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ABSTRACT

The increasing numbers of web pages on the cyber world result to the
less effectiveness of document retrieval that matches the need of users. The
classification of web pages is one of the solutions to solve this problem. This thesis
proposes new idea for the web page classification by using feature reduction and
Support Vector Machine. The model of Web Page Classification Using Voting Algorithm
and Multi-Class Support Vector Machine (WPC_VAMSVM) has been constructed and
developed for the web page classification. Visual C#.Net is used for programming in
order to web page preprocessing process, Command Line Interface of WEKA is used
for feature reduction process, and MATLAB is used for classification and voting process.
The model of web page classification composes of 4 steps; step 1) web page
preprocessing, step 2) feature generation, step 3) feature selection, and step
4) classification and new voting technique. The experimental result with the CMU
benchmark dataset show that using text and title feature with 1vsAll_Voting algorithm

gives the highest F-measure value.
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° o ! ~ \
Fwau M(M-1)2 uazluualy M $uau madSouisuasilSouifisuszninmilsnaada

2] | A A A o ¢dV o o A o o A
wiksnaalasay ldaulanaaduiinie naawsi ldazduiiuandudronIasnvelnua
s & Y v ¢ = a & & A 1Y a A
TauagnunaawivasmanTeuiiauluesiiu 9 WaidunmemaSoufisunolnualy

=3 A 1 gj | a 6 o
1@ NaznaINAARUBLIUNIINTVDINNTILUNLTELAN

1.1.4 N1 IAZLWLELS (Voting)

v a & aa AI a a o
ﬂ']isL‘ViﬂzLLu%LﬁElGLﬂ%'lﬁﬂ'?iluﬂ'ﬁl,wNﬂizﬁ“ﬂﬁ.ﬂqwmﬂGﬂ']iﬁ]']LL%ﬂl]izLﬂ‘Yl
o v gdV o o ' v A aa A K~ @
I@]U%WNﬂaWﬁ‘Y]vL@ﬁnﬂﬂ'ﬁ‘iﬂLL%ﬂU'ﬁzLﬂ‘Y]ﬂa%%%’T‘ﬁﬂ&l’ﬁnﬂ 2 IDINIRIDNUINNAINUY 1]'11'1)\

ALUUBLTIVDINARNTUALRONEIA B UVRINM T IUUNLTELANANNI DN IHIBaaNaINNTBS

¥ ]
a = [} a 04

aa o a PR Ao Af o o ca o
SFATIA A LWL REINUNLRNE TWIFVNTRANNITH LT% FAITUINRINTN LARINNNT
FWWNEIY SVM Lol anu s lanIcgadtiane anemeuadaiiisa Lazansmeuad
WA HIBDANAINUNITIAASUUWLRDILNDLA UL T ANTAINYAINITI WAL T LAN S
= . Aad o a o &4V o
LIULND (Rung-Ching and Chung-Hsun, 2006) 3TNIIRAZLUILTEY INHAANET LFaN
MIFILUNGIL SVM laslansmsianiziuand1dn 5 siiafa 1) Text 2) Title+Heading
3) URL+Anchor 4) Title +Heading+URL+ Anchor+Text 5) Title+Heading+URL+Anchor
Tagnadnt M Isuwnnd 5 35 gausuinduwaarani NazliuaansuaInITIILBNAAAANR

@4N&17 (Rui F. et. al, 2006)

1.2 Tagiszasavailaonis

1.2.1 &Puuudrassdmiunmsiuundszsaniuwalasisnisanuia
ANHULANZLRZTNNDSALINLAD S LN TTU

1.2.2 W ldsunsudansunsiwuwndssnniumwalasisnisanzuia

ANBULLANIZLRZTNNATANINLAD LN TTU



1.3 YaULLANTITATLHIIW

1.3.1 WaWaanasNNwasRIILUUIIaaslmIIwunUssianiumwalay
MINAVIAANBULLANIZURSTANNDIALINLAB TUNTTU

132  wawmldsunsufiosuuntszinniiumwalasnsaauwiasnms o
LNIZLAZTANDIALINLAD S LT T

1.3.3 ﬁﬂqwﬁa;&ammaau leun
® http://www.yahoo.com

® http://www.cs.cmu.edu/~WebKB

1.3.4 U3z indse®NTANVaILULINRIN8A1 F-measure

1.4 RADWNITANLBBITBLALILZLIRINTITATLBING

1.4.1 FneanisouazionaIniiietasfnsumIs Nl nSumna

1.4.2 ﬁﬂmmﬂiﬂaﬁLLazm‘%'aoﬁaaﬁfumgu

1.4.3 SinnzduazeanuuulUsunsudmnsunmssusndszinniumalasd
TUAEUMTIUWNUTANIUINALTZNO LRI 4 TUADURET

o =

144 1 93ouTanadnsuiiunasey o duwtenanldlunisia
L]

U
dezantnwsesldsunsulumsduwndssinniiuimwg
1.4.5 Ranansaziamzniagiiasadwmiudayadiuasiionanyme

o

NIENEAYRATUI MWD TEANI LN

=4

14.6 Sunwniszinniiuinadiginiosdef ldwaniudrdinszhuas
Uz findseaninwaasasasda

1.4.7 Walw lsunsuansumIsuundszinniiuing

14.8 nagauuazdaaslsunsudmIuMssuwnlssAn I uma

1.4.9 Iavenansusznavlysunsudansunsinuwnd ssinniIuma

TN 1.1 MTUEAIIZHZLIA TN TG AT
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Laaw

¥
NANIIN/ANADWNIT

. - 2551 2552
ANLBWITN

= o L%
1. @nsuazrinanuiala
ANBULVDIIVINILAZNTAA

VUIANHULLANIZITAN




TN 1.1 MTNUFAITZIZIAINIIANAWY (60)

- P LAan
NAINITNANABWNNT

2551 2552

ALB I

2. @nwnafiamsiasoy
ﬁagamm%mwa WazATNT

FBNYUTELAN

3. Anwunaluladuas

dll A =
LAIDINBRUU ﬁ‘l{;%

4. %Lﬂi’]ZﬁLLﬂZBQﬂLLU‘IJizUU

5. W32 UL

6. NARALUAZAANITZUL

7. aviensTdssnaussuy

LALLM U UHNAINWIDL

8. IAVLANRITINLNANUT

L4

1.5 aauiinazia3asfiafilzuise

1.5.1 goufivhasn

#oslJUAn1snauiaeas CS207  NATTIINEINIIABUNIGDT AT
INPNEFAST WININLIRUFITAUAIUNT INBUVARIA 1Y

Y o

1.5.2 1a3adianlaviniay
2 6 6
1) uasauwas
dl' a 6 o dll
- AIDINBNRILADTINUIU 1 LATA
- WUIPAIININ 512 MB
- 313a6a&n 80 GB
dll a 6 o dll
- AIRIRNNIIWIN 1 LATaY
2) euTaNauIY
- IﬂiLLmuﬂﬁ?:qﬂ@T WEKA 3-6
- Iﬂmnsuﬂnqnﬁ MATLAB 7.0
- IﬂiLLmuﬂﬁ?:qﬂ@T C#.Net
- Tdsun3y compile java (j2se)

- 3xuudfjUsin1s Microsoft Windows XP



1.6 Uslaminaininazlasy

1.6.1 lduuuitaesdnsudwuntssianivinalasiTnisaaauia
ANHULANIZLRZTNND S ALINLAD S LN TT Y

1.6.2 laldsunsudgniudrwundszianiivinalasdinisanuuia

AN USLANIZLRZTNNDTALINLADTUNT T



UNN 2
Aad A (Y] V) o ®
NHINLN El')‘lla\‘]ﬂ‘ﬂﬂ'liﬂ'lLL%ﬂﬂizlﬂ‘YIL')TJLWQ

NORHE1Y 9 NNeITaInuNIFwuNYsziAnivdsznaudls 1IN
Anriwasdl nmahidadnge  milddihwind  mIsaswesnsuzianz dwweia

LINLADTLNTTY G LUAARWED C4.5 RBFNN LazmsUsztdniszansnw

2.1 NIHIIINANNYDIAT (Stemming)

NNANH ﬁagmmuLawnaoﬁwﬁﬁavlﬁ"L@TLauﬁwqﬂaﬁﬂ (Prefixes) 386N
931 (Suffixes) MImITINAWA Jdunsmzliduvasdl iedsuswlhidudaann
msmnanwsilunszuaumsfiarsineumsihdunaianlfifesuundszinnIuima
m‘smi'mﬁ'wﬁmaaﬁﬁmm5@ﬂqmﬁﬁ§u@auﬁLﬂugﬂuuus‘fidmm‘smﬁﬂuLﬂué'aﬂa‘%ﬁﬂu
mammndwiile lasanhnsliasmumdnguiingunasinuinew dminauwianil
1614 Porter Algorithm (Porter M. F., 1997) lumswiinedwst Usznouds 5 Gunamuds
AMwisenay 2.1

Step 1a
Suffix Replacement Examples
sses ss caresses --> caress
ies i ponies --> poni
ss ss carress --> carress
] NULL cats --> cat>
Step 1b
Suffix Replacement Examples
eed ee feed --> feed
ed NULL plastered --> plaster
bled --> bled
ing NULL motoring --> motor

s 6 v ad
AMWUIENAY 2.1 MIWITINANNAI82T Porter



Step 1b1

Suffix Replacement Examples
at ate conflat(ed) --> conflate
bl ble troubl(ing)--> trouble
iz ize siz(ed) --> size
NULL single letter hopp(ing) --> hop
tann(ed) --> tan
fall(ing) --> fall
hiss(ing) --> hiss
fizz(ing) --> fizz
NULL e fail(ing) --> fail
fil(ing) --> file
Step 1c
Suffix Replacement Examples
y i happy --> happi
sky --> sky
Step 2
Suffix Replacement Examples
ational ate relational --> relate
tional tion conditional --> condition
enci ence valenci --> valence
anci ance hesitanci --> hesitance
izer ize digitizer --> digitize
abli able conformabli --> conformable
alli al radicalli --> radical
entli ent differentli --> different
eli e vileli --> vile
ousli ous analogousli --> analogous
ization ize vietnamization --> vietnamize
ation ate predication --> predicate

MwUsznay 2.1 MImINNANTIe83d Porter (fa)
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ator ate operator --> operate
alism al feudalism --> feudal
iveness ive decisiveness --> decisive
fulness ful hopefulness --> hopeful
ousness ous callousness --> callous
aliti al formaliti --> formal
iviti ive sensitiviti --> sensitive
biliti ble sensibiliti --> sensible
Step 3
Suffix Replacement Examples
icate ic triplicate --> triplic
ative NULL formative --> form
alize al formalize --> formal
iciti ic electriciti --> electric
ical ic electrical --> electric
ful NULL hopeful --> hope
ness NULL goodness --> good
Step 4
Suffix Replacement Examples
al NULL revival --> reviv
ance NULL allowance --> allow
ence NULL inference --> infer
er NULL airliner --> airlin
ic NULL gyroscopic --> gyroscop
able NULL adjustable --> adjust
ible NULL defensible --> defens
ant NULL irritant --> irrit
ement NULL replacement --> replac
ment NULL adjustment --> adjust
ent NULL dependent --> depend
ion NULL adoption --> adopt

MWUsTnay 2.1 MIMINANTIes3d Porter (f8a)
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ou NULL homologou --> homolog
ism NULL communism --> commun
ate NULL activate --> activ
iti NULL angulariti --> angular
ous NULL homologous --> homolog
ive NULL effective --> effect
ize NULL bowdlerize --> bowdler
Step 5a
Suffix Replacement Examples
e NULL probate --> probat
e NULL cease --> ceas
Step 5b
Suffix Replacement Examples
NULL single letter controll --> control
roll --> roll

mMwisznay 2.1 MImINANTIa83d Porter (d8a)

2.2 NMINNINAYYA (Stopping)

nIfdad1nya vunisindntainediewaanly lapnlavinly

o

v
= o a

P o AN 1A e o o A Aq o o < )
ANunEngvadtanaslaswilas dnlddnedans vansds dnlsnuwlasnalylal
ANurNIEIALdalang s 9 Ladnaanainianasualaz lildlannudsagaes

ai A Ve 1o w P
lonansiufsuudas T91aLAG1a9a131990 2.1 (Frankes and Yates, 1992)

a13197 2.1 Stoplist Word

a been get least our them whether
about before getting left ourselves  then which
after being go less out there while
again between goes let over these who

ago but going like per they whoever
all by gone make put this whom




a15197 2.1 Stoplist Word (s18)

12

almost came got many putting those whose
also can gotten may same through why
always cannot had maybe saw till will
am come has me see to with
an could have mine seen too within
and did having more shall two without
another do he most she unless won't
any does her much should until would
anybody doing here my o] up wouldn't
anyhow done him myself some upon yet
anyone down his never somebody us you
anything each how no someone  very your
anyway else i none something was

are even if not stand we

as ever in now such went

at every into of sure were

away everyone is off take what

back everything isn't on than whatever

be for it one that what's

became from just onto the when

because front last or their where

2.3 N3 1HKRAINAT (Word Weighting)

mﬂﬁﬁ’mﬂfﬂﬁﬂLﬂu*’ﬂ'm}aummﬂauanmstﬁalﬁaglugﬂLL'mJﬁ

ABUNILABTRINITE L%U%?T/Lﬁ M3nTeiBastdwnIes 1AL ulilanITa a8y IRIL

Y o “ A a 3 U J a IA U
lﬁumzmumﬂ‘%ﬂug FATUINENAWWT LA LTINS TF-IDF  Satdudsniinsanlans
2edUNIaNe TF-IDF (Joachims T., 1997) (dulthdiwimsinnnnainanuivadiniy

Unnguesdi ¢, lwenans o uazfansananuizesd ¢ Aunngluenasduiiudae
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lasdumdadt dndainglwenansasady afidnimiings dudndaingluenas
warsatuazdaimind) thesanilud i ldusasisanwmeianizrodionsswi

AIRNNITN (2.1)

Wi #(te.d )xlogd (2.1)
bR #Tr(ty) '

Tag |Tr| 2 IWIBLBNRITNIRNA

=)
f
A o aAa o

#Tr(ty) A8 IWIBLANRIINUA £,

#(t.dj) Aa Srwwmidnnguesd ¢ Adningagluanas o

2.4 MIAAVHIARNHIELBNY

= A a ' =< = AA o o =

Guwandewialug nuteds Tuwandsnwinanemeiawizan o9
aﬁ’wmué’nwm:mww:ﬁNa@iaﬂszaw%mwmaamsaﬁ’umﬂﬁmwgﬁmwa 1389910
@ AR A ~ o A o @ o | < | [ o
aaﬂasmwiﬂumilﬁwgmaa‘mmmLLuﬂmmmﬂ@umvl,llvl,ummimaﬁumimmu
ﬁ‘m"ﬁmuﬁﬂwm:mwwzmauanmsﬁgdmﬂvl,ﬁﬁ LRZLANRITNNINWIBA N HHLLANIZNIN

1 v a e A | ead o o " v %

ananaliiiailayni Overfiting smLﬂuﬂﬂﬂgmsmwmmLLuﬂ%mﬂ%yﬂuwuanHmﬂ@sl
U9187020968N813028819 UnunazAunuanwaeAugIunI Ll uuadiansnIaiagig yilw
o o | o A [ & £ Ao °
MIUUNANIARYYINNURANAA NNINAVMIARN B LaN1ZI N T U Ua o wniINFa9vin
AaWNITRI AT ILWNLANTIT LANITRAVUIAVBIRNHHLLANIZADININTUIAILAINY
FUABY LHAIINNIAAVWIAANBzIaNIzaNLdumMItTaanyusIanIzNiadanT
ﬁ‘hLLuﬂmaﬂmgaanvl,ﬂﬁw matanTanumaansmsianzlwinuidsutilsznaualy 4 55
aa6ia b

2.4.1 ReliefF Feature Reduction (Robnik-Sikonja M. and Kononenko 1.,
2003) ldn13d L inANaNuLaN@Nd T8I NHISLANIENUA288N9INALALY (K nearest
Neighbours) luaaaideinuwrIadisnaanid iuim K 62 anenanunanasidu 1 waas
FTANVLANFIINUNIN TEN LT 0 zHAMURTUAWUIN LARINITOLRAIU A

ATV IH aInwilsenay 2.2
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Algorithm ReliefF
Input: for each training instance a vector of attribute values and the class value
Output: the vector W of estimations of the qualities of attributes
1: set all weights W[A] :=0.0;
2: for i :=1 to m do begin
3: randomly select an instance R;
find k nearest hits Hj

4
5:  for each class C # class(R) do

6 from class C find k nearest misses I\/IJ,(C);
7

for A:=1 to a do

: WA - S di i Hi)/(m - _ PO iy M. :
8: WIA] :=W[A] Eldlff(A,Rl,HJ)/(m k) + C#IES]S(R)(l_P(ClaSS(R))ijldlff(ARl,MJ(C))j/(m k)

9: end;

ANWUTENaU 2.2 IUAaWITVAIIDNNT ReliefF

2.4.2 Information Gain Feature Reduction }n15U5ziindvasansoue
@wzlasda Information Gain (Genchev et al., 2006; lan and Frank, 2005b) %uﬂuﬁ?f@
AnuFNRBTIassn Bzl TUAa AL § NMIAIA1 IG (Information Gain) &1413D
fwrneleassuniin (2.2)
IG = H(Y)-H(YIX) (2.2)
fnua b Y Ao ANE WA X AaanEmslane
HY) @a eaulnstlues v
HYIX) Ao sanlniBues Y defiGewly x
IR H(Y) uaadld@amunsf (2.3) wazniswid HYIX) uaasldas
qUNIIN (2.4)

HEY)=- ZYD(Y) log, p((Y)) (2.3)
ye
HY [X)==X p(x) X p(y[x)log, p((y[x)) (2.4)
xeX yeY
Tawd ply) @e anuwaziduves y

p(x) A8 anuaziduved x

plylx) @8 anwinaziiluias y (a3 x
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2.4.3 Gain Ratio Feature Reduction 1FN13U32tA%A1U0IRN HOALLRNL

a 1 . . J s % >
lagiad Gain Ratio (Ganchev et al., 2006; lan and Frank, 2005b) TINARAMUTNNUS
> é 1 Q 1 v > {
°11aaanumzmwwzﬁnﬂxmw%mLLm:ﬁmﬁJiuama@]’mmmawaaﬁlasl,uaﬂumzmwlzﬁ

aulalAnuaaank 9 n13fwIAT Gain Ratio 1uasgunIn (2.5)
16
H(X)
laga? HX) @e seulnstues X

(2.5)

2.4.4 Chi Sqaure Feature Reduction [ 3UsstinauaIansmsianis

[ ' . L o ' v o ' [ o { o o o
lagdaen Chi-Square  T9IAAIANNTNWKTIZAI AN BIIRNIZNUAANRINEIASAL
anwuzlanzainssaLneana lagdlasuaisuasudszansmsianiz (L, G. L.,

and Leong T. Y., 2005) w1 L@ aaunsf (2.6)

2
2_m n (Aj-E)

=3 X (2.6)
i=1 J:l El]
A A A a [ ' Aa . A, A
Taun Aj A9 ANUNIIVAIADEINAAIN 7 LITANIEN |
A A o Y . Ada A,
Eji 8 AMNDAARIVVDINIDLNNIAN i LR
d' . A d' [
ANIRY j 138 ANNDAAN VI A;j
fuIUAIRNNIN (2.7)
m A0 NUINANVAIRNHIASLANE
n A8 IWINVIAAR
Cj
Eij = Ri XW (2-7)
A A o [ ' & Aa . o A
Taun R A9 IMWINAIDLNNIRNANNANANHIUSLANIZN i

Cj fAa Swaudratanimuaiagluaaad j
N A9 NUINVDINDENININNA
A LA RLAIT AN TULGA R AN B IASLANIZHIAT LAATNAITNLANAIITEW TN
. A [ ' A a o Aa & & Ao o w
ANNUNATANIILREAIAINND DI anwmuaww:mmvlﬂaumsmm:uuumﬂmga Tay

s o A ' 6 6 ' v
aﬂHmmﬂW’]z"ﬂzgﬂ"ﬂ@]Liild@I’]&Iﬂ’]vlﬂﬁLLﬂ’Ji‘ﬂ’Wﬂﬂ”I&l”lﬂVLﬂuaF;I
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2.5 TRNDIALINLADIUNL TN (Support Vector Machine)

L IAARAN D Support Vector Machine (SVM) (Rui et al, 2006) DORIb
Lﬁami:mumié'@aulﬁﬂunﬁuﬂﬁa;&aaamfluaaamu I%éﬁﬁ%hﬁagaﬁﬁﬁ?maaﬁaga

@Ex’i URAIAIN WL TEnay 2.3

Positive sample

Negative sample h

mMwisenau 2.3 izmué’@ﬁﬂwm SVM

o v & L 1 dl LV o o A o
Mwualw (x, y), ..., (x, v) dudregenldsniunmssen n A $wan
Toyadiotna m fa Suuladeyaiin uaz y e Haawsia1 +1 wia -1 daaunIn (2.8)
(Xis i )ooos Xy V) bAIB X € R™ |y € (+1,-1} (2.8)
fniudywndudu dddeyaswiagaldgnuiaiun 2 ngulasszuy
o A é o Y {
aaanla Tadmmlaasannin (2.9)
(w-x)+b=0 (2.9)
A A s o A ! . A Yo o o
Wa w fa @sinnin waz b e @1 bias FUNIN (2.10) TEFMIUILLA
Uszinnaasdays

(W~x)+b>0ﬁ"1yi:+1 WAz (W-X)+b<0 0N y; =-1 (2.10)

2.5.1 One-against-all Support Vector Machine (SVM)

dwitmanefigalunsvindadaaia (Multi-Class) (Vapnik V., 1998)
e IN1I3LUNINUIN M AR LARZARIRAININITITO UL A UAN discriminant
function @831 M-1 AaR lauAaIRNAFN discriminant function mﬂﬁq@ ﬁ]:gmﬁaﬂ

I UNARINTRIATUNITIUWALTELAN FTN1T winner-takes-all azgnl‘*ﬁém%’m:qﬂmamaa
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o Aa . .. . = y A & SO

ma%m X  AXFNUAIVBY discriminant function Nqﬂﬂq@"ﬂz‘l@iuLaaﬂLﬂuNaaWﬁ"ﬂa\‘]ﬂqi
o Aa v &« o o o o oo
FLWNYIELAN I@]El class k NUNAANWDLL % y ﬁ’]‘ﬁilﬂ]aﬂa X aﬁw’linﬂ’lu’smvl,@mauﬂ’li
2.11)

