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Abstract

There has been an increasing numbers of electronic document distributed online
in nowadays. Most of the data available is in a semi-structure and unstructured format. To
make use of these data, we need to understand the underlying structure at some level in
order for data becomes useful. This can be done using text pre-processing process and
data structure analysis with natural language processing process. In information retrieval,
interested documents can be retrieved using indexing technique consisting of a list of
sorted terms that link to a list of documents. Each document is associated with the
frequency count indicating the number of times that a term appear in the document. The
users can then search for the interested documents by specify one or more keywords
called ‘terms query’. These keywords can be either a single word or multiple words
together. The key issue in identifying search terms is that most users may not be able to
identify the search terms correctly. The problems occur when user do not know what
terms are indexed. Therefore, the interested documents can not be found. This paper
proposes a technique that expand the query terms based on the term similarity and terms
with similar meaning within the same domain. By measuring the value of recall and
precision, this technique has proven that this technique resulted in increased document

retrieval performance.
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2. @NENT9UIWNNIULNT (Research Background)
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INNATEI LN UIINSAUAUENasIag TS NsInnauladiunumd Ay da Is
ety (2556) Nsdaviangienaisnisineuuusaludfimednnesainmesuudiy n1suiu
Amfiwesinesiuailsitunuusiieg Tnennaeuussansawnsdavsemgienansntwilneiu
danasfiuaulddndula (Decision Tree) waziudniug (Naive-Bayes) logldignsanamudnuae
Srufudaneifiuaiosdnsmsiions annismeaesmuiinsanaudnay §e38 Information
Gain Lileaniifvesieya udduiiaiesinsmaSeuiuasinuszavaimandr F-Measurement
g9an annsaaguliin Sanediin SVM weesuadladdunuy Linear uaz SVM wedtuailadduuuy
Polynomial Degree = 3 Tﬁﬂizﬁw%mwmﬁwmwghEJL@?S@@ﬂyqﬁﬁqmﬁa 95.1% 998911
Judanasfia SYM waesiuaflaidunuu Radial Basis Function (RBF) gamma 0.8 wag 1.0 14
UsgAnSnmmsdananany 94.9% dane3iu Naive Bays lviussaniamnisdavuinny 88.7%
Sana3fiu Ca.5 LusyaAnBamnisdnnanamy 79.9% muddu fabanuanuideues e 35
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Tunawasinediy fsauns (2.1)
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q;i = q; + Z q;stm(i, j)
sim(i,j)=t (2.1)

lngd t Aednsylaan (Threshold) Mgldimundu (uiil t = 0.8) gasiildianizen
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Z —4; jsim(i,j), i is a new term
(@.j)=T
ql sim I.:;tj (22)
q; + Z — qJ,Slm(l,j) i had weight q;
sim(i,j)=zT N
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(3) MIsmANUARIEYeRena1s (Document Similarity) ldgnsnail

i2jqidisim(i,j)
2i2jqid;

sim(q,d) = (2.3)
1nauns (2.3) laedl i waz j Aedrfaulavazalutonansaiudidu Avaulaazgn
A vinlyg wazgnuened Ineeluenansaglidevieslsuenannividnlagly ans

tFdf WNUY HaN1SEUANALTA1IEING 0 AU 1



(@) MsAN tdf ABNNSTAIANNDVBLVBNTULENEISHALANUDUBLENENSNILNOUTUY

¢ lnsudsanunsaAumilsangasaasioluil

] a < py N 2a A g
A1INIAN ﬂ':lr]lmeﬂaﬂi‘ml,ﬂu (Token) V]ﬂﬁf]ﬂQIULaﬂaqﬁ NIDNADAITUNVDILNDHUY

(Term weight : Term frequency) AaN1T (2.4)
F;j = Frequency of term i in document j (2.4)

nMIMAIANRYeNEN (tf : Term frequency) l9a1naunas (2.5)

Fij

m (2.5)

TF” =

NIIAIANUINLNYBILONAT (Term weight : inverse document frequency) Niitna
Usngegluenans lnensmiaAimudvesienals (Document frequency) 3MNEUNTS
(2.6)

The document frequency of t
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Df; =
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N1TM1AIANNALONATSNANY (Inverse Document Frequency) mlaainnisuian Df
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Probabilistic Clustering d19un1suvangulneisvisada nsutangudoyaifumaiaisnig
Annzidavesieyaigninliegluguvesnnimesdifiethunfiansanainuadisannuandi
AU (Similarity) 1595888119 (Proximity) lagAIUINIINTLHLUIITEUINLINADI VDS
lenans wallausznaunlegiasiagy (Euclidean) Wuuluudnsiu (Manhattan) uaznisiydiwl
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Vv =1 i=12...c (1)

