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ABSTRACT

Word sense disambiguation is one of natural language processing tasks.
This thesis proposes new idea for the word sense disambiguation by using context
window. The model of Word Sense Disambiguation and Attribute Selection (WSD_AS)
Using Gain Ratio and RBF Neural Network has been constructed and developed for the
word sense disambiguation. Visual Basic.Net, Sense Tools, and NSP are used for
programming in order to arrange the data into the format of arff. Command Line
Interface of WEKA is used to classify the word sense. The model of word sense
disambiguation composes of 4 steps; step 1) preparing data storage by eliminating
stoplist words, step 2) creating attribute using both left-hand and right-hand sides,
step 3) selecting attribute by the technique of GainRatioAttributeEval, and step
4) classifying the word sense by using algorithm RBF Neural Network. The experimental
result with the Senseval-2 corpus of various ambiguous words when comparing with

other studies indicates that the presented model gives highest accuracy.
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wan3tadaaltdrat19NNa N AL T IV WNIRD® P N1TUTZUIRNAN N FITUTI G
d‘ (% U o % I aan 6 g: =S ° v aaAa 6 & o
Whadandaslsdrusaduransdadasindsrinlviuansiadi duitwiniin n13aa
o an (d‘ ) & ° £ a a o ddy
FwnnanstIan i nduwaanvinlwuse ansawlunsvina uadw



wmafinn13i3uu3v0910384 (Machine Learning) 1fuinafiafliluau

ﬂﬁ:ﬂqnﬁ%mﬂ%mﬂ Imm‘ia‘“ﬂﬁmmmﬁﬂzymmw&1ﬁwmmaaﬁﬂ%mﬂﬁﬂmu‘%mﬁmaa
A I o o e : A A
wiadtdunwamslumsianlslunsiwunanaununy (Classification) LNalRNAI
zq]ﬂ@ﬁ”aaLLa:mmLL&iuﬁﬂumﬁfﬁwLmﬂmmmnﬂ I@ﬂlﬁmﬂﬁﬂmﬁﬁmé’wﬂ%ﬁqaamaau
(Supervised Learning) 11% lassansUssanniias (Neural Networks) waznshaeu s
da&ula (Decision Tree)
o @ =S L% d‘ 2= =1 % =S

ANITBANNTEA (Corpus) ‘mmﬂm“ua%lammw'lmlmﬁmuuumiﬂu
STUUABNNILG DS I@m:lﬁ’ﬂ’agalumﬂ*‘ﬁmmﬁﬁmgﬁm‘%a mslEaastannaluwan
ﬂﬁ:ﬂqﬂ@?@mq VY MSITUWNISHABATE NITIVUNIIANEIANRAS NISLU AN EILEZNNS
FOUWMW MIUSZAANAMBITITUTG tuwidpawnsuidamanaiiniuesinls
ARITaNA Senseval-2 Luaastiannuanaspnlunsiadssintawsasnisundan
AMNIINILDaIRT Usznaudiudiinniunaiadi wdasdidaiag19ls loas wininLa
a o o o ' (% d‘ o [
Inmstnwaanunasvass i nnlsedazdszlualiivelslwnissnuwnanunany e
GRS
q.l L%

ANUIANRTBITLNABAVDIRIUSUNLAzNToILNIDAG I un1T8S 9
wuudassundymianuiinineesdii lagRasanuwIanina19fuSunLaznIsNas
LaN3IddN tNpITasa aNLATNARAUNUARITAINY Senseval-2 (Pedersen, 2001:

. d‘ I o @ a 6 a a L2

Online) Taifunastannuu1asgInlwnsdnmzidszinimwaainsundanina
Amuanlslwnsuidaanuminiusadi

1.1 n13a3dNAT

wanmsuazinafanldlunisuddyninnudininaesdifa d1usun
(Context) Mstaanuan3iid (Attribute Selection) lassinadseanifiss (Neural Network)

dulaiaasula (Decision Tree) LRZANITEAIN Senseval-2

11.1  @1U5UN (Context)

P Ao o A o AA o o

ALFuM (Context) fladuindanfiagsau ginfinnununoiininland
v3unudazdazidudrfnanfefadng gluanwacAianusunnsnunIsanuraie s
dezloanu g lunsiidrudunanlglunmsuddamianudiniusasiiazildnsudin
anuransvasiininnnualsianunue ldlundanazmunsadinuaanunane
vasdrinnldadnigndes Fesunsairlddszgndldivaudinnimsssand



AANAALLTH NTWUan 11 (Vickrey ef al., 2005) uddp lasdruSunanlslunisg
LLfTﬂzymmmﬁwmmadﬁw:ﬁgﬂLmumﬂmuﬁm‘%uwﬁ@mﬁ'uaan"LﬂL“ﬁ'u mMslEdusun
TNUAN M dK 91 d% durisnasiuIun dunisesdntinan wIaniNvafa
(Part-of-speech: POS) 154 Uszloa “I went to the bank.” f1iNAI% bank RANTUNSINAL
o 1 o d‘ a o A o d‘ o | aAa 6 2 a A o‘d‘ A‘ 4?/
Furiednf 5 uazshiavasdnfe dwn et ldidunen3dad azlduanidadAiAindiu
a aa 6 aa 6 o ] aa 6 A o [ (2 Ao A L% s dy
an 2 uan3dadae warsbaddunis wavisbidriavasdn iudu uidpnlsnannisit
fa MIMUIUNNINE LAz NVINARINES +2 F1rSuLLUdIaasnsidaanlnsd
8989 (Maximum Entropy Model) (Chao and Dyer, 2002) wazlFUSUNNIMIF LAz N
PNARIIE +1 +2 +3 Suiumsfenansaiainzsuiigaldiudiiinig (Feature
Selection for Maximum Entropy-based Model) (Suarez and Palomar, 2002) AMThEUSUN
NINTIHUAZVNVINARINGES + 50 FrrSunsiEasininldnualduun (Weighted
Combination of Classifiers) (Anh et al., 2005) Ta@vas35itfaas ldanwmelun1ssuun
A & af A A Yo a \ o Yo Aa o o ¢
AManAnBANIuLAzATN uazBnguuufianislddusunsiniumsldindanusuwus
A% AE18N% LB% §197 money a13lERNduNTANuRaNslnalfnsnufia exchange coin
w3 lEnslIngsu Ve (Co-occurrence) LB §131 money WAz payment 9138 LT
Q dq/d L% k% Qs ) ) o
AANATHAE MsiEaNuATaARUBIAIRDIAN (Yoon et al, 2006) ASAIWIAAINN
Amenwuasrlul3un (Casado et al., 2005) wazlEn1sUsngsruvasdru3un (Oh and
Choi, 2002) WRzERSUNSIERAN R (Class-based Collocations Model) (O’Hara et al.,
2004) \Tudu Tedvasiifadnanugndasaziintuiasnnnisldinsuznnainnaiy
e o A W e A Y LA o Y o & aa S Ao A A
fansnsassudifenaldlsdudenuudianuadionuld winizesisienaiideifodie
= Vo a 1 o e 1 s A a A?/ & A o [ an 6 o )
Walddusunsiunuansuedns g anwusiinsdwiwdoi ldiduwanididvinldsuan
aaAa 6 A‘ 4?/ a aaAa o‘d‘ [l d‘ v d‘ a 1 a a o
wan3dadiintueralursuanstadn buiifedasssdinadatssanianlun1sdtuun

ANURNNY

11.2 n1sianuan3iiag (Attribute Selection)

1 v
6 o ¥

Attribute Selection %38 Feature Selection (Jun13aauansdidnsidan

A . A o v A An eda A v o A A v o fo o A
#w3e lineadasaanliinfalanzuanitidnianuiedasnuwdalnnusuansnu 1o
vaimsaauavsbidferilwdszanananasuazldmanugndesgadu muidonais
% o a dy U . a =3 aana 6 ' ad U
dauibnnafaftlldszyndls 1w nisSouifivunisnsesuaniiidudazAtlanls
g utaya UCI Sadlsznaudingiudoyades 15 31udaya (Hall and Holmes, 2003) 13
\anuansiiduain sz AR NNFURKETINTIALLINIAN (Okada, 2005) Lazns
Janehaundsvasndanusiiiatiluiladoniiasegia (Flores et al., 2008) Liludu N3

A an & [l ¥ A A aa a 1 v e
LaaﬂLL@‘V]?U’J@?[’]&I’]?NLLU\‘]VL@UJ% 2 Usetnn@a ﬂ’]ﬁLaaﬂLL@‘V]?U’J@KI@&Iﬂ’]ﬁﬂﬁ:L&l%ﬂ’]sL‘ﬁﬂll



wan3daudazuan3dad wazmsidenuensiidlaonsusaliudldiusuisavaans
TadlaniisuaziBoacsi

1) Single-attribute Evaluators tHun1sdsziiudldnunensdadudas
wan3inelasld Ranker Search Awasuavisdaanldas3osdrduanuinlunites Tad
°uaﬁ%f:ﬁammﬁm:qa"mmuaw%ﬁq@Tﬁﬁaamﬂé’ Togdaswinnoniddinaansly
fhaghamneiinuesmsidenuen3tadissanit wu

- GainRatioAttributeEval azUsztiudvasnansiidlasia
Gain Ratio Twiuammin g 53 IudtAouszsasinnn nudsefilsnannisigu nns
sz FpInaliudayaifiug 2001 NIST SRE (Ganchev et al., 2006)

- InfoGainAttributeEval az18n15Usifiudrvasnansdag
Tagda Information Gain 33 IudsRdpuazsasy nuwdsedlanannsiign 1udse
dumsriunlasioyalavgiuveya UCH dsznaudingiutoyatas 9 31udaya (Huang
et al., 2004)

- ChiSquaredAttributeEval 3z Uszifiudnansdidlae
fWIen Chi-Square MIaAa NMUITHALTRANMSHLTY NUBSBFIHTI15TWINA (Koh
and Wong, 2007)

- ReliefFAttributeEval  1n15Usz 8uA1ANNLANGA19283
wan3dadnuaadnslndlfiss (K Nearest Neighbours) luaanaidginundadisaanan
$199% K 61 thenanusandiads 1 ugasidarmnunandranuann el o ax
fanumdantuann nudsadlswanmsigu NWIBE NIRRTy (Huang et
al., 2004 ; Symeonidis et al., 2007)

2) Attribute Subset Evaluators tHunsussifiudnauisavasnanidrdlas
msusadnenldfunendtndudisinensdafan (Attribute Subset) T2 i UsINAH
325t aunsadesieuuesnanzindle (Ranker) tiasanlaildussiiwneniiag
Wpsnansdadass wazldsmansadanitwinnendtadidesnmsldindaniu Single-
attribute Evaluators §agnsinaiiauasmsidenuen3dadissnnit wu

- WrapperSubsetEval I sussiintsavaswanididlas
14 K-folds Cross-Validation fiugsunniszinn (Classifier) daindsnsivinlwlsiaanlu
M3 NUIRNIazAsUIINI folds Sudspfldnannsiitu uddodunisrinniios
Tayalawldg1utayaain MLC++ Machine Learning Laboratory Usznaudin 8 gadaya
\ButayatinsAsia (Dong and Kothari, 2003)



- ConsistencySubsetEval Usziiutsavadiansidlasls
seduanudniuldvasimagasuasnanitag MudseRlenannsihgn udsednnis
snwrihe (Borges and Nievola, 2005)

- CfsSubsetEval 513Ut Ana NN FUARETINTZRINIT0
2a9uaNIONIGNUARIFLTU mu‘i%’aﬁlﬂﬁmﬁﬁwmﬁaﬁagaﬁmmﬁ@ﬂﬁmﬂﬁﬁqﬂmu
(Symeonidis et al., 2007) MswunUsznnlunududiznsauing (Kouskoumvekaki et
al., 2008)

11.3  Tasegilseaninas (Neural Network)
lassinedszannifisy (Neural Network) LIunsi8auuuunisvinauaas
& A o & A A a ! &
suadnund Ndsznavludpimadfiiawunninofidonitaaddszan (Neuron) N3
BruuuumMsinuuassNasaneivatalasnaniiaasizuainmsiinualiudazlnua
(Node) tUSsuiadiontduaadUsean wazaansivandaldnulnuamantuliiiy
las92e (Network) wdazlassinpazdsznavldrolnuanigniautadusiug Sani
Lagas (Layer) u@aziatgasazinininmsiunana1ns Augiwiangeslassing
Uszanmifisuysznanlidan 3 ou wia 3 tawas ldun Tudayaid (Input Layer) Nign
\DandanUTwTan (Hidden Layer) TaiTaudanuswhNaans (Output Layer) Input Unit 2y
o v d‘ 1 U a d‘ Y L% U A ] . . o
i unusiuvestoysdu Nazgnilendngiadedny Hidden Unit azgniwualasms
$N9%U89 Input Unit LazA1ARNLURAMNNINARSIIHIN4 Input Unit waz Hidden Unit
o . 4? [ o . . ' :/ g
WAzN19Y1191%289 Output Unit 3:uagAUNISH19UBad Hidden Unit wazdrtinmin
32W3N4 Hidden Unit Wwaz Output Unit nsdszandldinsnuszundszamiaduuuing
salfihandszndlinunasdszinn nuddenlilessnedssamifouanldludiuns
uiywianuiimapesdigs mauidamanuminiusasilsmesndslaslsiusun
uazlfinafia Back Propagation Neural Network (Liu et al., 2005) nsunilmninana
fnanpasdlaglinisianguvesnaia (Legrand and Pulido, 2004) Uaziun1961uan
ldur nunsaedrguuy anofe apiaud G28nss (Sae-Tang and Methaste, 2002)
NUYNUWIY LTEU WEIRTDlaNNe (Wettayaprasit and Nanakorn, 2006; Wettayaprasit et al.,
2007) wennsaliu lassedszanifisusnansaueldidudszinnasii
1.1.3.1 Feedforward Network \Julassinadszannifiaui

A A o A o o o ) . A A & da o
Imsdpusuuufidaen nsUszaranadayalddrmiagraudsbeanlosnsundanu
laglddaunay anluuadunn (Input Node) ludslnuaia1vinn (Output Node) (Haykin,
2008) lns9&319289 Feedforward Network @3mwdsznay 1.1 154 lassinadszaniiiaa
wuULwasirUasawrane s (Multilayer Perceptron Neural Network: MLP) Usznaudag



%’uﬁagmﬁw (Input Layer) TUTan (Hidden Layer) LLazﬁuNaé'wf(Output Layer) o9
o . A A & A &V o . A
IMWINVYBY Hidden Layer &l‘ﬁ%\‘]LaLﬂaTﬁﬁa&nﬂﬂiqﬂ‘l@ LL@ZIQ?\‘]“HWETJ?ZKTV]L‘V]H@JLLUU
\s\AealBaWeri T (Radial Basis Function Neural Network: RBF) Usznaudiy Tudaya
W (Input Layer) Suda (Hidden Layer) WasTuHaaws (Output Layer) Laazl3nuln
Hidden Layer Lg9nibataleasivinik

Input nodes Output nodes

AMWUsznay 1.1 las9asn a9 Feedforward Network
(fian: AN @i‘]qzyzy:ﬁ%, 2551: szUUaa%w ha)
1.1.3.2 Recurrent Network 1ulasstnassanifouiis
QRS RIREE LM mﬁﬂﬁzmawaﬁagamaﬁmﬁﬂ”auﬂé’mm%ﬂ%ﬁﬂﬂﬁﬁy’uﬁau%ﬁw
awnserslddiney Tadsvaslassinodseamfonwuudawnsuia  1Eaanlwnns

USTUIRNAWIY AIMWLSznay 1.2

Input nodes Output nodes

mwilsznay 1.2 lassain9vas Recurrent Network
(Nan: anBy aeynyn=f3, 2551: szuvsaulal)

114 awliandwla (Decision Tree)

Wuitnissouilasnisduunszian (Classification) Tayalunga

dadresanidlungutay (Class) 6149 uuuilidaau (Supervised Leamning) laufinaans



o . . \ . < . A o o oAV o a v o o \
vastayalungutesudaznguiduairadoiniu dulinldnnnmsSousildnsui
LLaw‘%ﬁm‘ﬂLmaﬁTa;&mﬂué’qﬁmmwaﬁwﬁ LLa:LLaw%ﬁq@Tﬂaﬁa;&mwia:uaw‘%ﬁqﬁﬁ
AnudAuINEesdenwan1dls dulidazuladsznaudialnue (Node) wazis (Link)
Byazdenuluua Mlanpgavedlnuaisunindnlnua (Leaf Node) laalnuaazunuuans
a 6 A‘ a A aaad‘ U
{6 AvszununamneseuuazAnlnuazununas (Class) msiiangmaudanlsidu

A (2 9/ o 1 aaAa 6 2 A aa o‘d‘d 1
nnnsalunualudulailasnisdrwimdrinuwuasuanddrduaifonwansdrdnians
gaganndusin dreddanesfinvesdulliaadulaitu danesfin CART ldeaziiad

P U aa o‘d‘ I ' ' d‘ A & (% > aa o‘d‘d '
(Gini Index) unsalgnunansiidnidudrdaiiiasnsalif lnunznuuenddrdnsiean
WANGEIINWAIN danasiu ID3 LEAnuansauwne (Information Gain) laglEnudluans
fndunungw (Categorical) fenuanidadiludrdaitasliudaniudrlddaifiasnian
waz C4.5 azldA1un@sgIwiny (Gain Criteria) &9 laINAILN R TRULNARI 1L

1 aa 6 A A v v v A %
RVSRULNA (Entropy) vadudazuanitad  awddsdldduldaasulannlsludiunns
widauinuniinanvasdnse nsuidyrianuiiniulaslddulddazula J48
(O'Hara et al., 2004) iudu MotnisUuvvrasdulidadulausasdsnindsznay 1.3 &9
Juduldaadulavesnsvenanfiiges (N3 Fuadsudaney, 2551: szuvaaw lai)

excellent ]
no fair

yes

No Yes No yes

Mwisznau 1.3 dradndd izl



11.5 @AaItaANN
ABITAANNAEN (Corpus) mnﬂﬁaﬂ]’a%lammﬁvlﬁflmnﬁuﬁ'uﬁﬂvlﬂu
ssupaeufinnged lagezlvdoyalumsldnwmiiieduess 3o luundsdoyaiiadnde
mMsanEn3saeng QiU mslgaastaanalunudszyndeng g 1w nsiseunis
ROUAIT NITIVNNNEIAIRAS  NISHUAANEILAZNITHAUNNEN A1TUTZUIAKE
MAFTINTIE Msvhwamygnsuuaznsdszaaadnd (315l agawnuena, 2550: szuu
aoulasl) Ussinnaasadsdonnumenudsanudiwnmsn ldeait
1) ARITBAINATBILAYT (Monolingual Corpus) 11
assTannupasm s lanwniedalgus: TosilnawnsUseuIanan s 5IsuTIA %
MU MIAAFN NSETUUNTROWA BT ASITaAINN Senseval-2
Senseval-2 (Pedersen, 2001: Online) 1Juans
Taanuanaspwlemyiadsednimwuasmsuiidymanuiiniapesdn dsznay e
ASITaANNL DR BT ABIBANE mmé‘jﬁu wazmaInge Ludu asd
T8Ny Senseval-2 Llundsdannuvasoysmeulaznasey  Usznaudediiiniu
wpd  wdazddalegisdszloadminannuazinsiiruannurnsuasfiininlu
winzdsslonliialslumsiunnanunangldgndes  nwddadumsuidamany
AMmapasinsulng ldinaidanu  Senseval-2  anlslumsiadszaninwas
wuusaasmsuAtmaNuinINasdn (Mihalcea, 2004; Suarez and  Palomar, 2002;
Pham et al., 2005; Ciaramita et al., 2003)
2) ARIVBAMUTHDINTB (Bilingual Corpus) 814130
widlaidu 2 anwousia
- ARdTaANNABLLN (Parallel Corpus) LIuaas
ANV DININ W G UATLLAE A8 %dﬁmﬁugﬁa;&mmmﬂé’d’ﬂ’ammﬁtmaa
LT 5’u§5:%d1dﬂﬁziﬂﬂmadmmﬁuaﬁuﬁummuﬂa v‘iﬂﬁﬁdwﬂx‘[ammuﬁuﬂaaaﬂm
wdnmunnitsadngls Usslomivasasitannufsuunlunsulade vliiRuaaacng
Tunisuia mmmﬁu@ﬁmﬂaﬁmalﬁﬁu wazRINNIaLlasssuTIGvaIn1sulale
(lsal agmuunuena, 2550: szuvaawulail)
- AndTanNRE U (Comparable Corpus)
Lﬂuﬂéﬁﬁammmaaaaammhﬂﬁa;ﬁlammﬁt\‘]aaafuLﬂunwwwﬁuaﬁuﬁag LERINTD

Wisuiipuiule (3lsail agouanuzna, 2550: szuvaanlai)

ﬂé’dﬁammmm'lwﬂﬁfuﬂagﬁuﬁ;ﬂﬁﬁwﬁmﬁq

\iu Aastaauaasha (Nectec, 1997: Online) afilangudinaluladdiinnsafinduas



ABNNILABSUHAITNG (NECTEC) Wazaaddana1a Thai Concordance (Aroonmanakun,
. 6 a o 1 & Y Ao [=3 [l

1999: Online) MNIMBINITRNRINENFBLADuTayandaivauazain linsauaga

msiEmmludnsacasgadhaunsinia  sruuaasteannundsadduasdtannuuuy

ﬂé’d“ﬂ'ammmm@m
[ 6
1.2 %mqﬂigaaﬂﬂaafﬂiami

1.2.1 gHsuvvdassmsunifymianaiininsasdiannasstiannulas
Ifinafiadusun

1.2.2 Wamldsunsumsunymianaiininsasdiainasstiananulas
IEinafiadusun

1.3 VOULWANIIANHIIW

131 sanuubusraIuuusasluemsuitymanumiinanesi

132 Aawmldsunsunmsuidgwianuiniuuesd

133 l¥adsion1u Senseval-2 Fafundstaanuuiasgulunisia
Uszanmwaasmsuntgymanamnavanlglumsuitlywanuiiniuuesi

v
1.4 VWA DWUALILYLIIRINIIANAWNT

Qg: o a
1.4.1 DUADWNIIA TR

1) Anw19wIBuaziangsANE TN UTTUUNISUA
fymanuiininaasdn

2) @3suteny laadaanuniininazeuidunas
Tan11uN w1 89N Senseval-2 Tatduaastanuuiasgiwnlslunisia
dszEnsmwaaslisunsusnuwmsuidamanuminiusadi

3)  shnensdadlaglsdiusun
4) Renuanidadiieans winkuanidadn idayaan

)

5)  mMIUNANNRANLUaIA (Classification) ﬁﬁa%la

A

ﬁvL@T&I']'fﬁ']LL‘LLﬂﬂ'J']SJ‘HSJ']il‘].la(]ﬁ']L‘Waﬁﬁﬂ'ﬂﬁ&lﬁ&lﬁﬂﬁgﬂﬁa\‘ma\‘]ﬁﬂ,%ﬂ%ﬂ‘ﬂ
=2 = A A a
6) ﬂﬂE’]L‘V]ﬂI‘LLIa&ILLE‘]ZLﬂﬁa\‘]&laﬁ%Uﬁ‘%%
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7)  wezvnazeanwuuldsunsunisuidyninany

NNINVAIAN

8) Vﬁmuwiﬂiuﬂﬁmﬂﬁﬁ&ﬁikg%ﬁﬂqwmﬁWﬂqwmaaﬁw

9) ‘ﬂ@aauuazaﬂéﬁiﬂﬁuﬂﬁmﬂﬁﬁ&ﬁikg%ﬁﬂquﬁwnqm
PYaIAN

s

10) avintanasdsen auIﬂﬁmemﬁLLﬁﬂzymmm
ANV ISR LA WNRINUI L

11)  a¥LenaTINENINUS

1.4.2 S£8LIAINTIA N HIW

Anuen 2549 - Ju1ay 2551
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1.4.3 WHWNITANRWNITIVY

M0 1.1 LEAITZHZ RN AU UIAL

AANTTV/AUUNAWANT LADW

TR 2549 2550 2551

1.fnwnazvinanu
whlamsuitlgm
ANNIININUAL
wmaiansuntgmn

ANMUAINIY

2. ANFNUILLRL

a4 @
LANRIINENSIVD

3.dnwmnalulad

A A
LaZinIadda

aﬁfumgu

a ¢
4.a7zRuRzaan

BUUITUL

5. WQIWITZLL

6.NARDUUR=AANS

Uy

7.209LaNR1T
Ysznaussuuuae

WU UNRINTUIAY

8.20MLaNR1T

IneAnwus

1.5 dnwilazia3odanly

1.5.1 &nun
wovdfidnisananfitaad CS 207n1a3T1Aneanisnaniiaas

URINNRURIVAUAIUNS AN NVARIA LAY
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1.5.2 1@5a9dan iy
% 6 6
1) AUINIALIT
ﬂamﬁqma%amqﬂﬂa BUILAITNIN 1
a & ¢ a & Aa & o o o I3 =
Anlud asadam ANy 40 Anlud snsunamnaztduiasasnasay
2) uzands
2.1) szuuUhu@ns Microsoft Windows
XP
Perl
Ngram Statistic Package (NSP)

WEKA

)
)

2.4) SenseTools
)
) Visual Basic.Net
)

OMtoSVAL2
1.6 Uselaminanainezlasy
1.6.1 lenuudnasmauitymanuinuvssdlaslinainduiun

1.6.2 laldsunsuanuuuiiaasmaundyninnusininvesdlasls

WMARaSIUSUN



unn 2
dc; c; Y [ o o
N ‘VILﬂEl’]?.laxflﬂﬂﬁi}]ﬁﬂ’]ﬂ’]’]&dﬂ’]ﬂ’]&d“ﬂﬂdﬂ’]

N e gNtneIteInuANRININeIAUsznaudy d1inay
ANITBAINY Senseval-2 N1IAAAINLT U Stoplist Tdsunsy NSP ldsunsa SenseTools
g1u3un n1stianuan3dad (Attribute  Selection) NITIURNAMURNUILVD I

(Classification) kaznsitnsasiazavluy (Cross Validation)

2.1 @1NNIN

=3

@iy (Ambiguous Word) fAadnfAfianununsnatsanunaialu

~ A 1 s o o I A A o v A A &

UIUNNUANAIINY mmmmmam%ﬂuamml%m@mmw@wm@"L@“meﬂﬁwqﬂm

Munaluladvasnisn 1u Asudanim (Machine Translation) (Carpuat and Wu,

2005) WazN1SAUAKLANES (Information Retrieval) (Stokoe et al., 2003) @1881961713
AMURUN8TIININ (Riloff, 2006: Online) @Y7 2.1

A o ' o o
ANINN 2.1 1I81NAINININ

Uselaandidriinas Uselaauense AMANNNEY
| walked to the bank. ﬂm‘lﬁ 1 The water looked inviting. @15‘\‘1
ﬂm‘lﬁ 2 | needed to deposit a check. TUIANT
He did not want to run ﬂm‘lﬁ 1 His ankle was still sore. ’AJ‘\‘]
again. ﬂm‘lﬁ 2 He was tired of politics. A9
The table looked good. ﬂm‘lﬁ 1 The legs were beautifully carved. 16y
ﬂm‘lﬁ 2 The numbers substantiated their A3
claims.