+1 if c=k
- 2.11
g {—1 if cxk 11

2.5.2 One-against-one Support Vector Machine (SVM)
Hudnatmandslumsvidadesa (Multi-Class) (Knerr S., 1990) ﬁé?aag’
uwnann13va9luuns Werinissunwnsiuwin M ARE GavrinnTdIsuneuan
discriminant function 3znisWisnMEdanilinans @285 M(M-1)/2 a8 lasaas
#fidn discriminant function 11NN azpniRendunaang ﬂmaﬁﬁﬁ‘hmumigmﬁanmﬂ
ﬁqmzlﬂuwaé‘wﬁmadmﬁ‘hLLuﬂﬂszm‘n wavniaanafiiuuadanininnin 1 asa oz
RINTONINHATINVINFNUTEANTVaS discriminant function ANNNNIN NAENT ¥ §19SU
TONAFDW X RNTDFWI LAAIFNANT (2.12)
y:{ﬂ if c=k 2.12)
-1 if c=m
7BM13 Maxwins zgnlfdmivszyamavasdoya x lauen discriminant
function 184 SVM E%m‘fug]'mad classe (k,m) RINBTIAANET Kk WAL m frendileaidudruan

=3 ' L A Y&/ =3 [ A
RUNLNIIN class k "LmumsmammeLUuaumwm class m "lmumsl,aaﬂ

2.6 Al AARWLD C4.5

mMyaNIdwliaadnla C4.5 (Quinla J. R., 1993; Vidulin V., 2007) e
NIAIFIUSAINRINLNY (Gain Ratio) Wodensnwaanziaglfifusnnnialuua drld
TAV2ITOYN M Usznaudroaiduwlules de (m, m, .., m} wazlWanuihandufies
e m, Sauvindu P(m) azla@dndn nuansawne (Information Gain) Uad M 1oinwun

& I(M) Fmaldassumf (2.13)
(M) = é— P(m;)log, P(M,) (2.13)
dlvdoyamen fa T wazanmazianzilulnue da x uasiiaranuad
Al n i Inuadeginazutsdadng T sananufiadu t, t, ..., t) awsiduly
Tdua9 x SINUITUNTOAIWITELNUETEWINA (Information Gain) WAIINMNULIANY

ANBULLANIL X FFAIFNNNTA (2.14)



18

o [t
T|

IX(T):_;]'—I(ti) (2.14)

AINAIZIULNK (Gain) VEIANWILLANIE X [AaIFNNIIN (2.15)

Gain(x) = I(T)=1,(T) (2.15)
NUWAIWI AT TFRNATBINFUL LN (Split Information) a4
snuuziawzudazd i T e gavasdintng dlautisdatnsitausnenzians x vz
ldgavesiatnsdanluudasia fo i, 6, .., t} Fwamn ga suandullldlu
AMLENIA X asuwmiassunasasmaudnenldasunsi (2.16)
Split Information = _'n1%10g2% (2.16)
iz

MUITAAININTZIHEAINEIWIN® (Gain Ratio) taasgunsn (2.17)

Gain Ratio = Gain — Split Information (2.17)
@ K A ' 3 . & A o A
WMugeasiiandl Gain Ratio gigaiuanmwazianizisudn uaziian

SNBHLANIZDA MeNNAT Gain Ratio WataIeN&1aL

2.7 Radial Basis Function Neural Networks (RBFNN)

RBF Neural Networks (Xuhong W. and Jinhua X., 2004; Jujie, C.,
Rongbing, J., 2004) Usznaushetudayaidn (Input Layer) Tusaw (Hidden Layer) uas
%uﬁa;&aaaﬂ (Output  Layer) §9nwisznay 2.4 SaflinBidaunsritu (Gaussian

Function) iluWsidunszdulusudon diguniif (2.18)

MWUIzNay 2.4 RBF Neural Networks

[x—ci] | «
N 2

$;(x) = exp B j=1,2,...,n (2.18)

i
A A o P A & A & o @
I@ﬂﬂ ¢ A Taa&aﬂaﬂmaﬂu’]iaaﬂj IWHWIiE]u X ﬂaL’JﬂL@aiﬂla;‘&aLﬂl’] CJ
LS Gjﬁa ﬂuﬁﬂmd LLﬂzﬁ’]ﬂﬂiﬂﬂTaﬂﬁ’]iaﬂﬁj (ﬂ’mﬁ’l@qfll ﬁﬂﬂaaaﬂmaﬂiﬂs@ﬂ’]ﬂ RBF

fwIaIauNIIN (2.19)
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y=ig(k+1) = ileqﬁj(x) (2.19)
j=

Tag n A s1wInaasintaslususan W, ARTNRINTERINITUT D UL AT

Tayanan uaz y Aanaans

2.8 nsuszlndszansnn
m‘:%ﬁnLmﬂm’m%y;Laﬂm‘saﬂﬁ%m‘sﬁwﬁﬂﬂmﬁﬂﬁ’;azha FIUNITIA
' A a ' o o ' P a o &
mgaJLanmiazlmﬁmnmuﬁ@ﬂvl,ummlmama Lanmi‘ﬂlﬂunszu’mmnmugum:gﬂ
3NN ARILENENTIINAU (Initial Corpus) MTIaUszaNTAWRaN i dneaumsaudin
RITFULNA TINAVDINITIWAUTLLANLIUIWARINTOL T BT uaT9Iaa Fwlan 135N
Uszinn 1aa9an3199 2.2 uazdseilindnalan13iaa1aNua ke (Precision) A1

380 (Recall) Lazf1 F (F-measure)

NN 2.2 @I’]i’]d(?gll@]aul’%ﬂ”liﬁloﬂLL%ﬂllizLﬂY]

Afisuun A1289 C,
Taaasunnilszian 1 Taila
o TP, FP,
Tail FN, N,

fnualit i fa §19uvad Class (C) Nl i 1MnaNT19N 2.2 3zl

TP, (True Positive) Aa SwrwIuiwaniaglu C uazdrduundszinn

riwadaglu C,

I

viwsdaglu

FP, (Fasle Positive) Aa $rwiniviwafliaglu c uddriduuniszian

FN, (Fasle Negative) fia $1waniiuiwaniaglu ¢, uddrduuntszian

e ldaglu

TN, (True Negative) fia $1uamiuiwafi liaglu C uazdduuniszinn

s ldaglu

uInAWIAIANNLNIBE (P) d1328N (R) WAz @1 F-measure (F) 16

FIRNMIN (2.20) B9 (2.22)

v

L B (2.20)
TPi + FPI
TP,
, ' (2.21)

“TP + FN,
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F - 2ARi (2.22)
Pi + Ri

PaFILNG N1ITQUITRNTNAVAINIIIIUBALILLAN AITHINTHIAIAY

LAWE LAZAIANIZANTINAW NUAN F-measure LHad91n N30 wnUIELANGY NI
de AN, ann udazlidnanuwindngs (P) enafidnanuszdin (R) Adld uazlunsdid

dildn AP annusilidnanawinindn (P) enalidnanuzdn (R) Nigs iudu

I



UNN 3

[ o [ a [
LUUIRDINIILWNUTELAN L']‘Ulwfﬂtﬂ &1 'ﬁ'n'\ia AYHI A NPT LANS

o 4 4
LLAzBNNDIALINLA Q‘SLLN%%%

3ﬂﬂﬂﬁwu‘ﬁ€ﬁj&jﬂﬁ%v[ﬂﬁﬂ’liﬁ%’]dLLU‘IJ’%Q’]E\IE]G%%’]%%/ULﬁlﬂJﬂ’]’mQﬂﬁﬂﬂlax‘lﬂ’]i
ﬁﬁLL%ﬂﬂiZLﬂﬂL%ULWQI@ ﬂﬁ’ﬁmsamlm@é’nwmzmwml,m%wwa%@L’mmaﬂmﬁ%u I@]El
soupDitassnimiliesuwmdssutdafamasnasarnae LTy (Web Page
Classification Using Voting Algorithm And Multi-Class Support Vector Machine:
WPC_VAMSVM) sanuuLLilanaseulsransnwaasnmssuwndszinnSufisnnsly
ﬂuLuuLﬁﬂdTﬂdNaﬁWﬁ“ﬂ aamsﬁ%mnﬂi:mﬂhﬂlﬁij’aaﬂmaéﬁ'wwas’m'mmas’um%u %G
LLﬁﬂdqﬁﬁdﬂWWﬂizﬂau 3.1 Lm'amiﬁnmaamﬂu4 ifumawﬁﬂﬁa %%@]6%“7]'1 na
\@38uTaYaLILINA (Web Page Preprocessing) TUAANA 2 NI BUIANTE
(Feature Generation) {]v'umauﬁ3 NNIBAVUIAR N IS LANE (Feature Reduction) LA

FUABUN 4 MITUUNYTTIANLAZMTIAAZUUULFE (Classification and Voting)

& { < .
BwABWI 1: MILAIVNVINALTULND (Web Page Preprocessing)

1.1 gNaTan Ny (Text) LazRIIDI (Title) IMARUIVING
1.2 WTNANTvaIan (Stemming)lasltaanasiy Porter
1.3 fAadwya (Stopping)

AWAAnN 2: NTEIANBULIRNE (Feature Generation)

2.1 INANHIUZIANIZVITaANY

2.1.1 &34 term document matrix IMNVaAINN

2.1.2 ldnimindnee3s TF-IDF

2.1.3 18anffifl document frequency ¥NNNI1A threshold
2.2 F RN BIELANIZVBIRAIT 04

2.2.1 8579 term document matrix ﬁ]’lﬂﬁ"JL%a\‘i

2.2.2 lhdnimindnee3s TF-IDF

2.3 TINANBULLANIZINNT ANV BRTAIID I8N

mMwisenay 3.1 LL?JU"ﬂO’]a’eJ\‘iﬂ’li’ihLL%ﬂﬂ‘izLﬂ‘Y]L%ULW‘i}I@] ol TN TIR AL WILRES

LRI AGARIRTNNATALINLADSULNTTU
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AnAaRN 3: NIANVRINANBILLRNE (Feature Reduction)

3.1 inmaRenanemsanizlas 2 35a3da bk
ReliefF feature selection, Information Gain feature selection, Gain Ratio
feature selection LRz Chi Square feature selection

3.2 MunaansUlanzN leanauaauh 3.1 1Ju Leftfeature Wz Rightfeature

AW 4: NI MBNYITIANUAENTIRAUkKLAS (Classification and

Voting)

4.1 188N TMIUUNLILLANUAE T AL UULFES
(a) One-vs-One (1vs1)
L4 ﬁ‘i’lLLuﬂﬂizm“nﬁZ\i Leftfeature LLae Rightfeature 1agATN5 1vs1 SVM
o vuwpdsznnvasIvinalaslsoanaifin 1vs1_Voting
(b) One-vs-All (1vsAll)
L4 ﬁﬂLLuﬂﬂianﬂﬁd Leftfeature LLae Rightfeature 1ag3Tn13 1vsAll SVM

o snuwsdszianuasiuwalasliaanasiy 1vsAll_Voting

4.2 Y3z inyss@NTANWU0INIIILUNA8AT F-measure

mMwisznay 3.1 meﬁ’waaaﬂ’m]"%mﬂﬂsunﬂﬁmwaﬂ@ Ell“ﬁﬂ'?ilﬁﬂul,uul,aﬂd

LRZIARAMFTNNDSALINLABILNTTU (F8)

LUL$1809 WPC_VAMSVM dumaudi 1 AamaLaruuTayaLILLND (Web
Page Preprocessing) ﬁﬁ;@ﬂizaa&ﬁm@%wﬁagalﬁag’lugﬂuuuﬁw%amzﬂszmawa San
ﬁﬂﬁiﬁﬁ@LﬂWWZf@ﬂ’J’]NLLN&ﬁ"JL%ﬂd%ﬂﬂ%ﬁﬁﬁllL‘Wﬁ]LﬁlElL@%UN‘ITE]%JE\]L%ﬁﬂﬁﬁ%’]%%ﬂﬂ’]iﬁ%”m
snwazianizaaly Tuaaudl 2 MmIssdansmelans (Feature Generation) Jyadszaad
Lﬁ'aﬁﬁagaﬁlwﬁnﬂﬁammLLaz'ﬁ"sﬁaama%‘mLﬂué'ﬂumzmmnﬁmﬁflué"nmm%m%’u
MFIWMUNUTIAN TUAOUA 3 NIAAIUIASNWIAZLIANTE (Feature  Reduction) {74
Useaififlonnumauassnsaianzuasindssansmwliunnssuwndssnniumwa
duaand 4 mysuuntszianuaznsliazunundes (Classificaon and  Voting) 3
ﬁmﬂi:mﬁlﬁaf{huuﬂﬂizmwﬁuLwaLLa:ﬁnNaé’wﬁfﬁvlﬁmﬂmsa‘hLLuﬂﬂi:mwmﬁﬁmmw
waé‘wﬁq@ﬁﬁﬂI@ﬂ%%ﬂﬁ‘LﬁﬂuLumﬁm TURZLAHANITRII BV OILL LS 18D

WPC_VAMSVM luudaztuaanilasi
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& = U [ .
3.1 2n@aNNIILAIYNVdNALIVIND (Web Page Preprocessing)
& P & & a Y = v o A °
PYUADUN 1 LﬂumumaumimmmagaL'mLwalﬁwsaum:m"lﬂﬂizmawa
A v & o o A ' ~ ' o
Luaoﬁnﬂvxmnmwa}ﬂi:ﬂau"l,ﬂmwa;&amagiugﬂLmummﬂ@mnu
YUAUN 1.1 BINNTRNATAAINULAZHRIALIDINARUILIULNA
é’uaﬂwaﬁagaﬁuLwaﬁﬁmmamﬁamwﬂs:nau 3.2 LASEINIIORNATAINN A

mwisznay 3.3 uaziilTaduaasasnmwilsznay 3.4

=] Cerner: Map of Qur Website - Windows Internet Explorer [aXsX<]
@ y - eD:\Thas\s\ICCSIT2UUQ\DATA5ET\Data\Techno\ogy\http_""www.cerner.com"sltemap‘htr}'ﬂ 4| [ | 2=
E 4R | @8 Cerner: Map of Our Website a- 8 om - |5y Page v iCFTools + v
Mew Info on - Cerner News Overiew HMNA Overview The Cemer A Ward
the Site Millennium Advantage  From Our
News Cermners Our Clients
Press Release Vision Commitment Business Associate
Releases (Index) 1o Senice Partners Benefits The Rest of
The Cerner the Story
Tradeshows Financial Story Products At- Locations Positions
and Events  Information A-Glance Satisfaction
Locations Campus Reports
Vision Cerner In the The Recruiting
[Magazine Mews Our Immediate About Our
Business Respanse How Do | Clients
Partners LCenter Apply?
K dge
Product Benefits for
Industry Users Health
Trends Groups Professionals
Cemer
Virtual
University
Knowledge
Management
Sves
j My Computer 00 - 4

MNUTENBY 3.2 AIDE19RINLILLND

New Info on the Site Press Releases Tradeshows and Events Vision
Magazine Inside Knowledge Industry Trends Cerner News News Release (Index)
Financial Information Cerner In the News Overview Cerner's Vision The Cerner Story
Locations Our Business Partners Product Users' Groups HNA Millennium
Commitment to Service Products At-A-Glance The Immediate Response Center
Benefits for Health Professionals Cerner Virtual University Knowledge Management

Svcs. Laboratory Consolidation Product Users' Groups Cerner Direct Overview Our

Business Partners Locations

MwUsznay 3.3 @208 9TanNUNENA WHATNRELTULND

Cencer: Map of Our Website

MWUIZNOU 3.4 @288 19RITAINING LAANNLTLLND
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& A v ¢ o AV o & o o A
AUAAWN 1.2 WIIINANYVAIAN ldannITannuLazhisadlay
U Qs -1
laanasfia Porter
Puaani 1.3 Maad1idn Stoplist aan thasananie Stoplist
LﬂuﬁwﬁvﬂmﬂaULLazvlajvlﬁﬁﬁuﬁﬁLﬂiwzﬁ I a, and, on, at, their LT

& v o )
3.2 anaann1TdaINdandwelanie (Feature Generation)
& A < & [ o AN o & A A o
AN 2 LT UTWAaWNITRIIANHULLANIZN LAINNTUAaWN 1 LNa LT
LTJmTaHaLﬁamiﬁ‘huuﬂﬂszmw@iavlﬂ
YRGaun 2.1 ﬁ'ﬂTammma‘?ﬂaLﬂué'ﬂum:mmz%oa%islugﬂLLmJ
PYDILNAINALANET AINNUIZNaY 3.5 laarnuadinninvaddlaaldisnis TF-IDF
&< 2 a o Aa A i a Ao
PNBUILFINANAAIANNNLENETT (Document  Frequency)  NINNIAINAIAKE
(Threshold)

Feature
Web Page
Word, Word, Word
Web, wW,, w,, w,,
Web, W,, w,, e w,,
Web; W, w,, e w,,
Web,, w._, w., e w..

mMwisznay 3.5 WesSNDLanans (Document matrix)

& A o o A o = @ A '
PUAoWN 2.2 mmLiaamﬁmaLﬂuaﬂwm:mww:magiugmwu
A & v &R o R ) o wn A
YAILNGINALANFIT LAFITMUaaIrTNVasd laalsisny TF-IDF
PYRAAWN 2.3 FINANBUSLANIZTIANNINNTUADY 2.1 LAY

ANBUSLANIZTINNRITAINNVUADY 2.2 A IUNY

3.3 ifuma%miammmmﬁnumzmmz (Feature Reduction)
Tuaand 3 1 TuiwaawnIaaTmesnEmziannzie liuwafimanzau
danmsiuunyszinan
TuAauA 3.1 AMUMASNEBEIaNIZIIIMTEanies 2 5303

31N ReliefF, Information Gain, Gain Ratio L.8s Chi Square
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& A ° o A o aa @ o |
PYUaAUN 3.2 m%u@aﬂwm:mm:ﬂ@mﬂ 2 IMI7199% LU
Leftfeature L8z Rightfeature

3.4 InaawnnIsuwnlszAnuazn1sliazuwwLAe (Classification and
Voting)
Tuaauit 4 Lﬂuﬁu@auﬁﬁﬂﬁagamﬂ{fmauﬁau%fﬁmﬁwmsaﬁmuﬂ
U AN LN TN T AL NLA BTN TTULAZ AN DI NUN T IR AL LR
igu@auﬁ 4.1 ‘ﬁzd Leftfeature L8z Rightfeature ﬁ]xgﬂi’ﬁ’ﬁ’]%%ﬂﬂ’ﬁ
$runndszinnlag3Tnig SVM Sssansnidanld 2 558auuy 1vs1 wia 1vsAll naawin
VL@T%é’amﬂﬁ‘i’lLmnﬂizmmnﬂu‘*ﬁagaL“iT’]ﬁm%'ué’aﬂa'%ﬁun’lﬂﬁﬂzl,l,umﬁm@ia"l,ﬂ
(a) One-vs-One (1vs1)
3%n59ivia Leftfeature WAz Rightfeature azgnlEdniuns
Fuwntszianlas3tans SVM wuy 1vst %aa:gm‘%ﬂﬂ’j’] Leftclassifier Lae
Rightclassifier @us1au @iamwaé’wﬁﬁvl,ﬁmﬂmiﬁ‘hLLuﬂﬂizLﬂﬂﬁv’aaaaﬁlzgﬂﬁnmﬁwmﬂ
naawsgarolaslddanaifia 1vs1_Voting danwilsznay 3.6 Fotlsznaudin 2 saue
&% Numvote value War Sum weight value FITNIIOUEAIGA8819N 3TN Lag
frua linaansraimIsuwnlszianeis SYM - adnwdsznay 3.7 nIvinauvad
9anasnNy 1vs1_Voting a94nwilsznay 3.8 lauaIuusn Numvote value 32RINTMNAN
total_numvote Fodunarrnvasen numvote_left Waz numvote_right 31AaN&ladAa 1NN
ﬁq@ windiigsnansdofazlinaanivossanesfuduaaais uaniniiuinnimi
aana azRnsonlagldauiiosiia Sum weight value Taafiansanannen total w Toiiln

NAYINVBIA w_left uaz w_right d’]ﬂa’]al@ﬁﬁﬂuﬂﬂﬁq@ﬁﬁ]zlﬁaﬂ@auLﬂuﬂmaﬁfu

Let / be the identical number of class i, where i =1, ..., nand n be the number of
classes

Let numvote_left and numvote_right be the number of vote on the Leftclassifier and
Rightclassifier, respectively.

Let w_left and w_right be the number of summation of absolute discriminant value on
the Leftclassifier and Rightclassifier, respectively.