STAG)T

o m>1 udiuiuaiifimuaunavesrinnuduaun®n (Membership Grade) Nfisionns

wiingudeya aullenunssvllaussaug (Performance Index; Jm(P)) 181 P log

3(P)=2 2T ACT¥ Y o

Wmnelunisviinisudangy (Clustering) Aeniswm P aivinlo Jm(P) fifntosign (Minimize

Jm(P)) Hufe a1en Jm(P) falosfvuneisnnulindepdsiu (Dissimilarity)

msmnaeueitgreuarwestuiuiimndsdunnaaruedevenonansiio
JuiSnsussianmsmAinuAdieLuuLensLAfialsen (Edge Counting Methods) fldnweug
msmermadelngefeszezinavedvun (Path) Mideusoruusaz uazsiumisungues
iy q Feezdentunldmarnnuadrovesimisonarsfitdnvaradioadetunionain
grudeyatagaiu (Single) NMIAwIUMIAIAIINARIBVR AT NN THdN v A ATy ARa A
ANLFURUELUULLARS (VRs) LagAuduiusuuuLTzuIy (HRs) veangudvie Geszesing

YoslnuakasANanIEnIAvunzgniualiudilugudeyaisaln Wewsnsenlded
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2ONUIAUAUNITVDIFHALNUNBS AIaNNTT (3.1)

. _ 2xdepth(LCS(x,y))
Slm(x,y) = Max [ length(x,y) + 2+*depth(LCS(x,y)) ] @)
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way y Ine1 depth AeAnanudnvedlnunngudisiosdsiinsivuaalindlugiudeyaise

a

il The Lowest Common Subsumer) tHulvuniiegsnfigaiiiulnunidenszninaaoslnuai
fioamamananundeddluiitfion x uay y Sndmdsiiddluaunisuasnuesied length

Jurssezriesenindnueaednunlagaztduidudnnuednuniiegsenindnun x wazlnug y

a1

FeA1 length NAMUALILED HAENSIINNITAIAINAGI8ETA10E UYL 0 2 simxy = 1 %N

HAENSHANNKARTIINGUATBIsaRliAUAS BINAmELYUTY
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3. 5adun1s (Methods)

msvenemfuAulunstsznalagedendnnismeaniminvesdilumen uazininey
nlaluinisvenedsazandegiuteyaisain lnegiudeyaisalntulanvaediing1au1uda
| - ° L i o aa 1% = o A |
drunisnavthunldlunisverswmenveasifudunguvesmndauningaaiendiy Sunit
“synsets” nunefanguanndanuduiusiuludnnunnevessaza A8nsdaiuluglves
soulnlaglunauiynsudsain dregranisuansdoya wn.synsets(“word”) lagendeiniaile

NLTK 2zlaNaans synsets v19vanued word £n@ineg1aigua1in dog AInInig 2

>¥» wn, synaeta ("dog")

[Synzet('dog.n.01"), Synzet('frump.n.0l'), Synset('dog.n.03'), Synset('cad.n.01'), Synset('frank.n.02'},
Synget('pawl.n.01'), Synset{'andiron.n.01'}, Synset('chase.v.01'})]

3 |

AT 2 A1 synsets Y99A191 Dog

<

wLulaI1A31 dog Uil synsets agviangnguarangviinAlagaziueen 3 dunugliuy

v
v a4

PNUAD synset( word.pos.nn’) word ﬂaﬂaummﬂu synsets f1UAI1 “dog” pos ABTAUDIAN
11 “dog” Falva noun waz verb (nn QU part-of-speech ynefisiuny) Ao Fuaufiven §u
ﬁmamq’m uaﬂmﬂﬁmé’qmmﬁaﬁ'}mmq€] Y949 synsets lﬂﬂﬁzqﬂmﬁlﬂé’wmwizmmﬁqmsm
AudUTUS v IUsEnNaNe WlemAAuAdETeIR M oeNETS mmamu%uwuaaﬁw N3

o

LLﬂﬂﬂUiuI‘EJﬂG]’JBEJ’]Q“U@ﬂﬂ’]ﬂ“ﬁﬂ’]“&ﬁLUUﬂmﬁmUWU@ﬂ synsets YDIAANN ﬂLﬂ'UELUL’JiﬂLUW



»»» dog.hypernyms ()

[Synset ('domestic_animal.n.01'}, Synset('canine.n.02'}]

»>>»>» dog.hyponyms ()