MNavgsEiNINGIaN 19N 2.1 Useloalunaanin 1 tdudszlaani
o o & ) d‘d % 2= = (% 1 d‘
dimndusnNdaiduldaa bank run waz table Ianunaylduinnitnisanunang
sz lunanaeauin 2 udaiusesnsos tduwilszluanueuiNe IR zI01IINIIU6N
AMINBBIAMNRNILDLII LT ADFNUN 3 ILUFAIAMINRUILYDINIFDINTRVAIR1RIN

LG RZEN
13
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2.2 AR4UBAIY Senseval-2

ANITBaAY  Senseval-2 (Pedersen, 2001: Online) Wuaasdanau
wasgiwnlslunisnesavlssaninwsasldsunsulunisuiifyminnaiiniuvesd
AR9T2AIN Senseval-2 ﬁé’ﬂwmuﬂugmmmaa XML @4mwilsznay 2.1

<?xml version="1.0" encoding="is0-8859-1" 7>

<IDOCTYPE corpus SYSTEM

"lexical-sample.dtd">

lemma%Ilex_sense

<corpus lang='english'>
<lexelt item="art.n">
<instance id="art.40001" docsrc="bnc_ACN 245">
<answer instance="art.40001" senseid="art%1:06:00::"/>

<context> T

ss_type Lex_filenum Lex_id

Their multiscreen projections of slides and film loops have featured in orbital parties
, at the Astoria and Heaven , in Rifat Ozbek <'> s 1988 </> 89 fashion shows , and
at Energy <'> s recent Docklands all <-> dayer . From their residency at the Fridge
during the first summer of love , Halo used slide and film projectors to throw up a
collage of op <-> art patterns , film loops of dancers like E <-> Boy and Wumni , and
unique fractals derived from video feedback . <&> bquo ; We <'> re not aware of
creating a visual identify for the house scene , because we <'> re right in there . We
see a dancer at a rave , film him later that week , and project him at the next rave .
<&> equo ; <[> hi <]> Ben Lewis <[/> hi <]> Halo can be contacted on 071 738 3248
. <[> ptr <][/= p <] [> caption <] <> head <>> Art <</> head <>> you can dance to
from the creative group called Halo <[/> caption <] [/> div2 <] [> div2 <] [> head <]>
</context>

</instance>

AMwlsznay 2.1 ﬁ?ﬂﬂ’]dgﬂLLUU“ﬂﬂdﬂéﬁ“ﬁﬂﬂ’ﬁ@J Sneseval-2
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AMNRNIBVBIANAININLARZANNRNBT1%UA Las WordNet (George,
1998: Online) TaidudryanwalussnNunIoiULLLATHE

lemma % lex_sense

- lemma fa frinaw
- lex_sense fa RAUANWIMIAIANURANIUIENaUG IR SN WDt aY A
k% d‘ 1 = Qs dq/
MBLATIRANY © udazaNuRaNliULDDal
ss_type:lex_filenum:lex_id Aswdsznauadis

- ss_type LIUAUAVIIWIULAN 1 RANULNUALE

¥
a

A o e d‘ (>
FUAVDIAIAIATTINN 2.2 AW
a9 2.2 ss_type

T’ﬁﬂ szinnvasa AINNRKRNE
1 NOUN AU
2 VERB An3en
3 ADJECTIVE RG]
4 ADVERB fnsendewal

- lex_filenum LUJUANAVINWIULAN 2 RANULNY
% > A I s A a 6
MBAN B M VaInNNRINLTITUANAVALIVBNAANIIVBIANNURNEY (Sense) AN IWE
WaUIUNIA (Lexicographer File) AINNT9N 2.3

- lex_id LUANAVTIUWIULAN 2 RANANIBDIFIN

WANLANVBIFANT (lemma) Adn@azinnualie 00

@1’15’1&“7% 2.3 Lexicographer File

File Number Name Contents
00 adj.all all adjective clusters
01 adj.pert relational adjectives (pertainyms)
02 adv.all all adverbs
03 noun.Tops unique beginner for nouns
04 noun.act nouns denoting acts or actions
05 noun.animal nouns denoting animals




a15797 2.3 Lexicographer File (¢18)

16

File Number

Name

Contents

06 noun.artifact nouns denoting man-made objects

07 noun.attribute nouns denoting attributes of people and
objects

08 noun.body nouns denoting body parts

09 noun.cognition nouns denoting cognitive processes and
contents

10 noun.communication | nouns denoting communicative processes
and contents

11 noun.event nouns denoting natural events

12 noun.feeling nouns denoting feelings and emotions

13 noun.food nouns denoting foods and drinks

14 noun.group nouns denoting groupings of people or
objects

15 noun.location nouns denoting spatial position

16 noun.motive nouns denoting goals

17 noun.object nouns denoting natural objects (not man-
made)

18 noun.person nouns denoting people

19 noun.phenomenon nouns denoting natural phenomena

20 noun.plant nouns denoting plants

21 noun.possession nouns denoting possession and transfer of
possession

22 noun.process nouns denoting natural processes

23 noun.quantity nouns denoting quantities and units of
measure

24 noun.relation nouns denoting relations between people or
things or ideas

25 noun.shape nouns denoting two and three dimensional

shapes




a15797 2.3 Lexicographer File (¢18)
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File Number Name Contents

26 noun.state nouns denoting stable states of affairs

27 noun.substance nouns denoting substances

28 noun.time nouns denoting time and temporal relations

29 verb.body verbs of grooming, dressing and bodily care

30 verb.change verbs of size, temperature change,
intensifying,etc.

31 verb.cognition verbs of thinking, judging, analyzing,
doubting

32 verb.communication | verbs of telling, asking, ordering, singing

33 verb.competition verbs of fighting, athletic activities

34 verb.consumption verbs of eating and drinking

35 verb.contact verbs of touching, hitting, tying, digging

36 verb.creation verbs of sewing, baking, painting, performing

37 verb.emotion verbs of feeling

38 verb.motion verbs of walking, flying, swimming

39 verb.perception verbs of seeing, hearing, feeling

40 verb.possession verbs of buying, selling, owning

41 verb.social verbs of political and social activities and
events

42 verb.stative verbs of being, having, spatial relations

43 verb.weather verbs of raining, snowing, thawing,
thundering

44 adj.ppl participial adjectives

A10819AMNURUBVBIANTIININ art ANURNIBUINAS

art%1:06:00 Lijaulaguane e adsgyanwnlaha 06 fia noun.artifact 3z ldnunanef

A s a s ea A a s A
NEINUNANNIUNARL ANURINDN 2 LA 3 LEAITIUAZLILAVAIANNRNILAIATITINN

24
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A5197 2.4 A88NIANNRNILVAIFIAININ art

Wd lemma% lex_sense ANNKNY
ss_type lex_filenum lex_id
art%1:06:00:: art% 1 06 00 WA ARz
art%1:04:00:: art% 1 04 00 NIIRINIIT
fnile
art%1:09:00:: art% 1 09 00 NN

2.3 NM3aaaniiu Stoplist

A v . . A o o @ A =
lunsguduenans (Information Retrieval) azfifnusdlutannudadn

]
o A

ffifienuivitesiuienaston LLa:Laﬂmﬁﬁmm@Imﬁh Mlndszantanlunisdu
AnLoNEN3iNas MLWENTLEENIN Stoplist (Frakes and Yates, 1992) én#tiilu Stoplist 69
mwisznay 2.2 dunsiiladaaenazilidssansawlumsiuduienasiluuass
aNuFIadanITuAdanInNuRININTaIA dlssnndunsilaldianiasein
amunaeTesd Ingiinusilldiunafianisdasfilu Stoplist sananaditaaa
LﬁalﬁLﬁumw&1zq}ﬂ@ﬁ”aalummﬁﬂzymmwm‘hmmLLa:LﬁmmwmmL%qlumﬁmaaa

A a e o AV 1. o A
\Hasandinmsaaenf LAl

a about above across after again
against all almost alone along already
also although always among an and
another any anybody anyone anything anywhere
are area areas around as ask
asked asking asks at away b

back backed backing backs be because
became become becomes been before began
behind being beings best better between
big both but by c came
can cannot case cases certain certainly
clear clearly come could d did
differ different differently do does done

Awusznay 2.2 Stoplist
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down
early
even
everything
facts
first
further
general
gives
great
groups
he
highest
i
interesting
itself
knew
largely
let
longest
many
might
much
needing
no
number
often
open
ordering
part
point
presents
r
said

see

downed
either
evenly
everywhere
far
for
furthered
generally
go
greater
h
her
him
if
interests
j
know
last
lets
m
may
more
must
needs
non
numbered
old
opened
orders
parted
pointing
problem
really
same

seem

downing
end ended
ever
f
felt
four
furthering
get
going
greatest
had
herself
himself
important
into
just
nown
later
like
made
me
most
myself
never
nobody
numbering
oldest
opening
others
parting
points
problems
right
saw

seeming

downs
ending
every
face
few
from
furthers
gets
good
group
has
here

his

knows
latest
likely
make
member
mostly
n
new
none
numbers
on
opens
our
parts
possible
puts
room
say

seems

during
ends
eberybody
faces
find

full

9

give
goods
grouped
have
high

how
interest

it
keepkeeps
I

least
long
making
members
mr
necessary
newest
nothing
of

once
order
out
perhaps
present
q
rooms

second

sees

each
enough
everyone
fact
finds
fully
gave
given
got
grouping
having
higher
however
interested
its
kind
large
less
longer
man
men
mrs
need
next
now
off
one
ordered
over
places
presenting
quite
s
seconds

several

AWsenay 2.2 Stoplist (§10)
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she should show showed shows side
sides since smaller smallest SO some
someone something somewhere state still such
sure t taken than that the
them then there therefore they thing
things think this those though thought
three through thus to together too
took toward turned turning turns two
under until up upon use uses
used v w want wanted wanting
was way ways we wells went
were what where whether which while
whole whose why will within without
work worked works would X y
years yet you young youngest your
yours z

AWsenay 2.2 Stoplist (§10)
2.414d5unv3 NSP (Ngram Statistic Package)

Ngram Statistic Package %38 NSP (fluldsunsufitaslunisdiesieiais
N-gram waszsiudwInanuivesdnsnualudoniny  wawidulagldniw perl
(Pedersen, 2006: Online)

N-gram #1889 S19LVaI61 311% N 62 LL@ia:ﬁn:Qﬂa%NLﬂu N-gram
AUELAS BN <> LT big<> 155 1-gram Va9 “big” Laz stock<>falling<> 1w 2-
gram 18361 “stock” WAz “falling” Judu aragr9vestszlon “l went to the bank.” Lfia
#3739 1-gram 22l I1<> went<> to<> the<> bank<>

Tusunsu NSP 1sznausaalisunsudosfildlusuisoda countpl 14

FWIUF93UIU N-gram TRADEN
2.5 T1lsun3 SenseTools
SenseTools L285%% 0.3 (Pedersen, 2003: Online) Juldsunsuivin

wihfudastaanuldaglugluuy Feature Vectors Saidusiunuvas arff Allu WEKA
(lan and Frank, 2005a) lag¥inanuedaainlysunsy count.pl 283 NSP lusunsutasvas
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SenseTools 7l Flusudduiife nsp2regex.pl IEERUSIIEE o Regular Expressions
xmi2arff.pl 15§1%5UR$19 Feature Vectors UL arff uaz tide.pl l58niuidaon
Q % 6 I~ g: ' dq/ ° o > d‘ % U v

sgyanuol % 1w ~ nemaldsunsudesitazvhauauiauiesedeanullsluny
arff Asuysol Taanafuminzaunihanlslunisas1sliidugUuuy arff 6o SenseTools

ﬁa:ﬁadLﬂugmmmaméﬁﬁamm Senseval-2

2.6 @1UUN (Context)

&1U3UM (Context) asdnfisinnunansiinay (Ambiguous Word) tludn
WIARBNBETBU PFNINNINNITIBUAZIN fusunudazdazndudinsafisfadng qﬁlu
SnwasAdanusunnEsunmeanunansluds:loain g lumsindrudunanlsluns
LLfTﬂzymmmﬁwmmaaﬁn:ﬁﬂﬁmmmm%mﬂﬁgﬂﬁamaaﬁwﬁﬁmwwmﬂﬁwmm
I¢f 9ndragedszloaRidani art Wudinaudsi

“There’s always one to be heard somewhere during the summer; in the
piazza in front of the art gallery and Town Hall or in a park.”

ﬁwﬁy’mmﬁagmaﬁﬁmﬁamad “art’  TRNNLDIAIUTUNNIITE wazen
ﬁy'mmﬁa%imamwﬁamaa art 3R DIELIUNNIVN

a A

2.7 nsiaanuansdag (Attribute Selection)

mMstanuwan3tig (Attribute Selection) ®3an15nsaduansdididuni1san
) aaAa (d‘ 1 d‘ L% £ A aaAa (d‘ =
FrwInbanIdadnlaingdvasaan I@m:gﬂmaaﬂvlﬂmaaLawmmmmm‘m
ANMNFNAUENWLYINUY Taduasnsanstwmntenadidialtaiatnsninnudnyanaa
ﬁﬂﬁwamifﬁwmmmmmnﬂ"L@Tmmeﬂ@Taaga“‘ﬁu INARANISNTBILANITIG b
Anendwning 2 I5asea lii

2.7.1 Information Gain Attribute Evaluation

& o aaAa o‘d‘ £% a 1 a A 6" Q

vwn1saadrwintanstidnlanisUssidndvasnanstadlaosda
Information Gain (Ganchev et al., 2006; lan and Frank, 2005b) FITUAIIAANMUIFUANUT
vauarstadldnuaaani g n1sudn IG (Information Gain) R13NSAFWILLAAIFINANS
(2.1

IG=HY)-HY1X) (2.1)
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&

) v =} =} an
Anua i Y fo AR LAz X A8 Lan3nd
HY) @aanaulnstues v

HY 1 X)ds danaulnstluas v lelidanly x

Mswen H(Y) usaslddaaunisi (2.2) wazmsnwien HY 1 X) waas

&esaunsh (2.3)

H(Y) ==Y p(ylog,(p(»)) (2.2)
yeY
HY1X)==% p(x), p(yl0log,(p(ylx)) (2.3)
Toaf p(y) @8 anuinaznduned y

p(x) e eanusazduves x

@

A , < A
p(ylx)aa anusazduwuay y Wwas X
2.7.2 Gain Ratio Attribute Evaluation
I o aa (d‘ L% a ' aa % .
Jumsaadrwinuansdidnlsnmsusaifindrvesnenididlasia Gain
Ratio (Ganchev et al., 2006; lan and Frank, 2005b) §9IaaNUFNARSVaILENITIADN
ﬂﬁ:m‘n‘mﬁaLL@ia:ﬁmﬁﬂ%'uamamwmmaaﬂ]’a%laluLLaw‘%ﬁq@Tﬁaulalﬁﬁ'uﬂawaﬁfu6] NN

GR (Gain Ratio) dnwimldassanmsi (2.4)

r=_10 (2.4)
H(X)

g: dq' | d‘ (2 L% v 04 o o
msnsasndmadnuuiLdumsnsesidasldnisduniuuuias1ay (Ranker
Search Method) uavi3iadazgnisusdauanuianylasdauavsiaanlidasnisean 4a
WANAN9ITRING IG WAL GR (Ganchev et al., 2006) Aa GR 16a1NNITHITALATLDY
Instlvilwennldagszning [0,1] the gr iy 0 wanefislifianudunussznig ¥
) A > A o o & \ A AN o
waz x fen GR BANriny 1 usashlenugRuSEnie ¥ uae X wnfige diild

2 Ao A A 'Y Aa !
IMGR T uanaylanguny IG NAAUINNIN
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2.8 N3N (Classification)

° I3 a o A o . . a o
mi’mLLuﬂLﬂumiLi&IugLLuumdaau (Supervised Learning) I@m:mmg
MNansmzaIdlad i ldiwndayadunlislszian inafiavesnisiuun
o d‘ o a a o‘dyd a A s a K
AMNRUBVDIS NI LT UI N INUERI 2 tnaiafa Neural Network laglEaanasia

RBFNetwork az Decision Tree 1¥aanasfiu ID3

2.8.1 Neural Network
lassinadszannifies (Neural Networks) t%nsi8awuuun1svinauaas
& A o &a o A a : &
auasnund NUsznevludoiwadfiasirwiuninfisandnaaddszain (Neuron) n3
BruuuumMsinuuessNasaneivataiasnaniiaasizuanmstinualiudazlnua
(Node) tUSsutadiontduaadisean wazananmsivandaldnulnuamantuliiiu
a2 (Network) wdazlassinpazdsznavludrolnuanigniautadusiug Sani
6 ' 6 a o A o ] > [

WaLeas (Layer) waazlatgasazininninisvaniandenuasniwdsznay 2.3 wazns
sanlassinplszamifisuugasdinindsznay 2.4 (n39 Ruafsudanay, 2551: szuy
aau bail)

Input nodes Output nodes

Hidden nodes

Connections

Awisenay 2.3 Iﬂﬁx‘]ﬁ%’]x‘]“ﬂﬂxﬂﬂid“ﬂ’]&Iﬂi:ﬁ’]‘ﬂL‘ﬁ&l&l

(Man: anBy asynyn=fs, 2551: szuvaaula)
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1) L‘%Mﬁﬁ%u@ﬁwﬁqdﬁw1ﬂﬁfﬂaﬂwaz§m
2) m%ﬁugmaaé’qamdﬁa:ﬁau (Epoch)
2.1 §IUM8L19 1 Aad
211 dwrmnaswin ldannmsliedetnslassudaznilinsiosuas
(Neuron) ﬁwmmmNammhaﬁmﬁfﬂmaaﬁa;&mﬁmﬁﬁaémaé’wﬁﬁ
dwrmldidrWariFunszdu (Activation Function)
212 fdfidiwiminanuasniindasns WuSuardassinsnls
RN RY

Y

3) Fhdnaunsznsasuamuianlumsnga iwuw nsidouiginn (msvhwolidau) vie

ﬁnumm"mmmﬁﬁwsﬁwgjdq@ﬁﬁmu@ (Max epochs)

Mwisznay 2.4 nssawlasstnlsesnifies

1 = o A v aAA
mslflasstnsdszaniioulwnissnwndssianiveane
o o o . P Y D aaA o AN o ' A

mmgﬂmalumﬁmmﬂmammwul%mmgjamnﬁau auuuntaazlaidapwlduin
4‘ L% d‘ PZ2=1 a a ' > o‘d‘ (% & 1 1 4‘ 1 [ 4‘ =3
L&I?J‘]J@%lﬁ%l‘ﬁ&lﬂ’l’]&lw@ﬂﬂ@]a%l NaaWENdasn1senNnsLiuansiathasuaza ludatibash
duazni1sninans ﬁwmm,"L@TL%mé’dmwﬁ'uﬂﬁf%mﬁuﬁq faudasnavedlassing
iszrIninoufa ﬁﬂl“ﬁnmlumm‘%mﬁmu ANI510LeasUINLAZANSIRANWITTLeasN
wanzaudwizasen (n3 FuaAsudaney, 2551 szuuaawbail) lwinodwusils
TassrnpdseanniAuunuy Radial Basis Function Neural Network &945188z1880 9%

2.8.1.1 RBFNetwork (Radial Basis Function Neural
Network) (Julasstnedszamifisndsznaudls 3 Layer @a Input Layer Hidden Layer
Waz Output Layer (lan and Frank, 2005b) lag Hidden Unit f3tuuumsdszaianalagld
Werldu nezduuLIsIAL (Radial Activated Function) (Nikolaev, 2008 : Online) 443 3
LUUAIT

12 58 c>0

1) Multiquadratics: @( x ) = ( Xt +c? )
2) Inverse multiquadratics: @(x)=1/( X+ c? )”2
ac>0

3) Gaussian: ¢( x ) =exp( - x* /202 ) Lfia c >0

laanaldazld Gaussian function 11w Radial Activated
Function 121¥iWnuasfsrigunseduuuuisifion naawsaglugig (0, 1) dsaunsi (2.5)
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F(x)="" wexp(-llx—x I /207) (2.5)
Wa w; Ae LﬂuﬁmﬁfﬂmaaLmﬁwm:MNHidden Unit 1ta2 Output Unit
n @8 31U basis function

A 6 . .
x; N8 AUBUNANVD basis function

l

x Ao input

2.8.2 Decision Tree
dulddafulaidunisiruunlasunuanuilusduvvvasdulilasnis
= [ v % [ I3 ' % Yo A Ao . . e
Soudvlatoyatnlduszahadulaansglugdulddagulalanife (Link) derulnua
(Node) Nimugavaslnuaisunitanlnua (Leaf Node) udazlnuaazunuuensiduas
Avszununalunisnasauuazinlnunrzunuaaafiiinue anwaznsdouivasduld
dadula (n39 FuaAsudany, 2551: szuvaaulai) Haedt
1) wamsisousuaasaglugufidnladne vilwiedanis
Aanziuaviziidninadanmsiuunngueng
2) udazidunmsaninuennislusansausasliaglugd
ng IF-THEN 'l¢t
3) AanunumusatayatnAFITuNI
A P = A A o o AR o @
4) madpuiiiananasillefisunudanadiud iy
Fuwndszinnsiad
5) 1w Top-down Recursive divide-and-conquer foaass

v

o . v  aa . 3 . A o A Aan eda
@]uvL&lzﬂqﬂUua\‘]a']\‘]@'lU'Jﬁﬂ']ﬁLLU\‘]ﬂiy‘ﬁ']aaﬂLﬂuﬂZy‘ﬁ']ﬂaﬂ I@ﬂLﬁ@J@]uLaaﬂLLa‘ﬂﬁﬂ'}@‘ﬂ@

=3

£ | v 2 aa 6 1 ' d‘ (2 aa v
nyaanahadulnuennnndeyasen duwevibididudrdaiiiasdasudasuaniodle
udnlddaiflasianuirBaualnuagnuazduldtosvaudacis

6) ﬂj”a%lamummmLLﬂﬂﬁI%umwnmumLLaw‘%ﬁq@TﬂJaa
Tauasn
7) wiavisiadnangevasioyanriunsudauannaing
\Dulnuagnuaslnuannuude’ld
8) aulrlunisngautisfe dradranndrdilaais
A > A =\ a A 6 A [
wlaununaanse lluansdrdinaalunsuds

9) uan3dadgniienandauveIa21TIaLT Information

Gain WAz Gain Ratio tTuew
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a a (d‘y v v Y A d‘ a =)
TUANE AN BT LIGaRWID UL ID3 TIUT8azLBa

s

J

=2

2.8.2.1 ID3 (Jurnaaudslumsasdulinisaasulaan
@108194UD divide-and-conquer 1 aldlunisiunntoyaluaurna (lan and Frank,
2005b) lumsiiruavenidrdlaldiduluvuasinvesduldazdasdrwimdonlns
(Entropy) Uazeinu (Information Gain) Wiauav3iadladien Information Gain §3gaazgn
A I3 ° ' . . an ed A a o
WWonidulnuasn uazdruid Information Gain vasuansiidnndalliSes gaula
duldaagulanianysal n1sduIme Information Gain waztaulnstaansadiuimld

ANFUMIN (2.6) Wag (2.7) MUEIOL

Entropy(S) =Y ~p,log,(p,) (2.6)

i=1

P A Y .
Taafl S @o Lrauadeiatig
c A8 SIWIUAVAILANITG
=} 1 & 1 aan o‘d‘
p. o anwhaziduvasdnensiagn i
A99hA Information Gain  VAIAMUFUNBTIZHING

an & [ s 1 o L3
BAaNIUIN A NULTAVDINIDENT S ﬂ’]%’lﬂﬂ(ﬂ%’m

n

Entropy(S) = Z 5, IEntropy(SV) (2.7)

veValues(A)

1089 Values(4) fa wwavasanfidulyldvasuanitag 4

S @8 FuLraued S vasuavsiag 4 Jen v
=} aaAa £% . . > 1
msiaenuan3dadlasls Information Gain a7 n@a14
ﬂj”a%lammﬂ (lan and Frank, 2005b) @sn wisznay 2.5 Usznaudie 4 wan3didae
outlook temperature humidity W&z windy Wad1watdn Information Gain L@z
aa & v dy
LL?J‘V]ﬁ_I’J@]’cUZVL@@\‘]%
Gain (outlook) = 0.247
Gain (temperature) = 0.029
Gain (humidity) = 0.152