Input: numvote_left, numvote_right, w_left, w_right

Ouput: i.name // a name of class i

Awisznay 3.6 aanasny 1vs1_Voting
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1: For each class i do / *** Part 1: Numvote value ***
2:  total_numvote,= numvote_left, + numvote_right,

3: End for

4: total_numvote_max = Max (all of total_numvote))
5: If total_numvote_max have a single class then

6: Return class i.name where total_numvote,== total_numvote_max

7. Else //*** Part 2: Sum weight value ***

8: For each class i where total_numvote, == total_numvote_max do
9: total_ w,= w_left.+ w_right,

10: End for

11: total_w_max = Max (all of total_ w,)

12: |If total_w_max have a single class then

13: Return class i.name where total_ w,== total_w_max
14: Else
15: Return one of class i.name where total_w, == total_w_max

16: End if // total w_max

17: End if / total numvote max

nwilsznay 3.6 aanasna 1vs1_Voting (6ia)

1vs1 SVM classification
Class Predicted
Classifier Output value
Cc1 Cc2 C3 Class

Leftclassifier number of vote 2 1 0 C1

Z|discriminant value| 0.94 0.65 0
Rightclassifier number of vote 1 2 0 C2

D |discriminant value| 0.84 | 1.02 0

MWUITNaY 3.7 @208 INAANEN k931N 1vs1 SVM
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1vs1_Voting algorithm
Class Voted Class
Part Variable
C1,i=1 | C2,i=2 | C3,i=3
Part 1: numvote_left 2 1 0
Numvote value | numvote_right 1 2 0
total_numvote 3 3 0 C1,C2
Part 2: w_left 0.94 0.65
Sum weight w_right 0.84 1.02
value total_w 1.78 1.67 Cc1

awdsznay 3.8 dreddamsinauzadaanasia 1vs1_Voting

(b) One-vs-All (1vsAll)

ABNIANG Leftfeature  uaz Rightfeature azgnlEdniunis

o a é 1 Py
Fmwndszanlagdsnis SVM wuy 1vsAll mazgm’%umw Leftclassifier LR
Rightclassifier Md1aU dauHaawsfldanmiduuntzinnnisesazgnihanyiue

a Y o a . [ ] [% '
Naawfq@mﬂ@ﬂ"ﬁaaﬂasﬁu 1vsAll_Voting edn wuszneau 3.9 T9dsznauais 3 &%
- . . y .
fa &1 Rank value, Weight threshold value a8z Weight value TI®N1UNIDLRAIAIDEN
MY laoirualRaantuaInITsuwnlIsiANa s SYM asnwisznay 3.10 N1y
Ynauaadoana3fin 1vs1_Voting a9awsznay 3.11 lasaliuusn &% Rank value 3¢
NITMASA (rank) Va4 discriminant value T,msm"lﬁmnﬁqmﬂﬁmﬁ’]@?’ugaq@%aﬁm
WINNUIUINVBINANE AN discriminant  value 8989319 AANANAUNBHRIANNANIAU
1 { o o L v a 1 lé | 1
UNIAT 1 LTINS LITAULRIITRINTINAN total_rank TITUNKITINVBIAN rank_left
. ' A A A A a = o o ¢ o a s
W8 rank_right aﬂﬂawalmuﬂﬁuﬁﬂwq@ S A G LR (G RE F ARG b DG  BRREY
& . \ £ A X d .
Duaaanu uaninduinnitndiaaa azfansanlasldsiunaasfia Weight threshold
a ' o ' . = & g
value 1a8RINTM1NAN total E THIUHNRIINVBIAN E_ left uaz E _right TIANIzasil
1éa1nnsnanmnen discriminant value AXANNInIawinny 0 azlwidn 1 wddn lailoaglw
& & Xo o a A = A & & \ a
v -1 luauitdwuinen total E mwalmmmnwEg@ﬂﬁ]:maﬂ@auLﬂuﬂmauu LARINN
1 & a Y n‘ A . a 1
InnIwisnana azRansan lalaaiunainfia Weight value lagRansanannen total w
A = ' ) & o ' A A =
FodunaTinvann w left uas w_right WUuiewuinen total E ﬂaﬂalﬂuﬂqwnﬂwq@ﬂ
aaneautduaag L

4.2 WUUR09eN MYz N U2 RNTNINYIN 1T IUNLIZLAN

@A8A1 F-measure
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Let / be the identical number of class i/, where i =1, ..., n and n be the number of

classes.

Let w_left and w_right be the number of discriminant value on the Leftclassifier and

Rightclassifier, respectively.

Input: w_left, w_right

Ouput: i.name // a name of class i

BN

// ***Part 1: Rank value ***

For each class /, rank w_/eft in descending order, then assign it to rank_ left,

2: For each class i, rank w_right in descending order, then assign it to rank_right,
3: For each class j do

4: total_rank,= rank_left , + rank_right

5. End for

6: total_rank_max = Max (all of total_rank;)

7. If total_rank_max have a single class then

8: Return class i.name where total_rank. == total_rank_max
9: Else // *** Part 2: Weight threshold value ***
10:  For each class i where total_rank. == total_rank_max do
11: If w_left, >= 0 then

12: E_left, =1

13: Else

14: E_left, = -1

15: End if

16: If w_right, >= 0 then

17: E _right, =1

18: Else

19: E _right, = -1

20: End if

21: total_E;, = E_ left,+ E _right,

22: End for

nwisznay 3.9 aana3Na 1vsAll_Voting
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23: total_E_max = Max (all of total_E)

24: If total_ E_max have a single class then

25: Return class i.name where total E, == total E_max
26: Else // *** Part 3: Weight value ***

27: For each class / where fotal_E;, == total E_max do
28: total_w,= w_left,+ w_right,

29: End for

30: total_w_max = Max (all of total_ w))

31: If total_w_max have a single class then

32: Return class i.name where total_w, == total_w_max
33: Else

34: Return one of class i.name where total_w, == total_w_max
35: End if // fotal_w_max

36: Endif // total E_max
37: End if // total_rank_max

nwilsznay 3.9 aana3niu 1vsAll_Voting (da)

1vsAll SVM classification

Class Predicted
Classifier Output value
C1 C2 C3 Class
Leftclassifier discriminant value 0.65 | -0.94 -1.90 C1
Rightclassifier | discriminant value -1.89 | 6.84 -4.19 C2

MWUIenay 3.10 @28t INAaNEN bea1n 1vsAll SVM
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1vsAll_Voting algorithm

Class Voted Class
Part Variable
C1,i=1 | C2,i=2 | C3,i=3

Part 1: Rank value rank_left 3 2 1

rank_right 2 3 1

total_rank 5 5 2 C1,C2
Part 2: Weight threshold E_left 1 -1
value E right -1 1

total_E 0 0 C1,C2
Part 3: Weight value w_left 0.65 -0.94

w_right -1.89 6.84

total_w -1.24 5.9 C2

Awdsznay 3.11 Aa8eMIvinauwueIaanasfy 1vsAll_Voting
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) (-3
TdsunsunisanuwnidsaanSumnalaglanisliazunntdas

AN ARARIETNNDIALINLAD S UNTTH

ATNA W LYTUNTNNIII WY Tt ANLIULNALAUAITAAT U A
Snwmslanzuazdafnaasnna e e fuurdw ldlumAauas i e U ua awn
Muasuuuitaesnmssuwndsziandunalaslamsliazunuosnaziadnaa o
wasaInNAasuITTN (Web Page Classification Using Voting Algorithm And Multi-Class
Support Vector Machine: WPC_VAMSVM) mM3¥nau2a4lUsunInazatunadiasinig
¥awpasldsunsy drudsznavveslisunsy nansvauwuasldsunsuuaziesasiianls
Tunswamlusunsu

4.1 791319 wzasllsunIs

4.1.1 H991wldsunsunanvadldsunsnd@nsusuundssianad
mwtdszney 4.1 lasduaaumarnnwnsnuaasldsunsulsenaudie 4 auaanda
1) MILAIBUTBYALILING (Web Page Preprocessing) 2) MIgsndansmizianz (Feature
Generation) 3) NMINATWIANHULLANIY (Feature Reduction) 4) nM13auwnlsziAniay
mMIlAzuumLRe (Classification and Voting)

4.1.2 B39uldsunsuegasuas Step 1: Web Page Preprocessing L&AIA4
Mwisznay 4.2 SamIvnanuasanadaanunasiiiasasnanritiuiwa nikaziin
fman il neniuessnede3ns Porter §av s39qaf il Stoplist aan'ly

4.1.3 f3uldsunsueasuad Step 2: Feature Generation WRAIAININ
U32nau 4.3 B9n13Mnanas g s n B M anzangannaLazwasas lasaunsniaan
Ll daanunsainmInunaEend e LLazslumumaaﬁaﬂ’nuﬁmmaamss:q
Document Frequency Threshold @28

414 f3uldsunsugasuad Step 3: Feature Reduction LE&AIAIATW
Us2nau 4.4 $9n3HnnazlsenaudsmIta e nnaiafnsUn IR T IA AN IELANE

LLR 333‘14"‘5’]%’3 BANHULLANIZNG 8INTT

31
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4.1.5 f3ulUsunIugaswad Step 4: Classification and Voting L&AIA
mMwdsznay 4.5 Sensrauesdsznaudionisdendsmfildlumsuundssnnuas

ﬂ’ﬁl‘ﬁﬂ LL%%L&UGLLﬂwiw‘]J"iﬂ%’?l%"llﬂdﬂ?‘i‘ﬂ@&ﬂ‘]JLLiJ‘]JVL"U’)LﬂaEl% (Cross  Validation) ﬁ

T
:

Load Data

G89N13

4

Display Data Preperties

Step 1: Web Page

Preprocessing

Step 2: Feature Generation

:

Step 3: Feature Selection

:

Step 4: Classification and Voting

Do web page
classification again?

No

v

S

mMwiszneay 4.1 H9MIhwues WPC_VAMSVM

Yes Classification with new data set?
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@eb Page Preprocessi@

4

Extract text and Title from web pages

Word Stemming

4

Remove Stoplist

A
< Return >

Awlsznay 4.2 ﬁdmi‘ﬁwﬁu"uadm‘im%ﬂwff%laL%'LlL‘Wﬁ] (Web Page Preprocessing)

< Feature Generation >

v

Create matrix and weight with TF-IDF

from text

/L/

Read document

frequency threshold

Select word that have higher

document frequency threshold

Create matrix and weight with TF-IDF Using text

from title only?

:

Yes

Combine text and title feature 4@

< Return )

MWUsznay 4.3 RIMINWUINITRINAN LN (Feature Generation)
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< Feature Reduction >

Read two feature selection algorithm

/¢/

Read number of feature

:

Select features

I

Assign feature to Leftfeature and

Rightfeature

< Return >

MWUIZNaY 4.4 KINMITNNWUBINITAATIA N ILLANE (Feature Selection)

@assification and Voti@

Read classification algorithm

/L/

Read number of

cross validation folds

lassification
algorithm

Ivs1

1vsAll

1vs1 SVM Classification 1vsAll SVM Classification

I

I

1vs1_Voting algorithm 1vsAll_Voting algorithm

P

H

MwUIzNay 4.5 HINMIFNNUTINTIUBNLIZANLATNTIRAZLWLLRES (Classification

and Voting)
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4.2 awilsznavvasldsunsa
ﬁ?ﬂﬂ’]dﬂﬁiﬁ’]dﬁ%LﬁaLﬂ@IﬂiLLﬂiNﬂqiﬁﬂLL%ﬂ‘].]iZLﬂVIL%lI LW%I@ HNIINA

TUIaINHUzIaNIzuazFRNaTalIntaasunsTuazdsinguinaaliglEinauas

MWUsznay 4.6

Web Page Classification 006 |
Web Page Classification using Voting Algorithm of Multi-class Support VVector Machine
~1. Web Page P i ~2. Feature G i - 3. Feature Reducti O
No.| Class Name | No. of Page | HTML Files Text Featurs o Tt o Tt T < 1
1 [ No. Teut Feature
® Tent Mo, Reduction Feature
Mo, Teut Feature [Bfter DF)
O TeraTile DF Threshald : © 1 Feature Reduction Method
Document Frequency Reduct [ ReliefF [] GainRiatio
(] Information Gain (] ChiSouare
Title Feature
MNo. Tile Feature: - Number of Feature : | ( Reduct )
~4. Classification & Yoting
) - toss Valdaton: Folds
No. of Class : a BTt O Tvsl @ Tvshl
= Perfoimance ~Predicted Cla: Va
Precision O Resal R 5 [ e e 3

Mo. Class Name Left Right Voting Left Right Voling Left Right Votini

MWUsznay 4.6 winvavnanuadllsunsy

wivanan1a9lUIunINUTenauauaIflIznaunan 3 821 A FIWNIT
9% FIWMTLRAINAAIUTZENTAIN LATEIWNIILRAINANIIYNIWIEAaE Lagluiday
1 = =} s dv
FINNINYAZLDLANIIh

4.2.1 §IWMINNNBY 4 Tnaantay Aa

] 1
A o

. ' o 1Y v I3 A

1) Web Page Processing Lﬂumuﬁ'mﬂu’mmmea;&anmwwa
adlugtuuulWa htm, htmi lasnsnadly D naglunadul HTML Files {lF
@i”aaszq%amaaﬂmaﬁmrﬁﬂuﬂa&'wﬁ Class Name Lﬁaﬂauﬂ’agamunnﬂma natly
19NNz NIIRNATaANULAZHATAINAUINTULNG AITINANTILAS
@AM Stoplist  1A8OA IR NIBVUFAITIUIMAILLNILAZINUIRARFNIANA  AILFA

Mwudsznay 4.7
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1. Web Page Preproceszsing

Mo. Claszs HName Mo. of Page HTHML Files
£ 000 0w
1 Utithties 90 {
F
z2 Transportation 90 {
£
3 Energy 90 {
£
4  Financial 1] {
F A
5 Healthcare 30 {
F
[ M aterial 30 |
£
.’i—"'.
\, y

s
Ho. Documents : 630

. 4
Mo. of Class - i ( Reszet )
J

MwUsenay 4.7 %1128Ua987% Web Page Preprocessing

2) Feature Generation Lilusunvisihiudasdayaindy snais

o o A o A ° ) A

lﬁaglugﬂmamﬂﬁmzmwwz Lwaimgiugﬂuuumzuummsm}muﬂﬂizm'ﬂ% R

mminLaaﬂﬂszmmawaa&a% 2 wuufa ma;&aﬂmawwwamm (Text) LLa:maya‘nM
U [ % d' 1 d DK \' 1 J v o

Tonuiumiied (Text & Title) lasmanau Ok guillisunswldusasiuomn

YBIRNBULANIZANNTDANNULAT R T LLazﬁm%'udmmaﬁamwpﬁ%ﬁaﬂﬁ%ﬁaLam
' A ' @

2849 Document Frequency Threshold l%ad DF Threshold S9818130 L&LANIZAILAY

LI b LLazﬁﬁﬁﬁaaags:%dw 0 D4 FTIUIBVAILAULNINIRYA mnﬂfu%aﬂ@ﬂw

{Document Frequency Reduct }  |yj5ny9zuanadnwinuasilianifiinde (After  DF)

ADLNMITNULEAININNWLUIENOU 4.8

2. Feature Generation

Text Feature
Mo, Test Featurs: 25673
© Tent Mo. Text Feature [After DF) ; R

) Tentk Title DF Threshold - <= 530

{ 1] 4 Y fDu-::ument Frequency Hedu-::t_-’

L .

Title Feature

Mo, Title Feature . 708

AWUITNaU 4.8 K120 VaIRIW Feature Generation
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3) Feature Reduction \Jua1uNNAINNaaut1auaIanHmusiane
A o oA o o o A aa ad A & o
‘naﬁamlﬁmnmuuaUaoimgﬂﬂimmimaEm2 59N 4 AN UAN IS LANIE
Frsun1IIuwnUssinnuaznisiwazuwuniFaddalyd lagdsznavudro95a96ia il
ReliefF, Information Gain, Gain Ratio a2 Chi Sqaure ﬁl’]ﬂﬁfmzq?ﬁﬂmumaoﬁ'ﬂm»w

Cll v 1 é v I s 1 g; 1 C%/‘D ] 1
L%W’lzﬂ@]ﬂdﬂ’]ﬂ%‘ﬁﬁ]\‘i Number of feature G969l IUALVLYINUY LLE\]Z@N%@]QGBQIW‘E’N 0

Reduct

DI NUIUANBULLANIZNIRUA mnﬁuﬁan@ﬂw . ADLNTHNINULRAIN

nMwudsznay 4.9

3. Feature Reduction

Mo, Test Feature: 931 Mo, Test & Title Feature ; 1639

Mo, Reduction Feature ;20

Feature Reduction Method

[] ReliefF W Gain Fatio
W Irformation Gain [] ChiSquare
Number of Feature : | 2|]| ¥ PReduct

AWUIZNaU 4.9 K10 VaIEIW Feature Reduction

4) Classification & Voting Hugruiviwinfsuwndszianain
ANHULANENIREIN IHIINTHABUTaUNTIN LEINHASWEBINIREISN B IIAWIL I
naawsgarinovaInIdunlasdanaifiunisliazuumss (Voting  algorithm) §auit
Mmmu"l,éﬁmmia%mmaﬁ’ﬂummmmmaaé’nwmzmwwzﬁ”ﬁ Leftfeature WA

Rightfeature dannglgmansniienld 2 35 fa 1vs1 uaz 1vsAll Mntuglitlandazves

manasauuuyluiidfouluges Cross Validation udinaza | Classify 7 @has19

MINBLEaIAINIWLTZNaY 4.10

4_ Classification & Yoting

Leftfeature :  Information G ain Strategy

D vsl @ ushll Cross Walidation : Fods & Classify

Rightfeature : Gain Ratio

mMwisenay 4.10 wi2avad&% Classification and Voting
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422 guwmIuaainaadsz@ntan  udmntinnaawsnlaannig
FUUNNIRDI (Leftfeature WAz Rightfeature) WAzNAaWS LNaanaSNNNIIAATLUY
\io4 (Voting)  lasdsznaudie Precision, Recall uwaz F1  lasldsunsylauaasd

ﬂizaw%mwmamﬂﬂmﬁﬂ@ UANlAULaRNIY A1819INIRNIBLEAINININYSZNaY 4.11

Performance
Precision Recall F1
Mo. Class Hame Left Right Yoting Left Right Yoting Left Right Yoting
- Utitlities 08883 08556 08889 08696 08750 09091 O0.87917 0.8652 08989
2 Transportation 09111 09111 09667 08723 08723 08878 0.8913 08913 09255
3 Energy 09333 09222 09333 09333 0857 09130 09333 08877 092
4 Financial 0.8667 08778 09000 09398 09294 09529 089017 09029 09257
5 Healthcare 08556 0.7889 08778 08105 08452 08876 0.8324 08161 08827
3 Material 0.8667 0.8444 08889 08571 07917 08421 0.8619 08172 08649
7 Technology 09111 08556 09222 09647 08953 1.0000 0.9371 08750 09595

ANUIZNOU 4.11 LAAIRINIDVDIFIUVDINITLRAIANUIZRNTAN

423 FIBMTUFEAINANITHIWI AR E LD UEIWNKINEANTA LaaNNN1T
FUUNNIRDI (Leftfeature WAz Rightfeature) WazNaaWS lanaanasnuNIIAnzLUY
\Jo9 (Voting)  lasuaadsnoazidoavadudaztIuinaindiTnisdnuun e Leftfeature,
Rightfeature uaz Voting tasnunndszinnvadivinan 9 tuaaala wiaunauaasa
mwgﬂé’aa (Accuracy) TaIUARITHE ABLHIINIIHBURAIAININUIZNOD 4.12 LT%
= A o edV o . = ' [ ' A o ¢
JUInaN 16 NAaWSN leann Leftfeature Uaz Rightfeature AANNGIIAY NANAE HAANT
284 Leftfeature LIunana Utilities Waawiuad Rightfeature Lunaa Energy aanasfa

miliazuumdssliiaawingneasasinuaaaiuiaie (Act. Class) Aonaa Utilities

Predicted Class
Mo. Act Class Left Right Yoting 4
LERR uiities Utitlities  Utitlities  Utitlities |
14 Utithities Utitlities Utitlities Utitlities
15  Utitlities Utitlities Utitlities Utitlities
16 Utitlities Utitlities Energy Utitlities
17 Utithities Utitlities Utitlities Utitlities
18 Utithties Utitlities Energy Utitlities
19 Utitlities Financial Utitlities Utitlities
20 Utithties Utitlities Energy Utithties
21 Utitlities Utitlities Utitlities Utitlities |+
« F D >
Accuracy - |  B6.8254] 834921  90.1587

MWUIZNaU 4.12 RN VBIRIUVBINI TN LARTE



UNN 5
NANIINARDIUAZINITOL

unitldinananaan i ldannsnanesmuLLLIaasmsswlsELAN
BN las I TNTRATUI AR NHASLANITURZTWNESALINABSUNTTW  (Web  Page
Classification Model using Feature Reduction and Support Vector Machine:
WPC_FRSVM) minasaslizatoys 2 adaya fedayaain Yahoo uazdayannaigiu
CMU msnasasazudsiiiunisnasasminaumaansziawizlagldenanuiiionss uas
manaaadlaglditmsldazunuidssnniadamasnnasaniniaasuusds lunmaass
mysaunaanszanzlagldannufienaminezinisnassafianagoulszansaw
PaImISuundsznniliomnuadiainudianaslui i niiuand 9t uazn1snaae
Tagl#35mslvazuuudusnndadiamasnnasanniaefuusduin azimmesasiie
nageuUszANTMwUaINIaaTaaNEMIaNIzMamnaRAITEg 9 AuaanaINuMIIW

AZLULLFE

5.1 gadayanlzlunmasas

%Qaﬁlﬂumimaao

5.1.1 gadayainniivlad Yahoo

enasiuwanniylad Yahoo (http://www.yahoo.com: 2 Hguisu
2551) GafitariAgaiutnimsiwin 5 Uszian 1éud 1) Boxing 2) Golf 3) Soccer
4) Tennis uaz 5) Cycling lagl3dayatszinnaz 50 Viuwa saulu 250 Viuiwa

5.1.2 gadayaann CMU

LONRITIVLNG  CMU %oa%ﬂuﬂ@:maa WebKB  (http://www.cs.cmu.
edu/~WebKB/) tanzdnidulvs html, htm Usznausae 7 dszanldun 1) Utilities
11U 239 LIUWA 2) Energy 31131 291 LIULWA 3) Healthcare $1%3% 321 LILLWA
4) Transportation 31%2% 402 LIULNA 5) Financial $1%2% 718 LIULWA 6) Technology

W% 785 LIULWA 7) Material 3137% 777 LIULND 390 1%I% 3,533 LILLNWA

39
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5.2 NMsNAaaINTanIaanEmsianslaglEaanNnlanas

msnasasnssusniuwalaglddininuiienas sautudwwaia
NLABST LT (Web Page Classification Using Document Frequency and Support
Vector Machine: WPC_DF_SVM) 13:nauseduaawiisnua 3 sunausininilsznay
5.1 fia Tunaun 1 ﬂfmm’%ym'l’%laLﬁaﬁﬁammmﬂﬁmwammum:mumi Iwaglu
é’ﬂwm:ﬁmm:auiumﬁme:ﬁ"ﬁa;&aéhﬂ%'mﬁLﬁumﬂuiv'u@au@iavl,ﬂ duaand 2 Ao
NIAATWIASNEMLANE LT UTHAaWAMI 1A lduinesil F9H1wn1TaaIUa
SnwmlanIzesaIaualenssaudn Threshold i lainualy d1855n1s TF-IDF
Laziuaeui 3 Aansusiiulseaniun WuiunounsissiiwNadansn  F-measure
28902510 3 Uszianleun SVM - aulifaadula C4.5 waz RBFNN NNSNaaad Lo b
LANETILNG 2 Tadaya Li¥MINaes lasgadayausniduana1aiivinaain CMU
GononlEAnodnunsnasfnTuM RN szAN UG Usznausedays 7 dszian
lagmaguduan 271 1Iwa mnﬁa;&aﬁy’mu@ 8,282 LIULWA blA 1) Material $1u7%
49 IULNA 2) Energy 31%73% 39 LIULWNA 3) Financial $1%2% 21 LIULWA  4) Healthcare
F1UI% 43 LIULNA 5) Technology 31%3% 45 LIULWA 6) Transportation 36 LIULND LAz
7) Utilities 38 LIULNG qmﬁagaﬁ'amLaﬂmiﬁmwamm'ﬁu%@? Yahoo [15] Gatflwi3uine
AdawnziflaniAsiuannfimswn 5 Uszinn laun 1) Boxing 2) Golf 3) Soccer
4) Tennis uaz 5) Cycling lasldfayatszinnaz 50 Viviwa Ty 250 Liuiwa vims
nasauLUU 10-Fold Cross Validation laglt WEKA

