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A Comparative Study on Term Weight Techniques

for Thai Document Categorization
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Abstract
This research presented Thai document categorization framework. The comparative study
focuses on how to calculate the term weight values that give best performance for Thai document
categorization framework. Our experimental results showed that ltc weight method is most
effective on Thai document categorization. The best performance for Thai document categorization

is support Vector Machine classifier with Itc weight at 8000 features yielded a very high
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classification performance with the F1 measure equal to 94.50%. Followed by a Naive-Bayes
classifier with ltc weight at 10000 features yielded performance with the F1 measure equal to
90.85%, and finally a Decision Tree classifier with ltc weighting features of the 8000 performance

yielded performance with the F1 measure equal to 74.50%, respectively.

Keywords : Term weighting, Text Categorization, Machine Learning
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Talsendaussnuuypaiuesnunnmsz lidesrdodizeing lumsiwunlsznmenans
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wiolSunlasunuanyvesonals [1-2]
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taziudWiug (Naive-Bayes) [3]
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(Longest Matching) [4]
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2.4 MINIINFANN (Stemming)
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M = nuvesmmanuasiulunnngy

9 ' y
n, = SwuenaIsNHLANLM i Nadiu

2.5.1 Boolean-weighting (binary)

' .:y a a o ' Y Ao a i =}
mu%zwmimmﬂmsuagmmm‘lmmazmnms ﬂ1uﬂ1ﬂ51ﬂ§]ﬂ]1uﬂﬂ1ﬂﬂ’ﬂ 1io
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Ny 1 ﬂ%"lﬂmrflu 1 me'lnnﬂmu q ‘1J§1n§]agmﬂ%zumm1ﬂu 0 13INDNDYINHUINA

ﬂmﬁnymzmmﬁa (Boolean Feature) [3]

_ 1 if fu >0
* =1 0 otherwise

2.5.2 Term frequency-weighting (tf)
iLiat a = o A ' o = . <
milvzRnzannaudvesiinyng lunaazionas Tasase Sdrlalinnuduinneg
¥ '
Taanihminadiangal3)
ik = fik
2.5.3 Term frequeney=inverse document frequency -weighting (tfidf)
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’lik:fik*k’g(g)

7ti

2.5.4 Term frequency component-weighting (tfc)
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2.5.5 Log-weighted term frequency-weighting (ltc)
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2.5.6 Entropy weighting (entropy)
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5 [ (2)])

ai, = log(fi +1.0) * ( log{ N

2.6 M31A0NAMANYE (Feature Selection)
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a+c
F - measure=

. a T
precision :—b Precision + Recall
a—+ '

Taoli o= $nnuenarsiegluvnany ¢ uazdiduuminnehegluniany ¢

b= Swuenmsihioglumnan ¢ tazdwauuminnshoglunian ¢

c= Snnwenashogluvineny ¢ sazdrdmuninneivhisglumnany ¢

inpuenmsi lisgluvuanmi ¢ uagdidwuniue i lioglunuaan ¢,

d=
¢= nguilszianvotenmisiaulaialszansnm

3U7 3.1 nuuHaesmsdanuianiendls
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4. #ANIINAADY

mﬂmamﬁwmmfhﬂymﬁﬂiﬁ’ﬁﬂﬁ%ﬁuumﬁqq FwiudanesnuMITaniany
nsdalsznoudresanesiudulidaduly (Decision Tree) WBWIIE  (Naive-Bayes) oW
NosNINRET NI ( Support Vector Machine ) Tnanaassfiungualndiaenaisin
aIneimau 10 Yszian $wau 2000 183 Faiimsnsznedivesngudteduniiude

2 Y o ::y
ﬂﬁzm‘naz 200 tonang “]f\iqﬂwﬁﬂﬁ‘l’lﬂﬁﬂﬂﬂﬁu

a "o @ Ve v a ' Yoz .
MINN 4.1 wammﬂammumuniwmwmmumq Tag14$3% Support vector machine

F-Mggs rt Vector Machine
feature boolean P R e L litc entropy
100 78.40 74.35 74.35 76.70 80.25 80.95
500 87.25 85.80 85.75 87.65 89.25 88.10
1000 90.85 89.00 88.95 90.15 91.85 91.70
2000 93.30 91.15 91.15 91.55 93.95 93.40
4000 93.40 91.65 91.65 §2.36 94.20 A3.55
6000 93.75 TW'S 91.75 92.80 94 .45 93.60
8000 93.70 92.30 92.30 93.45 94.50 93.95
10000 93.70 94 .40 94.00
average 00.547 . | - 9181 | 9116 .
95.00
=.90.00
g spems OO CANTY
@
2 £5.00 =t
§ S auilel}
w8000 S i i
| C
75.00
== oniropy
100500 10002000 .4300 6000 8000 10020
Number of feature