(
(
(
Gain (windy) = 0.048
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&

WAIINbAAT Information Gain L& A=LREWIN wANIIAE

outlook §ifin Information Gain g4gaAIkUIILAaN outiook LHulnuasinvasenlsl
4‘ U o o 1 . .
LZJai@ﬁ‘ﬁu@ﬁqﬂLL@'J‘V]']ﬂ']ﬁﬂ']‘LL'JMQ'] Information Gain Va3
a A (d‘ A % . . % d‘y
wan3tadnmanaz e Information Gain ¢9%
Gain (temperature) = 0.571
Gain (humidity) = 0.971
Gain (windy) = 0.020
Az Au a1 humidity tJuuan3Drdniian Information Gain

@

A =< A aa & I o o A < v v oAl
ZJWﬂV]Ef‘Kﬂ?U\‘] LaaﬂLLa‘V]ﬁU’N]‘LLZJWLﬂ‘LLI%%@ ‘V]’]ﬂ’]ﬁﬂ’]%’lm‘lﬂlﬁa&l G]?U‘Llaﬂﬁ:‘ﬂ\‘]vl,(ﬂ@]%vl,&l‘ﬂ

amymié’amwﬂﬁzﬂau 26

sunny rainy hot cool
overcast
Yes Yes Yes Yes Yes Yes
Yes Yes Yes Yes Yes Yes
No Yes Yes No Yes Yes
No Yes No No Yes No
No No No
@ No | (®)
high normal false true
Yes Yes Yes Yes
Yes Yes Yes Yes
Yes Yes Yes Yes
No Yes Yes No
No Yes Yes No
No Yes Yes No
(c) No (d)

Awisenay 2.5 é'hamdﬁa;ﬁammmmnmmaw‘%ﬁa

&

]
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sunny rainy
overcast
. false
high \ normal true
Yes No
No Yes
mwisznay 2.6 dulidagulazasiayaainie
2.9 Cross Validation
I ad 6 a o |
Lﬂ%’lﬁﬂ’]ﬂ%ﬂ’]@ﬂ’]iﬂ&ﬂ’nwN@‘IW@’]@“U@GINL@@ I@&Iﬂ’ﬁ‘ﬂ’]x‘]’]%’cﬂ:m%

SNk K-folds Cross Validation Lﬂumumﬁa;&aaamﬂu K 10 9L¥infin Tunnsvinen
Lﬂugmau (Train Set) ULazTANAROU (Test Set) TAUVNuNInua K a59 nsvinewsay
LLﬁﬂﬁa;&agmﬁ 1 auﬂuywmau ﬁa;&agmﬁmﬁa (K-1) auﬂugmau uazlusavusaly
o P = o P A = & v A
Tayazah 2 anduraneseudaysgaiinievziduyaseu auasUNIANG K 50U Tadvad
I5UAa ﬁa;ﬁanné’n:ﬁ‘[ammﬂuﬁ'&g@aamm:*‘gmmaammlumﬁaamma:m%’m:ﬁ
TaYaNNNNANR AMSLAANIIWIB  Folds  ATATIMNNINWIBAALT  BINTIWIN
@ . A o A ° P =) ' °

M08 TIIWIBNINRINITOLEONIIUWIW Folds Tnunzadladd da:19n15v19 5-folds
Cross Validation L&OSAININLIZNOU 2.7 LERININWINGI0E1908NITE T3 Folds
LaiarsazuniAnlwsaine iUy Leave-one-out Cross Validation fan1svin K-folds
Cross validation tiarwuali K ﬁmwhﬁ'uﬁmmﬁa;&aﬁmm é’dﬁfuluﬂmiﬁmﬁﬁa;&a
10 @288 LADINYINIWLLL 10-folds Cross Validation I@ﬂﬁluu@iazgmzﬁﬁmmd

ﬁa;ila 1 M08
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unin 3
o ¥ o o L4 a o a
LLuijanaasd mmnﬁmﬁmmwmnmwaamfw ﬂiﬁtﬂﬂ%ﬂﬂ’]ﬂiﬂﬂ

‘iwmﬁwuﬁﬁq‘l@ﬂ%ﬁm‘%uwma%”wame‘haaammﬁﬂzymmmﬁwmmaa
fuazmaiienuanitidlaslddanaimnuuazlaseinedsanifonuuusifoauda
WIrG1 38 Word Sense Disambiguation and Attribute Selection (WSD_AS) Using Gain
Ratio and RBF Neural Network J#&nn1s¥nanw 4 tunaufia tunouft 1 1asuuass
Faanu Tuaanit 2 aonensndlaglddiusun tuaanit 3 tenuavding uaziuaawn
#i 4 SunnanuRRILVRISAININ TNeaztduaaIkuUTIaaINITuAdLRIANNTININ

PaIe 4 VUGaUAININLsznay 3.1

A dl = L
YRADINN 1 : LAVANARIVAAINN

1.1 1938UAAITBAN Senseval-2 G‘Eaaglugmmmaa XML

1.2 1RandimIunaasns

1.3 aadndu Stoplist sanaNAaITaA N

uaani 2 : @sanansidaalasldaiusun

2.1 TIRUAVWIARUNGN9IV IS LSUNYINAD n

22 gananstadlasldinsundsd 3 nsdide
221 185Ut eyt
222 185U
223 185N It sz

2.3 15 Tusunsn Tusunsy NSP uaz SenseTools udastiaanalwaglugluuy Feature
Vectors (0 38 1) lugtuuulwduwnana arff
231 85195 %3% N-gram lagl#lsunsy NSP (Go'lWd count.pl)
@&l countpl —-ngram n OUTPUT_FILE INPUT_FILE
azle : count.pl --ngram 1 output.txt window.xml
2.3.2 83149 Regular Expressions Tael51Usunsy SenseTools
(%'a"Lwa‘ nsp2regex.pl)
@&l nsp2regex.pl INPUT FILE >> REGEX_FILE

ale : nsp2regex.pl output.ixt >> regex.ixt

mwisznay 3.1 Meazdoauuudiaasmanidamanuminiuvesilasldiuiun
30
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2.3.3 8374 Feature Vectors stuuy arff Tapltldswnsy SenseTools
(@o'lWS xmi2arff.pl)
drqanld  : xmi2arff.pl —training TRAIN_FILE --test TEST_FILE
REGEX_FILE

Azl : xml2arff.pl -- training art.n.xml -- test art.n.xml regex.txt

2.3.4 Wanugwanwol % 1u ~ Taolfldsunsu SenseTools (Fa'l tilde.pl)
fmanld tilde.pl SOURCE > > OUTPUT

ale : tilde.pl art.n.xml >> art.arff

A A = aaAa 3
YWADWN 3 : LadNLDINIUIA

3.1 L3aNTRAAINTBILNITITIN 2 ndiAae
3.1.1 InfoGainAttributeEval
3.1.2 GainRatioAttributeEval

&

3.2 lRaNIWIBLENNILNGaIN1INTBILTY 40 50 %38 60 wan3DI& (Optional)

YWADWN 4 : INBAAINNKENEY

4.1 L3aNADMTINLWAAMNRLNL
411 Lmdmjmﬂu 2 ANNRNELTINI

412 meéjmmaﬁmumwmmﬂﬁmm

4.2 Lﬁaﬂ5&?16%“71&“7%1‘535’1&%?1@1’3’1&%3{18
4.2.1 RBFNetwork
422 1D3

43 ﬁwmmmmmgﬂﬁadlumﬁfﬁwLLuﬂmwmmmaaﬁwﬁwmm

mwiszney 3.1 Muazduauuuitaasnmsuidymanuiiniusesi
laglsdusun (de)

og: q' = o Y
3.1 YU UN 1: 1AYNARIVDAINN

ARITaA21Y Senseval-2 LuadstannuuasgInlwnsiadssaninw
yasmanidymanuinmauvesdn lunasdanina Senseval-2 Usznaudionastanaa
' ) a = A ot [ (2 a a (dy ¥
dauRauNBLER Ms3and Mmmdlu usznmdingw dudu lwineriinusild
A v o o A« o = a o A
WWanltasstaanuidummasngulaslinessdonasi

Tuaauil 1.1 103uuaastanu Senseval-2 lustuuuvas XML MLiuads
JaANNNWI0INE A8 eng-lex-sample Usznaudisdinlanunanafiiniuess §1797 art

= a a s ed « a A L% a [ (3
21IRNNYDI NN WAAAWMVINLT WAz 130 nIeTsnudads tUueau aunrNY



poIiinINLdazaMunInousa s duFyinsaliasnnunnefifinualay WordNet
§10819789n8990ANY Senseval-2 Ganndsznay 3.2 lassmnianitsdnlsznaudas
CERNVERE! "LW&?ﬁﬁu’maqmﬂu xml Waz .count ANMkzUad INFWINENA Xl wlWsng
suluumiu XML 1HlumsmounaznagouinsUAneniinusi uazANBoAzUad INFUINENS
.count L&‘J%"LW&?ﬁﬁgﬂLLuuL&‘Juﬁam’mﬂna 1w saafusund nsuanon inusi
ﬁaau’wﬂﬂﬁmwaqa xml LLﬂﬂWﬁmwaqa .count VaIATIININANI art avnIwdsznay
3.3 azmnUsznay 3.4 MuiIaU

<?xml version="1.0" encogihg="iso-8859-1" 7>
<IDOCTYPE corpus SYSTEM "lexical-sample.dtd">

<corpus lang="english'>

<lexelt item="art.n">

<instance id="art.40002" docsrc="bnc_A70_2636">

<answer instance="art.40002" senseid="art%1:06:00::"/>

<context>

Leeds is well-equipped for sports, with 21 golf courses and 22 sports and leisure
centres, but if all this action leaves you feeling in need of a rest, you can always take
yourself off to the theatre. Leeds has four to choose from. Most famous is the Leeds
City Varieties, one of the oldest music halls in the country and home of BBC TV's
[hi]The Good OIld Days [/hi].There's also the Grand Theatre, which hosts touring
companies and is the permanent home of Opera North. [/p] [p]

One of Yorkshire's famous sayings is &bquo;Where there's muck, there's
brass&equo;. And, while there may not be a lot of muck any more, there is still plenty
of brass. [/p] [p] For, when it comes down to it, there's nothing to beat a brass band.

There's always one to be heard somewhere during the summer &mdash; in the

MWUsznay 3.2 ASITEANUNWIAINE MDY Senseval-2
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piazza in front of the <head>art</head>gallery and Town Hall or in a park.
<[context>

<linstance>

<llexelt>

</corpus>

MwWsznay 3.2 A8ITEANUNWIAINE MDY Senseval-2 (§18)

<IDOCTYPE corpus SYSTEM ‘"lexical-sample.dtd">

<corpus lang='english'>

<lexelt item="art.n">

<instance id="art.40002" docsrc="bnc_A70_2636">

<answer instance="art.40002" senseid="art%1:06:00::"/>

<context>

Leeds is well <-> equipped for sports , with 21 golf courses and 22 sports and
leisure centres , but if all this action leaves you feeling in need of a rest , you can
always take yourself off to the theatre . Leeds has four to choose from . Most famous
is the Leeds City Varieties , one of the oldest music halls in the country and home of
BBC TV <'> s <[> hi <]> The Good Old Days <[/> hi <]> . There <'> s also the Grand
Theatre , which hosts touring companies and is the permanent home of Opera North
. <[> p <] [> p <]> One of Yorkshire <'> s famous sayings is <&> bquo ; Where there
<'> s muck , there <> s brass <&> equo ; . There <'> s always one to be heard
somewhere during the summer <&> mdash ; in the piazza in front of the <<> head
<>> art <</> head <>> gallery and Town Hall or in a park .

<[context>

<linstance>

</lexelt>

</corpus>

Mwdsznay 3.3 "lWﬁmaJaqa xml
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Leeds is well <-> equipped for sports , with 21 golf courses and 22 sports and leisure
centres , but if all this action leaves you feeling in need of a rest , you can always
take yourself off to the theatre . Leeds has four to choose from . Most famous is the
Leeds City Varieties , one of the oldest music halls in the country and home of BBC
TV <'> s <[> hi <]> The Good Old Days <[/> hi <]> . There <> s also the Grand
Theatre , which hosts touring companies and is the permanent home of Opera North
. <[> p <] [> p <]> One of Yorkshire <'> s famous sayings is <&> bquo ; Where there
<> s muck , there <> s brass <&> equo ; . And , while there may not be a lot of
muck any more , there is still plenty of brass . <[/> p <] [> p <]> For , when it comes
down to it , there <'> s nothing to beat a brass band . There <'> s always one to be
heard somewhere during the summer <&> mdash ; in the piazza in front of the <<>

head <>> art <</> head <>> gallery and Town Hall or in a park .

Mwdsznay 3.4 "L%Iﬁmwaqa .count

lumtﬁﬁﬂ’amw&Jﬁéfaamﬁmaaﬂ&iag’lugﬂLLmyuaa
Senseval-2 axéfaaLLﬂaaﬂ]’am’mﬁaﬂmﬂﬁaQ’lugmmu Senseval-2 naulagldllsunsy
OMtoSVAL2 (Pedersen and Purandare, 2002) lagfen&9nsvinauaadh

@197l : omwe2sval.pl TAG FILE INSTANCE_FILE

A 3 o o '

Taeh TAG_FILE hu'lWdvesanununevesdidiniunaas
o W @ Jd A v A o 1Y P A o
fMaanmiszney 3.5 lupeduiiusnAedriiven (Index) AoduiiNassfie ANNMLIGUBIAT
uay INSTANCE_FILE Ain 1Wdve sz Teaniid1diniu danmiszney 3.6 Taslild

o ) o Al o o o Al 3 é Q‘/ 4

INSTANCE_FILE 9z@pemuariavesfuaazil 1 indenndunanivdesnudroniownng
I 195U are/VBP wanafisdinin art Snfievasdtiudnion (VBP) nazdesszydidiniunay
dunisvesiidininludszTeandunsesnnie 2 o9 acts ? 11 wunadadriinag

“acts” ag’lu@i’nmuaﬁ’lﬁ 11 vasvszlon
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act.n.tb.138 act%1:10:02:;

mwdsznay 3.5 a18t19 TAG_FILE

act.n.tb.138 acts ? 11 Under/IN current/JJ law/NN ,/, such/JJ
suspects/NNS are/VBP immune/JJ from/IN prosecution/NN for/IN
acts/INNS committed/VBN while/IN not/RB British/JJ citizens/NNS ./.
mMwisznay 3.6 61819 INSTANCE_FILE

Tuaawi 1.2 1RandiniundainisduunaNunang
Junani 1.3 dadfilu Stoplist (nAwlsznay 2.2) aanan'lng
count tftasanefiiu Stoplist AasnvildlnWslvualnajuazidudfuiloninazd
' dq‘lL WV ¥ o a 6 o a o [ a A v
el ldshandnnzdmanunanguasdn wazinailidssansawlunisuidym
ANNMNINAAad ludwaauiazdasaaalranwanidusuanwoldne gnlddanunuisean
T FANWAL[]<>()$ % # @ * * ., ;& =\"-/1?2:°\"" @aededelun

LT

“There ' s alway one to be heard somewhere during the summer; in the

piazza in front of the art gallery and Town Hall or in a park .”

@1 art Wuwarnwdudrnlanurunsiinuaindniu Stoplist az2e

el adadnidu Stoplist uazFfyanwaiag gaanua9z ldiszlunasd
“heard summer piazza front art gallery Town Hall park”
v ]
3.2 2uwnawn 2: a3enansiidlaglgdruun
g: d‘ A v 3 o a v 3 d‘
TUAauN 2.1 LRanTWIARIEI9VIAUSUN VwaniG1eanlElunns
A d‘ =S A‘ o A o a | 1 a A 6
naagsfa n e n=1 nanedafind1sn 1 fuRnsadudr wen3dad

Jueawi 2.2 ssnansdadlaslsd1usun sanwald W rduwdni

AMURVIBTININLAZ N QD VWIARUIGTS A9 W,q, Wao, Wis,..., Wy, HBUSUNNIUN
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n a7 WAz Wo,.. W, W, W LHRLSUNMISTIY n 62 a20871917% trawiantiiaadse
n=1 lumssssnanstidlaslddusun 3 nsdiuaasasnmwisznay 3.7

nsiidt 1 IEdnudunmesoaghadones lédudunsiuns
e W, W

nsdld 2 lEdusunmennatnadoas lddusunsum
drnmadu W w.,

nsdd 3 ledusunnanisdiouazean azlddusun
sasFENLEn Wy W W,

Tuuaadertiuduwaninaadu 2 (n=2) frusuni
I aaininnetnoniann 2 drazlddusunTunsdinniunsai 1 Ae W, W, W
NIEA 2 80 W W, W., uaznsoifi 3 Ao W, W, W W., W., aud1e a1ndseloa
“There heard summer piazza front art gallery Town Hall park.” Lﬁaﬁ@ﬂiﬂﬂﬂlﬁﬁﬁ’l
wunmmanuulasiwualy n=3 ns@a1 a2lel “summer piazza front art ” lagazéa
“heard” 791y nsd#A 2 a6l “art gallery Town Hall” waznsaifi 3 2216t “summer piazza

front art gallery Town Hall ” aenwisznay 3.8

AN 1 W,
NI 2 W., W,
NI 3 W, W., W,

Amwisznau 3.7 LLﬁ@]ﬂEﬂLLUU’IJﬂGﬁ']U%U‘Y] 3 Ly

T
=3

ABENINTHA 1

T
=y

ABENINTHN 2

T
=y

ABENINTHN 3

Mwisznay 3.8 atnsdnasannaatszloaldddusun 3 wuu
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auaani 2.3 15lUsunsy NSP uaz SenseTools kiastannuasnaidla

atlustuuy Feature Vectors liiadu 0 w3a1 TWsnldiduwinans arff tunaunis

ulastanuaae SenseTools ez NSP & 4 Tuaantasasnmwisznay 3.1 (Uukaan 2.3)

231 gPadldmdusiuin N-gram laslslnWs count.pl

lopInddunnidulndnldannmsdadszloa (@ nauneu 2.2) dradraiiaifanlsei
a & Y A A o A .

UIUNNINWNDIYURLVIT (31INNTEUN 3 luasmwysznau 3.8) A8 “summer piazza front

art gallery Town Hall’ @ liidulwade window.xml aasiudngsnlslunsvinanuasle

&1371% : count.pl --ngram n OUTPUT_FILE INPUT FILE

azle : count.pl --ngram 1 output.txt window.xml

> o‘d‘ Q g: dq' >
NRaNSAldanauaauilt (output.txt) LERIaIAINLSTNAL
3.9 ﬁ%wﬁa:ﬁwgﬂa%uﬂu N-gram LazULRAIT1WIBAMNDVDILARLA LT% “Town<>1"

= « y A A ] [ [ £
RUBDY “Town” UANNLVINND 1 1T waw

7

Town<>1
gallery<>1
front<>1
piazza<>1
summer<>1
art<>1

Hall<>1

mwisznay 3.9 detnadfias1adu 1-Gram (output.txt : TWalaviwnuas count.pl)

2.3.2 %149 Regular Expressions 2adfudaziialslu
msasauanibadlasldIWe nsp2regex.pl laglWadunnlusuaauiife outputixt 21n

mMwisznau 3.9 asnuenaanlslwnisvinawas e

@1a7l4 : nsp2regex.pl INPUT_FILE >> REGEX_FILE

azle : nsp2regex.pl output.ixt >> regex.ixt
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NAANDUD Regular Expressions uiazdfa g regex.txt

aImMnisznay 3.10

Ns(<[*=>]*>)"Town(<[*>]*>)"\s/ @name = Town
Ns(<[*=>]*>)*gallery(<[*>]">)"\s/ @name = gallery
Ns(<[*=>]*=>)*front(<[*>]">)"\s/ @nhame = front
Ns(<[*>]*>)"piazza(<[*>]">)"\s/ @nhame = piazza
Ns(<[*=>]*>)*summer(<[*>]*>)"\s/| @nhame = summer
Ns(<[*>]*>)*art(<[*>]*>)"\s/ @name = art

( )

Ns(<[*>]">)*Hall(<[*>]">)"\s/ @name = Hall s/ @name = capacity

AWUsenay 3.10 Regular Expressions (regex.txt: "LWﬁLmﬁ‘vgmad nsp2regex.pl)

2.3.3 ®374 Feature Vectors 2a3@28¢14 (Instance) Iﬁa%i
lustuvuidu 0 w3e 1 laalg W xmi2arff.pl laging8unndsznaudan 2 TWdda TWs
WINANA xml 28IAIIINI waz bW Regular Expressions Aa regex.txt 1nAUaa%

(2.3.2) 9nui&Inlglunsrinauasle

@19l : xmi2arff.pl —training TRAIN_FILE —test TEST FILE REGEX_FILE

Azl : xml2arff.pl -- training art.n.xml -- test art.n.xml regex.txt

wasnnTuaaniazldqsnndsznay 3.11 lwdla1vinn
1@@a art.n.xmlarff #3uusnazaTU189 relation vasuansbiduasdi 7 é1 ussNanwas
a d‘ d‘g (% % . v % =S a A 6 A‘
WATUIINADU 9NTUAUGE @attribute LazaIvnam e {0,1} nuneduan3dd lasisuan
wan3dadn 0 lunitfenan3dd “@attribute  'Town' {0,1} “ @r0t19nansdrditn
@attribute 'front' {0,1} wu18dsuan3tadse front Bendulyldzesdfa 0 waz 1 &1n
wan3indgarinufie @attribute 'senseclass’ 1lunan3tidndsznavdrsamadulyled
& d‘d‘y @ A % & o o . A &
nenua lunitazunudrsanununsiduldldnsnuavasdnsiiniy 1w art in9nae 3
AMNRNBAD art~1:06:00:: art~1:09:00:: Laz art~1:04:00: UsINAGa LUAD @data i)
A‘ U U g: d‘ U v [l Aj U 1
aisnduastayansnnaf ldainnisudaslierluluny Feature Vector &atinenvas
wan3daddidndu 1 wwrensuenIdadiuiidindesnisey 154 {0,0,0,0,0,1,0,

art%1:04:00:} waN889 Uan3HadN 5 Aauaviztad ‘art i1 “art” ag
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@relation 'RELATION'
@attribute "Town' {0,1}
@attribute 'gallery’ {0,1}
@attribute 'front' {0,1}
@attribute 'piazza’ {0,1}
@attribute 'summer' {0,1}
@attribute 'art' {0,1}
@attribute 'Hall' {0,1}
@attribute 'senseclass’ {art%1:06:00::, art%1:09:00::, art%1:04:00::}
@data

{0,0,0,0 ,1,1,0,art%1:06:00::}
{1,1,1,1,1,1,1, art%1:06:00::}
{0,0,0,0,0,1,0, art%1:04:00::}
{0,0,0,0,0,1,0, art%1:09:00::}

Awilsznay 3.11 3ﬂLLuuﬁa§aﬁLLﬂmLﬂu Feature Vector

(art.n.xml.arff : "LWﬁLmﬁ‘vgmad xml2arff.pl)

234 Wasusyanwal % 1Widu ~laslslWs tide.pl
WwzRanwal % lwldsunsy WEKA nansfisnauiuusi (comment) lutuaauihlns

a =} % g: o 0'4 d‘ o £
duwnfa art.n.xmlarff aavwsRIN w1t was 1

fFafilE : tilde.pl SOURCE >> OUTPUT

azle : tilde.pl art.n.xml >> art.arff

%é’amﬂﬁmauﬁwaé’wﬁmﬁ@ugmmu arff ﬁauymﬂu

"LWﬁLmﬁwwﬁ"L@Tﬁa artarff @9n Wlsznay 3.12
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@relation 'RELATION'
@attribute "Town' {0,1}
@attribute 'gallery’ {0,1}
@attribute 'front' {0,1}
@attribute 'piazza’ {0,1}
@attribute 'summer' {0,1}
@attribute 'art' {0,1}
@attribute 'Hall' {0,1}
@attribute 'senseclass’ {art~1:06:00::, art~1:09:00::, art~1:04:00::}
@data

{0,0,0,0,1,1,0, art~1:06:00::}
{1,1,1,1,1,11, art~1:06:00::}
{0,0,0,0,0,1,0, art~1:04:00::}
{0,0,0,0,0,1,0, art~1:09:00::}

mwdsznay 3.12 mawdvudansol % Wil ~ @rtarff: India1viwnaas tide.pl)

& A A aa ¢
3.3 Juaann 3: taankaNILIG
& A aa 6 & & A an eda o o ¢
PYUADWNITLAANLANSTIL T TN aUNISLRANKANITIGNUANUTUN WS
o an ea A o a a o &
N I@ﬂLLammwmaaa:gﬂmaanImam5waa:Laﬂ@@au
& P A A o aa & A a A A
PGaUN 31 LR aNTRAAINSAILANTTIATIN 2 nsakAa
InfoGainAttributeEval 18z GainRatioAttributeEval 1#a331n@an5a4 2 tnaiaiiiduinaiia
NIRZITINS?
g: d‘ =} o aan o‘d‘ £Z ) an 6
e 3.2 LHaNIWIBLENITIGNGaINISlaeMSIasIwIL  wansiad
d‘d ' % 1 o aa o‘g: . . dy Yo a
Afledeanindwinnensdidninue (Attribute Selection) lunsnasasftlsituiunens

a (¥

f7¢i1ilw 40 50 60 100 150 200 300 waz 500 Lan3IHI6 ﬁuagﬁuﬁmmuaw%ﬁqﬁﬁmﬂ

=y

d‘ 2 D o an o‘d‘ 1 2 = aaAa 6
wqwmmmmaﬂ@ LB SwIBLaNITIaN Ll lansasd 720 wan3had s1u1InnTas
"L@Tmﬂq@ 500 LaN3U6 PINTIWIRLANITTIGNI1UIN 452 a"mmuaw‘%ﬁqﬁmﬂq@ﬁ