Q?: ‘:{ = U
YRADWN 1 : nItA8NTaANR

1.1 &NaTaAu (Text Extraction) 3MNAHILIVING
1.2 NANT2896 (Stemming)lasltaana3fin Porter

o o o . A = o AN A o &
1319061980 (Stopping) Fadudn laianusniu
. =

YBAAWN 2 : NITAAVWIAINBIBLLANL

2.1 FINANMIULLANE (Feature Extraction) 118”8%11%31] Term Frequency Table
2.2 0TWIARNBUSLAN1E (Feature  Reduction) @861 0LaN&1TG286AN
fNWWA (Threshold)

2.3709% (Indexing) lasmsmnuasinninaasuaazdnlasls3iznns TF-IDF
. N
Mwisznay 5.1 wuudiaasmysuuwniiviwalaglddanuniananssauny SVM
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duwaawn 3 : n1sUszlndsz@nsua

3.1 S uwunyszinnaloaisiwuniszian 3 Ussian'leun Support Vector Machine
dwliaadula C4.5 uaz RBFNN
3.2 U521 iu52ANTHNAAT F-measure a8MIUIoUNEUAITLUANG 3 Uszan

mMwdsznau 5.1 wuuraasmisuuniiviwalaglddianuiienanssiuny SVM (de)

5.2.1 TAaui 1 N3LA3LNTDAR
5.2.1.1 N135@NAZaAINA (Text Extraction)
mssnataenulagldllsunsy HTMLAsText [7] twaSasiialums
ARATaANY TN ALAWIZEINYDITEAIA (Text) ﬁﬂswngag’uu%ﬁﬂﬁmwmmfu
wa9n1g1Usunsy HTMLAsText udanaanid ldasduilonnuvasiona s uiwainis

C%

alaifldn HTML tag 3Unw wiakedadiiie Unngat

5.2.1.2 NSHISINANT (Stemming)

d‘l v Y g: L o k% 1 =3 o o 1 J

Wa'lddaanuannduaaumIanadiia? dald3aihdinaiinnm
Nnannlasltaanasiu Porter Tadusanasiuf ldsuanufon lasdsufaudvine
(Suffix) THA1B189NY T WAITIMAUALARISNBIAUANNIANG LTUA1IT “Run” LAY

“Running” aztdfeswmdusnandiiaoinuda “run” 1Duan

5.2.1.3 N13NNIAAINLA (Stopping)

[ ° [ [%

o o o 2 Ao
ﬂ’]iﬂ’]’fﬂ@]ﬂ’]‘ﬁ%@] Hunszuawn1sn N1 au 1 nIun1IAa A b

o

¥
& @ @

RIIRWLNEA LTDIINAIUNIA LT UF T UERTUNNTININNTLATIZH SItKIIAIIRNAMN
& Py v A o Aa o @ &, A a i o i \
mmuaanﬂﬂmalmmamww:ﬂ’mmammﬂagmmu ANRAWLILNINAN “Stoplist” LT

#1791 “a” “been” Waz “ago” LA

v ]
5.2.2 TWADWN 2 NTAAVHIAA NHITIANTE
5.2.2.1 NN3&319ANBLLANE (Feature Extraction)
o o dl v g; a v v v 1
lasihdnldnniuneunaeioudayaunaiisliogluslaas Term
Frequency Table d28:1915% Alanan s inwagnimdman 3 LU uazlidiag 4
fia play, tennis, win WAz knockout sanInaNaselwagluguas Term Frequency waz
Document Frequency G90157970 5.1 lasdinuald TF (Term Frequency) PTG
dranudvasdudazdnunngadluienas et d1d “play’  Usingadlu
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lanaIatiuf 1 (Docy) 1% 3 A3 Unngatlutenansatiun 2 (Doc,) §1wau 4 A3
. o A ° £ A . . v & =

wazdangagluanansatiuf 3 (Docy) F1wan 0 avswialdunngedluienansadud 1u
@ lag DF (Document Frequency) wUBN ANUDLENEITVRIANNRINTIN ﬂi’mgslu
lanaINInNanady 1w §111 “play’ daingagluianans 2 adu ldun tanansadui 1

> dl [ g; KR A . 1 d' | o 1 “« .y
(Doc,) WaztanaIaiui 2 (Doc,) Adtu JRAAIANNDLNFITTU 2 Uazd191 “tennis
Unngegluanaininua 3 adu laun tanansadun 1 lenaIaduf 2 uazienansady

71 3 PdaeNnuDanz 1T 3 1ndn

@1319N 5.1 @28819 Term Frequency Table

ANDVDIAN TF (Term Frequency)

LNET Tuunazianans (Doc)
play tennis win knockout
Doc; 3 5 0 1
Doc, 4 2 0 1
Doc, 0 1 3 1
ﬂ'ﬂ&l?it'élﬂﬂ’]‘i DF
2 3 1 3
(Document Frequency)

5.2.2.2 NIAADWIAANBMELIRNE (Feature Reduction)

099N AN BILANIZT8IN TSN YT AN LN D S
1N MIaasBInsmelan s lnisinduegneds  mmasasitldlddranuiaas
LaN&1Y (Document Frequency) ﬁé’nﬂm:mwwzfuﬂmﬂgag Tagazidananumianizh
NINNIWIaLTINAUAT Threshold firnnualy driwuasn Threshold () TR enannnin
WAL 3 9INeNT9R 3 Arenufienans (Document Frequency) 28461731 (“play” =
2. “tennis” = 3, *win” = 1, “knockout’ = 3) 1A IR TENwAN A LREs 2 & Aadiin

“tennis” L&z “knockout” LNa lElumsinulududaly wazaadnin “play” uas “win” Hily

5.2.2.3 N1IN1A%H (Indexing)

ek wnsaaumaanEmIanizud9zina T lana i lidn
ﬁ’l%ﬁﬂi@]ﬂlﬁ%ﬂ’ﬁ TF-IDF lag TF (Term Frequency) ﬁammﬁmaaLL@iazﬁﬁﬁﬂﬁﬂglu
LBNRIT Was IDF (Inverse Document Frequency) fa muné'umaammﬁmﬂmsﬁﬂi’mg

duuay asmwisznay 3.5 lasfl W, @a d1 TF-IDF 284817 k luianansfij lag j = 1,
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.., n w88 n Ao SIUIUVILONEITNIRYA INWLNAA1UWIDH A1 TF-IDF mamﬂﬁmﬁa %1

AN LAINNIA W WU D %ilugﬂ UL Document Word Matrix

5.2.3 uaawi 3 nmsUsziindseansua
5.2.3.1 M3 uwnlszaniuing (Web Page Classification)
mnasasilEarsuuntszian (Classifier) 3 Us21nn Ao Support
Vector Machine (SVM) dulaaasula C4.5 uaz RBF Neural Networks

5.2.3.2 Uszilindsz@8ndwaa F-measure

IMMNANMITNARDING 2 R OVEHE lagnagouiuaaudeng13eng
9 WinuAsuiuasiuwnyssianms 3 UL AN HABBNNTI UUNLT UL
WPC_DF_SVM

NS 9NN F-measure ﬁ"lﬁmaanﬂﬂsmﬂ (Class) VIR
TagmansoRsantssansnwaastwaawitestszdude i

1) UseBNEnINAIANNENABINIIANIWIAANBIANE

A9 5.3 maa‘*ﬁaga@@ﬁ1 Saanumesnwmeianzlagld
anuenans (Document Frequency) #5ld Threshold (\) 619 s >0,>5, ..., > 50
AUSINL FINITOAATIUIWANBIUSLANIZAN 12,722 ITUIBLARDLNEY 88 FI1UIU LA
NANTIT 5.4 maaﬁa;ﬁlam‘ﬁ' 2 FNTDAAIUIANHIULLANIZANN 9,608 FIHINLARD
LRE9 492 $1ALTINTI I@ﬂwmﬁmﬂﬁagaq@ﬁ 1 SVM ﬁaﬂalﬁmmmgﬂﬁm% lasdl
AANNENITERINIALARE F-measure mﬂﬁq@ 93.19% UazAILaRE F-measure ﬁamﬁq@
88.44% Aentlvzuntn 5% wamsmaaﬁagaq@ﬁ 2 SVM §dLaas F-measure 100% 3
NI RA UM TAAUUIAR N HIALLANIZLRZARINTAAYUIARNHEUSLANE

2) isz@ndSninvesaruwniszian

WaRananeasunwnng 3 dysian mn’ﬁaga"g@ﬁ 1 WebKB
mwidszney 5.2 ugasldifniniedan A snniwdewinnn 0 auded A snninwie
WinAY 50 SVM %@ F-measure gdﬁq@ 389891178 C4.5 uaz RBFNN l##1 F-measure
ﬁaﬁﬁq@ a’m‘*gwﬁagaﬁ 2 UWATIAW Yahoo nwisznay 5.3 flamwasnumsianiz
mﬂ‘ﬁq@ (, = 0) SYM Iﬁmﬁﬁq@ A2 100% nnn3th C4.5 lid1 99.6% nnn3dl uaz
RBFNN 1#dn 92.95% las@eaundwiin 100% e A > 20 Sswuiniaansiwin

. o Y o 3 vaan &
am:rmzmww:mazml%mmLLumJifzmwmmmmo'm"l@ﬁm“lm



AN919N 5.2 ALaas F-measure qmﬁa;&aﬁ 1 AUWA WebKB

44

mwﬁtanms IV ﬂ"’l!ﬂgﬂ F-measure (%)
(Document Frequency) ANBULLBNE SVM Ca.5 =
L=>0 12,722 93.19 89.57 74.06
L=>5 1,666 92.68 89.22 72.42
A =10 812 90.98 89.50 67.96
A= 15 511 90.98 89.50 67.96
A =>20 357 91.57 85.22 63.91
A= 25 262 91.53 84.90 65.55
A =30 187 89.10 86.23 67.08
A= 35 144 88.78 88.06 65.04
A= 40 120 88.75 88.08 62.39
A= 45 102 88.44 88.74 62.62
A =50 88 89.56 87.56 63.33

AN319N 5.3 ALade F-measure q@imgaﬁ 2 AUWat13 U lwd Yahoo

AMADLENENS (Document W IN Aaag F-measure (%)
Frequency) ANHWILRNIL SVM ca5 RBE
AL=0 9,608 100.00 99.60 92.95
A=>5 2,285 100.00 99.60 96.82
A =10 1,364 100.00 99.60 99.22
L= 15 1,019 100.00 99.60 99.60
A= 20 803 100.00 99.60 100.00
A= 25 691 100.00 99.60 100.00
A =30 617 100.00 99.60 100.00
L=>35 565 100.00 99.60 100.00
A= 40 533 100.00 99.60 100.00
A= 45 511 100.00 99.60 100.00
A =50 492 100.00 99.60 100.00
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©o o
g O O,

F-measure
[a=] [a=]
(]

—e—5VM
—m—C45
—4&—RBF

=75
&
€70
o
65
60 :
[en] [[p] o [Te] (] L) (] L) [en] Kp] (]
NN Y O & a4 o o F <+ o
< - Al Al Al Al Al Al Al Al Al
- - - - - - - - -
ﬂ‘T'INﬁl’Elﬂﬂ'l‘i‘
MWsenay 5.2 dLals F-measure q@ﬁayaﬁ 1 WebKB
101
——SVM
100 £ 2 £ o o y
I S S T — —m-C45
© 99
= —4+ RBF
2 93
@
g 97
L 96
pru |
1€ 95
-£ 94
93
92 :
(=] L) (=] L) (] L) [en] [p] Q [p] Q
N ON Y O a4 4 e oo T <+ o
- - Al Al Al Al Al Al Al Al Al
- - - - - - - - -

=4
AMMNOLANANS

MWsznay 5.3 ALals F-measure q@ﬁayaﬁ 2 Huwatnnw u'lered Yahoo
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5.3 NINAaIlaglEIsN1TIiAz UKL INNAAARIETNNDIALINLADS

= |
WNDBDW
o [~3 va A v A “ A

AInaaasn1TsnuwniviwalasliitnsliazunuiFesanniadaana
TWNDTAINLADSUUTT I (Web Page Classification using A novel Voting Algorithm of
Multi-class SVM: WPC_VAMSVM) 1U32naua289uaauninia 4 Juaauasnintsenay
3.1 (Unf 3) Tuaanil 1 e MuatsudayaIuiwg Tuaauh 2 AemMIETNANEULIANE
YUADUN 3 NMIAAVIARNHULLANTE TUADUN 4 NMITWUNUITHANUAZNT IR AL
minaaadldlfienasiiviwanngedayannaszin CMU dsznaudintoys 7 dwzan
laun 1) Material 2) Energy 3) Financial 4) Healthcare 5) Technology 6) Transportation
36 Waz 7) Utilities 31wInaaaas 90 LILIWD 3I031%I% 630 LILLWAANN 3,533 (LA
html)

ANBIASLANIZAINNTaANNR

o [ 3 A o o
PWIBVDINNBWIULLANIZINNVAANNN 22,938 3MTUIW LRSITWIUVD
716

ILLNG
IUIN RAIINLRONANBULANIZA8 document
frequency threshold $1WIUVBIANHIULLANIZANNTDAMNE 1,033 I1UIH UaZ ITUINVDY
SNBMEIANIZNTaANULAE RGeS 1,749 $1uan msmaaafﬁﬁaammugﬂuuumi
nasasfidrsin laun A, B, C usz D 1ilanagauniuss 10-Fold Cross Validation 6961374
fi 5.4

@I’]i’]\‘iﬁ 54 EULL‘]JiJﬂ’ﬁY]@a’EN“IIB\‘i WPC_VAMSVM

Feature SVM and Voting
Exp. Experiment Name
Text Only | Text&Title 1vsi 1vsAll
A TO 1vs1 v x v x
B TO_1vsAll v x x v
C TT 1vs1 x v v x
D TT_1vsAll x v x v
@1’13’1\1“7; 5.5 fn F-measure (%) ﬂladﬂ’liﬂ@madgﬂuuu A: TO_1vs1
No. 1vs1 SVM Classification 1vs1_Voting
Features | RF IG cs GR | RF&IG | RF&CS | RF&GR | IG&GR | IGECS | CS&GR
100 89.10 | 86.50 | 87.79 | 79.61 | 91.15 | 92.73 | 91.91 87.36 | 89.05 | 87.65
150 89.41 | 84.19 | 82.19 | 83.50 | 90.30 | 90.35 | 90.50 87.69 | 8457 | 87.56
200 88.92 | 85.75 | 84.81 | 82.41 | 89.22 | 89.08 | 87.69 85.57 | 85.73 | 84.02
250 87.31 | 85.13 | 85.14 | 85.13 | 87.81 | 87.63 | 87.81 85.11 85.14 | 85.43
300 87.49 | 84.67 | 84.67 | 84.67 | 87.15 | 87.15 | 87.15 84.67 | 84.67 | 84.67




¢179N 5.5 f1 F-measure (%) 289M1INA8IIUUUIY A: TO_1vs1 (6ia)
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No. 1vs1 SVM Classification 1vs1_Voting

Features | RF IG CS | GR | RF&IG | RF&CS | RF&GR | IG&GR | IG&CS | CS&GR
350 86.16 | 83.41 | 83.41 | 83.41 | 85.83 | 85.83 85.83 | 83.41 | 83.41 83.41
400 86.80 | 81.59 | 81.59 | 81.59 | 84.61 84.61 84.61 81.59 | 81.59 | 81.59
all 80.16 | 80.16 | 80.16 | 80.16 | 80.16 | 80.16 80.16 | 80.16 | 80.16 | 80.16

(ﬂ’]‘i’ldﬁ 5.6 A1 F-measure (%) madﬂﬁﬂ@ﬂadgmmu B: TO_1vsAll

No. 1vsAll SVM Classification 1vsAll_Voting

Features | RF IG CS GR | RF&IG | RF&CS | RF&GR | IG&GR | IG&CS | CS&GR
100 91.44 | 86.50 | 87.50 | 80.14 | 91.44 | 92.37 89.34 84.78 | 87.01 86.49
150 91.28 | 85.43 | 83.49 | 83.13 | 91.28 | 91.89 90.48 87.41 | 86.82 | 87.07
200 91.13 | 87.18 | 88.45 | 84.81 | 92.72 | 92.72 92.87 8797 | 87.65 | 88.26
250 90.82 | 88.29 | 87.02 | 87.81 | 9146 | 91.63 91.61 87.97 | 87.98 | 87.97
300 91.28 | 88.15 | 88.15 | 88.15 | 91.80 | 91.80 91.80 | 88.15 | 88.15 | 88.15
350 90.67 | 86.56 | 86.56 | 86.56 | 91.78 | 91.78 91.78 | 86.56 | 86.56 | 86.56
400 89.89 | 84.15 | 84.15 | 84.15 | 89.91 89.91 89.91 84.15 | 84.15 | 84.15
all 86.23 | 86.23 | 86.23 | 86.23 | 86.23 | 86.23 86.23 | 86.23 | 86.23 | 86.23

@1’15’1\1“7; 5.7 @ F-measure (%) ?Jadﬂ’li‘ﬂ@amgﬂl,mu C: TT_1vs1

No. 1vs1 SVM Classification 1vs1_Voting

Features | RF IG CS GR | RF&IG | RF&CS | RF&GR | IG&GR | IG&CS | CS&GR
100 90.35 | 87.00 | 87.46 | 77.09 | 91.63 | 92.73 90.52 88.10 | 88.57 | 88.43
150 89.70 | 84.35 | 87.27 | 81.32 | 90.22 | 91.31 91.30 89.22 | 86.65 | 89.10
200 89.21 | 84.76 | 84.76 | 81.07 | 90.82 | 91.16 90.62 86.67 | 85.23 | 86.64
250 89.06 | 86.24 | 85.45 | 83.58 | 90.36 | 90.23 90.05 86.60 | 86.36 | 86.75
300 88.29 | 85.29 | 85.12 | 83.60 | 88.13 | 87.66 88.99 85.17 | 85.44 | 85.01
350 87.99 | 8497 | 85.72 | 84.78 | 88.47 | 88.31 88.47 85.12 | 86.08 | 85.42
400 88.46 | 84.05 | 83.53 | 84.47 | 86.74 | 87.96 87.35 84.68 | 8543 | 85.13
all 81.57 | 81.57 | 81.57 | 81.57 | 81.57 | 81.57 81.57 81.57 | 81.57 | 81.57
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a1719N 5.8 @1 F-measure (%) 289MINA8IFUULL D: TT_1vsAll

1vsAll SVM
No. 1vsAll_Voting
Classification

Features
RF IG CS GR RF&IG | RF&CS | RF&GR | IGE&GR | IG&CS | CS&GR

100 93.04 | 86.85 | 86.87 | 77.32 | 93.35 | 93.01 91.13 | 87.95 | 87.80 | 88.40

150 91.77 | 86.06 | 86.04 | 80.61 | 92.56 | 92.68 | 90.01 87.79 | 88.12 | 87.46

200 92.07 | 86.71 | 87.15 | 81.84 | 92.87 | 93.17 | 92.37 | 88.20 | 87.00 | 89.00

250 91.30 | 89.87 | 88.43 | 85.91 | 93.98 | 93.18 | 92.23 | 89.72 | 89.57 | 88.30

300 90.78 | 88.47 | 87.51 | 87.06 | 93.18 | 93.18 | 93.19 | 88.48 | 88.63 | 88.64

350 90.81 | 88.12 | 87.97 | 87.97 | 93.03 | 92.41 9240 | 88.77 | 88.76 | 87.81

400 90.79 | 88.77 | 87.84 | 87.51 | 92.09 | 91.78 | 92.25 | 88.46 | 89.24 | 87.97

all 87.22 | 87.22 | 87.22 | 87.22 | 87.22 | 87.22 | 87.22 | 87.22 | 87.22 | 87.22

mmmagﬂﬂiuﬁumﬁmaaavl,@T4 Usziauadsia i

1) Usztanaain1staanI 5 In1IaATRIAA NBIRNL

MInAUMIAaNEMeAI183T RF 1HA1 F-measure ﬁgdﬁqmﬁmﬁyuﬁ'ﬁ%
IG, CS a2 GR. NAMINANDINANHIULANIZEIWI% 100

FWSUNANMINAaeY A luans9f 5.5 uazmwilsznoy 5.4 wuin RF ot
¢ F-measure @8 89.10% s 1G 1Wein F-measure fia 86.50%, CS L#d"1 F-measure
fia 87.79% uaz GR 1%@A1 F-measure fia 79.61%

FWSUNANINARDY B luan39f 5.6 wazmwilsznou 5.5 wuin RF ok
@1 F-measure gd‘ﬁqﬂ fa 91.44%

fwsuNan1Iasass C luasef 5.7 usznwiizney 5.6 wuin RF I
@1 F-measure gdﬁﬁgﬂ fa 90.35%

FASUNAMINARDs D w197t 5.8 uazmwisznay 5.7 wuin RF 18

@1 F-measure gx‘]ﬁq@ A8 93.04%.
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—=A glvsl SVM RF)
——A (1vsl SVM IG)
27 | A glvsl SVM ng

—— A (1vsl SVM G

100 150 200 250 300 350 400 all
Number of Features

nMwisznay 5.4 @1 F-measure A5MIRANANHIUUULAN § VAINIINARDI A

93
91

389 .

o 87

2 85

[¢}]

€83 -

Te1 —=— B (1vsAll SVM RF)
79 ——B (1vsAll SVM 1G)
| —I+ B (1vsAll SVM CS)
. —A— B (1vsAll SVM GR)

100 150 200 250 300 350 400 all
Number of Features

MWUznay 5.5 A1 F-measure ADMILBaNANHILUULAN § TaIN1INANY B
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91 |

~ 89 +

S

o 87 -

2 85 |

[¢)]

£ 83

L
81 1 —— C (1vs1 SVM RF)
79 - ——C (1vsl SVM IG)
7 | —&-C (1vs1 SVM CS)
. —A— C (1vs1 SVM GR)