[Synset ('puppy.n.01"), Synset('great pyrenees.n.0l'), Synzet('basenji.n.01'}, Synszet('newfoundlan
d.n.01"}), Synsget('lapdog.n.01"), Synget|’'poodle.n.0l'), Synset('leconbkerg.n.0l'), Synset('toy dog.
n.01"), Synset('spitz.n.01'), Synset('pooch.n.0l'), Synszet('cur.n.01'), Synset('mexican hairless.
n.01"), Synset('hunting dog.n.01"), Synset('working dog.n.01"), Synset('dalmatian.n.02'}, Synset|
'pug.n.01'), Synset{'corgi.n.01'}, Synset('griffon.n.02'}]

>»> dog.menmber holonyms ()

[Syn=et {'pack.n.0&'), Synzet('canis.n.01")]

»>»> dog.member meronyms ()

[l

A9 3 AnAslaadiusiuAdasalugULUUReY

S 2 ] o aa Y Y] a Y] |
synsets tufdunguussdniiauvanglnaifesiuniamilouiulusuuuusine aangy
fao8197 3.2 1Hun1sillsudidafielilusunsuiansaiAdnuduiusuuy hypernyms
hyponyms holonyms uag meronyms fufigiisa “dog” ynis1dieamsaiieg1ausylunvede

as a « y @ o Yo PN
NSALazUSUNURY “dog” Aamunsavilanen ng 3

PP

b>> wn.synget ('dog.n.01').definition
'a member of the genus Canisz (probably descended from the common wolf) that has been
domesticated by man since prehistoric times; occurs in many breeds'

»»> wn,synset ('dog.n.0l') .examples
['the dog barked all night']
Py

~ A o ¢ 0o A& Acacr
AN 4 DeuANNU9A AU UALISA
dmsuluusiaz synsets ¥04AmNY ARzausauIANNAGIeiuYeIRla Iagdsns
1 ¥ [y gj 1 I~ aal I =
marAuAaeiutuluseanidu 4 3lug o Ao
1. Edge Counting Methods 1nA1AMUARIEAUIEIAIAINAIINENITBY path NLTOUAD
wazAn NAUTalUgIdnAnnils
2. Information Content Methods n15iaanidarivasatasldanudululsnaziinly
LONEANS
3. Feature Based Method Jafanuadefiuvesmaedmanauauifvedaadn

ada 1

4. Hybrid Method Wuns51038n1smamnuaa e i uvedA191n@ 1 u3s nountin

bt

PavununsuIEluAS R e

10
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TaealUkaIN1TmAMUUTET (1) kagdsn (2) duaslivuldiuTeuiisuaingiudoya
Weaiu @359 (3) warddsn (@) asldSeuiisuangiudeyanuazgiu Tu NLTK Hagld35n1s
MAIANUATIELUUIEN (1) waeTs9 (2) Wiy uagdsnismAranuadengAnwideniunlyly

4

TUsunsuAanIsmMAIANAGIEueY Wu-Palmer Similarity ins1gAnfildannnismaAiuaggnusy
Al gauNILEY AsdA1feud 0-1 yenantdadnenon1sideanuy Miileaud synsets @a9Ann
ausathumaiuaaeiulagan1sriAtANAagues Wu-Palmer Similarity 9y 1Junns

WAL Edge Counting Methods #an1wdi 5

>»> dog = wn.synset {'dog.n.01")
>»> cat = wn.svnset{'cat.n.01")
>>» dog.wup similarity(cat)
0.B5T71428571428571

r» cat.wup similarity (dog)
0.B85T71428571428571

i

ANA5 AITAIANLARNEVBIANRNIY Wu-Palmer Similarity

RINAMA 5 AU UAURIALSIEITANTIN synsets Tanuaves “dog” uay “cat” neu
wadadenindesnsmeinnuadieiuvesseninngulnuanisaesaidedontaudaninunm
Alaan1sRNNAIE dogwup_similarity(cat) azidungudnlnulinudhdmdsilauwdlidndreglu
FUAUMEAIES AEUINDILTEMdsEduUNAUARLATLA N LA 9nfeensansEay
Y119 synsets ‘dog.n.01’ U ‘cat.n.01’ AilAAe 0.8571428571428571 winfiu agiiulad
& K Yy Al Y a ] Y R a
N9@04 synsets dilArpuadelalndiAss 1 uinwinla duminganiIvisd@ss synsets Iaau