7= aaAa 6 " v A an 6 ' > o a A o‘d‘d '
fUNTNIadlaae 300 wansiag udntaanwansdadivinnudiwiniansiianiagas

w9 lirinnsnsanen3dng (Non-Attribute Selection)
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& A °
3.4 AN BNN 4: ARNAINNRKRNY

A5 IUUNANNANNY  (Classification) vasdduduaaulunisiden
mmmnﬂ‘ﬁgﬂﬁamaaﬁwﬁwmmmmwwmﬂﬁ'&%&l@I@ﬂlﬁTﬂﬁLLnﬁm WEKA
& A A aa ° ' ' =
PYRGani 4.1 LaamﬁmﬁmuunmwwmﬂI@ﬂLLmﬂqmﬂu 2 ANURINEY
mwﬁfu%‘%aLm'méj&mmrﬁwmummmnﬂﬁmm mﬁLmejmﬂu 2 ANARNIY Aa anend
3 @MURNIBAD X Y WAz Z 92HNITRANTIR 3 NI0Aa NI 1 awlalanizanuRnang X
2216 X = aa1® YES waz Y Z = aana NO Nkl 2 aulatawizanunung Y azled Y =
ARIR YES ez X Z = aana NO NI 3 awlatawizanuniig Z azld Z = aals
YES waz X Y = aa18 NO ad4a15199 3.1 Aaauin 1 mummmm(jmmﬁmm
AMNRUINIRUA LTI AR A LA NI IBAMIURNIL AU AL NTIWIUAI LRI
) ) 1 Qs 1 1 £ o a o v
293AHIMINAINNTN 2 ANWANNY A20E19LT% AR 3 anuRNY (XY Z) Arua b
ANUANY X 10w aag X anNnNny Y 1w aag Y wazanunang Z wilu asng Z

A96015197 3.1 AaNNIN 2

A5197 3.1 ’cﬁ’]LL‘LLﬂﬂ’J’]&I‘H&I’]&II(ﬂ&ILLi_i\‘]ﬂéj;&lLﬂu 2 mmmnﬂLLa:Lmejmmﬁmm

ANURINETIRUA
m.ian'ejmﬁ% 2 AN LL‘].ix‘]ﬂéi&l@l’]&lﬁ’]%'a%ﬂ'a’]&l‘iﬁ&I’]ﬂﬁx‘]‘iﬁ&lﬂ
nsan 1 awbannunang X AMURNIEY X = AANF X
AMURNIY X = AaNF YES ANURIY Y = AR Y
AMURNIY Y = aand NO ANMURNIE Z = AR Z

ANURNIY Z = aa1x NO
a A

nywn 2 a‘ul?ﬂﬂ'n&l‘ﬁlnﬂ Y
ANURNIY X = a8 NO
ANURNIY Y = @3] YES
ANURNIY Z = aa1x NO
a A

nywin 3 a‘ul?ﬂﬂ'n&l‘ﬁlnﬂ Z
ANURNUIY X = a8 NO
ANURNIY Y = a3’ NO

ANVKNY Z= AR YES
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Tunand 42 Suwnanununsvasdrinninlasidansanasiulunng
FunaNURNIE 2 danasnufa RBFNetwork Lay ID3

snaud 4.3 ﬁwmmmmmgﬂﬁaﬂumﬁwLmﬂmmmnmamwﬁwmu
I@ﬂmmmgﬂ@ﬁ”aﬂumﬁfﬁwLLuﬂﬁtmmm‘ime:ﬂ@i’mﬂ Confusion Matrix Q4928874

Mwydsznay 3.13

Correctly Classified Instances 171 82.2115 %

Incorrectly Classified Instances 37 17.7885 %
=== Confusion Matrix ===
a b ¢ <--classified as
98 0 0| a=1:06:00::
1335 4| b=1:09:00:
18 238 | ¢ =1:04:00::

MWUsznay 3.13 Confusion Matrix

NANWUTZNaY 3.13 LRI Confusion Matrix VBINITINLWAAINNRNNE
?JOWLL%ﬂZ;Iﬂ@Ta\‘] 82.2115 % LAzIUUNHNA 17.7885 % GL‘LLLL@]‘azﬂiﬁwﬁmﬁﬂﬁiﬁﬂangﬂﬂﬁdﬁ

ANNKNNY 1:06:00:: ﬁﬁﬁ%?%é”m&‘l’h‘]ﬁt\‘m&l@ 98+0+0 =98 @28819 WAV
NMIILBNAINUANE ?JOWLL%ﬂZq}ﬂ ‘Vi‘]‘ﬁ&l@ 98 G814

ANUKN1Y 1:09:00: ﬁﬁﬁ%’l%ﬁ’m&i’]d“fi‘]%&l@ 13+35+4= 52 §28819 WA
PYBINIIINLUNAINNRNNE ?JOWLL%ﬂZq}ﬂ ‘Vi‘]‘ﬁ&l@‘l 35 @10819 uunAatdwanununy
1:06:00:: ‘Vi‘]‘ﬁ&l@ 13 ragauazdunniaduanunung 1:04:00: ‘Vi‘]‘ﬁ@J@ 4 A8

ANNKNNY 1:04:00:: ﬁa"mmé’mﬂnﬁ%m 18+2+38=58 q18t14 WaVDI
NI UNAIMNANNE ?JOWLL%ﬂZq}ﬂ ‘Vi‘]‘ﬁ@J@‘l 35 @28814 uwnAatduanunaiy 1:06:00::
‘Vi‘]‘ﬁ@J@ 18 ragaazdunniaduanunung 1:09:00: ‘Vi‘]‘ﬁ@J@ 2 Mg

mmmgﬂﬁa\‘]ﬁ@Lﬂmﬂaﬁ%u@imz Confusion Matrix Lﬁﬂ’ﬁ’]LL%ﬂQﬂ 100%

LLﬁ@diﬁé’dﬂWWﬂﬁzﬂaU 3.14
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True False
True True Positive False Positive
False False Negative True Negative

number of True Positive + number of True Negative

accuracy(%) = (

number of True Positive + False Positive + False Negative + True Negative

=== Confusion Matrix ===
a b ¢ <--classified as
v?{s \‘e\ 0| a=1:06:00:
o\\\52\o | b= 1:09:00::
0 0583 c = 1:04:00:

Accuracy ﬁﬁ%mngﬂ 100% 3ld = (wjxloo

208

Jx]()()

MWUSzNay 3.14 Confusion Matrix ﬁﬁﬁLLuﬂQﬂ@Ta\‘l 100%
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4.1.1 fenuldsunsunanveslusunsumsuidymiaaumniusadiuaes
Ganmwisznay 4.1 lagduaaunmsrianuninuevasldsunsulseneudis 4 Juaaude
1) 1@38NARITaAY (Data Preprocessing) 2) aauansiidlaslddiusun (Create
Attribute Using Context Window) 3) n1sifanuan3dag (Attribute Selection) Waz4) N1s
$unAMUBINY (Word Sense Classification) Liafinanunsnud 4 4uaauazLanisin
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412 H99wlyUsunsuganvad Stepl: Data  Preprocessing LE#®96
mwdsznay 4.2 Usznaudiomsiauluginsesnisaadfiidu Stoplist WRSRANWOL
@199aan

4.1.3 F9wlUsunsutanuad Step2: Create Attribute Using Context
VWndom/ua@aéhnwwﬂﬁzﬂail43=ﬁumauﬁh:éﬁaa:q‘ﬂuwmﬁﬁhdwaua:ﬂﬁznnwmaamuwm
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4.1.4 899 ulUsunsNtonvad Step3: Attribute  Selection LRAIA I
nwwﬂa:nail44‘dﬁ:ﬂauédﬂﬂwmﬁanLwﬂﬁﬂﬂﬁﬁnﬁaaﬁﬁéanwaua:a:qﬁwuquuaw%ﬁqﬁﬁ
A8IN1T

4.1.5 F3ulUsunsueauvay Stepd: Word Sense Classification Laadad
mwdsznay 4.5 Tuaauitiumsiuunanunanslasdasidenisnsiuunanaunang
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JAN

T

Step1:Data Preprocessing

v

Step2: Create Attribute Using
Context Window

T

Step3: Attribute Selection

Y

Step4: Word Sense
Classification

Accuracy of
Classification

Word Sense Cassification again 7

\Y4

mMwisznay 4.1 an1svinawuedlydsunsy
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AV
Read Word

Remove Symbol

i

Remove Stoplist

N

mMwdsznay 4.2 BNy uueslisunsy Stepl: Data Preprocessing

Read Window Size

Read Context
Window

i

Create Context

Y

Mwdsenay 4.3 HInsvinuuesllsunsy Step2: Create Attribute Using

Context Window
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Read Selection
Algorithm

Read Number of
Attribute

T

Select Attribute

A4

MwUsznay 4.4 HIn1sinauwadllsunsy Step3: Attribute Selection

Read Number of
Class

Read Classifiers
Algorithm

T

Classification

A4

mMwdsznay 4.5 HIn1sinauwadllsunsy Stepd: Word Sense Classification
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4.2 dmisznavvasldsunsa

4‘ a k% o o L4 a o =)
Walaldsunsumsuidgmianamnivvasdlasldinadadiusunan
szsngninadangastunnawnmsiawlassnueslsunsunsnaaasmwisznay 4.6

al (==] = ]
-
Ut Word Sense Disambiguation Model Using Context Word Technique
[AIR LAB]

The “Word Senze Dizambiguation program composes of

Step 1: Data Preprocesszing
Step 2 Create Attribute Uszing Contest Window
Step 3 Attibute S election

Step 4: Word Senze Clazsification

mwilsznau 4.6 wihaananuadldsunsumsuitdywanuiinivesi

Lﬁaﬂamﬁaﬂﬁw OK azisngwitnasvssnisuidgnianuiininys i
FIRuA 4 Tunaw ssmwisenoy 4.7 Tdsunswazdsznaude 3 siufe
421 FAUWMITNNUIIRNG 4 Tunaude
1) Preprocessing DunmsisSouaastaanaliaglu
EﬂLLUUﬁW%ﬁJSJI%ﬂ’ﬁﬁ’N’mI@ilLé@J’cﬂ’]ﬂﬂ’ﬁé’]%ﬁ’]ﬁ’m’mﬁﬁa\‘mﬁimﬂiw§LL§Q%dﬁ1ﬂﬁi aa
Fudnuoiuazdnfidu Stoplist sanan'lng
2) Create Attribute Juiuaoulumssdisuan3dod lu
B0 Window Size 1flugasdmsvlsvmaninasfidasmsan 1 2 3 wia 4 luses
Context Word aziil#ifanduSunmetie (Left) duSunnieun (Right) WasFUBUNS
N9E8Laz" (Left and Right)
3) Attribute Selection Lumsidenuan3iaanlsidesms
san  lagasdasBanmafinlumsnses  (Selection  Algorithm) 498 2 wuufe
GainRatioAttributeEval sz InfoGainAttributeEval uazladwinuarisdadndasnisasdn

789 Number of Attribute LLaw‘%ﬁqﬁuaﬂmﬁamnﬁa:gné’maﬂiﬂ
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4) Classification 1Junsduunanununavasiiionag

Togazdagidons winuasaais  (Number of Class) %98 2 uuu@auuy 2 @as
(NURNNY)  WID IHAUASETIRAA (aﬁwmumwwmaﬁy‘mm) wazlRanaanasny
(Clasiifiers Algorithm) 493 2 §anasfiufa RBFNetwork s 1D3

422  FIWMISLRAINATBIMISMNe MR Ssnsa s dwoSiTud
289FNANNYNGDS (Accuracy)

423 FIUNTATIIRALANNANLVRIANAINN  LFaTamaudIuIn
ANURUIYLRZANURANLUBIAAINI

El WSD using context word technique [';II'EI Bl

-
.

.

Readword E

.

Remove Spmbol and Stoplist E

.

[~ Step2 :Create Athibute

Wwindow Size .
.
Contest wWindow Left and Right -

:
:
:
sl
sl
[[oedeatme | & |3
2 B
Pl
[
:
:

[ Step 3 attribute Selection

-
Selection Algorithm GainRatiodtibuteEval  + E

-
Number of Attribute

.
.
Select Athibute | E
-

3 i :

: E Result Ch E

—Step 4 Classification o el le-ar 1
HR Y e e e P e LR LR LR LR R R
NimberofElass [2 | E L CTTE T T L T T T T T T T T e T TP T TP P T TP PP T T P PPP T TP PP T TP PPT TPy 1) -

-
Classifiers Algorithm REFMetwark ~| & s
o |=
HEH

@ Classify | g g

_________________________________________ |
mwisznay 4.7 wiaemsvauesldsunsumauddamanuiinassesi




4.3 uan1snnewuadlilsunas

AUl 1 Preprocess AdnLiandlantu

Readward
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WNaLRandIn

@M I wilsznay 4.8

Select File to Preprocess

Look it ] [ train_fileword __vj

<:=|=j<"[%

ark.n.counk

autharity . m,counk

cool. &.count
day.n.count

find.«.count
Firme. a.count

My Recent bar.n.count detention.n.count it a. count
Documents beqin. v, counk develop,s.count Free.a.count
@ blind.a.count draw, s, counk graceful,a.count
burn, m.count dress,v.count green.a,count
Deskiop call, v, counk drift, ., counk grip.n.counk

carry. s, counk
chair.m, count

’) channel. n.counk

My Documents ;
: child.n, count Facility ,n. count
g church,n.count Faithful. a.count

circuit, n, count Fatigue,n.count
hy Computer

drive, v, count
dyke.n,count
Face.w.count

hiearth, n,count
holiday. n.count
keep. v, count
lady.n.count
leave. v, count
livve v count
collaborate . v, counk feeling.n, count local, &, counk

colourless, a,counk Ferret. . count rnakeh, s, counk

rnaterial.n.co
rnouth, m,cour
nakion.n,cad
natural,a.coL
nature.n,cou
oblique, a.cou
play . w.count
posk.n.count
pull .+, count

replace, .col
reskraink. m.co
sEE, V. counk

SEMSE,N.Cour
SErVE,Y,COUr
simple.a.cour

Q‘gs |

My Metwork  File name: ]art.n.u:u:uunt _:j

Flaces
] Count filez[”. count] :_j

Filez of type:

kd
Open
Cancel

mwisznay 4.8 dadsnistiandiinianndainig

%é‘ﬂﬁ]’]ﬂﬁ%ﬂaﬂﬂw Remove Symbal and Stoplist L‘ﬁﬂé]‘@] MfQ

Stoplist 880 AvEIIWAERN 1 AINWlsznay 4.9

—Stepl: Preprocess

Wiord

|E:'\D ocuments and Settingzadministratoribdy

Readward

Remaove Symbal and Stoplist

ANUTENBU 4.9 (2889 TUAaWN 1 mﬁm‘%um]’a%m

& o A =
WObLAZAINLLN
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& A . v . de =
unaun 2 Create  Attribute I(ﬂ&Iﬁ:i.ql“].l%’](ﬂ‘ﬁ%’]@]’](]‘ﬂ@]a\‘]ﬂﬁﬁLLazLaaﬂ

31Jmeadﬁm‘%uwé'dmwﬂﬁ:ﬂau 410

Step :Create Attribute

Window Size 4

Context Window ||-Eft and Right j

Create Attribute

MWUsznay 4.10 @20e9IUaaun 2 MIFIILaTSDIR

& A . . A a o
uanouNn 3  Attribute Selection I(ﬂill,aaﬂLﬂﬂ%ﬂﬂ?ﬁﬂﬁﬂx‘]LLﬁZﬁZHﬁﬂ%?%

an ed o [
wanIdignaasnsasn wdsznay 4.11

Step 3 Attnbute Selection

+
S election Algaorithm |GainH atindittibuteE valt ﬂ

Murber of Attribute 40

Select Attribute |

&

Mudsznau 4.11 ared1eluaaui 3 NstReNuansiae

Jueawil 4 Word Sense Classification lagtdanifaniszianuainis

o o a R o [
%’1LL‘LLﬂLLE‘IZ@E‘maﬁ‘V]&II%ﬂﬁﬁzﬂ’]LL%ﬂ(ﬂ\‘]ﬂﬁ‘Wﬂﬁzﬂ Ay 4.12

Step 4 Clazsification

Mumber of Clazs |2 ﬂ
|

Clazzifiers Algorithm |H BFMetwork

replacet’ /M |

Clazzify |

MWYsznay 4.12 g9 Ui 4 NTIUUNANURUNE
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Warnuaa1ng 4 “fI"LL@]Q%LL§1NQ§W§ﬁ1ﬂ11NQﬂﬁad°ﬂa\‘]ﬂﬁi’cﬁWLL%ﬂ
ﬂ’J’]SJ%SJ’]&ILLﬁ@\‘]vLﬁ@T\‘mWWﬂizﬂFJII 413

55! WSD using context word technique = | B ||
Manual  Add Data

Stepl: Preprocess —Hesult

‘wiord ‘C:\Documemls and Settings\Administrataribiy Total Mumber of Instances 7

Readward === Confusion Matrix ===
abc <-classified as
<0:00::

R Spmbal and Staplst BOOIa
EMOVE 2 Pmbal 3 ophis! DSDU

7 016] ¢ =1:04:00:

Step2 :Create Athibute —

‘wiindow Size 4

=== Shratified cross-validation ===

-———

Correctly Classified Instances 53 € _819.8; 52?'”{ -

7 4

Conion idon ’W‘ :{lac;ér:ztgtigl\;sswhed \ﬂstancesn = ;; 18787

Mean absolute emor 0.1833

Fioot mean squared eror 0.3303

Biiesil= Stz Relative absolute enar 420381 %
Root relative squared erar 70.8467 %
Total Number of Instances 77

Step 3: Attribute Selection

Selection Algarithn GainRatindtibuteEval — + :

ab o <-classified as

33 0 0] a=at1:06:00:
Murber of Attribute |40 414 3| b=atx1:09:00:

7 0181 = artAl:04:00:

Select Attibute |
£ Result 3
Step 4 Classification - —I J

Sense

=== Confugion Matrix ===

Mumber of Class ‘A” j

Classifiers Algarithm REFMetwoark, -

replace’/N |
Classify | CheckSens

MWLITNY 4.13 A20EIMITURASHARNTYBINITIUUNAMURINE

LR aINISHTIARALAMN RN aaﬁwﬁwmmaﬂﬁm Check Sense | 4.

UEAIF AN ORI BINMURNININNATBIRRININKK a9nIwisznay 4.14

Senze

1] art, fine art - [the products of human creativity; works of art collectively; "an art eshibition''; "a fine collection of art"']

2] art, artistic: creation, artishic production -- [the creation of beautiful or significant things; "art does not need to be innowvative to
be good'; " was never any good at art”; "he said that architecture is the art of wasting space beautifully”]

3 art, artistry, prowess - [a superior skill that you can leam by study and practice and observation; "'the art of conversation'; "it's
quite an art"']

AMWUTENaU 4.14 NTATIIRDUAMNRUILVDIANTININAY
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4.4 \@5a9daniglwnrsweiwildsunsa

4.4.1 A%aEN3aUS
1) asufiaaassiuyaas niwaNdt 1 Anzlud
gfadan anug 40 Ainglud gusunamuaziduniosmasay
4.4.2 grmanaus
1) S2uUYHUANTS Microsoft Windows XP
2) Perl
3) Ngram Statistic Package (NSP)
4)
5) WEKA (gllamsldaulysunsay WEKA uyy Command

SenseTools

Line Interface UWRAIAINIANKIN n)
6) Visual Basic.Net
7) OMtoSVAL2



UNN 5
NANIINARILazINIaE

a a (d‘y ¥ v A @ o ¥ o
mmuwuﬁ‘lﬂma%lalumﬁmaamaﬂamamm Senseval-2 GL‘D’LLIIU?U’]EQ@\‘]
mauitgymanuminusassanassdennulagliinelindisun  (Word  Sense

Disambiguation Model from Corpus Using Context Word Technique)

nuuIassnsuAtrIANAiININYaIRINARtaaNNlag Ty
IMARAAIUIUN

og: q' = o v
YUADWUN 1: LALNANIVDAINN

11 1e3uunAstan1u  Senseval-2  Fvaglustuuuves
XMLIasgninuniesndsznaudiusadingne "Lwﬁﬁﬁmmqmﬂu xml L&z count

1.2 1RanFNMNINNAaINNS

1.3 dadidu  Stoplist sananlWauwana  .count
iasnndidu  Stoplist  AadiivihldlWalvwalwauazduduiden  laldin
Jlenzimeanuringuasdn  lddeiniawlumsuitywenuminiuaass
1unanhizdasaacanusiidusyanwaidng g aandae

finINanaRITan Ny Senseval-2 Alglunsnaseu
Uszansnwlunisiuunanunaiaiadadifidu Stoplist waz'laiaad il Stoplist
LEAIAIANTI9N 5.1 lasdsznaudisdiininasdallil stress fatigue nation bum holiday

. =S ' o A o a [l 1 s a
spade hearth detention W&z dyke Faudazdaziidwinalaauandrens lagnasany
RUBANEINAN A IBk ID3 Lz NaiveBayes f1%SUNSNARaIludanasiu 1Bk i lavinns
NARBITNGN laurruadl k 1l 1 819 10 . wdsznay 5.1 wan1snaaadilatiiy

1 4?/ 1 (% A d‘ v 1 [ o 1 « » a o d‘d (%

A1 k TudnnnugndadaziiFinanaratnagi A1t “dyke’ uaziivnadiniinnugndas

ANRIADENILTY 6197 “stress” LAz “detention” LT WG LLa:mﬂmmmgﬂﬁaam@T A1 k
1 a a (% v g: =S v A 1 1 a g: 1

Wiy 1 azlianugndasgege danudsldifand k iy 1 lunisnasestudeliuas

% Aa K

aanasfna IBk
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100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
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0.00%

iav (%)

ANINANG DY

—e— Stress
—a— Nation
Bum
Holiday
—x— Spade
—e—Hearth

+— Detention
—=—Dyke

5 6

Fuuk

10

Awilsznay 5.1 LLa@ammeﬂ@TmLﬁal%é’aﬂa‘%ﬁm IBk LiadN k AAN619N%

NANMINARaILEa AR ITMsuATywianuinulasls

nmsaadfilu Stoplist InNIENNTUAaUITAB IBK ID3 waz NaiveBayes 3zl#hAnay

andasginiimsnasaslaylifinsdadfilu Stoplist 18619154 hearth :MNeNT97 5.1

Tapauaawis IBk "Lajé'f@ﬁwﬁmmgﬂﬁad 68.42% Lﬁaﬁ@ﬁﬂﬁmmmgﬂﬁad 89.47%

URGaUIT 1D3 "Lajé'f@ﬁwﬁmmgﬂﬁaa 47.36% Lﬁaﬁ@ﬁﬂﬁmmmgﬂﬁaa 84.21% TwAah

7% NaiveBayes lidadinugndas 68.42% Liladadldainugneas 84.21% wams

= A ' & aa L o . o o A & .
LﬂﬁﬂﬂL‘V]ﬂﬂLL@]az‘ﬂ%@]a%?ﬁﬂqﬁ‘ﬂ@QQGIQUVLN@@Q'] Stoplist Lazaaa1NLY % Stoplist 31N

JunawIT 1Bk ID3 Laz NaiveBayes Laad laainwysznay 5.2 5.3 Laz 5.4 audey
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A = = L% @ o 1@ o ' [ a R
13NN 5.1 NE‘m’ﬁ‘ﬂ(ﬂE‘la\‘]Lﬂﬁm_lL‘V]&Ii_lﬂ’]ﬁl‘ﬁﬂ’ﬁ@(ﬂﬂ’]LL@ZVLN@(ﬂﬂ{L‘LLLL@azaaﬂaﬁ‘ﬂ&l
> a R o ' A ' s
AN IBk N1AKAAN kl‘ﬁ&lﬂ’]lfﬂ’mll 1

Classified Accuracy
@ FIUIN IBk (k=1) ID3 NaiveBayes
aaad19 | laida stoplist AR stoplist Taiga stoplist AR stoplist Taiaa stoplist an stoplist
stress 81 48.38% 72.41% 64.51% 65.51% 48.38% 62.06%
fatigue 77 77.77% 85.15% 70.37% 85.18% 74.01% 85.18%
nation 74 76.00% 84.61% 72.00% 88.00% 72.00% 84.61%
bum 72 79.31% 88.00% 75.86% 88.00% 75.00% 84.00%
holiday 62 86.36% 86.39% 86.36% 86.36% 86.36% 86.36%
spade 59 68.18% 73.68% 59.09% 68.42% 63.63% 68.42%
hearth 55 68.42% 89.47% 47.36% 84.21% 68.42% 84.21%
detention| 55 77.27% 84.21% 72.72% 78.94% 72.72% 78.94%

dyke 33 66.67% 91.66% 66.66% 91.66% 66.66% 91.66%

~ 100

S 90 = /\'/4‘

S 80 e S et S —=

(c] 70 B -t =y

b 60 ---e-- Bk

e NI Bk (ae)

: o0

& 10
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IUIUGNALNY

Mwydsznay 5.2 memmmgﬂﬁaaLﬁalﬁé'aﬂa‘%ﬁm IBk Lﬁamaaa‘[mmﬁuﬁﬂzymmm
AMINBUUUNALAZLULAAFN
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ANMAAIMINBLLUNALAZLULAAFN

100

(%)

v
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———— NaiveBayes (6iafi1)