100 150 200 250 300 350 400 all
Number of Features

Mwilsznal 5.6 A1 F-measure ATMAFONANHIUSULUGN § T8INTNARDI C

93 -
91 -

_ 89 4

X

P 87 -

> 85 |

©

e 83 -

L g | —&— D (1vsAll SVM RF)
20 | —0— D (1vsAll SVM IG)
] —3- D (1vsAll SVM CS)
e —— D (1vsAll SVM GR)

100 150 200 250 300 350 400 all
Number of Features

nwisznay 5.7 @1 F-measure 35MILRaNANHILZLULAN § VaINIINAKDI D
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L%

[ -~ aa a o 3 <
2) UszianaadIn1Itaanad amﬂmawawwwasmnnmamuﬁ%u

mIfanidaafaaawuy 1vsAll 1A F-measure ﬁgaﬂ’jmuu 1vs1

FIRTUNANIINARBILASNITIRONANBULANITUUY RF A9
Snumzianz 100 WEAIGINIW U3znay 5.8 LiaRI1IINSNBMaNIZaINT AN
\¥inti WU F-measure 109 1vsAll (MINaaas B a3747 5.6) Ao 91.44% Bouel
Tvs1 (MINARES A A1397 5.5) A1 F-measure Ao 89.10% Nt uaztiafansomn
S NHIALANIZIINT0ANLAZHLT09 WUI1AN F-measure 289 1vsAll (MInasad D
397 5.8) Wi F-measure Niganinfe 93.04% wmefi 1vs1 (MInases C 3197
5.7) §¢i1 F-measure A8 90.35% e

FMSUNANIINARILAUNITLABNANHLANITULY IG A
SnHUEIaNE 150 URAIGINWLTENEL 5.9 iaRaNTINANBMANNZIINT 8ANULTNTIL
WU F-measure 283 1vsAll (MINAaad B @1’1‘5’1\‘1“7{ 5.6) fla 85.43% ilmz“?ll 1vs1 (N3
NA8as A a31971 5.5) 361 F-measure fa 84.19% s uazlafiansananwizlany
NTAANMULALFSBI WUIEN F-measure 189 1vsAll (MINaaad D 1971 5.8) 1#
mﬁgjaﬂdﬁa 86.06% Tmfl 1vs1 (MINAREY C @19719% 5.7) Len F-measure @@
84.35% Ly

FATUNANIINARRIlAsNITLRONAN W HSLANIZULLY CS fis1uan
SNEMaNIz 200 UEAIGINMWUTENaY 510  LisRansansnemsianizaindaniiy
[¥NT8 WU 61 F-measure 199 1vsAll (MINana9 B a397 5.6) Ao 88.45% Yo
Tvs1 (MINARBS A A1397 5.5) AN F-measure Ao 84.81% it uaztiafiansomn
A NHIEIANIZINNTANNLAZAS8d WUI1en F-measure 789 1vsAll (MInasad D
a3197 5.8) W@hﬁgoﬂ’hﬁa 87.15% s 1vsi (MInaaas C a13797 5.7) e
F-measure &a 84.76% ¥t

ARSUNANNINARBIlauNTIRENANHIULLANIZULL GR fid1uan
SNEMaNIz 200 UEAIGIMWUTENaY 511 LsRansansnemsianizaindaniiy
[¥N94 WU 61 F-measure 289 1vsAll (MINanay B a13797 5.6) Ao 84.81% Wi
1vs1 (MINARAY A an31971 5.5) {f1 F-measure fia 82.41% itk uaziilafansan
S NHIIANITINNTANLAZAS8S WUI1en F-measure 789 1vsAll (MInasad D
a3197 5.8) ‘lﬁmﬁgoﬂ’hﬁa 81.84% sl 1vsi (MInaaas C a13797 5.7) e

F-measure A8 81.07% L¥iN1bt
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F-measure (%)
(o]
a

—g=— D (1vsAll SYMRF) —o— C (1vs1 SVMRF)
81 || —8—B (1vsAI SYMRF) —a—A (1vs1 SVMRF)

100 150 200 250 300 350

400 all
Number of Features

ANWU9enay 5.8 @1 F-measure 289N13NARAY LflE]slfﬂﬁia@]?lu’]@ﬁﬂi&l’mzLQW’IZLLUU RF

=90
88
v 86
>84
© 82
£80 [ —m—D (1vsAllSVMIG) —o— C(1vs1 SVMIG)
o ;2 —o—B (1vsAll SVMIG) —a— A (1vs1 SVMIG)
100 150 200 250 300 350 400 all
Number of Features

ANWU9Enau 5.9 @1 F-measure 289N1INARD Lﬁasl,‘ffﬂ’]iﬂﬂﬂl%’]@]gﬂHMZLQWWzLLU‘]J IG

F-measure (%)

84 —U\A\A\A
80 - [—gm— D (1vsAll SYM CS) —o— C (1vs1 SVMCS)

78| ——8 (1vsAll SYMCS) —a— A (1vs1 SVMCS)

100 150 200 250 300 350
Number of Features

400 all

AW1senay 5.10 A1 F-measure 184N13NARAY Lﬁai%mmmm@é’ﬂwmzmwmmu CS

90 -
@88 E
E;;86 8
S84 4
§82 g
€ gg —f3—D (1vsAll SYM GR) —&— C (1vs1 SVM GR)
L 76 ——B (1lvsAll SYM GR) —A— A (1vs1 SVM GR)
100 150 200 250 300 350 400 all
Number of Features

ANWU9znau 5.11 @1 F-measure 284N13NARAY Lﬁal"ﬁ/ﬂ’ﬁﬂ@“ﬂuﬂﬂﬁﬂHMS‘,LﬂWWZLLUU GR
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[ o a
3) UzLAnuaIdana NN IRAILIbbLEE
> a KR v 1
3.1) aanas‘nNmﬂwﬂummﬁmswma RF uaz IG

fnsulseaninnaesganasiiu 1vs1_Voting Wuin 1vs1_Voting 1%

#1 F-measure ﬁgoﬂ’jﬂ%ﬂﬁa‘imuﬂﬂmnwﬁ’;sJ SVM WesdBlaen  (lvs1  SVM
classification) fa

® SMSLNAMINARss A 0131971 5.5 ugaIRInIwlIznay 5.12

A wInanBILanE 250 WU 1vs1_Voting 35%319 RF Uaz IG U1 F-measure 1’7'1'@;(\1

ni1fa 87.81% wmizfi 1vs1 SVM 289 RF 61 F-measure #0 87.31% uaz IG {en

F-measure A8 85.13%

® FWMSLNANMINARSI C A1997 5.7 uaaseInwlsznay 5.14

A wInaNBILANTE 250 WU 1vs1_Voting 321319 RF uaz IG 1@ F-measure ﬁ'ga

ni1fe 90.36% vzl 1vs1 SVM a4 RF §ifn F-measure fin 89.06% uaz IG fen
F-measure fia 86.24%

fnIudszEnSnnwesaanaina 1vsAll_Voting Wud1 1vsAll_Voting

%@ F-measure ﬁgon’jﬂﬁmiﬁﬁwLmnﬂi:mm‘ﬁﬂ SVM 1 AgsITi@en  (1vsAll SVM

classification) fa

® SWMSLNaMINanss B 031971 5.6 ugasainwlsznay 5.13
A wInaNBILaNTE 250 WU 1vsAll_Voting 72%319 RF 1az IG ¢ F-measure ﬁlfﬁd
ni1fe 91.46% wuefi 1vsAll SVM w89 RF §ifn F-measure i 90.82% uaz IG {en
F-measure fia 88.29%

® FMSUNAMINARSs D a13797 5.8 uaasesnwlsznay 5.15
fswInaNBIzLaNIE 250 WU 1vsAll_Voting 32%114 RF W&z IG U1 F-measure ﬁga
ni1fa 93.98% wefi 1vsAll SVM w89 RF e F-measure fio 91.30% uaz IG Jen

F-measure A8 89.87%
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92

90 A

F-Measure (%)
[0} (o]
(o)} (o]

o
Iy
I

82 | —0—A (1vsl Voting RF&IG)
1A (1vsl SVM RF)
—*—A (1vsl SVM IG)

80 T T T T

ARG

100 150 200 250 300 350 400 all
Number of Features

AWsenau 5.12 @1 F-measure 5ﬂﬂa%ﬁllﬂ’1‘§1ﬁﬂ$LL%%L§ﬂd RF ez 1IG NMInaaad A

94
92 -
g 90
@
g
S 88 |
LL
86 - *\/ ——B (1vsAll_Voting RF&IG)
—0— B (1vsAINSVM RF)
. —¥- B (1vsAll SVM IG)

100 150 200 250 300 350 400 all
Number of Features

AWUsenay 5.13 @1 F-measure é'aﬂa%ﬁmmﬂﬁﬂ:uumﬁm RF ez 1IG N1Inaaas B
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91
89 |
S
g 87 |
=
U 85 -
83 | —0—C (1vs1l_Voting RF&IG)
—{1—C (1vsl SVM RF)
—*—C (1vsl SVM IG)
81 ‘ T
100 150 200 250 300 350 400 all
Number of Features

AWsenau 5.14 @1 F-measure é’ana’%ﬁumﬂﬁﬂwum%m RF ez 1IG N1Inaaad C

93 |
_.91
S
e
ﬁ 89
=
LL
871 —o— D (1vsAll_Voting RF&IG)
—{+D (1vsAll SVM RF)
—k—D (1vsAll SVM IG)
85
100 150 200 250 300 350 400 all
Number of Features

AWUsenay 5.15 @1 F-measure é’ana’%ﬁumﬂﬁﬂmmmﬁm RF laz 1IG n1Inaaad D
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3.2) daNa3NANT INALLIbLALITEI9 RF ez CS

fNSuUTERNSA Wae98anasNu 1vs1_Voting WU 1vs1_Voting 1#

@1 F-measure ﬁgaﬂiﬂ%ﬂ’ﬁﬁimuﬂﬂs:mﬂﬁasl SVM iWg9IBLaga  (1vs1  SVM
classification) fa

® SMSLNANMINARSI A 0131971 5.5 ugaIRInIWLIzNay 5.16

fswInaNBILaNIE 250 WU 1vs1_Voting 721319 RF a2 CS i1 F-measure ﬁga

ninfe 87.63% amzfl 1vs1 SVM a1 RF fien F-measure fia 87.31% uaz CS fen

F-measure A8 85.14%

® SMSLUNANMINARST C A1 197 5.7 uaeaesnwlsznay 5.18
AIWINANHIELAWTE 250 WUFT 1vs1_Voting 35W319 RF uaz CS J¢n F-measure ‘ﬁ'ga
ni1fa 90.23% wmefl 1vs1 SVM 289 RF e F-measure fia 89.06% uaz CS {en
F-measure fia 85.45%

fnsulszEnSanwesaanasna 1vsAll_Voting Wuin 1vsAll_Voting
%@ F-measure ﬁgoﬂdﬂ%ﬂﬁﬁwLmﬂﬂi:mwéfw SVM 1 Aa93Ti@en  (1vsAll SVM

classification) fa

® HMUILWAMINANDY B A1319N 5.6 UsaIAINIWLIznay 5.17
NIUIBANBULLANTE 250 WL 1vsAll_Voting 531319 RF uaz CS e F-measure 71
ganinfa 91.63% waeh 1vsAll SVM 189 RF fien F-measure Aa 90.82% Waz CS i

F-measure A8 87.02%

® HUTUNANIINAAEY D 913191 5.8 UaAININIWLIzNOY 5.19
NINUIBANBIULLANT 250 WU 1vsAll_Voting 52319 RF waz CS @1 F-measure 7
ganinfa 93.18% waeh 1vsAll SVM 183 RF e F-measure @@ 91.30% Uaz CS i

F-measure A8 88.43%
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92
90
SEER
% 86
=
L
84 /M\\K
- —>—A (1vsl Voting RF&CS)
| -1 A (1vsl SVM RF)
——A (1vsl SVM CS)
80 T T T W
100 150 200 250 300 350 400 all
Number of Features

AWsenay 5.16 @1 F-measure 5&ﬂﬂ%ﬁ&ﬂ151ﬁﬂ$LL%%L§ﬂd RF Lz CS n1naaad A

93 A

©
[y
!

F-Measure (%)

85 -

83

—0—B (1vsAll_Voting RF&CS)
-

—¥— B (1vsAll SVM CS)

B (1vsAll SVM RF)

100

150

200

250 300 350 400
Number of Features

all

AWUIenaY 5.17 @1 F-measure é’aﬂa‘%ﬁumﬂﬁﬂmum%m RF LLaz CS n1Inaasd B
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93
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89 -

F-Measure (%)
[0}
\‘

85 -

83 -

81

—0—C (1vs1l_Voting RF&CS)
——C (1vsl SVM RF)

—¥-C (1vsl SVM CS)

100

150

200 250 300 350 400 all
Number of Features

AMW1senay 5.18 @1 F-measure é’aﬂa%ﬁumﬂﬁﬂ:uumﬁm RF ez CS mMnaaad C

93 A

©
=
!

F-Measure (%)
(o]
(e}

87 -

85

—0—D (1vsAll_Voting RF&CS)
—+—D (1vsAll SVM RF)
—%—D (1vsAll SVM CS)

100

150

200 250 300 350 400 all
Number of Features

AMWUsenay 5.19 @1 F-measure é’aﬂa‘%ﬁuﬂ'}ﬂﬁﬂmuwf«m RF laz CS n1naaay D
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3.3) 9AN2INANT N ALLKLALITEKHIY RF 1ae GR

fNSuUTERNSA Wae98anasNu 1vs1_Voting WU 1vs1_Voting 1#

@1 F-measure ﬁgaﬂiﬂ%ﬂ’ﬁﬁimuﬂﬂs:mﬂﬁasl SVM iWg9IBLaga  (1vs1  SVM
classification) fa

® SWMSLNANMINARSI A 0131971 5.5 uFAIRINIWLIZNaL 5.20

fewInaNBILaNIE 250 WU 1vs1_Voting 32%3149 RF uaz GR {é1 F-measure ﬁga

ninfe 87.81% wmefl 1vs1 SVM 289 RF Jf1 F-measure o 87.31% uaz GR fen

F-measure A8 85.13%

® SMSLNANMINARST C A13197 5.7 uaeaesnwlIznay 5.22
AIWINANHIELAWTE 250 WU 1vs1_Voting 35%319 RF uaz GR 3¢ F-measure ‘ﬁ'ga
ni1fa 90.05% wmefl 1vs1 SVM 289 RF {61 F-measure fia 89.06% Waz GR [en
F-measure fia 83.58%

fnsulszEnSanwesaanasna 1vsAll_Voting Wuin 1vsAll_Voting
%@ F-measure ﬁgoﬂdﬂ%ﬂﬁﬁwLmﬂﬂi:mwéfw SVM Aa9dTi@en  (1vsAll SVM

classification) fa

® FWILWANMINANY B @139 5.6 UaaIaInwilsznay 5.21
NIMIBANBULLANTE 250 WL 1vsAll_Voting 31319 RF uaz GR @1 F-measure 71
ganinfa 91.61% Umeh 1vsAll SVM 84 RF &f1 F-measure Aia 90.82% waz GR i

F-measure A8 87.81%

® HUTUNANINAAEY D 913191 5.8 uaAINININLIzNaY 5.23
NINUIBANBHULLANT 250 WL 1vsAll_Voting 52319 RF uaz GR MA@ F-measure 7
ganinfa 92.23% U 1vsAll SVM 284 RF df1 F-measure Aia 91.30% uaz GR i

F-measure A8 85.91%
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F-Measure (%)
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S
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—0—B (1vsAll_Voting RF&GR)
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Number of Features

ANWUsenay 5.21 @1 F-measure é’ana’%ﬁumﬂﬁmuum%m RF uar GR n1naaad B
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F-Measure (%)
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Number of Features

AWUsenay 5.23 @1 F-measure é'aﬂa%ﬁmmﬂﬁﬂ:uumﬁm RF a8z GR mInaasy D
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3.4) 9ANDINNNT IR ALLILHLELITENI IG uaz GR

fNSuUTERNSA Wae98anasNu 1vs1_Voting WU 1vs1_Voting 1#

@1 F-measure ﬁgaﬂiﬂ%ﬂ’ﬁﬁimuﬂﬂs:mﬂﬁasl SVM iWg9IBLaga  (1vs1  SVM
classification) fa

® SWMSLNAMINARSI A 0131971 5.5 ugaIRInIWLIzNay 5.24

fiswInan Bz anz 150 Wui 1vs1_Voting 71314 IG 1laz GR #¢n F-measure ﬁga

ninfe 87.69% mzil 1vs1 SVM 289 IG Jf1 F-measure o 84.19% usz GR fen

F-measure A8 83.50%

® SMSLUNANMINARST C A1 197 5.7 uaeaesnwlIznay 5.26
A wInANH MW 150 WU 1vs Voting 3597319 IG Uas GR §6n F-measure ‘ﬁ'ga
ni1fa 89.22% wmzil 1vs1 SVM 189 IG {60 F-measure fio 84.35% uaz GR [
F-measure fia 81.32%
fnSulszEnSanwesaanasna 1vsAll_Voting Wuin 1vsAll_Voting
I#ein F-measure  gandnldnisduundszinneie SVM  1le93Tiden  (1vsAll SVM
classification) fa
® SWMSLNANMINARsI B 0131971 5.6 ugasninwlsznay 5.25
fswInanBILanTE 250 WU 1vsAll_Voting 31319 IG 1laz GR H¢in F-measure ﬁlfﬁd
ninfe 87.41% wmefl 1vsAll SVM 289 IG ien F-measure fia 85.43% waz GR fen
F-measure fa 83.13%
® FWUNANINARsI D a13197 5.8 uaaIGINWLITNAY 5.27
fe AN MWz 250 WU 1vsAll Voting 51319 IG uaz GR id1 F-measure ‘ﬁ'ga
ni1fa 87.79% wmusdi 1vsAll SVM 289 IG §if1 F-measure fia 86.06% uaz GR Jen

F-measure A8 80.61%
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F-Measure (%)
(o] 0]
w (&)

(o]
g
|

~
©
I

77 ¥

—0—C (1vs1l_Voting IG&GR)
—+C (1vsl SVM IG)
—%—C (1vsl SVM GR)

100

150 200 250 300 350 400

Number of Features

all

AW1senau 5.26 A1 F-measure 5ﬂﬂa%ﬁllﬂ’1‘§1ﬁﬂ$LL%%L§ﬂd IG ez GR MInaaayd C

F-Measure (%)
o] (o] (o] (o] (0]
= w (6)] ~ ©
| | | | |

~
o
|

~
~

~0- D (1vsAIlSVM [G)
—%—D (1vsAll SVM GR)

—0—D (1vsAll_Voting IG&GR)

100

150

200 250 300 350 400
Number of Features

all

AWUsenay 5.27 @1 F-measure é'aﬂa%ﬁmmﬂﬁﬂ:uumﬁm IG ez GR nMInaaad D



65

3.5) 9AN2INANT N ALLWLALITENI IG waz CS

fNSuUTERNSA Wae98anasNu 1vs1_Voting WU 1vs1_Voting 1#
A1 F-measure fAigindldmiduundszinnean SVM  WeddTides  (1vst SVM

classification) fa

® FMILNANMINGREY A @137 5.5 Laasadin wlsznay 5.28
NIUIHANHUIANIE 150 WU 1vs1_Voting 321374 IG WAz CS ildn F-measure g4
N0 84.57% U 1vs1 SVM 28y IG e F-measure Ao 84.19% uaz CS en

F-measure A8 82.19%

® SMSLNANMINARSI C A1997 5.7 uaeaeInwlIznay 5.30

A wInan ez 150 Wuin 1vs1_Voting 72%319 IG uaz CS ¢ F-measure 1’7'1'&;(\1

ni1fe 86.65% il 1vs1 SVM 289 IG §ifin F-measure fia 84.35% uaz CS [en
F-measure fia 86.27%

fnIudszEnSnnwesaanaina 1vsAll_Voting Wudn 1vsAll_Voting

%@ F-measure ﬁgoﬂiﬂﬁmiﬁ‘hLLunﬂszmmTw SVM igd3Bi@es  (1vsAll SVM

classification) fa

® HMMNILNAMINAREY B @139 5.6 Laadasnwilsznay 5.29
NINUIUANBULLANE 250 WU 1vsAll_Voting 321319 I1G waz CS MA@ F-measure 7
ganinfa 86.82% vtz 1vsAll SVM U84 IG iidn F-measure Aa 85.43% uaz CS i

F-measure fia 83.49%

® SMSLNaMINAass D @137 5.8 ugaseInwdsznay 5.31
fswInan L any 250 Wuin 1vsAll_Voting 751314 IG Waz CS 1@ F-measure 7
geninfio 88.12% wnuzl 1vsAll SVM 989 IG il F-measure o 86.06% waz CS e

F-measure A8 86.04%
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3.6) DAN2INNNT INALLILLALITENI9 CS Lag GR

fSuUTERNSA I Wae98anasiu 1vs1_Voting WU 1vs1_Voting 1#

#1 F-measure ﬁgaﬂiﬂ%ﬂ’ﬁﬁimuﬂﬂs:mﬂﬁasl SVM iWg9IBLlaga  (1vs1  SVM
classification) fa

® SMSLNAMINARSI A 0131971 5.5 uFAIRINIWLIZNaY 5.32

fiswInanBIzLanIz 150 WU 1vs1_Voting 3213149 CS llaz GR {f1 F-measure ﬁga

ninfe 87.56% wmefl 1vs1 SVM 289 CS {61 F-measure fio 82.19% uaz GR fen

F-measure A8 83.50%

® SMSLUNANMINARST C A13197 5.7 uaeaesnwlIznay 5.34

A wInANB MW 150 WU 1vs1_Voting 3397319 CS was GR LN F-measure ‘ﬁ'ga

ni1da 89.10% Bmusfi 1vs1 SVM 289 CS [¢n F-measure fia 87.27% uaz GR e
F-measure fia 81.32%

fnSulszEnSanwesaanasna 1vsAll_Voting Wuin 1vsAll_Voting

%@ F-measure ﬁgoﬂdﬂ%mi@ﬁwLLuﬂﬂianw@Tw SVM Aa93Ti@en  (1vsAll SVM

classification) fa

® HMUILWAMINANDY B @134 5.6 usaIasn wisznay 5.33
NIWIBANBIULLANIZ 250 WU 1vsAll_Voting 71319 CS Uae GR den F-measure 1
ganinfa 87.07% Uiz 1vsAll SVM 2189 CS Nein F-measure fia 83.49% Uaz GR i

F-measure A8 83.13%

® HMILNAMINAR8d D 979N 5.8 uaaIasn wlsznay 5.35
NIWIBENBIULLANIZ 250 WU 1vsAll_Voting 551319 CS Uae GR e F-measure 1
ganinfa 87.46% Umuzh 1vsAll SVM 284 CS Uein F-measure A 86.04% uaz GR i