310 4.1 nnwlaSeuifieudsz@nsnmnsSanuamidaomdsiinuudieg 1061935 Support vector machine

i & o mw o E ) " o
nnminaaslianimininussiinuuaeg uaziIMaiseuiAesanei iy Support

b4 !
Vector Machine 1a83A910A1 F-Measurement @1130a30 181 msmwnaaniminmedds

v a9 { A

an X ) v A a o ' = aa
AYUAIIT  Itc weighting 1141]53?7“591“ﬂ'lﬁﬂﬂﬁu?ﬂﬂgiﬂmﬂaﬂ@@ﬂﬂﬂlﬂ‘ﬂﬁﬂ D 91.61 %

a
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A . . a a { " 4 Y
smmmtflm'ﬁ entropy weighting lszansamilaemas 91.16 % L% boolean weighting n
Uszansnmlaomas 90.54 % 1WeN15AANTUWUINT Ite weighting 1HUszanTamlu
MIANVIAMYBNAIMHENTIMAITNNININAADWUDIIZAY 500 AmdNBMz  wazile
a A S ) a a ) o ' A '
Wnsanmwesnawalilszaninmaunsiavinangienaismu Ingdnga  vesm
cy @ as 9 @ asf . 1 aa . . Ao
UIMUNNNIT AIYDANBINY Support Vector Machine WUI1 1% ltc weighting N191UIU 8000

@

Auanbuy IMlszaninmagansza 94.50 %

o Ve e e A ' Yan e =
M99 4.2 ramsnaaesaniminlinuastinuuaieg 1aele3s Decision Tree

=
F-Measurement /Decision Tree
feature boolean ; tic itc entro
100 69.30 70.10 70.05 69.95 69.35 70.00
500 72.65 74.35 74.30 73.25 72.65 74.20
1000 73.35 73.80 73.90 74.45 73.85 73.75
2000 (2.75 73.60 73.65 #8.50 73.45 73.60
4000 7275 7345 73.45 73.80 73.85 73.30
6000 72.60 78,35 73.30 355 74.15 73.15
8000 72.90 73.35 7339 ¥ 395 74.50 73.20
10000 73.30 73.50 73.50 73.65 74.15 73.40
~ avera = 2. 7 3 9 | 7324 73.08
Decision Tree
75'00 M L Kol Koo X ¥ | e . v B b A B
74.50 -
= 74.00 =
@ 73.50 ===y 00leaN
£ 73.00
3~ 72,5008 PN
9=72.00 © o tFilf
2" 7150
(v 71.00 it
70.50 e | £ €
70.00
e QN LFODY

190, 500 1000 2000 40006000 8000 10000

Number of feature

3N 42 nalilSeuifien)sc@nsaann s Saviranydomewiiiunaeg 1ao1435 Decision Tree

v
Y1 o o Yo o A ' o = @ a
nnmanaaesaniminldnudsiinuuamen nagimsiSouidiesanaIiy Decision
v :
Tree 1A83A1NA1 F-Measurement dnsoa3l1din mssnnaanihminieadedsiiasis

n 5 Y a a [ . a dd’ A ad
ltc weighting ‘lwﬂizﬁmﬁmwmsﬂﬂwnaﬂwgiﬂamaﬂaaﬂmﬂwqﬂ e 7324 % seaaauis
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1 v
. . Y a a @ a. 1w [
tfc . tfidf tf weighting 1¥UszansamIlaumas 73.19 % 113 3 35U vazdaunily entropy
' B ¥

weighting 1lsza@nsnmlaomas 73.08 % NAMIFananuTuaeumsmuIAnimin

as U d” Y F4 a a o Ty @ asf i 1
voIsAe At Iiwad sz aninmmsdanuiavynusane3 iy Decision Tree hitAnA1
MINain leRnIannnnIMnuIIt e weighting THszaniamlumsdaninany
PNAIHMHBNINNITNRININABBINNIZAVIIDAAAMANHULIING 4000 AMANHUY  LAM

@ Q‘ 1 a’: nad’ Y a a Ao 1 4'1 a a o‘q'| Y
AadnyazanIiuIsouszlilszaninmnann HAZIIPNT BT RS Naara 13

' v

Pszaninmdumsianangienaisnim Insdngavessnininnnis fedana3ny

. o ¥ oy . % Ao @ Y a a { o
Decision Tree WU13B ltc weighting 191191 8000 fudanbmz IHszansnmaganszau

74.50 %

M51ah 4.3 namsnaassitimiinlinudriuyudiey Taalds

Naive-Bayes

i
73.50 nirop
85.45 o
88.15 P~ .
90.20 -
o 88.45
5 87.70
s 87.65
90.85 o
SYeY. I 549
95.00
90.00
-
o =g boolean
g 85.00
; ol | |
w
5]
@ 80.00 "y
E i
w A
75.00
PR - ’t(
20.0p +— ——
100 500 1000 2000 40006000 8000 10000
Number of feature

31 4.3 navlfSeudionszansnmmsiamnanydremdsiinun 1as1933 Naive-Bayes
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@

Por o a8 , o A Yy ax .
i]Tﬂﬂ1§Vlﬂﬁ'ﬂ\ﬁ,ﬁﬂ‘lu'lwuﬂ(lﬂﬂuﬂ‘]fullUUﬂWQ"] HAZNINITLIIIUIADANDINY  Naive-