ANANUANG AV
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o

AUUGIALNY

mwilsenay 5.4 memmmgﬂﬁauﬁal%é’aﬂa‘%ﬁm NaiveBayes Lilanaaadlasnis

abiLaTN e e R Py g FUTSTING [ota TR TGTLoTo T

o , v @ 1A o o A«
?ﬂqﬂwaﬂqﬁqﬂ@aaﬂ@ﬂﬂaqiLLa@ﬂlﬁL%uiqLNa@]@ﬂ']qnl,ﬂu

Stoplist aaﬂmﬂﬂé’ﬁamwm:ﬁﬂﬁmmwmgﬂﬁaalumﬁa‘hLmﬂmmmnﬂg&ﬂmﬁavlajé'f@

dfdu Stoplist 3sldlgnisaadfiiu Stoplist sananlwsvasdinauyndiaiiae

ﬂ?ﬁmgﬂﬁadlﬁﬂ’ﬁ’fﬁﬁLL‘LLﬂﬂ’J’]SJ‘HSJ’] ﬂlﬁa:ﬁ%

ARMINN LTI UNINAAINITINUUNANNRLLA D art

authority bar bum chair replace hearth local detention child church child L8z dyke naa

WULU 10 Folds cross-validation §1UNIOLRAITIEALBEAINNABLNIEIAININ art U
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8

dyke Tapdgasditladadiin stoplist ndraniuaoud 1 aeinluduaandeldazin
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5.1 @1881ANNIN art

fRININ art VaIARITEAIN Senseval-2 UsznauaLaNURINLFINIY
fla 1:04:00:: (MIa9nwAaly) 1:06:00: (WaaAmiAaLlz) 1:09:00: (1Nwz)
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Art

heard summer piazza front art

charge extended critical capacity art
Paintings drawings sculpture period art
defined common experiences art

nationalism pompous conventional boring art

Goldsmiths graduates handling demands art
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Art dance creative called Halo
art gallery Town Hall park

art aesthetic

art 350 display ranging Tudor
art whatever music poetry

art Western world

art world media
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Art dance creative called Halo

heard summer piazza front art gallery Town Hall park

charge extended critical capacity art aesthetic

Paintings drawings sculpture period art 350 display ranging Tudor
defined common experiences art whatever music poetry
nationalism pompous conventional boring art Western world

Goldsmiths graduates handling demands art world media
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16 2 dnde 0 waz 1 1BU “@attribute "art' {0,1)” wuwdILaNIDE art HenAdulyldde o

#Ia 1 LLaw‘%ﬁq@Tq@ﬁmﬁaLLaw‘%ﬁq@T senseclass UaNANMURNILVAIAFININTINAN

1wldle 3 én fa art~1:04:00: art~1:06:00": WA art~1:09:00:: IHEIWNSLTUUAIDEN

=2 an ed A an eaA [l an &
(Instance) FILFAILANIZLANTUIANNAT 1 LLANIUIANIAT 0 ?JZVL&ILLS(@\‘]LWTBLL@V]ﬁJ’N]&I
UWIUNIN LU {01,21,31,41,111,151,331,34 1,351, 381, 44 art~1:06:00:}"
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@relation 'RELATION'
@attribute 'art' {0,1}
@attribute 'world' {0,1}
@attribute 'gallery' {0,1}
@attribute 'front' {0,1}
@attribute 'piazza' {0,1}

@attribute 'ranging' {0,1}
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@attribute 'defined' {0,1}
@attribute 'charge' {0,1}
@attribute 'boring' {0,1}
@attribute 'poetry' {0,1}
@attribute 'sculpture' {0,1}
@attribute 'Hall' {0,1}
@attribute 'Paintings' {0,1}
@attribute 'called' {0,1}
@attribute 'Western' {0,1}
@attribute 'Town' {0,1}
@attribute 'period' {0,1}
@attribute ‘critical' {0,1}
@attribute 'handling' {0,1}
@attribute 'nationalism' {0,1}
@attribute 'capacity' {0,1}
@attribute '350' {0,1}
@attribute 'common' {0,1}
@attribute 'aesthetic' {0,1}
@attribute 'extended' {0,1}
@attribute 'graduates’' {0,1}
@attribute 'demands' {0,1}
@attribute 'dance' {0,1}
@attribute 'Art' {0,1}
@attribute 'display' {0,1}

@attribute ‘whatever' {0,1}
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@attribute 'pompous' {0,1}
@attribute 'creative' {0,1}
@attribute 'music' {0,1}
@attribute 'summer’ {0,1}
@attribute 'park' {0,1}
@attribute 'Goldsmiths' {0,1}
@attribute 'Halo' {0,1}
@attribute 'heard' {0,1}
@attribute 'drawings' {0,1}
@attribute "Tudor' {0,1}
@attribute 'conventional' {0,1}
@attribute 'media’ {0,1}
@attribute 'experiences' {0,1}

@attribute 'senseclass’ { art~1:06:00::, art~1:09:00::, art~1:04:00::}

@data DN wansuImn 0 N4 44

s R
{01,131,271,281,321, 341, 37 1, 44 art~1:06:00::}

{01,21,31,41,111,151,331, 341,351, 38 1, 44 art~1:06:00::}
{01,71,17 1,201, 23 1, 24 1, 44 art~1:04:00:}
{01,51,101,121,16 1,211, 291,391, 40 1, 44 art~1:04:00:}

{01,61,91,221,231,301, 331, 431, 44 art~1:09:00::}
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@relation 'RELATION'

@attribute capacity {0,1}
@attribute critical {0,1}
@attribute display {0,1}
@attribute 350 {0,1}
@attribute extended {0,1}
@attribute charge {0,1}
@attribute ranging {0,1}
@attribute period {0,1}
@attribute sculpture {0,1}
@attribute Paintings {0,1}
@attribute drawings {0,1}
@attribute Tudor {0,1}
@attribute summer {0,1}
@attribute music {0,1}
@attribute called {0,1}
@attribute Hall {0,1}
@attribute heard {0,1}
@attribute Town {0,1}
@attribute creative {0,1}
@attribute piazza {0,1}
@attribute gallery {0,1}
@attribute front {0,1}
@attribute poetry {0,1}
@attribute experiences {0,1}
@attribute defined {0,1}
@attribute park {0,1}
@attribute common {0,1}
@attribute dance {0,1}
@attribute Art {0,1}
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@attribute senseclass {art~1:06:00::,art~1:09:00::,art~1:04:00::}

@data WavistaA7 0 54 29
e —

{12114 1,18 1,27 1,28 1, 29 art~1:06:00::}
{12113 1,151,16 1,17 1,19 1,20 1,21 1,25 1, 29 art~1:06:00::}
{01,11,41,51,29 art~1:04:00:}

{21,3161,71,81,91,10 1,11 1,29 art~1:04:00::}

{13 1,22 1,23 1,24 1,26 1, 29 art~1:09:00::}
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A13149N 5.2 @]’15’1\‘]LLK@Gﬁ’]ﬂ’J’]&IQﬂﬁ@x‘]ﬂ’ﬁ’ﬁ’]LL‘LLﬂﬂ’J’]SJ‘HSJ’]ﬂ%ﬂdﬂ?ﬁlﬁﬂ%ﬂﬂﬂ’]d%’]&l f

PYUIARUIG19 12 3 4 Az 5

Accuracy
window ID3 RBFNetwork
size InfoGainAttributeEval ainRatioAttributeEval InfoGainAttributeEval ainRatioAttributeEval
1 55.45 % 59.24 % 65.4 % 66.35 %
2 58.09 % 60.95 % 62.38 % 67.14 %
3 62.01 % 65.38 % 65.86 % 69.71 %
4 59.61 % 67.5 % 69.23 % 70.51 %
5 61.53 % 64.42 % 68.26 % 71.15 %
64 70
62 68 ——
66 —
§ 58 § 62 p—
5 56 § e
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52 54
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window size

window size

(a) 1% 1D3 Tumsduun
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@1371497 5.3 @]’15’1\‘]LLﬁ@dﬁﬁﬂ’JﬁﬂJgﬂﬁa\‘]ﬂﬁﬁ’fﬁﬁLL‘LLﬂﬂ’J’]SJ‘HSJ’]&I“LIa\‘]ﬂﬁﬁl“ﬁﬂ%ﬂﬂ‘ﬂ%‘m’n f
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Accuracy
window ID3 RBFNetwork
size InfoGainAttributeEval | GainRatioAttributeEval [InfoGainAttributeEval GainRatioAttributeEval
1 57.14 % 59.33 % 64.76 % 63.15 %
2 63.63 % 62.2 % 66.5 % 64.59 %
3 64.59 % 61.72 % 63.63 % 66.02 %
4 63.15 % 61.72 % 63.63 % 65.07 %
5 64.11 % 62.67 % 70.83 % 67.46 %
66 63 —
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Accuracy
window ID3 RBFNetwork
size InfoGainAttributeEval GainRatioAttributeEval InfoGainAttributeEval |GainRatioAttributeEval
1 54.28 % 62.85 % 62.38 % 67.14 %
2 57.21 % 67.78 % 64.42 % 71.63 %
3 61.53 % 69.71 % 68.28 % 74.51 %
4 68.75 % 80.28 % 72.59 % 87.01 %
5 62.98 % 66.34 % 69.23 % 69.71 %
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Accuracy
window ID3 RBFNetwork
size InfoGainAttributeEval | GainRatioAttributeEval InfoGainAttributeEval GainRatioAttributeEval
Right 63.15 % 61.72 % 63.63 % 65.07 %
Left 59.61 % 67.5 % 69.23 % 70.51 %
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mmwgnﬁaa 94.23% anunuaNaas (1:04:00:) 1ﬁmmwgnﬁaa 90.38% W&z
dl U U A 1 U g:

AMURNIBNEN (1:06:00:) Mmmwgnma 88.46% magon'sﬂ’ﬁmﬂwmﬂmmmlaa

ﬁ']ﬁﬂmuﬁﬁagﬁiﬁmmwgnﬁauﬁm 87.01% Lyt

A519N 5.9 @ns'wLLammmwgn@TaaLﬂ%ﬂuLﬁﬂumsl,l,a_iana;ml,uu 2 AMURNIE RS
AMURILNINIA NTDILLL GainRatioAttributeEval wazlfaanasniu

RBFNetwork
art (208) 87.01 %
art1:04:00:: (208) 90.38 %
art1:06:00:: (208) 88.46 %
art1:09:00:: (208) 94.23 %

7

art (208) art1:04:00 (208) art1:06:00 (208) art1:09:00 (208)

mwﬂs:nau 517 ﬂi’W‘lLL&@Gﬁ’]ﬂ’J’]&IQﬂﬁadLlﬁﬂﬁJLﬁ&lﬂﬂ’]iLLﬂGﬂ@:&lLLﬁJﬁJ 2 aNURUY
LAZANMURUILNIRNA NTBILULY GainRatioAttributeEval LLﬂﬂ’ﬁ’é’ﬂﬂﬂ%ﬁ&l RBFNetwork
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5.2 @22819AININIA dyke

AN dyke VBIARITEAINU Senseval-2 Usznaualrganunanaiinau
fla 1:06:00:: (FUWNINN) 1:18:00:: (Lasidaw)

k- ]

Twnawi 2: as9uansdrdlaglddrusun

21 MRREUVIARUGIIV IS LSUNOINGDINT TN
FUNALRANVWIARINENL T W 4

22  dadszluaan g count IWTdUSUNLNa&ISULANS

s

a & [l [ dq/
026 Doy 3 nuua9i

wuuN 1 LS UM By In Wl sznay 5.18

onto Marken joined mainland dyke

Similarly assuming magnetizations microdiorite dykes
haymeadows damp pastures intersected dykes
masochists self proclaimed fierce dykes

miles Flat fields interspersed dykes

gross darling tell lucky dyke

swarm east west trending dykes

mwisznay 5.18 druTuNNIeTe

wuUA 2 IEUSUNMSNLYIN eI nIWlsznay 5.19

dyke

dykes acquired initial stages brittle

dykes patrolled dragonflies summer submerged
dykes screamed love lady

dykes gleaming June sunshine spread

dyke putting roses cheek

dykes North Barra South Uist

Mwisznay 5.19 SUSUNNISIN
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HUUN 3 Iﬁﬂ%ﬂﬂﬁ\‘m%‘]ﬁﬁﬁ&ILLE‘IZ“U’J’]@T&ﬂ’]WﬂﬁZﬂaU 5.20

onto Marken joined mainland dyke

Similarly assuming magnetizations microdiorite dykes acquired initial stages brittle
haymeadows damp pastures intersected dykes patrolled dragonflies summer
submerged

masochists self proclaimed fierce dykes screamed love lady

miles Flat fields interspersed dykes gleaming June sunshine spread

gross darling tell lucky dyke putting roses cheek

swarm east west trending dykes North Barra South Uist

mMwdsznay 5.20 FLUTUNNISTILAZYN

2.3 1gluUsunsy SenseTools uaz lusunsay NSP luans
uilastannuainaalieglugduny Feature Vectors dnatnsasnwszney 521 &ld
USUNNIMITIaUaza  (Wuuh3) ﬁm‘%uwﬁmmgﬂﬁ%ﬁdLﬂuLLaw‘%ﬁq@TLL@ia:uaw‘%ﬁqﬁﬁ
A duldle 2 dde 0 waz 1 15U “@attribute 'dyke’ {0,1) BuNBDILaNITIF dyke UdN
| L2 a A 6 v A a A 6 o
dulléfe 0 uaz 1 wevdbrdgarofeuan3iad senseclass vanaManaLURIM
Amudadianidulyle 2 f1 fa dyke~1:06:00:: Laz dyke~1:18:00

@relation 'RELATION'
@attribute 'dykes' {0,1}
@attribute 'dyke' {0,1}
@attribute 'joined' {0,1}
@attribute 'lucky' {0,1}
@attribute 'patrolled' {0,1}
@attribute 'submerged' {0,1}
@attribute 'pastures' {0,1}
@attribute 'damp' {0,1}
@attribute 'stages' {0,1}

@attribute 'sunshine' {0,1}

mMwisznau 5.21 asnanstadlaglFanusunnIniesuuazan
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@attribute 'spread' {0,1}
@attribute 'interspersed' {0,1}
@attribute 'brittle’ {0,1}
@attribute 'swarm' {0,1}
@attribute 'lady' {0,1}
@attribute 'fierce' {0,1}
@attribute 'proclaimed' {0,1}
@attribute ‘'west' {0,1}
@attribute 'east' {0,1}
@attribute 'June' {0,1}
@attribute 'masochists' {0,1}
@attribute 'gross' {0,1}
@attribute 'Uist' {0,1}
@attribute 'microdiorite’ {0,1}
@attribute 'darling' {0,1}
@attribute 'Marken' {0,1}
@attribute 'intersected' {0,1}
@attribute 'fields' {0,1}
@attribute 'Barra’ {0,1}
@attribute 'love' {0,1}
@attribute 'onto' {0,1}
@attribute 'acquired' {0,1}
@attribute 'miles' {0,1}
@attribute 'screamed' {0,1}

@attribute 'Flat' {0,1}

mwdsznau 5.21 werisiadlasl i uSunnimsdaunazun (de)
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@attribute 'North' {0,1}
@attribute 'putting' {0,1}
@attribute 'tell' {0,1}
@attribute 'Similarly' {0,1}
@attribute 'roses' {0,1}
@attribute 'summer’ {0,1}
@attribute 'self' {0,1}
@attribute 'magnetizations' {0,1}
@attribute 'mainland' {0,1}
@attribute 'South' {0,1}
@attribute 'trending' {0,1}
@attribute 'cheek' {0,1}
@attribute 'gleaming' {0,1}
@attribute 'haymeadows' {0,1}
@attribute 'assuming' {0,1}
@attribute 'initial' {0,1}

@attribute 'dragonflies' {0,1}

@attribute 'senseclass’ {dyke~1:06:00::, dyke~1:18:00::} Y o4 -
BansuImnv 0 n9 52

@data A
o N
{01,81,121,231,311,381,421,44 1,49 1, 50 1, 52 dyke~1:06:00::}

{01,41,51,61,71,261,351,401, 481, 51 1, 52 dyke~1:06:00::}
{01,141,151,16 1,201, 291, 33 1, 41 1, 52 dyke~1:18:00::}
{01,91,101,111,191,271, 321, 341, 47 1, 52 dyke~1:06:00::}
{11,21,31,211,241,361, 371, 391, 52 dyke~1:18:00::}

{01,11,131,171,181,221,28 1,351, 441, 45 1, 52 dyke~1:06:00:}

mwdsznau 5.21 werisiadlasl i uSunnimsdaunazun (de)
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& P> - aa &

UADWN 3: 1RaNIBNILIA

d‘ v @ 2 aana & v A

Wa'lddayalusduuy arff udansesuanidadaindanses 2 uuufe
InfoGainAttributeEval Waz GainRatioAttributeEval aua@nsadlhiituinnansdrdivinny
30 azRw I wnLansiidann 53 wansiag (wan3hadn 0 fie 52) asmwilsznay 5.21
aaadtdu 30 wanstad (wan3dadhn o fiv 29) asnwisznau 5.22

@relation 'RELATION'

@attribute lady {0,1}
@attribute screamed {0,1}
@attribute roses {0,1}
@attribute putting {0,1}
@attribute tell {0,1}
@attribute masochists {0,1}
@attribute darling {0,1}
@attribute gross {0,1}
@attribute fierce {0,1}
@attribute love {0,1}
@attribute proclaimed {0,1}
@attribute lucky {0,1}
@attribute self {0,1}
@attribute North {0,1}
@attribute South {0,1}
@attribute June {0,1}
@attribute pastures {0,1}
@attribute east {0,1}
@attribute submerged {0,1}
@attribute Uist {0,1}
@attribute patrolled {0,1}
@attribute interspersed {0,1}
@attribute spread {0,1}
@attribute brittle {0,1}

&
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@attribute swarm {0,1}

@attribute damp {0,1}

@attribute west {0,1}

@attribute sunshine {0,1}

@attribute stages {0,1}

@attribute senseclass {dyke~1:06:00::,dyke~1:18:00::}

@f ta A — wavi3aA7 0 79 29
{14 1,23 1,28 1, 29 dyke~1:06:00::}
{13 1,16 1,18 1,20 1,25 1, 29 dyke~1:06:00::}
{011151,81,91,10 1,12 1,29 dyke~1:18:00::}
{15 1,21 1,22 1,27 1, 29 dyke~1:06:00::}
{21,31,41,6 1,7 1,11 1,29 dyke~1:18:00::}

{13 1,14 1,17 1,19 1,24 1,26 1, 29 dyke~1:06:00::}

&

mMwdsenau 5.22 nsaduansiidlriduinnensdad 30 war3tad (de)

TUADUA 4: SWNAINURANE

sunnanuninguassirnniulagls 10 folds-cross validation Tagiaan
NI UAANNRNIY 2 wUU Aanswunlasltrasanunuiowazltainununy
wamue sanesfiulunsiuunanunang 2 Sanasfiufie RBFNetwork Waz 1D3

Namﬁmaadmmmzﬁﬂﬁ 5 U520 uAatlsst@wnstRaNTWIA R U 61960
YSuUn ﬂﬁ:LﬁumﬁLﬁaﬂgﬂLmuwﬁwmﬁm‘%uw UszraudrwInanstidaInsun1IInsas
an 6 =3 A a aaAa 6 =3 =} % a A
kan3IIG Uszi@unistaantnatani1snsadkansiig wazdsst@uwnistaanaanasnuns
° = o a =< ' = A °
FuunaNURINY 118931137 dyke § 2 ANRIBF9 LEAIUSILABNNTIRONT U
ARR
1) dszi@wnmsiianuwianiienssusun
L AAMUATIIUWIAR UG IR NABAIAINY
QﬂﬁaaﬁLLmMmﬁm%uﬁaﬁmammﬁnﬁ 510 waznwdsznay 523 (b) VaIuIUN
m9e 158anasiu ID3 n3a9lUL GainRatioAttributeEval NUWIARENGEIS 1 2 3 4 LAz 5
ﬁﬁwmmgnﬁaaﬁa 79.16% 83.1% 83.1% 86.4% WAz 86.4% Liludw n1siFuUSUNNIIIN
LEAIAINTITIN 5.11 WAzNIWUTNOU 5.24 LAZNIS I TUSUNTINISFIUULADINLRAIAS
ANT19N 5.12 LazMWUIZNaU 5.25 LR% lINNI8anasnu ID3 waz RBFNetwork Ua9n1s
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NSAINIRAILLUUAD InfoGainAttributeEval e GainRatioAttributeEval 283U5UNN19UN
LL&:U%UV]ﬁGV]’N%’]&ILL&:‘U’J’] flLL%’JI‘lI&Iﬂ’]iﬁ’N’]%I%ﬁ’]%@GLaﬂiﬁ% ?Jihx‘]iﬁﬁ@]’]&lﬁ’]“].l%’]@

%ﬁwmmﬂLﬁu"Lﬂmfﬂs'mNa@iammmgﬂﬁaaﬁamﬂﬁmuﬁu

@1371497 5.10 @]’15’1\‘]LLK@Gﬁ’]ﬂ’J’]&IQﬂﬁ@Gﬂ’]Tﬁ’]LL‘LLﬂﬂ’J’]SJ‘HSJ’]&I“lIa\‘]ﬂﬁﬁl“ﬁﬂ%ﬂﬂﬂ%‘lﬁﬁﬁﬂ f

PYUIRUIG19 12 3 4 Az 5

Accuracy
window ID3 RBFNetwork
size | InfoGainAttributeEval |GainRatioAttributeEval [InfoGainAttributeEval ainRatioAttributeEval
1 79.7 % 79.6 % 86.4% 86.4%
2 83.1 % 83.1 % 86.4 % 86.4 %
3 81.4 % 83.1 % 93.2 % 91.5 %
4 86.4% 86.4 % 93.2 % 89.8 %
5 86.4 % 86.4 % 96.6 % 89.8 %

88

forl
(o<

for]
o

84 |

o)

Accuracy(%

@
b

82 |

86 —
80 —

" 1

1 2 3 4 5 1 2 3 4 5

Accuracy(%)
©
N

o]
o

=~
o

~
o

@) 1% 1D3 lunsduun (b) 1% 1D3 Tumsduun
LazN389la8 InfoGainAttributeEval LazN389la8 GainRatioAttributeEval
98 92
96 11— 91 ]

94 — — 90 — —
5 92 — ~ 89
$ 90 - S8
% 88 - £ g7
< g5 1 — . ° g6 1 ]
84 — 85 1
82 = 84 |
80 T . . . 83 T T T

1 2 3 4 5 1 2 3 4 5

(c) 1% RBF lunsduun (d) 1% RBF lunssuun
LazN389la8 InfoGainAttributeEval LazN3891la8 GainRatioAttributeEval

mwilsznay 5.23 rmwmeﬂ'wmwwgﬂﬁaﬂumﬁa"%mﬂLflamum%ﬁwmaﬁmm@@m6]

TaslfuSunnisde



3199 5.11 @ni’]\‘iLLﬁ@Nﬁ']ﬂ'J']&lgﬂﬁﬂdﬂ'ﬁ’{l"]LL%ﬂﬂ’J'\&lVi&l']El’llﬂx‘iﬂ']ﬂ’ﬁﬂ%ﬂ‘l’m'lﬂl'ﬂ f

PYPIARUNGN1T 12 3 4 LAz 5

1 79.7 % 79.7 % 77.9 % 77.9 %
2 83.1 % 86.4 % 88.1 % 84.7 %
3 83.1 % 86.4 % 88.1 % 88.1 %
4 83.1 % 86.4 % 88.1 % 89.83 %
5 81.4 % 86.4 % 93.2 % 91.52 %

Accuracy(%)

1 2 3 4 5

Accuracy (%)
8

®
S

@
@

@
>

®
b

~
@

~
o

1 2 3 4 5

(a) 1% 1D3 lunsdwun
wazN589laY InfoGainAttributeEval

(b) 1% 1D3 lunsdwun
WRzN389laY GainRatioAttributeEval

95

Accuracy (%)
o ] o ) ©
o o o

-
o

-
o

1 2 3 4 5

(c) 1% RBF lunsduun
WazN389laY InfoGainAttributeEval

*

Accyracy(%)

95

90

85

1 2 3 4 5

(d) 1% RBF lunsduun
WRzN389laY GainRatioAttributeEval

nmwisznay 5.24 neuaasianagndadlumsiuunilevmanindnsfizwmacingg
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397 5.12 9919 LLﬁ@]Gd’]ﬂ’J’]&lQﬂﬁﬂdﬂ’]?ﬁ’] WNAINNURNY Elx‘iﬂ’]ﬂ’ﬁﬂ%ﬂﬂﬁdﬂ’]d%’] ]

LRZU NUWIARUG9 12 3 4 Uz 5

1 77.96 % 81.4 % 86.4 % 86.4 %
2 83.05 % 86.44 % 93.2 % 94.91 %
3 86.44 % 86.44 % 98.3 % 98.3 %
4 89.83 % 89.93 % 93.2 % 96.6 %
5 89.83 % 89.93 % 96.6 % 96.6 %

Accuracy (%)

1 2 3 4 5

Accuracy(%)

1 2 3 4 5

(a) 158ana37iu ID3 uaz
nsaslay InfoGainAttributeEval

(b) 158ana3¥iu ID3
WazNIa9lae GainRatioAttributeEval

Accuracy (%)

100
98
96
94
92
90
88
86
84
82
80

1 2 3 4 5

100
98
96
94
92
90
88
86
84
82
80

Accuracy (%)