F-measure 78 80.61%
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[
4) dsziawndIguNgUNan1INAaBdIuad WPC_VAMSVM

MINasad D Suldanmmsianizantannuuaziazasnusanasia
1vsAll_Voting @1 F-measure gaﬁ'q@ Waisuiumnasasin 9 d9ldun mnasas
A lESnunzanIzandennuntwiUSanesfiu 1vs1 Voting nsnasas B 14
ANHIELANZNTEANUTNWALSaN3AY  1vsAll Voting mMInased C  lFanwme
BWIZIINTaAMULAZA SR USaNas N Tvs1 Voting  e9n wisznay 536 @93
NeaziBaail

® NANINARBIRINIUBANSSNNMTIAAZUUMTLITLNING RF LAz
IG WUd1en F-measure 189M1INAREY D ANT199 5.8 NSNMMLLANIZIININ 250 Ao
93.98% VNN INAREI A 19199 5.5 NANHMZIANIZIIWIN 250 Hen F-measure fia
87.81% MINaaas B a157197 5.6 AaNBmlanizd1win 250 J61 F-measure Ao 91.46%
LREMITNAREY C 9197 5.7 RANBILanIZ31wI% 250 §A1 F-measure Aa 90.36%

® NANINARBIRINIUBANSSNNMTIAAZUUMTLITLNING RF LAz
CS WUAeN F-measure 189M1INAREI D 03197 5.8 Aanwmsianizsnwin 250 fa
93.18% BmAININAREI A 013197 5.5 NenBmlani1zs1win 250 Je1 F-measure o
87.63% MINARSI B @137197 5.6 AiaNBmLan1zd 1w 250 J61 F-measure Ao 91.63%
LREMITNAREY C 9197 5.7 RaNWMLanIz31wI% 250 §d1 F-measure Aa 90.23%

® HLANINARBIFINILBANDINNMITIAAZUUITFLITLNING RF  Uaz
GR WU7NAN F-measure 289M3nAaad D a15797 5.8 fianmasianizsnuwin 250 fa
92.23% ozl N1INARES A ANT199 5.5 NANHMZLANIZ1WIN 250 I F-measure
87.81% MINAaas B @13797 5.6 Aianwmtanizd1win 250 J61 F-measure Ao 91.61%
LREMITNARDY C MT197 5.7 RANWILanIZ31wI% 250 §A1 F-measure Aa 90.05%

® HLANINARBIFINILBANDINNMTIAATUUULFDITZRIN IG Az
GR WUINA1 F-measure 189mInaaad D @a 89.72% wmefl mInasas A fen
F-measure A8 85.11% N1INaaad B Af1 F-measure fa 87.97% wazn1snaaad C {
F-measure fia 86.60%

® LANINARBIFINILOANDINUMTIAATUUWLFDITENING IG LAz
CS WUIFN F-measure 789M3nAsad D @a 89.57% vmed n1snases A Sen
F-measure fia 85.14% N1INaAa0d B U6 F-measure fia 87.98% Lazn1inaasd C e
F-measure fia 86.36%

® NANINARBIRINIUBANSSNNMTIAAZUUULTLITLHING CS LAz

GR WU3161 F-measure 189N151aaad D YA F-measure A8 88.30% Uoash NNINARDI
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NARWIN N glanTIEw

n.1 ﬂ’]ii%\‘l"l%fﬂillﬂ‘i&d HTMLAsText

115un38 HTMLAsText (http://www.nirsoft.net/utils/htmlastext.html) i
WITaW AU LTI 1R TUNIIRNATaANNINNRUNIULNA Las g NI TDLRanThavas IWE
° v | v A oA o A = a . i [ =
wdnle 2 sfia A 1) anawNe9ILLNALAET (Convert Single File) 2) &Nana18LILLNAG
(Convert Multiple Files) &wiunsrnuazdasszylWaivinadunisiidasnisana
@ ' . A A [V o
danulutas HTML Wildcard mmmsm:qmumaﬂﬂﬁl@ L *.html W09 8N
TWsTuwandofiadle html Winh LLazﬁaoi:qvlwﬁﬂmUmﬁammﬁaﬁ'ﬂé’lwﬁaa Text
& = v ) v { Qs U =)
Wildcard Gﬁammim:qmu@maﬂmﬂ@ T *ixtranene IWaTaanunsnalaazisia

D txt (text) 3nuuIInazla Convert ivalilusunnrinu

HTMLAsTexk

— Filez

Single/Multiple: " Convert Single File &+ Cornvert Multiple Files

Xl
HT kL “wfildcard: IF:HTemp'xsrc'x*.htmI Browsze. .. |

Text Wildcard: If:"atemp"sdest'x*.t:-:t Browse. ..

— Converzion Options

Characters Per Line: |?2

Ilze the following characters for unordered lists [<ul: tag): I"u:u-=1¢

¥ &dd line under headings [h1 - hE tags]  Use the following characters; |===—

¥ Skip the text stared inside the <title: tag Harizantal rule character: |=

¥ | Tpen the comyverted text fle in notepad Drefinition List spaces: IB
[ Allow centered test T able Options
I~ allow right-aligned text Separate table cells by: |Enter [CRLF) |

¥ Skip the text stored inzide the table headers [<ths tag)

E xit |

LCorwvert | Save Config | Load Canfig |

mwisznau n.1 lUsunsy HTMLAsText
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n.2 m‘sslfi’a'm Command Line Interface sl% WEKA-3-6

11sunss WEKA (Waikato Environment for Knowledge Analysis)
(http://www.cs.waikato.ac.nz/ml/weka) LﬂuIﬂiLLﬂiuﬁlﬂuawu@i”mmiﬁfwf"uaam’%aa

WAL LA LTIUL Command Line User Interface 81AIUNNIAAUUWIARNHTLANIL

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
AttributeEvaluator
AttributeSelection
BestFirst
CfsSubsetEval

ChiSquaredAttributeEval

ClassifierSubsetEval
ConsistencySubsetEval
ExhaustiveSearch
GainRatioAttributeEval
GeneticSearch
GreedyStepwise

HoldOutSubsetEvaluator

InfoGainAttributeEval
OneRAttributeEval
PrincipalComponents
RaceSearch
RandomSearch
Ranker

RankSearch

ReliefFAttributeEval
SubsetEvaluator
SVMAttributeEval

SymmetricalUncertAttributeEval

UnsupervisedAttributeEvaluator Abstract unsupervised attribute evaluator.
UnsupervisedSubsetEvaluator | Abstract unsupervised attribute subset evaluator.

WrapperSubsetEval

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 class
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 dlass.

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 dass.
Class for performing a genetic based search.

Class for performing a hill dimbing 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 classifier.

Class for performing principal compenents 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 specified 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
the dass.

Wrapper attribute subset evaluator.

AMWUIZNBY N.2 WWALNY AttributeSelection
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Ao A % % . . o A

Tusuwisadle biaanTuwaLna Attribute Selection TNNIVINIIWTILEA
#10819N3L 38N Attribute Selection lelA ReliefFAttributeEval, InfoGainAttributeEval,
GainRatioAttributeEval LAy ChiSquareAttributeEval LEAININIWYTznay n.2 lasl
Qs [} v hrd J
A20819NITITINUAIT

MIMNULLLAFS (Command Line) 1 WEKA $§3Tmslauandrsann
NN3YN9%7N User Interface 1a8az13enatengwiITiiaasnadis

-S R Sunld class MIIARIALVAIANHIUSLANIZLLL Ranker

7N weka.attributeSelection.Ranker

A o o Y
-N e NIWINAN B IUSLANIENABINIT

-E fa L‘%imsl’l? class N3G UL GainRatioAttributeEval
1N weka.attributeSelection.GainRatioAttributeEval
- fa 18 Input

-0 fa W8 output

2
o A

A208INIT M AN FIRIHILNNINTaILANNITIN A9

java weka filters.supervised.attribute.AttributeSelection -S "weka.attributeSelection.Ranker -N 50"

-E "weka.attributeSelection.GainRatioAttributeEval" -i web.arff -o webFeature50.arff

lunflazanrmaansuzianizlaslfinafin GainRatioAttributeEval  1#&)
PWIRINBULANIENFDINTIIUIN 50 LasiIWa input Aa web.arff uaz'lWa output fa

webFeature50.arff

N.3 NIAAINAAADIZHI19 C#Net N1 MATLAB

nsunuaToilald MATLAB dwisuafeldsunsulumsvesnissiuun

UsznnlaudaaTunn1IvinaIuaInviun user  interface Va9 CH.net LN WEIWUDI

v

MATLAB #inowanuldsuntan latdow by $9095n13839a1uaadaseninegadldsunsy
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n.3.1  Awsw Library w89 MATLAB 1nlu/lu C#net  lasidon Add

Reference anniulifiuiy COM udatdan Matlab Application (Version 7.4) Type Library

#dd Refererce 8)s)

[meT peom | projects | Browse | Recent|

Component Name 4
Mathworks: Angular Gauge by GMS
Mathworks: LED by GMS
Mathworks: Linear Gauge by GMS
Mathworks: Odometer by GMS
Mathworks: Percent by GMS ==
Mathworks: Slider by GMS
Mathworks: Strip Chart by GMS
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Abstract

The increasing number of web pages on the cyber world
results to the less effectiveness of document retrieval that matches the
need of users. The classification of web pages is one of the solutions to
solve this problem. This paper presents the classification of web pages
by wusing Document Frequency from Term Frequency-Inverse
Document Frequency (TF-IDF) to reduce the size of input features by
using the document frequency values that have different threshold
values. The study examines web page documents from WebKB and
sport news web page from Yahoo website. The experimental results
show the comparisons on the effectiveness among Support Vector
Machine (SVM), decision tree C4.5 and Radial Basic Function Neural
Networks (RBFNN) which indicate that the proposed technique using

SVM gives the best values of F-measure.

Keywords: Web Page Classification, Feature Reduction, Document

Frequency, Support Vector Machine, C4.5, RBFNN

498

1. Unin
o ' < ~ ' v
MINUIEeTIAsveuna luladarseavmna aawalv
Y ' = P2 o 1 < a
doyai1ra1ssIndinnuiag q gaanedlugiliiume Tasill
S A o A <3 v
UsgTomiosursnnuazadntaziiuanusias lumsdudu
Yo YgY 1 < A o 2 ~ 2 . a9
Tanudld e lstamiioswanvesiumwalivinamniu i léms
duAudias uazldszaninaliaseivariudesnisveed1d
4 A ) oy a N <
wumanilsiansaudilymilld Aemsswunlsznnvesiume
VA < v v o &£ A A "
HAH D991 UMY TENBVAIBAIONHTBINANNEINUANAIN U
! 9 @ 9 EY ~
dawaliivunavesnudnyuzveItoyai (Input  Feature) Hu1a
' v 2
Tngiaulde datiflugiassalumssuunlszinn duivauide
S o aa o ) v v
Hvainaueiflunmsanvuianudnyazvestoyardilagly
] A ° =~ a v o o A ]
manudenasuaziimsnlseuieunudiuunlsunniuanaig
fiu 3 Uszian 13uA Support Vector Machine (SVM) du'ldidaduls
C4.5 uag Radial Basis Function Neural Networks (RBFNN) 1o
nsandszanine
o P [l ] o & A
ynanuiidszneudleaiuniag aeneludl diuh 2
" = av dd 9 ;a4 P N
2NA1I09NUITeNNITe AU 3 AvTuasUMTI UMY TLIN
3 ' = an ' A A
AU dIui 4 ITMInaasatazanIInaass @i 5 Asuneyl
' A A Ay Ao a '
wazauh 6 AvIdenduiiumsdell

v

a d' d' £
2. IHRVUNUNYIVDI

o

= " A av v o 2
MnsAnyINDITuItesiwauen lagniauiu
A o a3 Yo o A o
esmundszanduma laeldarsuundssianiiaianu

o 1 ' <3 as ~ =) 1
fodrugu sVM TudsmsiSeuiuuniidaou Guan [17 1&814dm
v A & o P
YpadpyatioaoUsZDUFIAINITMIUIsYsTIaNveuENdI15 14
o o 2 £ A a
Xue uaznaiy [2] anaguanyazndume Iaeld SVM iiveiseiiiv
a a o =3 o d o
UszAnsnaveamasuunsznnduime drenesuuailansu
R ) . . .
(Kernel Function) NA19NU uazl¥ Radial Basis Function Neural
A a A A a
wolseuneudseaninavosnisnaany

Networks (RBFNN)

Jujie 8¢ Rongbing [3]  eonuuumsswunlszmndum laeld
RBFNN (1fSeufisufiy Back Propogation (BP) WAan13NAaBInuIl
RBENN  1#isz@niwaiianii Vidulin - uazame [4] 1614 URL

I @ o @ o
HTML tazdionu (Text) iugudnyuzvesdoyad dmsvdwun

NCSEC
2008



Decision Tree

Rule learni
{e earing Inductive rule

learning

Linear Classifier

. Linear Classification
Supervised SVM
methods
Tllustration — K-nn
Probability method [— Bayesian
Network learning [——Neural Networks

U0 1 38msdwumlszianTaelfaou (5]

Uszinndumada1dszdiulszansnavesmsnaaas Taglddu 1y

a

daduls c4.5 uazaasmuniszinn Bagging Ensembles 910914730
v v " Ao o z:' & v A a
dreqununidrsmundszinnnvanvaeseldlsedning

]

Auand19iy Tagau1souananuInnyveIn1asuunilsznn

=

o § ' I . 3
nuuiigaeu [5] fagUi 1 061915AAW Sebastian [6] waaaldiiiu

FBnsla  fawiselddszdnirai@angadunndeyalases
Vv
Y g 4

VUDYAUU ) A

U

=2 1o 1 v ad
YUYN 'JEl'ﬂﬁ’iiﬂgﬁiJﬂU'J‘ﬁclﬂ
v
U o =3
3. Tupeumsdmundsznnivma
& . 2 o < 3
UV]ﬂ'NiJuuHﬁufJﬂJuﬂ?)uﬂTiﬂ“LuﬂLT]JL‘WTIIﬂfJGlT
AANUDIONEIT TINNU SVM  (Web Page Classification Using
Document Frequency and Support Vector Machine: WPC_DF_SVM)
& v 3 H H o _qd a9 &
#9U52noURIBTUABUNIHNA 3 mumumgﬂﬂ 2 A0 YUADUN 1 NIT
a 9 A oy < ' Y _
IATINUVDYALNDUIVDAITNIINLIVININIATIUNISVIUNTT leag“lu

o ¥ o A

o § a s o
aﬂymxﬁmmzﬁu1uﬂ1iamiww%uammummumﬂumuﬁﬂu

do'l Fuaouii2 Ao MIAAVUIAAUANH UL Husunouihmi
TRyl Fahunmsaavinagudnyusdiemndendisa
1 Threshold 7114 mua’ls §2635ms TF-IDF nazduaouil 3 e
matlszdinlszaniaa Suduaeunailsziunadion F-measure
vasddwunszan 3 Uszanldun svm du'lfidadule c4.5 uaz

RBFNN

) ~ = v .
3.1 Yunaun 1 MaAsaNIaya (Preprocessing)
Tuasuiilszneudie 3 Tunaudendl
3.1.1 msafindenan (Text Extraction)
mseasadonulaeldlisunsn HTMLAsText [7] i
A A v v & o ' v
wIoelalumsana¥yeniy FRLaAARMIZEIUVOIYIAIN (Text)

§ ' g VS ' ' ' a
ﬁﬂsmgaguuwﬁ'uammmmu @1081919 1 V1AW INUTAN

NCSEC
2008

499

< s A o

Al Yahoo lugalit 3 ndaninldlsunsy HTMLAsText 182
o osdyy g & 2 g & P

nadwin Ideziduiionnuvevenasumaiugees lifidou

A4 A o ana Y a
HTML tag 310w nyededadiife 1s1nged dwaalugili 4

) 2 Ay
VYUADUN 1 : MIABNUBYA

o <
1.1 afavenI1u (Text Extraction) 91AHMII VNG
o ¢ N . o -
1.2 MIFNRve9R (Stemming) Inel¥8ano3iiu Porter

o v o . £ o Ay 1 o
1.3 N1IAMNYA (Stopping) cmﬁluﬂm"luummmmu

Tunouii 2 : ManvINARMANHUZ

2.1 ﬁ%’namﬁﬂymz (Feature  Extraction) Glﬁ’agﬂugﬂ Term
Frequency Table

2.2 ﬁﬂ%u1ﬂﬂm5ﬂym$ (Feature Reduction) é’mﬂ'mam?}'

1OAMIABANAAINUA (Threshold)

Ed
o w A . o o @ ' o Y
#a%i (Indexing) Tasmsmvuatihminvesaazailaold

| |

Yunouh 3 : msvszdivilszansea

2.3

35M3 TF-IDF

3.1 Swundsznndedsuundsenn 3 Usznan 1aun Support
Vector Machine @1 lfdnduls C4.5 uaz RBENN
a a a J v = a @
3.2 Usziiuilseandnant F-measure AemsiSouieua

v
uunYsznning 3 Yszian

v
o

aouMItunsznniume WPC_DF_SVM

i 2

YAHOO! SPORTS  Emmm—

oms WL NS NEA WS Coleps WASCAN Cof HUL Roung Socce: [

Rain delays start of men's quarters

o

o A < ¢ A
29819 umIN AN Tased Yahoo Y1301

Rain delays start of men's quarters - Tennis - Yahoo! Sports Web Search * New
User? * Sign Up * Sign In - Rain delayed five-times champion Roger Federer
from starting his quarter-final against Mario Ancic at Wimbledon on Wednesday
and the match got underway 58 minutes late just before 1300 GMT (9:00 a.m.

EDT) on Centre Court.

o Ty

= A o yy v 4 A
E‘]Jﬂ 4 ?l’l’]fJNElIﬂﬂ’]nﬁﬂﬁﬂﬂ‘lﬂiﬂﬂﬂu'ﬂﬁﬂl“ﬁ@] Yahoo Y130

#187151n53 HTMLAsText



The 12th National Computer Science and Engineering Conference (NCSEC 2008)

o d
3.1.2 MIHINNANN (Stemming)
A yyy 2 o o ¥ 1 2 o o
Lilf)‘lﬂéllE]ﬂ'J']iJﬂ']ﬂﬂluGlE]uﬂ?iﬁﬂﬂﬂﬂlﬁ'J ma”lﬂmmm

ax

A o o Yo A 4 3 o =
wainmsnann lagl¥eanesny Porter [8] Fuilusanasnun
1a5uanuiien TastSuasufiie (Suffix) lunp1dangy 1dlda
o Yo o o 3 o o a4 g Wy
fMrualidIspysduaniianya #am13190 1 21891 “Run” ag

. A < o I o A I~
“Running” ztlaeswilusindnwiiferiuas “run” 1Wudu

M3 1 FI0e1MNEUMIMNIINTNA188an83 NN Porter

Ea v
(Doc,) $1u2m 0 a5anse hitsingegluenarsaiuil dudu Tav DF

(Document Frequency) ~ MU1894 AIUDONAITUBIRINNIITAN

£ 1
Usng luenasianuanaiiy i #1391 “play” Usingegluenans 2

o Y o A o A o &
AUY |rlﬁf‘]!,!,ﬂ ONFITRULN 1 (Docl) UagPNEITRUUN 2 (Docz) ANUU

2 A1

{ 3 o 1 . '
diAmnnudena1sidu 2 uagR1I1 “tennis” 1Ji1ﬂ§]agﬁlumnmﬁ
v

o o

MNHUA 3 VY Ilﬁg{l,l,ﬂl wna13RtuN 1 ene3nliun 2 tazenals

o A2 oA = v
AUUN 3 i]\?ilﬂ‘lﬂ'J'liJﬂLf)ﬂﬁ']ﬁLﬂu 3 Lﬁuﬂu

MAunl A g 157197 3 10619 Term Frequency Table
andy andi mméﬂumﬁ TF (Term Frequency)
murray murrai 1NAI lungdiazienals (Doc)
Run run play | tennis win knockout
Running run Doc, 3 5 0 1
Doc, 4 2 0 1
3.1.3 M3MIARIMEA (Stopping) Doc, 0 1 3 1
mssisadmea Wunszuaumsvilafididydmsuns AIMAIeNT13 DF , , . ,
Fuduansauma ileanndined litinnusuiudmiumsiing (Document Frequency)

v
v W

" AUU

aQ

= o v o A A Y A o Aa
’ﬂ\?ﬂ']iﬂ'}ﬂﬂﬂ']!ﬁﬁ']uﬂ@ﬂ‘lﬂLW@ﬁlﬂLWﬁ@LﬂW']%ﬂ']ﬂiJ

v
o (K

ANNTAUNIY

]

B ERE:

3

£
U Aunarilifon11a “Stoplist” 151 A191 “a” “been”

< o o A& o o =
g “ago” Lﬂuc?fu mE)Enwmmmﬂuqummmmmiwﬂ 2

M3 2 A9/ MYA (Stoplist Word)

a been get least our
about before getting left ourselves
after being go less out
again between goes let over
ago but going like per
all by gone make put
also can gotten may same

< = o
3.2 YUAUN 2 MIaAVUIANMANHIUS
5 & v 3 oo A
Tunoutilsznoudln 3 Tuneudesaail
3.2.1 mia%'wﬂmé’nymz (Feature Extraction)
o o Ayy 5 a 9 Y Y
Tagihmin ldnnduaoumsmssudeyaniasialieglu
@ 1 ' o '
gﬂﬂlﬂﬂ Term Frequency Table @I9819IHU a5 UM 1M
3 < ° ' o . .
AIUIU 3 IULND uasﬁmag 4 fife play, tennis, win @& knockout
ansniunadelidegluglves Term Frequency 1182 Document
o a o v =
Frequency #9A15 9% 3 Taefif1viual¥ IF (Term Frequency) Mo
manvdvesiudazinilangedluenas dredrusu f191
. o 4 . 2 .
“play” U51ngedluena1sniiui 1 (Doc,) $1174 3 A59 Usingedlu

' v 1
1©ATIRIUN 2 (Doc,) 117U 4 33 wazlsngegluenasniiun 3

500

3.2.2 msaﬂsumﬂﬂmﬁ'nymz (Feature Reduction)
ilosnnvuiagudnyaz I I T Ul sz ni vl

Tu

av &y 9 4 4
uIdeiilaldaiaiudvesenats (Document Frequency) 7

0 o o Y A o A
FTUIUUIN miaﬂmuauﬂmanymﬁuﬂumimfluaﬂntm

E '
Auanyuziulsinged Taszidennaudnyazininnimieninny
' Ao Y Y o ' Y 1 '
1 Threshold Afvua 13 d1dmuaa Threshold (1) TTiANANT

