML DTD file describing the data file
format, and six files describing the categories used
to index the data. 1t is distributed in 22 files, Back of
the first 21 files (reut2-000.5gm through reut2-
020.8g1) contains 1000 documents, while the last
(reni2-021.8gm) contains 578 documents. ¢

In the sccond dataget, we seloct 767 news artic|
from 3 categories for uso in training newura) network
and seloct 2,895 news articles from same categories
for usc in testing neural network. As shown in table
2 below,

Table 2, Reuter-21578 Distribution 1.8 datsset

Ca! es 0. of training | No. of testing
Acq 33 1932

Cruds pos 45¢

Grain 215 467

Neuron 2| {(expansion,0.001),(analys,0.002),
(good,0. ines,0.002),

(papus,0.002),(prospest,0.002),
(arab,0.003),(heavy,0.003),
(supplies,0,003),(term,0.004),
(bombings,0.004),(colombian,0.004),
(group,0.004),(pipelines,0.004),
(suspead,0.004),(boosts,0.005),
(output,0.003),(post,0.08),
(acquisition,0.01),(0pes,0.01 1),
(amerioen,0.013),(cnxde,0.018),.
(price,0.027),(pet,0.157),

{oil,1.0)}

Neuron 3| { {midwest,0.001),(movement,0.001),
(s10w,0.001),(carloadings,0.002),
(fa0,0.002),(shead,0.003),
(e51,0.003),(00k,0.003),
{spring,0.003),(traders,0.003),
(lankn,0.04),(overmnight,0.04),
(611,0.04),(tendering,0.04),
(cv0p,0.05),(main,0.05),
{projection,0.05),(reduce,0.05),
{tice,0.0: i 09),
(maize,0.016),(5¢1,0.026),
(export,0.229),(usda,0.398),

(com,0.477) (grain,0.671),
(whest 0.964))

Table 5. Tep-down weight

According to tho testing dataset, tho proposed
neural network can gives the F-measure valucs by
85.313%.The cxample of the proposed modet after
learning phase, is presonted in table 4 and S m
below:

Table 4, Bottom-up weight

Neursn Welghts

| Nearen Weights

Nemroal | {(group,0.001),(kraft,0.001),
(quaker,0.001),(u0it,0.001),
(merge,0.002),(carking,0.002),
(¢1d0r3,0.002), (disclosure,0.003),
(favors,0.003),(period,0.003),
(shad,0.003),(shortening,0.003),
(acquirs,0.004),(agres,0.004),
(stars,0.004),(stcr0,0.004),
(firm,0.004),(stake,0,005),
(ups,0.005),(pct,0.008),
(buy,0.017)}

Neuron 1| {{complete,0.001),(kraR,0.001),
(queker,0.001),(carling,0.02),
(elders,0,002),(buyout,0.003),

Newron2 | { (expansion,0.001),(0pec,0.001),
(analyst,0.002),(good, 0.002),

(guines, 0.002),(papus, 0.002),

{prospect, 0,002) (american,0.003),

(discldsure,0.003) (favors,0.003),
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(asab, 0.003),(crude, 0.003),

),
{colombian,0.004),(group, 0.004),
(pipelines, 0.004),(suapend, 0.004),
{acquisition,0.003),(boosts,0,00%),
{output,0.008),(pc1,0.005),
(0i),0.916)) :

Neuron 3 { (country,0.001) (midwes!,0.001),
{movement,0.00]),(slow,0.001),
(carloadings,0.002),(ful,0.002),
(ahead,0.003),(cbt,0.003),
(100k,0.003),(spring,0.003),
(traders,0.003),{1anka,0.004),
(ovemight,0.004),(plantings,0.004),
(811,0.004),(tendering,0.005),
(mP,O.OOS),(nnin,O.OOS),
(projection,0.005),(reduce,0.005)
(rice,0.005),(maize,0.005),
(export,0.005),{usda,0.006),
(0i1,0.009),(grain,0.116)

(whoat,0.238)}

The feature types of weight contain qualitetive
feature values and degres of associetion of the
qualitetive featucs valucs. Afler iraining phase
success, the valuo of weights can recognize terme
frequency of which appear in the text docurent. The
dogree of association of feature valves can be
indimtbﬂﬂnwordlnfeamvamkahigh!y
term-frequency.

Table €. Evaluation of clustering data

Datasot F-Messure
| Synthesized Toxt Document 95.561%
| Reuter-21578 Distribution 1.0 | 85.313%

The clustering accuracy of each datspet i
evaluated by F-measure. The result of first dataset
has well performance moro than the second dataset
because of the number of member in Reuten-21578
dataset overlapping has mors (han ths number of
member overlapping in Synthesized Text Document.

Thus the chustering acouracy of the Synthesized Text
Document has better.

6 Cenclusion

In this paper, we introduced s Text ART Nenral
Netwark based on similarity messuro for symbolic
objects, We applied the proposed neural ks
for text clustering. We uso the mumber of training
dats less than the number of testing data to roduce
lime-consuming in tralning phase. According to the

experimental resulis, the proposcd neural network
bas well pecformanco in clustering text data. In the
fiture work, some experiment resulis that ere
conducted on the Reuier-21578 nows articlos remain
categories will be reported,
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