1 2 3 4 5

(c) 1F9ana3fin RBF
wazNIa9lae InfoGainAttributeEval

(d) 158ana3¥in RBF
wazNIa9lae GainRatioAttributeEval

mwisznay 5.25 nevuaasianagndadlumsiuwnilevmaninednsfizwmacdngg

TaglFuSunNametanazun



82

2) dszidumaidengduuunindediuiun

AR INVUIARUIGIIHINY 4 NISEE

%ﬁwhmm‘%uwﬁdﬁﬁwmLa:mwava@Tmmeﬂ@Tadgdﬂduﬁaﬂ%ﬁwmmm%uwma

MUF18%rIaVNN AL I0819L082090208719015799 5.13 Lazn wdsenay 526 (d) 14

aanasfy RBFNetwork N589u11 GainRatioAttributeEval Lﬁ@l“ﬁﬂ%ﬂﬂﬂ’]dm’nf}mﬂ’n&l

Qﬂ@‘faa 89.8% lﬁﬁm‘%uwmaﬁﬁwﬂﬁmmmgﬂéfaa 89.8% WAz L TRILSUNTINISTILLEY

A (3 A L 1 [l v 1 o a A
mmmmmgﬂ@aaﬂa 96.6% VaRILNA ﬁ’l%l‘ﬁiyﬂﬁuﬂﬂ‘ﬁ%’]@'ﬁﬂ']ﬂﬁﬂ‘ﬂLLIIII‘V]’](]’]J’J’]SJW]

anugndastasngaiiasandliuenadminusulnginagnistisiisvasdiinag

AURANMILVLUVDINIBIDINT)

@13149N 5.13 @1’15’1\‘]LLK@Gﬁ’]ﬂ’J’]&IQﬂﬁ@x‘]ﬂ’ﬁ’ﬁ’]LL‘LLﬂﬂ’J’]SJ‘H&I’]&I"LIa\‘]ﬂﬁﬁl“ﬁﬂ%ﬂ‘ﬂ‘ﬂ%‘miﬁ

NNTNE LRZNINITILLAZUIN LA UVWIARUNGNLHNAY 4

Accuracy
window ID3 RBFNetwork
size InfoGainAttributeEval | GainRatioAttributeEval InfoGainAttributeEval GainRatioAttributeEval
Right 83.05 % 86.4 % 88.13 % 89.8 %
Left 86.44 % 86.4 % 93.2 % 89.8 %
Both 89.83 % 89.83 % 93.2 % 96.6 %




83

92
90
88 —
86 —
84 —
82 —
80 —
78

Accuracy(%)

right left both

91

90
—~ 89 —
X 88 I
> 87 —
86+ —
85 +— —
84

%

rac

Acc

right left both

@) 1% 1D3 lunsduun
wazNIa9lay InfoGainAttributeEval

(b) 1% 1D3 Tumsduun
WazNIa9laY GainRatioAttributeEval

94
93 —
92 —
91 —
90 —
89 —
88 —
87 —
86 —
85

Accuracy (%)

right left both

98

96 —

% —

92

Accuracy(%)

90 —

88 -

86

right left both

(c) 1% RBF lunsduun
waznIa9lay InfoGainAttributeEval

(d) 1% RBF lunssuun
WazNIa9lay GainRatioAttributeEval

AWUsenay 5.26 ﬂﬁ’ﬁ/‘]LLa(ﬂ\‘]ﬂ"]ﬂ’J’]NQﬂﬁﬂdl%ﬂ’ﬁ’ﬁ’]LL%ﬂLflFJGL‘I}/U%U‘VW]’]\‘]“]J’J’] N8N8 LA

NINSTILLRZUIN LA DVWIARUNG1IANNN TN 4

3) Usziaudrwanuanstrdensunisnsasiansing

NANIINARIRINITD agﬂ"L@Tjw alenns

ﬂﬁadLLaw%ﬁqﬁazlﬁﬁWqumgﬂéfadgdﬂd%ﬁa"LajﬂﬁadLLaw‘%ﬁq@TLﬁu A1S19N 5.14 LAy

Mwisznay 5.27 1iansaduwansin¢duuy GainRatioAttributeEval Lazlfaanasna RBF b

ANT3n laensadlwidwiwnan3tag 40 wansdag mmmgﬂﬁaalumﬁmuﬂﬁa

96.61% 1nie lainsaswanstadiiwin 327 Iﬁmmmgﬂéfauﬁm 72.88%
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AN319N 5.14 @]’15’1\‘]LLK@Gﬁ’]ﬂ’J’]&IQﬂﬁa\‘]“Ua\‘]ﬂﬁi’ﬁﬁLL%ﬂﬂ’J’]&l‘ﬁﬂﬂ&ILﬁaﬂia\‘]LLaﬂ%ﬁ’Nﬂﬁﬁ

Funeng g uazlainsasuansioag

wamsiansiag Accuracy
40 96.61 %
50 98.3 %
60 94.91 %
100 96.61 %
150 93.22 %
200 88.13 %
300 76.27 %
327 72.88 %
100
95 +
90+
& 85|
S 801
% 75 +—
g 70 -
65 1 -
60
40 50 60 100 150 200 300 327
attribute

mwisznay 5.27 uaasdianugndss Wisuiisumnsasuavsindduaudnag waz Ly
nsaauar3ind (frgavie) laslddana3fin RBFNetwork GainRatioAttributeEval
4) dsziduwnmsidaninafianisnsaduensiag

T un1sNaaaInNemadunuudo
GainRatioAttributeEval Laz InfoGainAttributeEval 3nnNan1Inasas Lﬁaﬂia\‘lLLaw%ﬁ’J@T
WAL 40 Lan3Dd aanasfiv GainRatioAttributeEval Iﬁmmmgﬂﬁadgjdﬂdm%amwﬁ'u
Fana3fia InfoGainAttributeEval §9a1519% 5.15 waznwisenay 528 (a) &1BSU
§anas3fiv ID3 1iansasee GainRatioAttributeEval Iﬁmmmgﬂéfad 89.83% GaLvinny
N15NS8988 InfoGainAttributeEval Aa 89.83% #1WSUaanas7a RBFNetwork Lnaia
GainRatioAttributeEval Iﬁmmmgﬂéfaa 96.61% N1NIIN1INIBIAY

InfoGainAttributeEval lienanugndas 93.22% (dudu
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@13149N 5.15 @]’15’1\‘]LLK@Gﬁ’]ﬂ’J’]&IQﬂﬁa\‘]“Ua\‘]ﬂ’ﬁ’fﬁﬁLL‘LLﬂﬂ’J’]SJ‘HSJ’]&ILflﬂLﬂ%&lllL‘ﬁ&lllﬂ’ﬁﬂia\‘]

LUUInfoGainAttributeEval Liaz GainRatioAttributeEval

Accuracy
Algorithm ID3 RBFNetwork
InfoGainAttributeEval 89.83 % 93.22 %
GainRatioAttributeEval 89.83 % 96.61 %
100 97
90
80 96
R 70 o
IS} g
§ 50 g 94
40
§w §
20 92
10
0 T 91 T
InfoGainAttributeEval GainRatioAttributeEval InfoGainAttributeEval GainRatioAttributeEval
s a A U s Aa A
(a) l¥9ana3#iv ID3 (b) 1¥8ana3#iu RBFNetwork

ﬂ’]‘Wﬂi:ﬂaU 5.28 LLK@Gﬁ’]ﬂ’J’]&IQﬂﬁa\‘] Lﬂ%ﬂﬂLﬁﬂUﬂ’]ﬁﬂia\‘]LLﬂU InfoGainAttributeEval
LLae GainRatioAttributeEval

5) YszifunstaandanasnunsauunaNURINe
assnunaINnInylasltaanasiu
RBFNetwork Iﬁmmmgﬂﬁaagdﬂdﬁé’ﬁﬂa‘%ﬁu ID3 ARUAAINNTNTBILEYISTIALYINAL 40
Lav3tduaziAann1INIoILLY GainRatioAttributeEval $9an1519% 5.16 wazn wilszna
529 ielEaanasfiu RBFNetwork IWenugndas 96.61% wnieltaanasiia 1D3
Ieaugndas 89.83% iudu

A1519N 5.16 LRAIAIANNYNGDI WiSsuRsuaanashy ID3was RBFNetwork

Algorithm Accuracy

ID3 89.83 %

RBFNetwork 96.61 %
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98

96
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Accuracy(%)

90

88

86

D3 RBF

nwdsznau 5.29 LLK@Gﬁ’]ﬂ’J’]NQﬂﬁ@x‘] Wlsuieuaanasia ID3 uway RBFNetwork

5.3 @111 bum Wag church

wamﬁmaadﬁwﬁwmm?ﬁ'uﬁa bum L8z church NaaadLly 10 Folds cross-
validation mmmagﬂamauﬁm%” 6 Usziduesi
1) Uszidwnisidanuuwianiienssusun
LﬁammniﬁmmwﬁwmLﬁuﬁummmgﬂﬁadﬁmﬂﬁm
RN IT0tN I WSz naL 5.30(b) PoILduNNINIToLazen 1E8anasiu 1D3 nas
ILUY GainRatioAttributeEval 28361711N34 church ﬁmm@‘ﬁﬁ’]@hd 123 4 uaz 5 dananu
andosfio 73.7% 79.69% 81.95 % 83.45% uaz 83.33% (iludu aztfuldinssanesiu
ID3 w8z RBFNetwork madﬂﬁﬂia\‘lﬁt\‘l FO4LUUAA InfoGainAttributeEval WAz
GainRatioAttributeEval w2 ldunsinanluvinnewdeiny adndlsAandrzuna
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AMNWANITNARBINNAITIIN 5.17 LLas 5.18 mmmagﬂ"l,ﬁdmuuﬁmaa

mauitywenumnuvasilaslfinadasusunmansnin lulsldansdiwa dnsen

LLa:ﬁwqmé’wﬁ

TN 5.17 memmmg}ﬂﬁamaaﬁwﬁwmmﬁ'wmLﬁalﬁmmwﬁwmLLumm 9

Ambiguity Word Part-Of-Speech Both Left Right

art noun 94.23% 90.38% 90.86%
authority noun 94.41% 90.02% 90.23%
bum noun 100% 96.80% 97.40%
bar noun 100% 61.31% 63.37%
hearth noun 96.96% 95.31% 76.56%
stress noun 100% 95.58% 94.11%
detention noun 96.82% 95.23% 85.71%
dyke noun 96.61% 89.83% 89.83%
church noun 91.66% 90.73% 88%

child noun 90.67% 86.32% 83.76%
replace verb 97.67% 74.41% 87.20%
begin verb 95.62% 95.98% 95.07%
find verb 83.09% 71.83% 70.58%
keep verb 84.45% 84.37% 82.29%
colorless adjective 97.01% 97.01% 82.08%
cool adjective 94.62% 94.56% 91.30%
fit adjective 98.21% 94.64% 91.07%
faithful adjective 97.87% 79.97% 78.72%
local adjective 87.01% 88.01% 80.51%
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Part-Of-Speech | Number Number of
Ambiguity Word of class instance Accuracy
art: meaning 1(1:09:00::) noun 2 208 94.23%
art: meaning 2 (1:04:00::) noun 2 208 90.38%
art: meaning 3 (1:06:00::) noun 2 208 88.46%
art (3 meanings) noun 3 208 87.01%
bum: meaning 1 (1:18:03::) noun 2 77 100%
bum: meaning 2 (1:08:00::) noun 2 77 94.40%
bum: meaning 3 (1:18:02::) noun 2 77 96.10%
bum (3 meanings) noun 3 77 96.10%
authority: meaning 1(1:07:02::) noun 2 179 94.41%
authority: meaning 2 (1:14:00::) noun 2 179 91.62%
authority: meaning 3 (1:18:01::) noun 2 179 89.94%
authority: meaning 4 (1:07:00::) noun 2 179 89.94%
authority (4 meanings) noun 4 179 69.83%
bar: meaning 1(1:14:00::) noun 2 248 100%
bar: meaning 2(1:06:06::) noun 2 248 100%
bar: meaning 3(1:06:05::) noun 2 248 98.79%
bar: meaning 4(1:10:00::) noun 2 248 98.38%
bar: meaning 5(1:06:00::) noun 2 248 95.16%
bar: meaning 6(1:06:04::) noun 2 248 80.64%
bar (6 meanings) noun 6 248 59.27%
chair: meaning 1(1:18:00::) noun 2 139 100%
chair: meaning 2 (1:06:00::) noun 2 139 98.56%
chair: meaning 3 (1:04:00::) noun 2 139 98.56%
chair (3 meanings) noun 3 139 95.68%
hearth: meaning 1(1:06:00::) noun 2 66 96.96%
hearth: meaning 2 (1:15:00::) noun 2 66 96.96%
hearth: meaning 3 (1:06:01::) noun 2 66 92.42%
hearth: (3 meanings) noun 3 66 81.81%
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40 (@ia)
Part-Of-Speech | Number Number of

Ambiguity Word of class instance Accuracy
stress: meaning 1(1:26:03::) noun 2 81 100%

stress: meaning 2(1:26:02::) noun 2 81 93.82%
stress: meaning 3(1:26:01::) noun 2 81 88.88%
stress: (3 meanings) noun 3 81 72.83%
Detention noun 2 63 96.82%
Dyke noun 2 59 96.61%
Church noun 2 133 91.66%
Child noun 2 118 90.67%
begin: meaning 1(2:42:00) verb 2 548 95.63%
begin: meaning 2(2:42:03) verb 2 548 95.43%
begin: meaning 3(2:30:01) verb 2 548 83.02%
begin: meaning 4(2:42:04) verb 2 548 76.27%
begin: meaning 5(2:30:00) verb 2 548 66.44%
begin: ( 5 meanings) verb 5 548 62.59%
find: meaning 1(2:32:00) verb 2 4l 83.09%
find: meaning 2(2:40:00) verb 2 71 80.28%
find: meaning 3(2:39:02) verb 2 71 80.28%
find: meaning 4(2:31:10) verb 2 71 76.05%
find: ( 4 meanings) verb 4 71 59.15%
keep: meaning 1 (2:41:00) verb 2 96 84.45%
keep: meaning 2 (2:41:01) verb 2 96 76.04%
keep: meaning 3 (2:42:00) verb 2 96 71.87%
keep: meaning 4 (2:42:07) verb 2 96 69.62%
keep: ( 4 meanings) verb 4 96 68.75%
replace: meaning 1(2:40:00::) verb 2 86 97.67%
replace: meaning 2 (2:30:00::) verb 2 86 91.86%
replace: meaning 3 (2:41:00::) verb 2 86 87.20%
replace (3 meanings) verb 3 86 69.76%
local adjective 2 382 87.01%
colorless adjective 2 67 97.01%
cool adjective 2 92 94.62
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40 (@ia)
Part-Of-Speech | Number Number of
Ambiguity Word of class instance Accuracy
fit adjective 2 56 98.21%
faithful: meaning 1 (3:00:00) adjective 2 47 97.87%
faithful: meaning 2 (3:00:01) adjective 2 47 85.10%
faithful: meaning 3 (5:00:00) adjective 2 47 80.85%
faithful: ( 3 meanings) adjective 4 47 80.85%

A = A o o o
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(WsD_As) ialidasiiu Stoplist wazdadfiiiu Stoplist lWA1Augndasgininis

Bootstrapping Lag Maximum Entropy LHue1a814611 art ilalsmsudifaymanuiinag

vasflapldiusunlanlida Stoplist ldenanugndas 85.79% uwazda Stoplist L
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@159 5.19 wamsnaaadiilatFouifsumsuitymeanuinmalesldiusunnuis

au 9 laaltnataninu Senseval-2

Ambiguity WSD_AS Bootstrapping Maximum Entropy

Word (Mihalcea, 2004) (Palomar and
Accuracy Accuracy Self-Training | Co-Training Suarez, 2002)
Aa Stoplist lsina Stoplist

art 94.23 % 85.79 % 59.61 % 59.61 % 65.2 %

church 96.24 % 80 % 72.22 % 69.44 % 67.9 %

child 90.67 % 86.32 % 68.33 % 68.33 % 90.5 %

authority 94.41 % 87.5 % 58.75 % 62.50 % -

bar 100 % 63.37 % 35.48 % 34.67 % -

bum 100 % 93.42 % 58.13 % 46.51 % -

chair 100 % 93.43 % 80.95 % 80.95 % -

hearth 96.96 % 76.56 % 55.17 % 65.51 % -

stress 100 % 88.23 % 52.63 % 57.89 % -

detention 96.82 % 84.12 % 91.66 % 91.66 % -

dyke 96.61 % 87.93 % 42.30 % 50 % -
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Package weka.filters

Interface Summary

StreamableFilter |Interface for filters can work with a stream of instances.
SupervisedFilter | Interface for filters that make use of a class attribute.
UnsupervisedFilter | Interface for filters that do not need a dass attribute.

Class Summary
AllFilter A simple instance filter that passes all instances directly through.

. An abstract class for instance filters: objects that take instances as input, carry out some transformation on the
Eilter : )
instance and then output the instance.

NullFilter A simple instance filter that allows no instances to pass through.

Awydsznau n.1 LwaLNA Filters
Package weka.associations

Class Summary

Apriori Class implementing an Apriori-type algorithm.
AprioriltemSet  Class for storing a set of items.

Associator Abstract scheme for learning associations.
ItemSet Class for storing a set of items.

LabeledItemSet Class for storing a set of items together with a class label.

PredictiveApriori Class implementing the predictive apriori algorithm to mine association rules.

PriorEstimation Class implementing the prior estimattion of the predictive apriori algorithm for mining association rules.
RuleGeneration Class implementing the rule generation procedure of the predictive apriori algorithm.

Ruleltem Class for storing an (class) association rule.

Tertius Class implementing a Tertius-type algorithm.

MWUSZNaY n.2 LwALNa Associations
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Package weka.classifiers

Interface Summary

IterativeClassifier |Interface for classifiers that can induce models of growing complexity one step at a time.
Sourcable Interface for classifiers that can be converted to Java source.

UpdateableClassifier Interface to incremental classification models that can learn using one instance at a time.

Class Summary

Class for performing a Bias-Variance decomposition on any classifier using the

D I
BVDecompose method specified in:

This class performs Bias-Variance decomposion on any classifier using the sub-

BVDecomposeSegCVSub sampled cross-validation procedure as specified in:

CheckClassifier Class for examining the capabilities and finding problems with classifiers.
CheckClassifier.PostProcessor a dass for postprocessing the test-data

Classifier Abstract dassifier.

CostMatrix Class for storing and manipulating a misclassification cost matrix.
Evaluation Class for evaluating machine learning models.

Abstract utility class for handling settings common to meta dlassifiers that build

IteratedSingleClassifierEnhancer -
an ensemble from a single base learner.

Abstract utility class for handling settings common to meta dlassifiers that build

MultipleClassifiersCombiner . .
an ensemble from multiple classifiers.

RandomizableClassifier Abstract utility class for handling settings common to randomizable classifiers.

Abstract utility class for handling settings common to randomizable meta

i i g i . N .
RandomizablelteratedSingleClassifiertnhancer classifiers that build an ensemble from a single base learner.

Abstract utility class for handling settings common to randomizable meta
RandomizableMultipleClassifiersCombiner classifiers that build an ensemble from multiple classifiers based on a given
random number seed.

Abstract utility class for handling settings common to randomizable meta

i i g i . N .
RandomizableSingleClassifiertnhancer classifiers that build an ensemble from a single base learner.

Abstract utility class for handling settings common to meta classifiers that use a

SingleClassifierEnhancer .
single base learner.

MWUszNay n.3 wnAaLNa Classifiers
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Package weka.attributeSelection

Interface Summary

AttributeTransformer

ErrorBasedMeritEvaluator | Interface for evaluators that calculate the "merit" of attributes/subsets as the error of a learning scheme

RankedQutputSearch
StartSetHandler

Class Summary
ASEvaluation
ASSearch
AttributeFvaluator
AttributeSelection
BestFirst
CfsSubsetEval

ChiSquaredAttributeFval

ClassifierSubsetEval

ConsistencySubsetEval
ExhaustiveSearch
GainRatioAttributeEval
GeneticSearch

GreedyStepwise
HoldOutSubsetEvaluator
InfoGainAttributeEval

OneRAttributeEval
PrincipalComponents

RaceSearch
RandomSearch
Ranker

RankSearch

ReliefFAttributeEval
SubsetFvaluator
SVMALtributeEval

SymmetricalUncertAttributeEval

Abstract attribute transformer.

Interface for search methods capable of producing a ranked list of attributes.
Interface for search methods capable of doing something sensible given a starting set of attributes.

Abstract attribute selection evaluation dass
Abstract attribute selection search class.
Abstract attribute evaluator.

Attribute selection dass.

Class for performing a best first search.
CFS attribute subset evaluator.

Class for Evaluating attributes individually by measuring the chi-squared statistic with respect to
the class.

Classifier subset evaluator.

Consistency attribute subset evaluator.

Class for performing an exhaustive search.

Class for Evaluating attributes individually by measuring gain ratio with respect to the class.
Class for performing a genetic based search.

Class for performing a hill climbing search (either forwards or backwards).

Abstract attribute subset evaluator capable of evaluating subsets with respect to a data set that is
distinct from that used to initialize/ train the subset evaluator.

Class for Evaluating attributes individually by measuring information gain with respect to the class.
Class for Evaluating attributes individually by using the OneR dassifier.

Class for performing principal components analysis/transformation.

Class for performing a racing search.

Class for performing a random search.

Class for ranking the attributes evaluated by a AttributeEvaluator Valid options are:

Class for evaluating a attribute ranking (given by a spedified evaluator) using a specified subset
evaluator.

Class for Evaluating attributes individually using ReliefF.

Abstract attribute subset evaluator.

Class for Evaluating attributes individually by using the SVM classifier.

Class for Evaluating attributes individually by measuring symmetrical uncertainty with respect to

UnsupervisedAttributeEvaluator | Abstract unsupervised attribute evaluator.

UnsupervisedSubsetEvaluator | Abstract unsupervised attribute subset evaluator.

WrapperSubsetEval

the class.

Wrapper attribute subset evaluator.
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Package weka.experiment

Interface Summary
Compute

RemoteExperimentlistener |Interface for classes that want to listen for updates on RemoteExperiment progress

ResultListener

ResultProducer

SplitEvaluator

Task Interface to something that can be remotely executed as a task.

Class Summary

AveragingResultProducer

ClassifierSplitEvaluator

CostSensitiveClassifierSplitEvaluator

CrossValidationResultProducer

Interface to something that can accept remote connections and execute a task.

Interface for objects able to listen for results obtained by a ResultProducer

This interface defines the methods required for an object that produces results for different
randomizations of a dataset.

Interface to objects able to generate a fixed set of results for a particular split of a dataset.

CSVResultl istener

DatabaseResultl istener

DatabaseResultProducer

Databaseltils
Experiment
InstanceQuery

InstancesResultListener
LearningRateResultProducer

OutputZipper
PairedCorrectedTTester
PairedStats
PairedStatsCorrected
PairedTTester

PropertyNode

RandomSplitResultProducer

RegressionSplitEvaluator
Remotelfngine
RemoteExperiment
RemoteFxperimentEvent
RemoteExperimentSubTask
Stats

TaskStatusInfo

AveragingResultProducer takes the results from a ResultProducer and submits the average to
the result listener.

A SplitEvaluator that produces results for a classification scheme on a nominal class attribute.

A SplitEvaluator that produces results for a classification scheme on a nominal class attribute,
including weighted misclassification costs.

Generates for each run, carries out an n-fold cross-validation, using the set SplitEvaluator to
generate some results.

CSVResultListener outputs the received results in csv format to a Writer

DatabaseResultListener takes the results from a ResultProducer and submits them to a central
database.

DatabaseResultProducer examines a database and extracts out the results produced by the
specified ResultProducer and submits them to the specified ResultListener.

DatabaseUtils provides utility functions for accessing the experiment database.
Holds all the necessary configuration information for a standard type experiment.
Convert the results of a database query into instances.

InstancesResultListener outputs the received results in arff format to a Writer.

LearningRateResultProducer takes the results from a ResultProducer and submits the average
to the result listener.

OutputZipper writes output to either gzipped files or to a multi entry zip file.

Behaves the same as PairedTTester, only it uses the corrected resampled t-test statistic.
A class for storing stats on a paired comparison (t-test and correlation)

A class for storing stats on a paired comparison.

Calculates T-Test statistics on data stored in a set of instances.

Stores information on a property of an object: the class of the object with the property; the
property descriptor, and the current value.

Generates a single train/test split and calls the appropriate SplitEvaluator to generate some
results.

A SplitEvaluator that produces results for a classification scheme on a numeric class attribute.
A general purpose server for executing Task objects sent via RMI.

Holds all the necessary configuration information for a distributed experiment.

Class encapsulating information on progress of a remote experiment

Class to encapsulate an experiment as a task that can be executed on a remote host.

A class to store simple statistics

A class holding information for tasks being executed on RemoteEngines.

AWUsznay n.5 WWALNY Experiment
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Package weka.gui

Interface Summary

CustomPanelSupplier | An interface for objects that are capable of supplying their own custom GUI components.

Logger Interface for objects that display log (permanent historical) and status (transient) messages.
Taskl ogger Interface for objects that display log and display information on running tasks.

Class Summary

Attributel istPanel
AttributeSelectionPanel

AttributeSummaryPanel

AttributeVisualizationPanel
ComponentHelper
CostMatrixEditor
DatabaseConnectionDialog
ExtensionFileFilter
FileEditor
GenericArrayEditor
GenericObjectEditor

GenericPropertiesCreator

GUIChooser
HierarchyPropertyParser
InstancesSummaryPanel
JTableHelper

ListSelectorDialog

Loader

LogPanel
LookAndFeel

PropertyDialog
PropertyPanel

PropertySelectorDialog

PropertySheetPanel
ResultHistoryPanel

ResultHistoryPanel.RKeyAdapter
ResultHistoryPanel. RMouseAdapter

SaveBuffer

SelectedTagEditor
SetInstancesPanel

SimpleCLI
SimpleDateFormatEditor
SplashWindow
SysErrlog

TableMap

TableSorter

ViewerDialog

WekaTaskMonitor

Creates a panel that displays the attributes contained in a set of instances, letting the user
select a single attribute for inspection.

Creates a panel that displays the attributes contained in a set of instances, letting the user
toggle whether each attribute is selected or not (eg: so that unselected attributes can be
removed before classification).