HIOWAL 3 910A15199 3 AIANNDEAANT (Document Frequency)

3) 510 ld

o 1 A

191 “tennis” LAY “knockout” W

VIIN (“play” =2, “tennis” = 3, “win” = 1, “knockout”

MNFIUAT A T 2 A1 Ao ol4luns
Vv 2

mamluduae’ly agdasii1 “play” nag “win” fia'lal

3.2.3 MIMarH (Indexing)

ecs'vly e

Lf‘iavhummﬂmumamﬁnymzué’mzﬁmm Aaniuan
IanimminTaeld35ms TF-IDF [9] Tao 7F (Term Frequency)
ﬁaﬂamﬁmaau@iazﬁﬁﬂimg‘lumﬂmi 1ag IDF (Inverse Document
Frequency) 710 'chuﬂﬁ’ummmmﬁmnmsﬁﬂsmgﬁn‘fuagi GRTRELY
Annaldsaaumsi (1)

IDF, =log,(n/DF},) 6]

Tagf n Ao $1uauenans (Sume) uay DF, fio A
mmmnmiﬁ'ﬂﬁﬂgagj“lumﬂmﬁﬁwmmmm‘ﬁ' i Toof & = 1.,m
dlom fio i‘hmuﬁw%wmmﬂnmaﬂms §re61aFy 2 na15197 3
3 ua2 m = 4 MR IIUA TF-IDF 1d8aaumsi (2)

Wy =TF, x IDF, @

Tawi w, Ao /1 TF-IDF vead & Twenasij las

ﬂ'1n:

. Ea Y 1
.., 1 1519 7 A UIUVBABNENTNINUA AT U A IUIN

NCSEC
2008



Ay y o

£
fll TE-IDF veanndwdd i ldnnmssnnaiimaieliedlu

g‘ﬂLL“]JiJ Document Word Matrix fi9A15199 4

A1519% 4 Document Word Matrix

N3 A1 TF-IDF
(Web Page) W, W, - W,
Docl WI] WI? WIm
DOCZ WZI WZZ tt 2m
Doc, ., .,

3.3 Junouil 3 malszliuilszansna

Fuaouiilsznouds 2 uaoudesdai

3.3.1 m3dmunszantiuma (Web Page Classification)

mInAaean ldE I uunszan (Classifier) 3 U5z1AM Ap
Support Vector Machine (SVM) du'lfdadula C4.5 uay RBF Neural
Networks

3.3.1.1 Support Vector Machine (SVM)

uaRandnves SVM (101 wunldiemszuuns

s vy <4 ' Yo v 9 Adaa
ﬂﬁuﬂlfﬂiuﬂTillﬂﬁﬂﬂyﬁﬂﬂﬂlﬂuﬁﬂi’d?u °lﬁnmmmmgawnmmm

Se

° < o l { o o
pyags Mnuald G ¥) e (5, 9,) Whudreganlddmsumsaou

e

N

= o F) o |l A o aay 9 A |9 4
1o MUIUVBYAAIDEN m AB NUIUNAVDYAINT 1AL y AD WAANT
A A o ~
UM +1 1130 -1 A9aUNIN (3)

A m
(X5 9 )50 (X, ¥, ) B x € R [y € {+1,-1} (3)

aay

) o a ] I
dmsuilynugaudu Tadeoyavuiagaldagnuiaiu

U

Yo d’

2 nguTagszuudadule Fesnnalddaaunsi @)
(w-x)+b=0 )
o w do shwiin uag b Ao f bias auMa ) 14
dmsvsmuniszinnuedoya
(w-x)+b>08y, =+luaz(w-x)+b<0 & y, =—1 (5
pg1al3fam SVM  Tinesiuailandu (Kemel Function)
A Fansatszendldlumsudilymldnaeds dmsuansied
'I&iden Polynomial Kernel fuflafduiildlumanaaes
33.1.2 aulidadule c4.5
myaswdau lidaduls c45 (1] Maunasgiudandiu
19U (Gain Ratio) L‘ﬁmﬁanﬂmﬁﬂym:ﬁ'ﬁ]x"lﬁ]’fﬂmmw?aiwu@ i

1

A
yavosdoya M Usznovareamndullld Ao (m, m m}

ST
D] ' A a A "o Y

Lmsﬂlwmmummﬂumxmﬂm m,  UAUNNY P(m) ﬁlﬁ‘lﬂ'ﬂfn

INUTTTUNA (Information Gain) YDI M L%mmuﬁ'uﬂ M) Al

1@saaumsi (6)

[(M) = 3,— P(m;)log, P(m,) ©
i=1

NCSEC
2008

v 9 A o A o A
M lvideyadou Ao Tuazpuanyuziuviua Ao x uay
v { g ' o ] 2
Hantanuaidlu 18 » a1 Tnuailagriveziisiiedis 7 eonauns

i {t, t

r vz

A g o & ° '
., £) mwsdu ) 1dvee x duiuTsausasinum
MUANTAUNANAINILIMURAANEAE x TAdaaunIsh (7)
L2,
(1) =2 1) @)
2l
' . o Yo =
ANMIATFINNU (Gain) VOIAUANHUL x IAAIANNTN (8)
Gain(x)= 1(T) — [x (1) 8)
4
AU UARTUINATTITAUINAVDINIT UL LB (Split
Information) Yo4AmanyuzuAazdl 119 7 Ao gavesdiedie e
v v
usiedninugudnyue x 12 1dyavesdeddoslundaz i A
o A g oa 4 o
{t, 1y oy £} 1090 e eyl 18 luguiania x e uom
A aumAYeIMsuLauen Iadsaunsi (9)
e okl b
plit Information = 0g, ©)
=1
AMUIUAIATIIUBATIAIUIAY (Gain  Ratio) 149
aumsi (10)
Gain Ratio = Gain — Split Information (10)
9 =2 A ' = o A v
MoqAIUABNA1 Gain Ratio gagalluguanyuzizudy
uazidengudnyuzaalau Gain Ratio Yosasn s idu
3.3.1.3 Radial Basis Function Neural Networks (RBFNN)
9
RBF Neural Networks [12, 13] Usznevdiedudeyaid
A A
(Input  Layer) Fugou (Hidden Layer) Llﬁ$5f51u‘lglli]34"ﬂﬂf]ﬂ (Output
o A & A ¢ J o . . &
Layer) A431% 5 ¥alin 1515 ulansy (Gaussian  Function) 11w

o o o o {
Haddunszduluduaou dsaunsi (11)

3 1J#1 5 RBF Neural Networks

[ s
Wwe j=12,..,n (11
Gj
1 1 E '
TaeN ¢ fio Yeyavonvesinsean j ludugeu x fo
sy 9 = o 1 v a
nameiteyadn ¢ uaz o, e quinans uazynniivesiinsea

1 j mud1ay Yeyasenvedlnsaiie RBF Muludeaunmsi (12)

y=i(k+1)=2w;d;(x) 12)
j



The 12th National Computer Science and Engineering Conference (NCSEC 2008)

' Fa Vv v
Taef 1 Ao S1muvesiisealududen w, fominsgniaFusou
i} .
uazdudoyaoen uaz y Aowadns
3.3.2 mstlsedivalszansna
A yaa Y ¥y A 2
Hou 1IN 19 UMTAUAUTITTUINA FINAVUDIAIT
o = = < v a o
Suundszandumamusa@ewiuaiseaadulanissiwun
Uszinn 1ddea19190 5 uazilsziuadlrenisiaainnuuiug

(Precision) MANNTZAN (Recall) 11agA1 F (F-measure)

15199 5 sndaaulamssuundszian

s mun VB4 C,
Taafmdwunlszian af Taily
1o TP, FP,
Taily FN, v,

fmual¥ i Ao S1uVed Class (C) 1/ 910A13199 5 9214
.- Ao ] S
TP, (True Positive) in S1UIMIWMINOY Tuszan C,
wazdrdwuntszianinneheglulszian ¢
.- o < g 1
FP, (Fasle Positive) Ain $1uaudumai lieglulszian ¢
waddwunlszaninneieglulssnn
. Ao < a
FN, (Fasle Negative) 10 mmunmwameg“luﬂszmm (o
uamdwuntszninei lieglulszian ¢
. A o < Ap o1
TN, (True Negative) fin 11w 3umah lieglulszian ¢

sazidwuntszninnen lueglulszian ¢

aunsadiaumanuiué  (P)  mszdn (R) nag
11 F-measure F) 'lﬁ'ﬁmumiﬁ (13)-(15) ﬁﬂ‘fj
TP.
Pi =-— "t (13)
TP, + FP,
TP,
R =—"i (14)
TP, + FN,
2P.R.
F‘l_ — (15)
B +R;

Yodunn Midadszaninavesnssuunlszian ads

A913AANNLNUS LazMILANITINAY AUAT F-measure 15199910

A Y

v
Tumsdwundsznniu asaindian AV, 10 udaglimnnuumiui

g9 () nviimszan () Né1 14 wazlunsali a1 Fp, wnudiiien

A

3
e dudu

o

AnuiudId () e lismnasedn (r)

4. 33MInaasInazNansNAag
4.1 yadeyanaaoy

v

au Ay yq Y < v S
Q1H’Ji]ﬂuvlﬂclélﬂf:]ﬂﬁﬁl’JULWﬂ 2 YAVBYA INDNINITNAADY

<

2 ¢ o o
Taogadoyausnduena1sIvmoIn WebkB [14]  Faiionldiu

' ' o o o 5
pd1auNsnated s umssmundszanduine ‘]Ji%ﬂﬂ‘ﬂ(glj’lﬂ

502

Y
Toya

E
7 szian Tasmsguiau 271 Gume nndeyanaiua
< v o o o
8,282 U JAuA 1) Material $1491 49 (1WA 2) Energy 314U
39 (5UIWY 3) Financial $149% 21 5UMY  4) Healthcare $11474 43
UMY 5) Technology §11M 45 (UMY 6) Transportation 36 IUMA
[ < v A 3 3 4
uaz 7) Utilities 38 AV gadeyanasuena1sIvmannivlasd
L o g da X T T
Yahoo [15] #ududumanimmiziionunedtuinnimsiuiu
5szam Jdun 1) Boxing 2) Golf 3) Soccer 4) Tennis 182 5) Cycling
<3 3 <3 o
Taglddeyatlszinnaz 50 Auma saudlu 250 Hume imsnaaen

U 10-Fold Cross Validation 1ag14115un51 WEKA [16]

4.2 Nan1Inaasg

NNHAMINARDIR 2 yadoya TagnadeuiumAIG
BAATITAN 9 Wiswfenfudsuunlszanie s Yszana
Fuaeumssumndume WPC_DF SVM nmfusaiim F-measure
ﬁ"lﬁ'ﬂumnﬂﬂizmw (Class) MM 1AURGE Taga w13 0M015 07

v 9
UseAnimmvesdunoudtdalszifunelii

A oA v ]
AITNN 6 ANUNAY F-measure YAVDYAN 1 LIUVINI WebKB

ANNDONAT . .4
IUIU ANa8 F-measure (%)
(Document o
AMANYU

Frequency) SVM C4.5 RBF
L>0 12,722 93.19 89.57 74.06
A>5 1,666 92.68 89.22 72.42
A>10 812 90.98 89.50 67.96
A>15 511 90.98 89.50 67.96
A>20 357 91.57 85.22 63.91
A>25 262 91.53 84.90 65.55
A>30 187 89.10 86.23 67.08
A>35 144 88.78 88.06 65.04
A >40 120 88.75 88.08 62.39
A>45 102 88.44 88.74 62.62
A>50 88 89.56 87.56 63.33

4.2.1 Uszansmmeanugnaesnsanvianmanymz
4 y 44 .
1NM13190 6 vedeyayai 1 ieanvianmdnyus lay
I¥anudienars (Document Frequency) A1 Threshold (03] GI'NG] fio
>0,>5, ..., > 50 MUAIAY A1TAATIUIUAUANBULIN 12,722
$Snumdeniies 88 $1uIu HazINANR 7 vesdeyayad 2

MUNTDAATIUIUAVANYULIIN 9,608 SuIUmMAIEd 492 §1UIY

NCSEC
2008



£ 1 '
mniy Taenuinndoyayai 1 sVvM - Sanaldsinnugndesiia
TAgHiAININANTZHINAURAY F-measure WINTGA 93.19% 1A
ANAY F-measure 1100TigA 88.44% HAN)52110l 5% WamsnAaed
) 4 a1 A 2 i
Joyayai 2 SVM Tin1unay F-measure 100% Nalunsdineunisan
VUIPAVANHULUATHAINIAAVUIARUANY UL
4.2.2 UszanEmwueadaswuniszian
. v 1
onvan@suunie 3 Uszinn mindeyagai 1 WebkB
= S A ' Y ' a
510 6 uaasldmuIuiiodon (1) wNnNKHITeIAY 0 audas (1) N
1NNNHTeIIAY 50 SVM  19#1 F-measure gafiga s09a9u1fio
91 Y D] 43
C4.5 uag RBFNN 1#i#1 F-measure Youiiqa angadeyai 2 Auma

=

419704 Yahoo 317 7 Humnagudnumzaniiga (L > 0) SVM Ian

Anqa Ao 100% Nnnsal C4.5 11A1 99.6% nn3ai ez RBENN Trien

a

A A2 g A 4 A o
92.95% lagliaunuyudu 100% Won1 A > 20 FanUIuloans vy

o

o Yo o o Y2 £
A ﬂHﬂ‘lgﬁ\1’1]$1/I11W(§]'Jﬂ111uﬂﬂ5$m1/lﬁ1ll15ﬂ°l/lN']“Ll‘lﬂﬂﬂﬁgllu

=~ ' A 9 A g g s
A1319N 7 ARNAY F-measure Yavoyan 2 L'JTJ!.W%"U']'JL'J‘Uhl“])'W Yahoo

ANNPNANT . .4
IUIU AN F-measure (%)
(Document o
AMANHME
Frequency) SVM C4.5 RBF
A>0 9,608 100.00 99.60 92.95
A>5 2,285 100.00 99.60 96.82
A>10 1,364 100.00 99.60 99.22
A>15 1,019 100.00 99.60 99.60
A>20 803 100.00 99.60 100.00
A>25 691 100.00 99.60 100.00
A>30 617 100.00 99.60 100.00
A>35 565 100.00 99.60 100.00
A>40 533 100.00 99.60 100.00
A>45 511 100.00 99.60 100.00
A>50 492 100.00 99.60 100.00
100.00
~ 95.00 -
g o000 ;ﬁm
% 85.00
2 80.00 ——sVM
; 75.00
“'E 70.00 ——C45
=  65.00  —
RBF
60.00
Lipl l,lé!ﬂ““ 13
5101 6 ANNAe F-measure YAT03aN 1 WebKB
D
NCSEC
2008

503

100.00 (MRS MU U W R
-
99.00

98 .00

97.00

96.00 -
95.00 -
94 .00 -

F-Measure (%)

——-SVM

4
finag

——C4.5

93.00 =
92.00

RBF

o N o v o
~N o~ ™M M S
AlLCAL AL AL AL
~<

Az 10
Az 15
Az 50

ANMDPIMS

a oA v a4 g A 2 e
:ij“]J'VI 7 ANAY F-measure Yavoyan 2 IUNIVIININ L'J‘Uhl“]i@'l Yahoo

5. unagy
‘uwﬂamf'jﬁuffuamiﬁmuﬂﬂizmm%mwa
WPC DF SVM Tagiiuena1si3uimaniadaeinnizdiuves
Fonnuitesedrudor msindnsivesdt fsadi lidianusuiiu
Aefmga “Stoplist” @3 19nuanyazIdeglugl Term Frequency
1a2 Document Frequency amjmﬂﬂmﬁ’nym:é’wﬁwmmémﬂmi
aumRfmUa () S1e5uuRanaiu udmdyil namsnaasa

w1 msswundszianlagldainnudenassaududisiuun

nanga

a

¥nan1snaaes Taga1u1soanuuIn
v A

voyaN

U

15219 SVM

adnvazluge 1910 12,722 $1u9u (0= 0) Iimderiiod 88

fl
° $ o Y ' ~

PIUIU (A > 50) “?Qﬂ\iulﬂWﬁﬂ1§Wﬂﬁ'ﬂﬂﬂ1 F-measure ‘V]ﬁ"\i Lmﬂuﬂgﬂ
v ;:' Y ° Y A A
YOUAN 2 AAVUIAAUANHULIIN 9,608 31UIU (X > 0) 1WLWﬁﬂ!WﬂQ

U a

492 317U (> 50) nazdana 1A F-measure Nigndes 100%

% oA

6. IR UHUM IR0 11
MIThAMENYULIU 9 VLIV 19U URL Title 1Az
HTML

a 7 o ' v 9 4 A
tag mami1:wnJuqmanymzimnmammmmwu

5 a o < 4 4
ﬂigﬁ‘ﬂ‘ﬁﬂWW"’Uf’J\?ﬂ15i]"quﬂ‘]_liglﬂﬂﬂulwfﬂalﬁjaﬂﬂﬁu

a a
7. daanssudsema
a o a" Yo 7 = o % a =1
uateil ldsunuaivayuindnuiseauiudadnu
TR o Ao . a =
Wluge1e1nI8 (Research  Assistant) Un1sfiny1 2550 91nn0INU

a a o a _da :
ﬂmzmmmaﬁ{ UHINY1YAIVATUATUNT TV]EJ"IHJF]WW]GLWQJJ

19NE1591999
[1] S. R. Gunn, “Support Vector Machines for Classification and
Regression,” University of Southampton, 1998.

[2] W. Xue, H. Bao, W. Huang, and Y. Lu, “Web Page Classification
Based on SVM,” 6th World Congress on Intelligent Control and
Automation, Dalian, China, pp. 6111-6114, June 21-23, 2006.

[3] C.Jujie, J. Rongbing, “Research of Web Classification Mining



The 12th National Computer Science and Engineering Conference (NCSEC 2008)

Based on RBF Neural Network,” 8th International Conference on
Control, Automation, Robotics and Vision Kunming, China,
pp. 1365-1367, December 6-9, 2004.
[4] V. Vidulin, M. Lustrek, M. Gams, “Training the Genre Classifier
for Automatic Classification of Web Pages,” ITI 2007 29th
Internation Conference on Information Technology Interfaces,
Cavtat, Croatia, pp. 93-98, June 25-28, 2007.
[5] R. C. Chen, C. H. Hsieh, “Web Page Classification Based On A
Support Vector Machine Using A Weighted Vote Schema,”
Expert Systems with Applications, vol. 31, pp. 427-435, August,
2006.
F. Sebastian, “Machine Learning in Automated Text Categoriza-
tion,” ACM Computing Surveys, vol. 34, pp. 1-47, March, 2002.
Text from Web

Extractor Freeware,

page,

http://www.nirsoft.net/utils/htmlastext.html.

M. F. Porter, “Algorithm for Suffix Stripping,” pp.313-316, 1997.

T. Joachims., “A Probabilistic Analysis of The Rocchio Algorithm

with TFIDF for Text Categorization,” Proceedings of ICML-97

International Conference On Machine Learning, 1997.

[10] C. Cortes and V. Vapnik, “Support Vector Networks,” Machine

Learning, vol. 30, no.3, 1995.

[11] J. R. Quinla, “C.45: Programs for Machine Learning,” San Mateo,
CA: Morgan Kaufmann, 1993.

[12] W. Xuhong, X. Jinhua, “RBF Neural Network Based Predictive
Control of Active Power Filter,” TENCON 2004. 2004 IEEE

Region 10 Conference, vol 4, pp.109-112, November 21-24, 2004.

504

[13] D. Castro, J. Fernando, “An Evolutionary Immune Network for
Data Clustering,” In Proc. of the SBRN, vol.11, pp. 84-89, 2000.

[14] WebKB (1999). Available: http://www.cs.cmu.edu/~WebKB/
[26/June/2008].

[15] Yahoo Web Pages, 2008, Available: http://www.yahoo.com
[2/July/2008].

[16] Data Mining Software in Java, The University of Waikato,

http://www.cs.waikato.ac.nz/ml/weka/.

Tadieuunanw

L4 o =2

WINa ‘ﬁiiiliiﬁ';ﬂu UNANH

a

TN

o o

1 In

MAI TN IANIINLY AuInemans

a o

YHINOEeEIvaIUATUNT Ineuvanialvg

Nuivenaulaléun web Intelligent, Neural

Networks, Data Mining

a P a 7 ° a
a35.3ma1 sz ans 1915d15d101039
FneIn1snouNIAes AusIneImans

a [ a Jd a '
YiInedsasvaIuaIung Inenvaviialug

uIvenauls 1aun Neural Networks, Artificial

Intelligent, Knowledge Management, Data Mining

o =} = o o a
a3.daa1 1U31359a 01913ddszd1a103 N
Fne1n1snouNIaes AugIngIAmIaas

a 19 a J a [
yAnedeasvauasuns Imenvanialvg

a3Tenaula1dun Internet Computing, Image

and Video Retrieval, Information Security

NCSEC
2008



92

AANWIN A

3
=)
=

NRITHANN
1309 A Novel Voting Algorithm of Multi-Class SVM for Web Page Classification
Conference The 2nd IEEE International Conference on Computer Science

and Information
Technology (ICCSIT 2009)
&0 WA Beijing China

AN 8-11 August 2009



A Novel Voting Algorithm of Multi-Class SVM for Web Page Classification

Pornpon Thamrongrat
Artificial Intelligence Research Laboratory
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pthamrongrat@hotmail.com

Abstract—The increasing numbers of web pages on the cyber
world result to the less effectiveness of document retrieval that
matches the need of users. The classification of web pages is
one of the solutions to solve this problem. This paper proposes
VAMSVM_WPC model which is a novel voting algorithm for
classifying the web pages, which uses a multi-class SVM
method. First, feature is generated from text and title, and then
reduces the number of features by two feature selection
techniques. Use these two types of features to give input to
multi-class SVM. Finally, on the output of SVM, a voting
algorithm is used to determine the category of the web pages.
Results on CMU benchmark dataset show that using text and
title feature with 1vsAll_Voting Algorithm gives the highest
F-measure value.

Keywords-support vector machine; web page classification
voting; feature selection.

l. INTRODUCTION

The rapid development of information technology
contributes to the developing of data, information, and
knowledge into the form of web pages for the purposes of
facilitating and speeding up of searching for users. In
addition, when the number of web pages is increased, the
efficiency does not match the need of users. One of solutions
to answer this problem is web page classification.