ARNYAULINAINAITUIANTEYY path AININT 6

538% path oy AIAIILAAIEHIN 3%8% path 17N AIAUARIUDY

AT 6 BFUIBANEUNUTVOIAIAUARIBAUTZEZUINVDY path
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lunsveaesnsvenemaupulaganfamatinisnisdanguan lnsadaaniunldlunis

NAARINNIINNAUIUNTU WordNet hazia3aile NLTK d1v5un1suszananan wsssuysns wag

= |

HagdnsanveIziaueteyananisInngulugUresnnukugll lun1snaaesll AAuAugldsey
TuAasaggnihunivuadunguasudunasihinveedumAufugaivi wagihunAuaulngdn
ST BaATagveetuIzInInANvIIngeglungy Synset IdaAuniely WordNet Janguen
wallladnisdndunudt Synset msvgreAAuAulagodemaian1sinnguilaiieling
v S o o v oa U o Y A a omy @ ' v o

AeansvengeentuiuinnununenlndifssiumAuAuaungldsey Inon1sdnnguazerdu
a [ ] va o v o A = Ao A va ¥ as < !

Heudnit Wunaandiivanainadeinusng ddduanideiladenldnawunsuidsads 91nd
Synset N133a3UkuuvasAleuAn lieglusuvesinnes dmsunismnguarniauaud
willouvseadeadaiulunisdanauAiruay dmsudiegnesdtenudny ¥esdndn ant bat uag

cat Mduuny daludl

wn.synset(“ant.n.01”).definition() — ‘social insect living in organized colonies;
characteristically the males and fertile queen have wings during breeding
season; wingless sterile females are the workers’
wn.synset(“bat.n.01”).definition() — ‘nocturnal mouselike mammal with
forelimbs modified to form membranous wings and anatomical adaptations for
echolocation by which they navigate’

wn.synset(“cat.n.01”).definition() — ‘feline mammal usually having thick soft fur

and no ability to roar: domestic cats; wildcats’

NN 7 ADe1uveIAAENNIN WordNet

mileuAnviargniandalvieglusuresinmeiiarazgnuszananamemaiianis
USTUIANANIWISITULIR NSeseNenaIsnaunIsuseianalsenaunig

1) MsUsTInanamuazns¥sIndny Useneusetunsunisuindnuseiivey
$ee1aU punctuations = 10-0{}:"\,<>./2@#5%N&* ~ AmSuinIewngsnasERLANTNUDY
anmn SneananUselondoudmiiiiteandsuniuitenainiu wasnsinnsosdniilide
AINALNEBNINLENENS AITinules (Stopword) Lﬁmﬂumsammmﬁmaqﬁmqm LazanAIY

AanaAaauluNSAIUIN
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2) mawtasdemuiliieglusurasnnoiuaznisansu Wusumeulunisdnguuuud
fouvosdileglusuresnnines Instuneuiasinisansunesdlieguassindwy sndoena
U Msdindsong (suffix) 8an M3ia —s senarndmyway iy Feazdivanmny
vanmaNBesA Wwumsiasusufaume waznianan lngedeinatianisii Porter
Stemming

3) M3dnnguionans Wumsmeanuadendesimiiungluisazininesiio
Fiiothierdandanguauiiiivun Tnefdifinnundrendeiuandeudnsiozgmitandals

I A P Yo a ] o o e A o v & a aa v
QQIUﬂQQJLWEJ'Jﬂu G?NLTW%I?N‘T]WWUIHLLW&%ﬂ'sjllﬂ']ﬂWVl‘L!L‘WE]GUEJ"IEJQ'WQUF’]UQWﬂﬂ'JiLﬁJG]u

Threshold = 0.5, Input = [bird]

2411 synsets of [bird] are [Synset('bird.n.01'}, Synset('bird.n.02'}, Synset('dame.n.01'),
Synset ('boo.n.01'), Synset('shuttlecock.n.01')]

Similarity between Synset('bird.n.01') and Synset('kird.n.01') i= 1.0

Similarity between Synset('bird.n.01') and Synset('bird.n.02') is 0.235294117&47
Similarity between Synset('bird.n.01') and Synset('dame.n.01') i= 0.571428571429
Similarity between Synset('bird.n.01') and Synset('boo.n.01') is 0.117647058824
Similarity between Synset('bird.n.01') and Synset('shuttlecock.n.01'}) 1i=s 0.4

Syn=ets have similarity more than threshold are :
[Synset('bird.n.01"), Synset('dame.n.01')]

Lemma names of Synset('bird.n.01'}) = ['kird']
Lemma names of Synset('dame.n.01'}) = ['dame', 'doll', 'wench', 'skirt', 'chick', 'bird']
The result from expandsion are ['kird', 'dame', 'doll', 'wench', 'skirt', 'chick', 'bird']