This panel displays summary statistics about an attribute: name, type number/% of
missing/unique values, number of distinct values.

Creates a panel that shows a visualization of an attribute in a dataset.

A helper class for some common tasks with Dialogs, Icons, etc.

Class for editing CostMatrix objects.

A dialog to enter URL, username and password for a database connection.

Provides a file filter for FileChoosers that accepts or rejects files based on their extension.
A PropertyEditor for File objects that lets the user select a file.

A PropertyEditor for arrays of objects that themselves have property editors.

A PropertyEditor for objects.

This class can generate the properties object that is normally loaded from the
GenericObjectEditor.praps file (= PROPERTY_FILE).

The main class for the Weka GUIChooser.

This class implements a parser to read properties that have a hierarchy(i.e.

This panel just displays relation name, number of instances, and number of attributes.
A helper class for JTable, e.g.

A dialog to present the user with a list of items, that the user can make a selection from, or
cancel the selection.

This class is for loading resources from a JAR archive.

This panel allows log and status messages to be posted.

A little helper class for setting the Look and Feel of the user interface.

Support for PropertyEditors with custom editors: puts the editor into a separate frame.
Support for drawing a property value in a component.

Allows the user to select any (supported) property of an object, including properties that any
of it's property values may have.

Displays a property sheet where (supported) properties of the target object may be edited.
A component that accepts named stringbuffers and displays the name in a list box.
Extension of KeyAdapter that implements Serializable.

Extension of MouseAdapter that implements Serializable.

This class handles the saving of StringBuffers to files.

A PropertyEditor that uses tags, where the tags are obtained from a weka.core.SelectedTag
object.

A panel that displays an instance summary for a set of instances and lets the user open a set of
instances from either a file or URL.

Creates a very simple command line for invoking the main method of classes.
Class for editing SimpleDateFormat strings.

A Splash window.

This Logger just sends messages to System.err.

In a chain of data manipulators some behaviour is common.

A sorter for TableModels.

A downsized version of the ArffViewer, displaying only one Instances-Object.

This panel records the number of weka tasks running and displays a simple bird animation
while their are active tasks

AWUTENaU N.6 LNALND Gui
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Package weka.clusterers

Interface Summary
NumberOfClustersRequestable | Interface to a dusterer that can generate a requested number of clusters

Class Summary

Clusterer Abstract dusterer.
ClusterEvaluation Class for evaluating clustering models.
Cobweb Class implementing the Cobweb and Classit dustering algorithms.
Abstract clustering model that produces (for each test instance) an estimate of the membership in each

DensityBasedClusterer

EM Simple EM (expectation maximisation) class.

Implements the "Farthest First Traversal Algorithm" by Hochbaum and Shmoys 1985: A best possible
heuristic for the k-center problem, Mathematics of Operations Research, 10(2):180-184, as cited by

FarthestFirst Sanjoy Dasgupta "performance guarantees for hierarchical clustering”, colt 2002, sydney works as a fast
simple approximate clusterer modelled after SimpleKMeans, might be a useful initializer for it Valid
options are:

MakeDensityBasedClusterer Class for wrapping a Clusterer to make it return a distribution and density.
SimpleKMeans Simple k means clustering class.

MWUSzNay n.7 wnaLNa Clusterers
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Word Sense Disambiguation Using Stoplist Removing for Senseval-2 Corpus
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UNAAED

. ° ° = v
msuAilymanusinawvesduiuniteluaudiuns
Uszwrananp1555uwa lunmsutanmiyiuaznsduau
v v
1AM unanwil lataueiuneumsusilyinnuiinau
o ~ ~ a a ;’ ad = Y
vouAwazn/Toumeulseaninniuneuisnisiseuy 3
uyvAe msswuauuy Nearest Neighbor (IBK) # lifns
E4

) o a, o .
aanaulo(ID3) uazvumeuItiug  (NaiveBayes) wanis
=1 r g ad @ o Y
naaeuand munvuaeuds 1Bk uagmsaadllim

AIGNABIGIAA

midney: msudilgnnuminay, adidenu

Abstract

Word Sense Disambiguation is one of the works in
natural language processing for language interpretation
and information retrieval. This paper presents the steps of
the solution of word ambiguity and comparing the
efficiency of three learning algorithms that are Nearest
Neighbor (I1Bk) Classification, Decision Tree (ID3), and
Bayes Method (NaiveBayes). The experimental result
indicated that Nearest Neighbor (IBk) Classification with
stoplist removing gives maximum accuracy.

Keyword: Word Sense Disambiguation, Corpus

1. unin

MBIB5TUNARIFIunsdemsiidnasiitianumue
waneamnelunSunfiuandiaiu Mmfiivarennumine
&uﬁﬂﬂiuﬁﬂmmﬁmm (Ambiguity) A21uM1NINUDIAT
Wudeiii lfifannuianaialdluaudszgnddiu

maluladueeniy vy nrsudaniu (Machine
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Translation) [1, 2] wazmMsduAuenas (Information
Retrieval) [3]
msuddynianusiniuvesdl (Word Sense
. . . 3 {
Disambiguation) tfunszuaums lumsunuanunined
v o a v o Ay 9o
gndesvoamiluniun msudilymanudinauildii
a o A Y Yy A Y
madamsiuniesveyam sl 2 uuuae msudilaym
anumnulaslddiedeaeau (Supervise Word Sense
Disambiguation) [4] wazmsudilamanuiiniulas’li
1¥@10819a0u (Unsupervise Word Sense
. . . I
Disambiguation) [5, 6] 1@
9 12 /:y 2,’ am Y,
dmsvunanuilieuetuaeuIsnIsunilyriniiu
° ° = A a a M an
mnanvessaztlTouneulszaninmiduaouls
v
FLHINMIDWUALUY Nearest Neighbor TaglFiuaouis
Fa Fa
1Bk, duldmidadulalasldiuneuis D3 uazduneu
a P . ' Y H
FwdTasld NaiveBayes  ludiui 2 voaunanudlld
1 = v 9 a
na1nnellsunsuy adedionam Senseval-2 tazimaiianis
] 4
$wunTasmsiunilesdoya drun 3 dudueiunou
an Yo o o 9y a ¥ o
Anmsunilymianusiniuvesd lagldmatiamsdad

HansnaaesegludIun 4 uaz dui 5 fe unagll
2. ﬂélx‘lsi’llﬂﬂ'nll Iﬂﬁ!!ﬂﬁﬂ HaznAHANSUN

2.1 adatiennu Senseval-2
@ < @

Adetion Senseval-2 [8] iuadetionnuunasgIu

A1Flunisnagevlszadninainvesldsunsuluns
y ° o o Y a

unilyrinnusinanvesdt adsdenau Senseval-2 &
o ;: 2
anvaziilugiuuuves XML ;5udae <corpus></corpus>
=} aa I 1 ~ Y [ ~
Huensia lang Hudiunvuennu1vesdonnuaInIng 1
Y ' o Y o =
Fudud10819U09AaU0A21M Senseval NN B

wen3ia lang=english’ usazIsTANIUIZUTLNOUAIY
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<instance></instance> <answer></answer> (gag
<context></context> §alu <context></context>
Uszneudaenss Teauazmiiiinnuminesinmuizedsznin
<head></head> @1u <answer></answer> 2z iileN3i
diAnyno senseid venAMuHINevesdi luuTumiL 13y
senseid = "art_gallery%1:06:00::"uazsenseid = "art%

1:04:00:: "

v
o 4

= o o \ ”» L4 d’ld
TUIWYO MANNAIT “art” NIgoIUY

ANHNITANY

2.2 Tsunsuililumsinsandoyya
3 = 9 ) o o 9 A [}
ludupoumsmioudoyadivsundsdonuiedlu
4
gy XML dearwdewaniuldeglugiuuy arff Tag
1%1sunsuiinetesfie Ngram Statistic Package (NSP)
£

Tumsais N-gram ¥ dudeniu Tuunanuillanaans

Tagmsasie  2-gram  (flesnndesmsiSeviiien

v Fa
Uszanimnveaiuaeuisnaauae 1Bk, ID3  uag
v
NaiveBayes 191111) uiaz SenseTools azgnldlunsuilas

doanulieglugiuuy arff

2.2.1 Ngram Statistic Package
Ngram Satistic Package (NSP) [9] 1 1vsunsui 11

a 4 @ @ l
lumsdnnziadie Ngram Idudennu dredramsaiie
2-gram @18 NSP 91n1l52 Toa “He spends his money and

. . o { § 3
himself too quickly.” dsn i 2 easruilu 2-gram A7

v A

NSP azfinsandusniumda 11on 2 i1 Taeduammnanae

gy

o v A A

He fiudidalidduii 1 Ao spends 918 He<>spends tay

wnsandmaniuiidalUddun 2 Ae his 2'ld He<>his

v Y
AN

Weninsan 2 duasalidda luludmdnluniife spends

I . a
a2 111y spends<>his 1az Spends<>money &35

vouau liGesnrunuanndnz’ld 2-gram  vealszTon 1

5z Ton
2.1.2SenseTools
SenseTools 139353 0.3 [10] Wulysunsuiimrin

|

ulasdenwIdegluguunves  arff  Fuiugduuui

WEKA 19 &91i19m59uiu NSP
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<#xul version="1.0" encoding="iso-8855-1"
<!DOCTYPE corpus S5YSTEM

"lexical-sample.dcd™>

<corpus lang='english':

<lexelt item="art.n">

<instance id="art.40002" docsrc="bnc AT0_Z636">
<answer instance="art.40002" senseid="art_gallery%l:06:00::" />
<CONTEXT:
Leeds is well-equipped for sports, with Z1 golf courses and 22
gsports and leisure centres, but if all this action leawes you
feeling in need of a rest, you can always take yourself off to
the theatre.Leeds has four to choose from. Most famous is the
Leeds City Varieties, one of the oldest muzic halls in the
country and home of BEC TV's [hi]The Good 01d Days [J/hil.
There's also the Grand Theatre, which hosts touring companies
and is the permanent home of Opera North. [/p] [p]
One of Yorkshire's famous sayings is sbouoWhere there's muck,
there's brasssequo;, And, while there may not be a lot of muck
any wore, there iz still plenty of brass. [/p] [p]
For, when it comes down to it, there's nothing to beat a brass band.
There's always one to be heard sowewhere during the sunmer
swdash; in the piazza in front of the <head-art</head-gallery
and Town Hall or in a park.
£ foontexts
</inatancex
<instance id="art.40004" docsrc="bnc A6T 637"
<answer instance="art.40004" senseid="art$l:i04:00::"/>
{CONTEXT:
When things are on the up and the lodestar of a transformatory
politics shines bright, so too does ghquo:the avant-garde project
of overcoming the separation of art and lifesequo; (p. 171). [/p] [p]
In this perspective it seems that Callinicos can only nean
relatively little with his disclaimers abhout good art.
The indiwidual
shiquo goodsecquo; work might get throwm up, however unpropitious the
circumstance. But it can only be a quirk; and the force of its
shiuo;goodnesasequo; is strictly limited and circumscribed.
Only once, in a fleeting reference to Matisse is there a sense of
the boot being on the other foot, of art offering a sense of
liberation from social ideology. But even this is done in the
name of a supposed sbquo;immediate sensuous chargesequo; rather
than any wore extended critical capacity of <headsart</head-or
the aesthetic,
< /contexts
</inatancex
£ flexwelts
< fcorpusy

MR 1 : uarasdnymzaes Senseval-2

He spends his money and himself too

a

He<>his
his<>money
money<>himself
himself<>too
too<>.

quickly .

He<>spends
spends<>money
money<>and
and<>too
too<>quickly

spends<>his
his<>and
and<>himself
himself<>quickly
quickly<>.

MW 2 : naaamyadie 2-gram @7u NSP

2.3. msfam

lumsduduenans (Information Retrieval) [7] 23]
. e q ¥ 4 @ o da T
s ludeanugadlufinianudeideduenais
Yoo Mldszansamlumsduauonaisdias uay

a 2, o a ' .

tona1sivuIalvyu A1maniuiSenan stoplist
@ 1 [ . | o
A19811wU to, of, and, but, could, the tag is Wudu i

L AA o ° 9 a a Ay
L‘l’iﬂTHLll@@]ﬂ'ﬂﬁ]ﬂﬂz‘Vnsh’fﬂﬁgﬁﬂﬁQTW1uﬂ1ﬁﬁUﬂuL®ﬂﬁ15

317

NCCIT'07



NCCIT07CS009 318

a2 - = o w 1 o 4 dy a a
ﬂﬁuuasummﬁmtymam'mﬁ}ﬂq‘mmammmuﬁ}w ﬂﬂﬂﬁgﬁ\iﬂ‘U@\iﬂ‘lﬁ‘Wﬂa@ﬁuﬁ@ﬂTi!ﬂﬁﬂULﬂUﬂ
4 o 1 ds’ 1 ) a L4 o a A 3/’ as q’z’ ad
Lﬁﬂﬁnﬂﬂ“ﬁaTuUlNUlg{HWl”?!ﬂi1$WW1ﬂ’JnJ‘H3J1fJ“UENﬂ1 UszanIn1nuosiunauls 3 Gllu@]@uﬂ]‘ﬁﬁ'ﬂ IBKk, ID3 uag
S v - o o A g . y . v o v A
°L|1/lﬂ'J']llullﬂu’]!ﬂﬂuﬂﬂ'ﬁﬁﬂﬂ'lﬂlﬂu StOp'ISt 29NIINAAN NaiveBayes Gluﬂ']ilmﬂﬂlyﬂ']ﬂ'ﬂllﬂ']ﬂ?nIﬂﬂi“]fﬁ/lﬂuﬂﬂ'ﬁ
v A Yy A v v o v o A o
sllf)ﬂ'J']iJLWf)i“HLWiJﬂ'J']iJQﬂ@@QGluﬂ1§!lﬂgﬂﬂlu‘l’ﬂﬂ'ﬂuﬂ']ﬂ'«]ll AART N 3 UUADU
A 3 A ~ v o Ay 1 o ~ ) v A4 ]
LLamWiJﬂ'ﬂiJi'JﬂLi')Gluﬂ'liﬂﬂﬁﬂ\Huﬂ\iﬂ']ﬂllﬂ']iﬁﬂﬂ']‘lﬂvlll YUADUN 1 1ATgUAAIUDAIY Ghﬁﬂuﬂgnl‘]f eng—lex—
o o & ] o o v
ﬁ1ﬂﬂJu‘VNU1‘l] sample Lﬂuﬁu@mmmmmﬂi]y"umﬂawamm

Senseval-2 aglugiuuuves XML

a o ) =) v Pl '
2.4. maiiansdunnlaemsiuniieadoya Tuneun 2 19 SenseTools uaz NSP  lunisuilas

a o o A ] A A ] :
L‘ﬂﬂuﬂﬂ?iﬁHLLUﬂﬂl6Qﬂ1§‘1/l‘ll‘ﬂll@\1‘l|@gﬂ1/l!a®ﬂ1‘]f1u Glallﬂﬂ’cl'lll XML Glﬁagi“lugﬂuuu arff Lﬁaﬁﬂﬂmaaﬂu

unaNui 3unude IBK, ID3  uaz NaiveBayes Inoi WEKA[13]

N L] Funoui 31delddoyaluguuy arff 1ilnaaes
Tuaouds 1Bk [11] Suduneuitesiaiioveans fUWEKA Taoldaudunouds fo 1Bk, 103 uas

y

Swunuuy K-Nearest Neighbor ailumaiianisswmn NaiveBayes Taviunoudslngld 1Bk sminaasalas

Uszinmnildidnsa@orfuiunssaniaas lumsly  Wmkdi 12,10

11 K-NN f?us?fmi:umﬁuamﬁwmmﬁumﬂiﬁﬁu K 151 Tumsmaaeuniseanifu 2 i fe

1NN, 2-NN, 3-NN...., K-NN Taofi K dlugavensiuam v 1 Suneumsudilymanuiininveadilae

nsdifivzdesdumlumsinnensd nl i 4-NN e mlidad ihmsnaaesludunoui 1, 2 uaz 3 vinnm

Funeudtivziia 4 nsdintdnyazlndiRostunsdi i 3 nﬁa@ﬂﬁzﬁ‘wEnwwmaq%umu%%uﬁaﬁ%iums

wnfigauasdmuaitonlylmin ¥ fuaaaiilndieawn udilggmarwinauiionaasalae Lifimadadn

fiqn Huwdi 2 Gﬁyumaummﬁ'i‘]ﬂujmmmﬁwmmmﬁﬂ%
funeuds ID3 [12] Wuduneuitveamssuuniagld  MIAAm imananedludunouii 1,2,3 uag 4 mnnm

Hlmsdaduls funouiiies oo lumsatiduld 4 Taaluduneuiliimsnaneuiiunsdadileg

FaiunlFlumssuundoyaiilil  Tassadravesdulilu UsznEnmuosiunenifudaz it umsudtymaig

ugaz Tnunzifunenida udaznszunalumsnamon o Tawiiunsdadiiiu stoplist eon

wazad Inuauaasnananimua’l’y

Ce

a = v Y
UADUN 1 : 1ATBHAAIVDNIN

3 a . IS 9 a
Tunouls NaiveBayes [11] ludunouitvoinms L
fwunlaglddnnmsvesnguiudlumsdinamany 1.1 w3eundediondny Senseval-2 Geag lugiuuuves XML
) v . A o A ¢ _mq. v
Wztludagnlylumsinnenaiieninisinsigringal T . ,
(Y = Y 4
T Yumoui 2 : uastennuldegluguuy arff

o o Y @ a A
fﬂi“ﬂTLHEJW'G“’]WVLQIﬂEJf'ﬂii'HJNﬂmﬂﬂﬁ’lu‘ﬂiﬂﬁi%ﬂﬂﬂﬂ@]

2.1 wlastennu XML 1eglugiuuy arff d2o SenseTools uay
NSP

azdrnuamsmumaldlunsadiausen lvausieziu v

o 4' o v
ﬁm%”mwiazmmﬁnﬁuf VUADUN 3 : NAABINITMNUMIEY WEKA

a ¢ o o o a '
uilsauTagaz s zvanuauiussernIedmlsoaszua

3.1 e lddeyalugiuu arff s lunaaesioTilsunsy WEKA

. v . . v Taelgamiuneuii de IBk, ID3, NaiveBayes
3. !!U’J‘i]Tﬁ9\1fn5!lﬂﬂﬁyﬁ]ﬂ’)1uﬂ1ﬂ3umﬂﬂﬂ1iﬂ£ﬂ‘l§

3.2 ldannugndeslumssumnanurinevessindinag

a W o 1 v
maUANIINAM MWA 3 : uaastuneumsuAamanuiinauvessi Tasms hidadm
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) a = v 1 ” 1 H » (a2 ! y 4
VUADUN 1 : 1AIYNAAIVIAINN stress” uaz “detention” 1Wuau LHAZINAININYNADIN

v
. Y T W =y 9 v v =R Y A 1
1.1 wSoundavenau Senseval-2 Feoglugiluuuves XML Id f1 ki 1 eziinnugndesgega duinivldidend
k4 k4
v kv 1 lumsnanesiuae lilvesdunouis 1Bk
ZEEE ) 5 .
YUARUN 2 : damiiiilu stoplist wamimaamam1ﬁ'mummmﬁ'ﬂﬂmmammmu
o o 4 . o v o o { & & a
2.1 diaiiilu stoplist eanvinadadonim Tagldmsdadr (uuh 2) asauTuneuitae IBK,
> E ” v ” ID3  uaz NaiveBayes vz 1viA1nnugndesganiing
Tumout 3 : masdenalveglugiuuy arff 4 e o A _ 4
. . g naaoslasliiinisaad1iiu stoplist (LUuN1)
3.1 mlasdennu xML Tieglugiuuy arff Ao SenseTools 1ag . I 2 - e
NSP A1081u%Y hearth 91015190 1 Tasduaouas 1Bk lida
+ o A P 0 A o o ula/. Y
MANNUYNADI 68.42% 1oAnad1 lan1nugnded 89.47
Funoudi 4 : naasamshaudIE WEKA 7 o= oo v 4
: % duaouds ID3 lidadilinugnded 47.36% iioda
4.1 ifeladeyalugaluny arff i linaassduTalsunsy WEKA <124 v 2 s ig
, o M 1dMANNYNADI 84.21% TunauIT NaiveBayes luda
Taol¥awiuneudt Ao 1Bk, ID3, NaiveBayes YA N A ow o uy. Y
. Y . 4o AMUANUYNADI 68.42% Luamm'lﬂmmmgﬂmm
4.2 “lﬂﬂ'lﬂ'J']ﬁJQﬂﬂﬂ\ﬂuﬂ']iﬁ]'llLuﬂﬂ'ﬂﬂJWN'IfJ"Uﬂ\iﬂ'Wlﬂ'lﬂ'Jll .
&) = 1 % ad
3 > N - - . 84.21% wamsnfFeuinenuaaziunsUITNITNAABILILY
MANN4: L!ﬁﬂ\ﬁ]1-!9]@ufﬂi!m{lﬂ))‘ﬁWﬂ'ﬂllﬂ1ﬂ3ﬂﬂ]@ﬂﬂ1jﬂﬂﬂ1§ﬂﬂﬂ1 ¥ —
1 uaguuy 2 1nUunouls IBk, ID3 tag NaiveBayes
Yo = o o = 9
naadlanenni 6, 7 uaz 8 mwadeu a i 9 uaasly
4. WamMiInaaoy .
<3 A Y Y o Y
muulenaaed laglsmsunilyrnnusinanlasldns
v q ¥ A ooy o v o \ Vo an Y1q Y v
Joyanlslunisnaasinondidondnu Senseval-2 M dai lasdmIngduaeuds 1Bk e ldmanugnaes
] 4
fnawnadetonu Senseval-2  AlFlunisnaaewdas gan149uaouis ID3 uaz NaiveBayes
] 2
fan15190 1 Tavdseneudlenininiudede 1ail stress,
fatigue, nation, bum, holiday, spade, hearth, detention tag 5. ‘umff;ﬂ
dyke Fauaazd1aziduiudlesaanaisny frauly , ,
A o @ Y o
. < . unaNuHNTUeTUABUNITUATYHIAINRINIY
WEKA [13] utisdoyaiilu Train  Set uaz TestSet Iao S
o 2 A . vosm TasldmanlSouiionlsyaniamvesdunouis 3
naaoInumuiuaouIsaAe IBk, ID3 uaz NaiveBayes
. o 2 2wy, 2 9 350 1Bk, ID3 uaz NaiveBayes amnsaagyldin ms
dvsumsnaaesluduaeu 1Bk vulddinminaasuiudu :
. o awa 4 4 uatlymanuiniulasldmsdamliainnugndesqs
Taosvuan k 191a1 199 10 91n0WH 5 van1snaasdile i S0 N
2 g 9 aa de 44 o anmsuddayrmianuiiniulaslidas uazduaouisi
MNATk  IUAININYNABIILTAININAI08 11T UAIN s ) .
Ao da v o e Taanugndesgegafe Tuaouds IBK - daliainw
dyke” 1azluNMNNANUYNABIAAAIAIDEFUAIN k v
gﬂéfmqaniw ID3 uay NaiveBayes
100.00%
90.00% - ——
~ B0.00% N s Stress
< 80.00% | N n B S — —=— Nation
S 70.00% A"ﬁ\* % X X x % x Bum
@ 60.00% -— . . . . . .
g 50.00% - Holiday
3 40.00% | *— Spade
S 30.00% —e— Hearth
€ 20.00% - —+— Detention
10.00% - —=—Dyke
0.00%
1 2 3 4 5 6 7 8 9 10
U Kk
MW 5: uaassianugndoaile19iunous 1Bk o1 K Sy
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4 o e e o .2 anq 2 N . , e
M919N 1: wamanaaedlagnlssumeunmsldmdaiias lidamluudazduaends uduneuds 1Bk mmuam K Iiiauiiu 1

320

Classified Accuracy
N UIU 1Bk (k=1) D3 NaiveBayes
CRGIAN uuul uuu2 uuul uuu2 uuu1 uuu2
stress 84 48.38% 72.41% 64.51% 65.51% 48.38% 62.06%
fatigue 7 77.77% 85.15% 70.37% 85.18% 74.01% 85.18%
nation 74 76.00% 84.61% 72.00% 88.00% 72.00% 84.61%
bum 72 79.31% 88.00% 75.86% 88.00% 75.00% 84.00%
holiday 62 86.36% 86.39% 86.36% 86.36% 86.36% 86.36%
spade 59 68.18% 73.68% 59.09% 68.42% 63.63% 68.42%
hearth 55 68.42% 89.47% 47.36% 84.21% 68.42% 84.21%
detention 55 77.271% 84.21% 72.72% 78.94% 72.72% 78.94%
dyke 33 66.67% 91.66% 66.66% 91.66% 66.66% 91.66%
100
< 90
(<4
X
S 80
2 70
8 60 ~ - - - - IBK
c 50 . o o
€ 40 —— Bk (siniAN)
S ,
‘e 10 4
0
F A A & » & &% oD
2) A & N N Q,\ D N @)
\@6 ‘\\Q’o &5 @0 ,\\bfzr R Q;o(\ 5\\0 &\\l-
@ @ N R & &8 8
&
UL
MW 6: uamsiaugndouileldiunenis IBK iWenaasslasmandilymanuimumuulnduaziuudad,
100
< 9 -
S 80 e sy —
> 70 S - ‘ o
a PR LY I e
g 60 . .- --+-- D3
€ 50 e o
€ 40 —— D3 (finA)
g 20
€ 10
0
Q)b‘ /\'\ \/\b‘ AV & (,_9 <,§) (,)(9 (5’5
S\ @) N Q | @) D O 2
& o < S T O & O b
3 i L 3 N N & & &
@ & N ® N NS %
©
AuUudIaL

= : Y 9y - : . - o o
MNN 7: naasiinnugndeuiieldiuneudt ID3 ionaaeslasmsuddamanuiinimsuulnduazuuudad
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(%)

v,

ANANNOAGDY
w
o
|

---+-- NaiveBayes

N
o

NaiveBayes (sadn)

5 & & OO e & @
& ) & » O & & & S
& ¢ ¢ ¢ F &
S
AUNUGIALN

= ' {99 - . 4 . - o o
NN 8: ugasanugndeaiieliduneuds NaiveBayes ienaasslasmaudilymanudinmuulnduezuuudad

100

(%)
3

60 —— Bk (dae)
50 ———-ID3 (daen)
a0 NaiveBayes (#n 1)

v,

ANAINUYNGAY
N
o

AUNUGIALN

= , 4 g9 a - 4 o . o o
MNN 9: uaasanugnAeuiieldiuaeuis IBk, ID3, uaz NaiveBayes tionaasd Insmsudilymanuiiniuiuudai
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Word Sense Disambiguation and Attribute Selection
using Gain Ratio and RBF Neural Network

Kanjana Thongklin
Faculty of Technology and Environment
Prince of Songkla University
Phuket, Thailand
kanjana_thongklin @hotmail.com

Abstract—Word sense disambiguation is one of natural language
processing tasks. This study proposes new idea for word sense
disambiguation by using context window of left-hand side type,
right-hand side type and both left-hand and right-hand sides and
the attribute selection. The techniques used for this study are
GainRatioAttributeEval and InfoGainAttributeEval. RBF
Neural Network and ID3 algorithm are used to classify the sense
of words. The result of the study from Senseval-2 corpus
indicates that the context window of both left-hand side and
right-hand side give highest accuracy. The attribute selection by
the GainRatioAttributeEval technique gives higher accuracy
than InfoGainAttributeEval. The RBF Neural Network
algorithm gives higher accuracy than the ID3 algorithm.