L]

v :

o 1 1 o 1 o o v o Y a,
Bayes 1083a91nA1 F-Measurement ansoagl1dn msdwnaaniminieadedsiidiods
Itc weighting T¥1sz@ninmmssanunanyTaomasesnuiaiaa fo 87.48 % sesawiluis

. z aQa a y o 2 Y a a y
tfe weighting 11)5z@nTnmIauimas 86.99 % 1182 boolean weighting 17UszaninmIasmae
86.91 % 1HBNITAUINNNTIMNUINIT ltc weighting 1HszanEnmlumsianuianyionais
mdenImnITmMInaaemnszAUINDIEAY 2000 Audnuz  endufiszdy 8000

@ a . . 2 v d v A A A P ) . P
AUANEULA tie weighting AnInanios uaziiieNnsawisiees ndwwalilszansnmdu
' 9

Msvanuanyiena1sn e Insangavesaniminnnis arudanaIny Naive-Bayes WUI1ID

Itc weighting 1911491 10000 Auanyuz THUsz@ninmwaganszau 90.85 %
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5. agUmanazvetamonuz
aw dy Y o ad o ' :‘ o Y o a ' o

il laduaueIsmsdnnaduiminldnudsiismaise wazihimsan
AuanyayTaol935. Information . Gain  AIMIMIIMESauidnesaneinuAToTnT M3

v » i
Goudne  33% TagvinaadnyuSounsuIsnismuiuanivinim g aunaz il

' ¥
Uszaninmanigalumsiamjientisdnamring  snmsnaaesnuhmsiuiaaiimmin
TR UATHA8TT Itc weighting ilowargunsmannaalilse@nsamlums taruavyjianais
~ 4 é o o g’ o 4 2 a 4 a
M inednge  WemsuiumsAnmaniminuwudug luynsanesin. - taziloinzan
= 2l A a o ' A v (o a

W3 Miwes nawa ldszansnma wns sanuaangienarsn Ingdiga - wuhidaneTim
Support Vector Machine SIUAVTT lte weighting A91312U 8000 ﬂmﬁnymz 11?1]535%%31Wﬁ%1ﬂ
M52 94,50 % s0300niT15aneTNY Naive-Bayes 33uAUT% lic weighting 1311431 10000
Audnbuy 15z AnTomAgan Eal 90.85 % agganigoanesny Decision Tree 3IuTUAT
Tt weighting 31491 8000 Rianvaz WalszdnSamaganszau 74.50 % muday

A o o 5 a o . v ' =

dannsanilsouieulssansnmlunsiavuaanmjiondis AreAUnaY F-

an s iy ¥ a ) " 2 . { { o

Measurement a3873% It weighting 1735 thidf weighting mrflu'ﬁmmgmﬁnfluﬁuﬂﬂums

° v

Y @ A ! o a v
a3ar {117 wyhmsaawiuiiassaaudanesny Support Vector, Machine Iaglda

a a

UMINIT e weighting -~ 1d)sz@nsnmlunisdanuianyienas laowdoganiis  tfidf

weighting @519A%UN9. 3.18 % WanaaauiuLLYT10094 1062005 N Decision Tree 33 lic

weighting 1#sz@nsamiunisdanananijionais lasmogendis tidf weighting 1anvon

]
=

N 005 % uazileNATOUAUIUUSIADIAIIOANDINY Naive-Bayes 3B ltc weighting 1%
dszaninmlumsdavuianyiena1s lnemasgenincig idf weighting 13 4.82 %
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oA

(Information Retrieval) lumpiaeyszma  wunidszansmwmsduaulumnasing  in
Iq y: v v Ao v o o ]
Uszgnaldlumsliihminaviinuenans Tunmsafauuvdraesnmsianuianjionals

o h s o v @ ' ‘i‘j as o ' T Y Y]
mlne  BadsmsldanihmindenaruduisnsiGeuae  Lisudeunaz 1$a1ms

Uszananaries usansaduuniend s Idifueded Fanmaradana lidIvedad

uuuSmeuNeiAIZIDIANLIANENa 13N Inoda TuiA (Thai Text Categorization) i)

a a ° 2 o 1
Uszamiamluewine  Mldaanimensussauuysdlumsuenuezionas 1diduesiaunn

v
Ay Ao °

v 1 v 9
uenINtiuramMsnaasdn lannaudteidianinsminsmssuaanimin i susyin 1
Uszgnanuaudong wu msadudrilliiumsdanseaonas (Document Filtering) M3

o w =~

varhArtion Tuiae 19 lunsAufuena1s (Automatic Indexing for IR System) N33 1981l

'
A @ J

<
INDIAUIANYVDIIVIND (Web Page Classification) Lﬂué’fu

a a
naanssnlszmea
E4
NIl 1dsunuganyunIs i IvessAuTudaanm - WIneamn TuTagnsssou

a o aa g A
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a 3 () aa F o ' { Qv y
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