AN 8 N1FINNGUAIAUANEINTUAII ‘dame’ wae ‘bird’

[

INNINT 8 WARINITIANAULENAT UMD USUALYBINIINAGBUIINUAAWNIYEan 1T

1 0.5 Fawadnsnlanuinvelirngninlveglunduieiiunsinianumingmilouiumsonsads

\ o v A o A = o o A ! A o a v = A o °
Aafiudne waldlomuuafiasduinuuanuinglunguasiiduiundesasluasmdeliived
PHANuNUIEAR1ETUNINTGIVUY HI9819N1VENLANAUAUEINSTUATIIN ‘dame’ Tusaud 1 agle
NANAN
['dame’, 'doll, 'wench', 'skirt', 'chick’, 'bird']
a o Y A o 1 (L. 5 < [ % 1 o | dy
wagluseunantveinsvenemAuAuaINAI1 ‘bird’ Aaglanguansolull

I'bird', 'dame’, 'doll’, 'wench', 'skirt', 'chick’, 'bird']
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aeannstlaan wirdu 0.5 andeyatndi A191 bird Ao 31nfinaraunduiiiesnis
gNAI0819N15INNTVEIEANIINTDLANEIALAEINTI kaITayatd1919d AN MR
PNNFUANAYITU NNGUAMAIEY nas MSeududnguAfedItuansaivilnvesdn (part-of-

speech) Awpnasiula

4. Wan15NAavYe (Experiment Results)
1nnsnaassnsiangudannieudwiiiodsnlddmiunsvensfdudiu Tnglu
Nuiseilatdadendiann 4 Tawuusenausie Entertainment, Technology, Business Lag
sport lngtiordinuluudazlawuninismedieudniietundandy nsianauay
UsziiutuagAnaindn Precision A1 Recall uag A1 F-measure 9nKan1sAaoslugufl 4.1 4
wansAmEITLSTEnINsAImIlead LagAadsnuwiusRInHaveInTaaedlagld Ay
asnguionguiiuuazinien Taunsalead 0.0 - 1.0 fernsalsadfundulinadidaiu
ponlunanednuay Wothuailduvinsiingsiudagiliniuitdmauuiudivesnds
AunuaziiangnitAianuutugivesngudinien lagdedaainaadsninuiiugi (Mean

Average Precision)
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HI99NNANAUNNTUITLAIUVAINVAEUAZIANIZIIZIININGUAINTET IIiNANTS
AUNLBNATTATINUAIADUYDINITAUNILINNIUAZAIAULINEIT989nd1 Bndsenisnilane

AnseruAdenuniglanatnvangdsgninluldlunanelaw vilrdndaustiuglanad

| v

ldgeunndn a1nuaindunteiutunswNauyfgIuinsdumdlngagldduuuinnia

o aa i i

An3e dmsunguanffiawiugilusziu 1 duazdodndumniinnuadioadsiuiaiunse

inluldlunmsveneidupulaunfigauasnaintuuarldrngesawn Fanuaniseeneaile

=

= = LY ! ° as = 1 = 1 v Y | 26 ¥ a
WIgumgunuan Syﬂsetﬂuu%uqiﬂﬂmiﬂUUﬁWUUWQBNﬂQWNumﬂmWQﬂUUWQuﬁﬂi%mﬁiﬂiuﬂﬂﬂﬁﬂ

o o A

ey kazdnwedfundwnalaannnisnaassdnegranialawnnisveneailage1fuaInINm

o
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Ad1eINgIuteyasainiy vmtuagliianuadevesiindifewioieuasiduy 0 an

LY

NISAIN WANTIAIANATIBINTE AN Adalimegviliveulunvainisuenedining
1 Prlianunsainatunguaiisinisvenglaunduaulliie Weldaunseleanainnis
naaestsiunIImaaeieluaniinAnlaluTananisdunilagnisusuadmidndaus 0.0 - 1.0

WAIAIUIURIAN Average Precision ¢ Mean Average Precision %a%i’mmamﬂaawm%’aua

Y

' I
1 o a ¥ aa v a

lnggausnldianiznquarstinduy wasganaesldnguamauninssidamiuuuasAnsenineii
HANNLATIERANENRUSSENIATnnLazAAukiug) Tun1snaassyinlismsiudn
ARALYDIALRRYANLINENVRINTNAARIATIdRsllAIguazlaAUmTn = 0.2 Nidade
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5. d3Una wazanusiewa (conclusion)
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