Keywords-natural  language  processing;  word  sense
disambiguation; RBF Neural Network; ID3; attribute selection

1. INTRODUCTION

In the communication by natural language, there are some
of same words used that have different meanings when these
same words are used in different contexts. The same words
with different meanings are the causes of ambiguity. The
consequence of ambiguity of words brings to the error of
machine translation [1, 2] and information retrieval [3]. Word
sense disambiguation is a process to represent the right
meaning for the ambiguous words.

Section 2 of this study is the principle of context window,
attribute selection, and classification. Section 3 proposes
(WSD_AS) model. Section 4 is the result of the study by using
Senseval-2. Section 5 is the conclusion.

II. CONTEXT WINDOW ATTRIBUTE SELECTION AND
CLASSIFICATION

A. Context Window

The contexts of ambiguous words are words around those
ambiguous words of both left-hand side and right-hand side.
The context of each word will mention on things that have
relations with the meaning in that sentence. In using context to
problem solving for the ambiguous words, this will give the
right meaning of those ambiguous words. For example, the
sentence with ambiguous word “art” is shown as follows:

Sirirut Vanichayobon
iSTAR Research Laboratory
Computer Science Department
Prince of Songkla University
Songkhla, Thailand
sirirut.v@psu.ac.th

Wiphada Wettayaprasit
Artificial Intelligence Research Laboratory
Computer Science Department
Prince of Songkla University
Songkhla, Thailand
wwettayaprasit@yahoo.com

“There’s always one to be heard somewhere during the
summer; in the piazza in front of the art gallery and Town Hall
orinapark.”

The context on the left-hand side means all words on the
left-hand side of “art”. The context on the right-hand side
means all words on the right-hand side of “art”. When the
window size is +n, this means moving to the right-hand side n
positions from the ambiguous word. And when the window
size is —n, this means moving to the left hand-side n positions
from the ambiguous word. The previous studies that used the
context to problem solving for the ambiguous words are such
as using both left-hand side and right-hand side with the
window size of +2 for maximum entropy model [4], and
class-based collocations model [5], using both left-hand side
and right-hand side with the window size of =1 +2 + 3 for
feature selection for maximum entropy-based model [6].

B. Attribute Selection

Attribute selection is a method of reducing for non-related
number of attributes. The number of attributes will be reduced
to have only related attributes. The advantage of reducing the
number of attributes is using significant samples to be trained.
The result of this selection gives higher accuracy. The studies
of data mining that used the technique of attribute selection
are such as using UCI repository of machine learning database
composed of 9 databases by the selection of Information Gain
Ratio Attribute Evaluation and Relief Attribute Evaluation [7]
and using Speaker Recognition Evaluation (SRE) database by
selection Information Gain Attribute Evaluation and Gain
Ratio Attribute Evaluation [8]. The examples of attributes
selection for the study are as follows.

1) Information Gain Attribute Evaluation:

This selection is a reduction for the number of attributes
that will be used to evaluate the value of attribute by
measuring Information Gain values [8, 9]. Information Gain
(IG) can be calculated by (1).

IG=HX)-H({ 1X) (D
where Y isclassand X is input attribute

H (Y) is entropy of Y

H (Y | X ) is conditional entropy of Y given X



The calculation of g (y)is shown by (2) and the
calculation of H (Y | X ) is shown by (3).

HY)=-Y p(ylog,(p(y) @)

yeY

HY1xX)=-Y p0Y p(yIxlog,(p(ylx) O

xe X yevyY

where  p () is the probability of y » p (x) is the probability of
x,and p(y |x) is the conditional probability of , given x

2) Gain Ratio Attribute Evaluation:

This selection is a reduction for the number of attributes
that will be used to evaluate the value of attribute by measuring
Gain Ratio [8, 9]. There will be an adjustment on the scale due
to the value of data in the interested attribute with that class.
Gain Ratio (GR) can be calculated by (4).

_I6 (€]
H(X)

Both of these two attribute selections are used in Ranker
Search Method [9]. Attributes will be sorted according to their
significant values. The unused attributes will be eliminated.
The difference between G and GR [8, 9] is that
GR received from the dividing by entropy value that the
output value is in the range [0, 1]. If GR is equal to 1, this
means that there is highest relationship between Y and X . The
value received from G R will be smaller when compared with
the value of IG .

C. Classification

Classification is a technique of data mining. This study
will use two techniques of ID3 and RBFNetwork. ID3 is an
algorithm using decision tree [10]. ID3 algorithm will be used
to create the decision tree while each node represents an
attribute, each branch represents the test result, and leaf node
represents the class. RBFNetwork or RBF Neural Network
[9, 10] is composed of three layers that are input layer, hidden
layer, and output layer. RBF Neural Network uses Radial
Basis Activation Function which is Gaussian Function
(¢(X))in (5) for j=1,...,.L, where X is the input feature, L

is the number of hidden units, and £/, is the average of i

Gaussian Function.

,(X)=exp|-(X - )Y X -up| O

III.  'WORD SENSE DISAMBIGUATION ATTRIBUTE SELECTION
MODEL USING GAIN RATIO AND RBF NEURAL NETWORK

There are 4 steps of word sense disambiguation and
attribute selection (WSD_AS) model as shows in Fig 1. Step 1

is data preprocessing. Step 2 is creating attribute using context
window. Step 3 is attribute selection. And step 4 is word sense
classification.

Step 1: Data Preprocessing
Preprocess data for Senseval-2 in the format of XML.
Use SenseTools program to split ambiguous words that is in the
format of XML. Each ambiguous word will be kept in each
separated file.
1.3 Eliminate stoplist words from the data.

Step 2: Create Attribute Using Context Window
2.1  Specify the window size of context = n.
2.2 Construct attribute by using context window with 3 cases.
2.1.1 Use left hand side of the context window.
2.1.2 Use right hand side of the context window.
2.1.3 Use both left hand and right hand sides of the
context window.
2.3 Use SenseTools program and NSP program to convert the sentence
into the form of feature vectors (0 or 1) with arff format file.
2.3.1 Create N-Gram Using NSP Program (count.pl)
Command : count.pl -ngram n OUTPUT_FILE INPUT_FILE
2.3.2 Create Regular Expressions Using SenseTools
Program (nsp2regex.pl)
Command : nsp2regex.pl INPUT_FILE REGEX_FILE
2.3.3 Create Feature Vectors Using SenseTools
Program (xml2arff.pl)
Command : xml2arff.pl —training TRAIN_FILE — test
TEST_FILE REGEX_FILE
2.3.4 Change symbol “%” to be symbol “~” Using
SenseTools Program (tilde.pl)
Command : tilde.p] SOURCE >> OUTPUT
Step 3: Attribute Selection
3.1 Select attribute selectors.
3.1.1 InfoGainAttributeEval. See (1)
3.1.2 GainRatioAttributeEval. See (2)
3.2 Select the number of attributes needed for selection such as
40, 50 or 60.

o —

Step 4: Word Sense Classification

4.1  Choose number of class for classification.
4.1.1 Set the class number into two classes only (YES or NO).
4.1.2 Choose the class number more than two classes.
4.2 Choose classification algorithm.
4.2.1 RBFNetwork
4.2.21D3
4.3 Calculate the classification accuracy.

Figure 1. Show the proposed WSD_AS Model .

A. Stepl:Data Preprocessing

Senseval-2 [11] is standard data in measuring the efficiency
of word ambiguity problem solving. The data composes of sub-
data with various languages such as Italian, Japanese, English,
and etc. This study selected English language as shows in Fig
2.

1.1) The preprocessing data for senseval-2 is to set in the
format of XML using English Language (eng-lex-sample). For
example, from Fig 2., ambiguous word “art” has 3 meanings:
skill, art work, or art creation.

1.2) Use SenseTools program [12] to split ambiguous
words that is in the format of XML from Senseval-2 data to be
the file of each ambiguous word.

1.3) Eliminate stoplist words [13, 14] and punctuation
such as;, . (), and etc from file due to those stoplist words are
redundancy and will enlarge the size of the file. Since these
words will not be analyzed to find the meaning of the



ambiguous word. Sample of stoplist words is shown in Fig 3.
The elimination of stoplist word can be below. Suppose that
the sentence is shown as follows :

“There’s always one to be heard somewhere during the
summer; in the piazza in front of the art gallery and Town Hall
or in a park.”

The word “art” (bold) has ambiguous meaning. The
stoplist words are those underlined. When the stoplist words
and punctuation are eliminated, the result received is shown as
follows:

“heard summer piazza front art gallery Town Hall park”

B. Step 2: Attribute Construction by Context Window

2.1) The experiment will select the window size of the
context. The window size used for the experiment is n. When
n = 1, this means that there is adding one more word to be
considered as attribute value.

2.2) The experiment will construct attribute by using
context. Let w be an ambiguous word and n be the window
size. Then w,,, W,,, W.s...., W,, are contexts on the right-hand side
and w.,..., Wi, W,, W, are contexts on the left-hand side. For
example, when the window size is one (n = 1), the attribute
construction can be selected 3 cases as shows in Fig 4.

Case 1: Move the context to the left-hand side with
one more position: (W, w).

Case 2: Move the context to the right-hand side with
one more position: (W w,,).

Case 3: Move the context to both right-hand side and
left-hand side with one more position: (W, W w,,).

Similarly, if the size of the window is 2 (n=2), the context
received will have to add two more words on the left-hand
side or the right-hand side, therefore case 1 will be w,w, w,
case 2 will be w w,, w,,, and case 3 will be w, w,w w,, W,,
respectively. For example, in Fig 5., from the following
sentence ‘“heard summer piazza front art gallery Town Hall
park.” if the context window is 3 (n = 3), case 1 will be
“summer piazza front art”, case 2 will be “art gallery Town
Hall”, case 3 will be “summer piazza front art gallery Town
Hall”, respectively.

2.3) Use SenseTools program and NSP program [15] to
convert the sentence into the form of feature vectors (0 or 1).
The family name of the file received is arff format. There are 4
sub-steps of converting the sentence with SenseTools program
and NSP program as shows in Fig 1.

2.3.1 The count.pl is a file for constructing words in
N-gram format. The propose of this sub-step is to count the
frequency of the each word in the context window. In the
experiment, we will used 1-Gram. For example, from Fig 5.,
with case 3, context window selection (both left-hand side and
right-hand side), the output of this sub-step 1-Gram is shown
as follow: “Town<>1" means the word “Town” has the
frequency equal to 1, etc.

2.3.2 The nsp2regex.pl is a file for constructing
Regular Expressions of each word.

2.3.3 The xml2arff.pl is a file for identifying the
instance word in the form of feature vectors (0 or 1). If the

instance word is existing, then the feature vector value is equal
to 1, otherwise it will equal to O (not existing).

2.3.4 The tilde.pl is a file for changing symbol “%” to be
ready to use for WEKA [16] as shows in Fig 6. The first part
will describe the relation of each attribute.

<?xml version="1.0" encodingz"is0-8859-1" 7>
<!DOCTYPE corpus SYST
"lexical-sample.dtd">
<corpus lang='english"
<lexelt item="art.n">
<instance id="art.40004" docsrc="bnc_A6U_637">

<answer instance="art.40004" senseid="art%1:04:00::"/>

<context>

When things are on the up and the lodestar of a transformatory politics
shines bright , so too does <&> bquo ; the avant <-> garde project of
overcoming the separation of art and life <&>equo ; <(>p . 171 <)>. <[/>
p <] [> p <]> In this perspective it seems that Callinicos can only mean
relatively little with his disclaimers about good art . The individual <&>
bquo ; good <&> equo ; work might get thrown up , however unpropitious
the circumstance . But it can only be a quirk ; and the force of its <&>
bquo ; goodness <&> equo ; is strictly limited and circumscribed . Only
once , in a fleeting reference to Matisse is there a sense of the boot being
on the other foot , of art offering a sense of liberation from social ideology
. But even this is done in the name of a supposed <&> bquo ; immediate
sensuous charge <&> equo ; rather than

any more extended critical

capacity of <<>head <>> art <</>head <>> or the aesthetic .
</context>

</instance>

</lexelt>

</corpus>

Figure 2. Ambiguous word “art” in Senseval-2 corpus.

a and above always after there before
both of one in is he must
be the we somewhere you to or
Figure 3. Sample of stoplist words.

LHS Wi W, W, W
RHS w Wi W, W3
LHS & RHS:

W W, W w W W, W3

Figure 4. Show selected attribute with window size = 1.

LHS ws W, W, w
summer piazza front art
RHS : w W+1 W+2 W+3
art gallery Town  Hall
LHS & RHS: W W, W w Wi W, W3
summer piazza front art gallery Town  Hall

Figure 5. Show example of selected attribute with window size = 3.



C. Step 3: Attribute Selection

3.1) Select the type of attribute selections, which are
InfoGainAttributeEval and GainRatioAttributeEval.

3.2) Select the numbers of attribute such as 40, 50, 60,
100, 150, and 200.

D. Step 4: Word Sense Classification

4.1) Select the method of classification by separating into
only 2 classes of meanings or by using the whole classes of
meanings when the number of class is greater than two. For

@relation RELATION'
@attribute Town' {0,1}
@attribute 'gallery' {0,1}
@attribute 'front' {0,1}
@attribute 'piazza’ {0,1}
@attribute 'summer’ {0,1}
@attribute "art' {0,1}
@attribute 'Hall' {0,1}
@attribute 'senseclass' {art~1:06:00, art~1:09:00, art~1:04:00}
@data

{0,0,0,0,1,1,0, art~1:06:00
{1,1,1,1,1,1,1, art~1:06:00
{0,0,0,0,0,1,0, art~1:04:00}
{0,0,0,0,0, 1,0, art~1:09:00}

Figure 6. Example of completed arff file using SenseTools program (tilde.pl)

separating into only 2 classes of meanings, this means that if a
word has 3 meanings that are X, Y, and Z, there will be 3
cases of consideration. Case 1 will pay attention only the
meaning of X that will receive X = YES and Y, Z = NO. Case
2 will pay attention only the meaning of Y that will receive Y
= YES and X, Z = NO. Case 3 will pay attention only the
meaning of Z that will receive Z = YES and X, Y = NO. For
using the whole classes of meanings, this case will specify the
numbers of truly meaning when the numbers of meaning of
ambiguous word are more than 2 meanings. For example, if a
word has 3 meanings that are X, Y, and Z, let the first
meaning be class X, the second meaning be class Y, and the
third meaning be class Z.

4.2) This step is to choose the classification algorithm,
which is RBFNetwork or ID3. The software used is WEKA
[16].

4.3) The last step is to calculate the accuracy of ambiguous
words. The accuracy for classification is calculated from the
proportion of correct classified instances and number of all
instances times 100 as equation (6).

number of correct classified instances <100 (6)

accuracy (%) = -
number of all instances

IV. EXPERIMENT

Senseval-2 corpus is used for this experiment. There are 8
ambiguous words which are art, bar, bum, chair, hearth, stress,
dyke, and church. 10-folds Cross Validation is used for this
study by dividing data into training set and testing set. The
data used will be divided into 10 equivalently. Then 9 parts
will be used for training set and 1 part will be used for testing
set. Data will be rotated 10 times for different testing set and
different training set. The experimental results can be
concluded into 6 issues that are issues of A) Selecting the
Context Window Size, B) Selecting the Context Window

Format, C) The number of Attribute Selection, D) Choosing
Algorithm Selection Technique, E) Choosing Classification
Algorithm, and F) Choosing the Number of Class.

A. Issue of Selecting the Context Window Size

If the width of the window size is increasing, then the
accuracy will be increasing as shows in Fig 7(b). For example,
the word “church” wusing ID3 algorithm with
GainRatioAttributeEval at the window sizes +1, 2, +3, +4,
and x5 received the accuracy as follows: 73.68%, 79.69%,
81.95%, 83.45%, and 83.33%, respectively. The study
indicates that ID3 algorithm and RBFNetwork algorithm (both
InfoGainAttributeEval and GainRatioAttributeEval) of other
ambiguous words such as art, bum, and dyke have the same
result as shows in Fig 7.

Zes <65
60 60
55 55
50

art(208)  bum(77) church(133)  dyke (59) at(208)  bum (77)  church(133)  dyke (59
word word

(a) Using ID3 algorithm and
InfoGainAttributeEval technique

(b) Using ID3 algorithm and
GainRatioAttributeEval technique

100

g n 37
<6 <&
E £
55 5
50 50

art (208) bum (77)  church(133)  dyke (59) art (208) bum (77)  church(133)  dyke (89)
word word
(d) Using RBFNetwork algorithm
and GainRatioAttributeEval
technique

(c) Using RBFNetwork algorithm
and InfoGainAttributeEval
technique

Figure 7. Shows accuracy values when the window sizes are equal to +1, 2,
13, 4 and +5 of context on left-hand side and right-hand side.

B. Issue of Selecting the Context Window Format

The experimental result shows that context windows on
both left-hand side and right-hand side will give higher
accuracy than selecting context windows on the left-hand side
only or right-hand side only as shows in Fig 8(d). For the
ambiguous word “dyke”, the right-hand side accuracy is
89.83%, left-hand side accuracy is 89.83%, and both right-
hand side and left- hand side accuracy is 96.61%, respectively.

C. Issue of the number of Attribute Selection

The selection of attribute without selection (non-attribute
selection) means using the numbers of attributes received from
attribute construction (in step 2). For example, “art” has the
numbers of 1103 attributes, “dyke” has the numbers of 327
attributes, “church” has the numbers of 720 attributes, and
“bum” has the numbers of 450 attributes. When select the
attributes equal to 40 attributes, this means that the study will
used only 40 attributes. In this experiment, user can choose
the numbers of attributes such as 50, 100, 150, 500, and etc.

The experimental result shows that using the attribute
selection algorithm will give higher accuracy than using non-



attribute selection as shows in Fig 9(a). For example, the
ambiguous word “art”, with RBFNetwork algorithm and
GainRatioAttributeEval, the 40 attributes accuracy is 87.01%,
while the non-attribute selection (1103 attributes) accuracy is
very low at 54.32%. The experimental results for other words
such as dyke, church, and bum are in the same patterns when
the smaller selection attribute gave higher accuracy than the
non-attribute selection.

Ses Zos
60 60
55 55
50 50

art (208) bum (77)  church(133)  dyke (59) art (208) bum (77)  church(13)  dyke (§9)
word word

(a) Using ID3 algorithm and
InfoGainAttributeEval technique

(b) Using ID3 algorithm and
GainRatioAttributeEval technique
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(d) Using RBFNetwork algorithm
and GainRatioAttributeEval
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Figure 8. Shows accuracy values of using right-hand context, left-hand
context, and both left and right hands context.
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Figure 9. Shows the accuracy when compare the selection for the different
numbers of attributes and selection of attributes (last value) by RBFNetwork
algorithm and GainRatioAttributeEval technique.

D. Issue of Choosing Attribute Selection Technique

The experimental result shows that
GainRatioAttributeEval  gives higher accuracy than
InfoGainAttributeEval as shows in Fig 10(a). The accuracy of
ambiguous word “church” with the GainRatioAttributeEval is
83.45%, which is higher than InfoGainAttributeEval at
76.51%. Experimental result from RBFNetwork algorithm has
the same pattern. The accuracy of GainRatioAttributeEval is
91.61% that is higher than 86.36% of InfoGainAttributeEval.

E. Issue of Choosing Classification Algorithm

The experimental result shows that the RBFNetwork
classification algorithm gives higher accuracy than the ID3
classification algorithm. For example, in Fig 11., the
ambiguous word “dyke” with RBFNetwork algorithm gives
higher accuracy at 96.61% when ID3 algorithm is only
89.83%.

F. Issue of Choosing the Number of Class

There are two types of the number of class selection. First
is the two-class pattern. Second is more than one-class pattern.
From Fig 12., the ambiguous word “art” has 3 different
meanings that are 1:04:00, 1:06:00, and 1:09:00. Ambiguous
word “bum” has 3 different meanings that are 1:18:00,
1:18:02, and 1:08:03. The experiment uses RBFNetwork
algorithm of the window size equal to 4 and the selection
technique GainRatioAttributeEval that the number of
attributes is 40. The experimental result indicates that
accuracy value by separating classifications into 2 classes of
meaning has higher value than using the whole classes of
meanings of ambiguous words that exist. The accuracy value
of ambiguous word “art” when classify by separating into 2
classes of meaning are as follows. The first meaning
(1:09:00) is 94.23%.The second meaning (1:04:00) is 90.38%.
The third meaning (1:06:00) is 88.46%. The three meaning is
87.01%.

T infoGainAttrbuteEval 0 InfoGainAttrbuteEval
W GainRatioAttribueE el B GainRatioAtteibuteE al
95 100
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85 %0
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570 3
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55 55
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art (208) bum (77) church(133) dyke (59) art (208) bum (77) church(133) dyke (59)

word word

(a) Using ID3 algorithm (b) Using RBFNetwork algorithm

Figure 10. Shows accuracy value when compare InfoGainAttributeEval with
GainRatioAttributeEval technique.
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Figure 11. Show accuracy value when compare ID3 algorithm with
RBFNetwork algorithm.
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The detail for the experimental result of 8 ambiguous
words is shown in Table I.

TABLE L. THE EXPERIMENTAL RESULT OF EACH AMBIGUOUS WORD BY
USING RBFNETWORK ALGORITHM FOR BOTH LEFT-HAND AND RIGHT-HAND
CONTEXT, AND GAINRATIOATTRIBUTEEVAL TECHNIQUE

Number | Number of

Ambiguity Word of class instance Accuracy
art: meaning 1(1:09:00) 2 208 94.23%
art: meaning 2 (1:04:00) 2 208 90.38%
art: meaning 3 (1:06:00 2 208 88.46%
art (3 meanings) 3 208 87.01%
bum: meaning 1 (1:18:03) 2 77 100%
bum: meaning 2 (1:08:00) 2 77 94.40%
bum: meaning 3 (1:18:02) 2 77 96.10%
bum (3 meanings) 3 77 96.10%
bar: meaning 1(1:14:00) 2 248 100%
bar: meaning 2(1:06:06) 2 248 100%
bar: meaning 3(1:06:05) 2 248 98.79%
bar: meaning 4(1:10:00) 2 248 98.38%
bar: meaning 5(1:06:00) 2 248 95.16%
bar: meaning 6(1:06:04) 2 248 80.64%
bar (6 meanings) 6 248 59.27%
chair: meaning 1(1:18:00) 2 139 100%
chair: meaning 2 (1:06:00) 2 139 98.56%
chair: meaning 3 (1:04:00) 2 139 98.56%
chair (3 meanings) 3 139 95.68%
hearth: meaning 1(1:06:00) 2 66 96.96 %
hearth: meaning 2 (1:15:00) 2 66 96.96 %
hearth: meaning 3 (1:06:01) 2 66 92.42%
hearth: (3 meanings) 3 66 81.81%
stress: meaning 1(1:26:03) 2 81 100%
stress: meaning 2(1:26:02) 2 81 93.82%
stress: meaning 3(1:26:01) 2 81 88.88%
stress: (3 meanings) 3 81 72.83%
dyke 2 59 96.61%
church 2 133 91.66%

V.  CONCLUSION
This paper presents steps for problem solving of

ambiguous words by using context window and attributes
selection. The result for the problem-solving of ambiguous
words can be concluded that 1) using the proper window size
of context effects on the accuracy of the classification,
2) using both left-hand side and right-hand side context
window give higher accuracy than using only left-hand side or
right-hand side context window, 3) attribute selection
technique gives higher accuracy than the non-attribute
selection technique 4) GainRatioAttributeEval selection gives
higher accuracy than attribute selection of

InfoGainAttributeEval selection, 5) the classification of
meaning by separating into 2 classes of meaning gives higher
accuracy than using whole classes of meanings, and
6) RBFNetwork algorithm gives higher accuracy than ID3
algorithm. In conclusion, this paper presents technique to
enhance the prediction of ambiguous words with high
accuracy value by wusing RBFNetwork algorithm,
GainRatioAttributeEval attribute selection, and both left-hand
side and right-hand side context window.
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