There are web page classifications using different kinds
of classifiers. For example, Weimin and Aixin [1] used body,
title, heading and meta text as feature by using SVM and
Naive Bayesian classifier. The result shows that combination
of these features with SVM classifier gives higher efficiency
for web page classification system. Xin Jin et al. [2] used
ReliefF, Information Gain, Gain ratio and Chi Square as
feature selection technique for improving the web page
classification performance. Rung-Ching and Chung-Hsun [3]
proposed a web page classification method by using two
types of features as inputs to SVM classification. The output
of two SVM s used as inputs of voting schema to determine
the category of the web page. The voting improves the
performance when compares with the traditional methods.
Rung Fang et al. [4] proposed a web page classification by
using five classification methods. The output of these SVMs
is used as inputs of voting method and picks the class with
the most votes as the final classification result. This method
improves the performance when compared with the
individual classifiers.

Ladda Preechaveerakul

iSTAR Research Laboratory
Computer Science Department
Prince of Songkla University, Thailand
ladda.p@psu.ac.th

Wiphada Wettayaprasit
Artificial Intelligence Research Laboratory
Computer Science Department
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This paper contains of the following sections. Section Il
is the Support Vector Machine. Section Il is a novel Voting
Algorithm of Multi-Class SVM for Web Page Classification
(VAMSVM_WPC) model. Section 1V is experimental
results and discussion. Section V is conclusion.

Il.  SUPPORT VECTOR MACHINE

A. Binary SVM Classification

Support Vector Machine [5] is used to find a hyper plane
to do binary division. Let (x; y)), ..., (x, y,) be training
samples, n be the input dimension and y belongs to the class
of +1 or -1. For a linearly problem, a hyper plane is divided
into two categories by equation (1).

(w-x)+b=0 Q)
where w is weight and b is bias. The classification can be
calculated in equation (2).

[+ if(w-x)+b>0 @
-1 if(wex)+b<0
The example with the desired output y = +1 is called

positive example and the example with the desired output
y = -1is called negative example.

B.  Multi-class Classification based on binary SVM

1) One-vs-One (Ivsl). A SVM for a pair of classes (k,m)
is constructed using training examples belonging to the two
classes only. The desired output y for a training example x
can be calculated in equaltion (3).

y:{+1 if e=k @)
-1 if c=m

The Maxwins strategy is used to determine the class of a test
pattern x in this approach. In this strategy, a majority voting
scheme is used. If the value of the discriminant function of
the SVM for a pair of classes (k,m) is positive, then class &
wins a vote. Otherwise, class m wins a vote. Outputs of
SVMs are used to determine the number of votes won by
each class. The class with maximum number of votes is
assigned to the test pattern [6].

2) One-vs-All (1vsAll). A test pattern x is classified by
using the winner-takes-all decision strategy, the class with
the maximum value of the discriminant function is assigned
to it. All the training examples are used in constructing an
SVM for a class. The SVM for class k is constructed using
the set of training examples and their desired output,



(x; ). The desired output y for a training example x can be
calculated in equation (4) [7].

_J+1l if c=k 4
d {—l if c#k @

I1l. A NOVEL VOTING ALGORITHM OF MULTI-CLASS
SVM FOR WEB PAGE CLASSIFICATION MODEL

A novel Voting Algorithm of Multi-class SVM for Web
Page Classification (VAMSVM_WPC) model composes of
four steps as shows in Fig. 1. Step 1 is web page
preprocessing. Step 2 is feature generation. Step 3 is feature
selection. Step 4 is SVM classification and new voting
technique.

A. Step 1: Web Page Preprocesing

This step composed of three processes as follows.

1.1) Extracting text and title from web pages, the result
will be the content and title of web page document without
the parts of html, meta tag, picture, or multimedia.

1.2) Stemming process, after receiving text and title
from the web pages, take those words for Porter stemming
algorithm [8] by modifying suffix in English such as words
“Run” and “Running” will be modified to the same stem
that is “run”.

1.3) Stopping Process: Stopping is one of the important
processes because some words are not needed for the
analysis. Then such words should be eliminated to leave
only significant words. These words are called “Stoplist”

”

such as words “a”,

been”, “ago”, and etc.

B. Step 2: Feature Generation

2.1) Text Feature Generation.

2.1.1 Take words from text to generate in the term
document matrix as shows in Table I.

2.1.2 Giving word weight value in the term
document matrix by the TF-IDF method [9] when TF (Term
Frequency) is the frequency of each word and IDF (Inverse
Document Frequency) is the inverse part of document
frequency value of each word. w,, is the TF-IDF value of
web page m of word n.

2.1.3 Select terms that have the document frequency
greater than the threshold value [10].

2.2) Title Feature Generation.

2.2.1 Take words from title to generate in the term
document matrix as shows in Table I.

2.2.2 Giving word weight value by TF-IDF method.

2.3) Combining both text features and title features.

C. Step 3: Feature Selection

After feature generation step, the feature is created into
two features that are Leftfeature and Rightfeature.

3.1) Select two feature selection techniques from
ReliefF (RF) [11], Information Gain (IG) [12], Chi Square
(CS) [13], and Gain Ratio (GR) [12].

3.2) Assign one technique to Leftfeature and the other
technique to Rightfeature.

Step 1: Web Page Preprocessing
1.1 Extract text and title from web page.
1.2 Porter Stemming Algorithm.
1.3 Eliminate Stoplist words.
Step 2: Feature Generation
2.1 Text Feature Generation.
2.1.1 Generate term document matrix from text.
2.1.2 Weighting words by TF-IDF method.
2.1.3 Select terms that have the document frequency greater than
the threshold value.
2.2 Title Feature Generation.
2.2.1 Generate term document matrix from title.
2.2.2 Weighting words by TF-IDF method.
2.3 Combining both text features and title features.
Step 3: Feature Selection
Select two feature selection techniques from the follows.
o ReliefF feature selection.
o Information Gain feature selection.
o Chi Square feature selection.
o Gain Ratio feature selection.
3.2 Assign one technique to Leftfeature and the other technique to
Rightfeature.
Step 4: SVM classification and new voting technique
4.1 Choose one of the classification strategy for VVoting algorithm.
(a) One-vs-One (1vsl).
o Classification both LeftFeature and RightFeature using 1vsl
SVM classification.
o Recive predicted class using 1vs1_Voting algorithm as shows
in Fig. 2.
(b) One-vs-All (1vsAll).
o Classification both LeftFeature and RightFeature using 1vsAll
SVM classification.
o Recive predicted class using 1vsAll_Voting algorithm as
shows in Fig. 3.
4.2 Evaluate the classification results from F-measure technique.

Figure 1. VAMSVM_WPC Model.

3.

[

TABLEI. TERM DOCUMENT MATRIX
Features
W PrG Word, Word, Word,
Web, W, Wi, ... Win
Web, W, W,, . Won
Web,, Wt Wo2 W o

D. Step 4: SVM classification and voting technique

4.1) Both Leftfeature and Rightfeature from step 3 are
sent to be classified by multi-class SVM that can choose
1vsl or 1vsAll strategy. After classification, the output of
two classifications is sent to the input of voting algorithm
for determining the category of the web pages.

(a) One-vs-One (1vsl)

e SVM classification, both Leftfeature and
Rightfeature are classified by 1lvsl SVM method and
received Leftclassifier and Rightclassifier.

e The 1vsl Voting algorithm will consider in two
parts. Part 1 will consider the number of vote values from
predicted class classification results both left side and right
side. Part 2 will consider the summation weight value of the
discriminant values of the SVM classification results. The
voting algorithm shows in Fig. 2 (a). The example of 1vsl
SVM classification outputs shows in Fig. 2 (b). In Fig. 2 (c)
from the 1vsl_Voting algorithm, because the total numvote
value (Part 1) for both C1 and C2 is equaled to 3, then we
will consider the sum weight value (Part 2) of C1 = 1.78 is
greater than C2 = 1.67. Therefore, the result will be C1.



(b) One-vs-All (1vsAll)

e SVM classification, both Leftfeature and
Rightfeature are sent to be classified by 1vsAll SVM
method and received Leftclassifier and Rightclassifier.

e The 1vsAll_Voting algorithm will consider in three
parts. Part 1 will consider the rank value of weight from
predicted class classification results both left side and right
side. Part 2 will consider the weight threshold value. Part 3
will consider the weight value of the discriminant value of
the SVM classification results. The 1vsAll_Voting
algorithm shows in Fig. 3 (a). The example of 1vsAll SVM
classification outputs show in Fig. 3 (b). In Fig. 3 (c) from
the algorithm, the total rank value (Part 1) for both C1 and
C2 is equaled to 5. Next step, we will consider the weight
threshold value (Part 2), both C1 and C2 is equaled to O,
then we will consider the weight value (Part 3) of C2 = 5.9
is greater than C1 = -1.24. Therefore, the result will be C2.

Let i be the identical number of class i, where i = 1, ..., n and » be the
number of classes.

Let numvote_left and numvote_right be the number of vote on the
Leftclassifier and Rightclassifier, respectively.

Let w left and w_right be the number of summation of absolute

discriminant value on the Leftclassifier and Rightclassifier, respectively.

Input: numvote_left, numvote_right, w_left, w_right

Ouput: i.name Il a name of class i

1: For each class i do // *** Part 1: Numvote value ***

2. total_numvote; = numvote_left; + numvote_right;

3: End for

4: total numvote_max = Max (all of total numvote;)

5: If total numvote max have a single class then

6:

7

8

9

Return class i.name where total numvote; == total numvote _max
: Else /[*** Part 2: Sum weight value ***
For each class i where total_numvote; == total_numvote_max do
: total_w;= w_left;+ w_right,
10: End for
11: total_ w_max = Max (all of total_w;)
12: If total_w_max have a single class then
13:  Return class i.name where total_ w;== total w_max
14: Else
15:  Return one of class i.name where total w; == total_w_max
16: End if // total w_max
17: End if // total numvote max

4.2) Evaluate the classification results from F-measure
technique.

Let i be the identical number of class i, where i = 1, ..., n and n be the
number of classes.

Let w_left and w_right be the number of discriminant value on the
Leftclassifier and Rightclassifier, respectively.

Input: w_left, w_right

Ouput: i.name I a name of class i

1: For each class i, rank w_left in descending order, then assign it to
rank_ left; /I *** Part 1: Rank value ***
2: For each class i, rank w_right in descending order, then assign it to
rank_right;
For each class i do
total _rank; = rank_left ; + rank_right;
End for

If total rank max have a single class then
Return class i.name where total _rank; == total rank_max

3
4
5:
6: total rank max = Max (all of total rank;)
7:
8
9
1

. Else /I *** Part 2: Weight threshold value ***
0:  For each class i where total rank; == total rank max do

11: If w_lefi; >= 0 then

12: E left; =1

13: Else

14: E _left; =-1

15: End if

16: If w_right; >=0 then

17 E _right; =1

18: Else

19: E right; =-1

20: End if

21: total E; =E left;+ E right;

22:  End for

23:  total E max = Max (all of total E))
24:  If total E_max have a single class then

25: Return class i.name where total E; == total E max
26: Else /I *** Part 3: Weight value ***

27: For each class i where total E; == total E max do

28: total w;= w_left; +w right;

29: End for

30: total_ w_max = Max (all of total _w;)

31: If total w_max have a single class then

32: Return class i.name where total w; == total w_max
33: Else

34: Return one of class i.name where total w; == total w_max
35: End if // total w_max

36: Endif// total E max
37: End if // total_rank_max

(a) 1vs1_Voting algorithm.

(a) 1vsAll_Voting algorithm.

1vsl SVM classification

1vsAll SVM classification

(b) Example of 1vsl SVM classification.

1vsl_Voting algorithm

] Class Voted

Part Variable CLi=1 | Czi=2 | C3:i=3 | Class
Part 1: numvote_left 2 1 0
Numvote numvote_right 1 2 0
value total_numvote 3 3 0 C1.c2
Part 2: w_left 0.94 0.65
Sum weight w_right 0.84 1.02
value total w 1.78 1.67 c1

(c) Output example of 1vs1_Voting algorithm.
Figure 2. One-vs-One (1vsl).

e Class Predicted .
Classifier Output value cl 2 c3 Class Classifier Output value o1 C(I:azss 3 Pré?:;ed
Leftclassifier number of vote 2 1 0 C1 Leftclassifier discriminant value | 0.65 | -0.94 | -1.90 Cl
Y|discriminant value| | 0.94 0.65 0 Rightclassifier discriminant value | -1.89 | 6.84 | -4.19 Cc2
Rightclassifier number of vote 1 2 0 Cc2 e .
Sidiscriminant value] | 0.84 | L.02 0 (b) Example of 1vsAll SVM classification.

1vsAll_Voting algorithm

. Class Voted
Part Variable CLi=1 | c2i=2 | C3;=3 Class
Part 1: Rank rank_left 3 2 1
value rank_right 2 3 1
total_rank 5 5 2 C1,C2
Part 2: Weight E_left 1 -1
threshold value | E right -1 1
total E 0 0 Cl,Cc2
Part 3: Weight w_left 0.65 -0.94
value w_right -1.89 6.84
total_w -1.24 5.9 C2

(c) Output example of 1vsAll_Voting algorithm.
Figure 3. One-vs-All (1vsAll).



IV. EXPERIMENTAL RESULTS AND DISCUSSION

The experiment uses benchmark dataset of web page
document from CMU Industry Sector [14] which is a
collection of web pages from various economic sectors. We
use 630 web pages from 3,533 html web pages with
7 classes that are energy, financial, healthcare, materials,
technology, transportation, and utilities. Each class has 90
web pages. After web page preprocessing step, the number
of text features is 22,938 and the number of title features is
716. After document frequency threshold, the number of
text features is 1,033, and the number of text and title
features is 1,749.

We use four different experimental methods (A, B, C,
and D) to evaluate the performance of 10-fold cross
validations as shows in Table Il. Choosing feature selection
technique with RF, IG, CS and GR. The numbers of feature
after feature selection are 100, 150, 200, 250 300, 350, 400,
and all. The results of model A, B, C, and D show as Table
I, 1V, V, and VI, respectively. There are 4 issues to
consider that are 1) choosing feature selection technique,
2) the multi-class SVM strategy, 3) Voting algorithm
compare with individual classification, and 4) Comparison
of the Proposed VAMSVM_WPC.

TABLE VI. THE PERCENTAGE OF F-MEASURE VALUE OF D: TT_1VSALL

No. 1vsAll SVM Classification 1vsAll_Voting
Features RF 1G Cs GR RF&IG | RF&CS | RF&GR
100 93.04 | 86.85 | 86.87 | 77.32 93.35 93.01 91.13
150 91.77 | 86.06 | 86.04 | 80.61 92.56 92.68 90.01
200 92.07 | 86.71 | 87.15 | 81.84 92.87 93.17 92.37
250 91.30 | 89.87 | 88.43 | 85.91 93.98 93.18 92.23
300 90.78 | 8847 | 87.51 | 87.06 93.18 93.18 93.19
350 90.81 | 88.12 | 87.97 | 87.97 93.03 92.41 92.40
400 90.79 | 88.77 | 87.84 | 87.51 92.09 91.78 92.25
all 87.22 | 87.22 | 87.22 | 87.22 87.22 87.22 87.22

TABLE Il. EXPERIMENTAL DESIGN
Exp Experiment Feature SVM and Voting
) Name Text Only Text&Title 1vsl 1vsAll
A TO 1vsl v x v X
B TO_1vsAll v x X v
C TT 1vsl X v v x
D | TT 1vsAll X v x v

TABLE Ill. THE PERCENTAGE OF F-MEASURE VALUE OF A: TO_1vsl

A.  Issue of Choosing Feature Selection Technique

RF feature selection technique gives highest F-measure
value when compares with IG, CS, and GR. For example, at
100 features, 1) on exp. A, the study shows in Fig. 4 (a), RF
gives the highest F-measure value at 89.10% while IG is
86.50%, CS is 87.79%, and GR is 79.61%, 2) on exp. B,
the study shows in Fig. 4 (b), RF gives the highest
F-measure value at 91.44%, 3) on exp. C, the study as
shows in Fig. 4 (c), RF gives the highest F-measure value at
90.35% and 4) on exp. D, the study as shows in Fig. 4 (d),
RF gives the highest F-measure value at 93.04%.

B. Issue of the Multi-Class SVM strategy

1vsAll SVM strategy gives higher F-measure value than
1lvsl SVM strategy. The study shows in Fig. 5. For
example, at 100 features with RF, 1) on text only, the
F-measure value of 1vsAll SVM strategy (exp. B)
gives higher F-measure value at 91.44% when 1vsl SVM
strategy (exp. A) is only 89.10%, 2) on text and title, the
F-measure value of 1vsAll strategy (exp. D) gives higher
F-measure value at 93.04% when 1vsl strategy (exp. C) is
only 90.35%.

No. 1vsl SVM Classification 1vsl Voting » -
Features | RF IG cs GR | RF&IG | RF&CS | RF&GR o
100 89.10 | 86.50 | 87.79 | 79.61 | 9115 | 92.73 91.91 g
150 89.41 | 84.19 | 8219 | 8350 | 90.30 | 90.35 90.50 N 5= i
200 8892 | 85.75 | 84.81 | 8241 | 89.22 | 89.08 87.69 2 m £ ST
250 87.31 85.13 85.14 85.13 87.81 87.63 87.81 A %E% S ICGS)) 79 ﬁg&ﬁ:ﬂ gzm 'CGS))
300 87.49 84.67 84.67 84.67 87.15 87.15 87.15 Z — A (1vsl SVM GR; ;; ——B (1vsAll SVM GR)|
350 86.16 | 8341 | 8341 | 8341 | 8583 | 85.83 85.83 m w0 w a om w0 w0 w o m W W a0 W
400 86.80 81.59 81.59 81.59 84.61 84.61 84.61 . .
all 80.16 | 80.16 | 80.16 | 80.16 | 80.16 | 80.16 | 80.16 (8) Experiment A. (b) Experiment B.
93 93
TABLE IV. THE PERCENTAGE OF F-MEASURE VALUE OF B: TO_1VSALL e = =
S— _ Sl B—a_ Ea 4,49/3 =i
No. 1vsAll SVM Classification 1vsAll_Voting 2 as K;vgfﬁfztcﬁk S "
Features | RF IG es GR | RF&IG | RF&CS | RF&GR fw . H G
100 91.44 | 8650 | 87.50 | 80.14 | 91.44 | 92.37 | 89.34 - / Y ey - / oD (1vsAl SVM I1G)
—o—C (1vs1 SVM IG)
150 | 91.28 | 8543 | 8349 | 8313 | 9128 | 91.89 | 90.48 n I " D (e v a)
200 9113 | 87.18 | 8845 | 84.81 | 9272 | 9272 | 92.87 P m m m o om0 w [ R ———
250 90.82 | 88.29 | 87.02 | 87.81 | 9146 | 91.63 | 9161
300 | 91.28 | 88.15 | 88.15 | 8815 | 9180 | 91.80 | 91.80 (c) Experiment C. (d) Experiment D.
350 | 90.67 | 86.56 | 86.56 | 86.56 | 0178 | 9178 | 91.78 Figure 4. The F-measure value of the SVM classification with
400 89.89 | 8415 | 8415 | 8415 | 89.91 89.91 89.91 RF, IG, CS, and GR feature selction techniques.
all 86.23 | 86.23 | 86.23 | 86.23 | 86.23 | 86.23 86.23
TABLE V. THE PERCENTAGE OF F-MEASURE VALUE OF C: TT_1vsl <93
No. 1vs1 SVM Classification 1vsl Voting E; g%
Features RF 1G Cs GR RF&IG | RF&CS | RF&GR 2 27
100 90.35 | 87.00 | 87.46 | 77.09 | 9163 | 92.73 90.52 s 83 D (1vsAI SVMRF) —o— C(1vs1 SVMRP
150 89.70 | 84.35 | 87.27 | 8132 | 9022 | 91.31 91.30 E 81 | —o—B (1vsA SYMRF) —a— A (1vs1 SVMRP)
200 89.21 | 84.76 | 8476 | 81.07 | 90.82 | 9116 90.62 w79 | ‘ : : : : ‘ ‘ ‘
250 | 89.06 | 86.24 | 8545 | 8358 | 90.36 | 90.23 | 90.05 100 150 200 250 300 350 400  al
300 88.29 | 85.29 | 8512 | 83.60 | 88.13 | 87.66 | 88.99 Number of Features
350 87.99 | 84.97 | 8572 | 84.78 | 88.47 | 8831 88.47
400 8846 | 84.05 | 8353 | 8447 | 86.74 87.96 87.35 Figure 5. The F-measure value of the SVM classification with ReliefF
all 81.57 81.57 81.57 81.57 81.57 81.57 81.57 feature selection technique_
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(a) 1vs1_Voting algorithm. (b) 1vsAll_Voting algorithm.

Figure 6. The F-measure value of the voting algorithm of RF and IG.

96
S oa mD: TT_1vsAll
g 92 mC TT_1lvsl
g 90 @ B: TO_1vsAll
5_ 88 OA:TO_1vsl

86

RF&IG RF&CS RF&GR
Voting method

Figure 7. The F-measure value of the voting algorithm at 250 features.

C. Issue of Voting algorithm compare with individual
classification

Since RF gave the highest performance among other
feature selection techniques. Therefore, we use RF for the
Leftclassifier and other techniques to Rightclassifier.

Performance of 1vsl Voting algorithm, 1vsl Voting
algorithm gives higher F-measure value than individual
classification (1vsl SVM classification). For example, at
250 features, 1) on exp. C, the study shows in Fig. 6 (a),
1lvsl_Voting algorithm of RF and IG gives higher F-measue
value at 90.36% when 1vsl SVM classification with RF is
89.06% and 1G is 86.24%, 2) on exp. A, 1lvsl_Voting
algorithm of RF and IG gives higher F-measue value at
87.81% when 1vsl SVM classification with RF is 87.31%
and IG is 85.13%.

Performance of 1vsAll Voting algorithm, 1vsAll_Voting
algorithm gives higher F-measure value than individual
classification (1vsAll SVM classification). For example at
250 features, 1) on exp. D, the study as shows in Fig. 6 (b),
1vsAll_Voting algorithm of RF and 1G gives higher
F-measue at 93.98% when 1vsAll SVM classification
with RF is 91.30% and IG is 89.87%, 2) on exp. B,
1vsAll_Voting algorithm of RF and IG gives higher F-
measue at 91.46% when 1vsAll SVM classification with RF
is 90.82% and IG is 88.29%.

D. Issue of Comparison of the Proposed VAMSVM _WPC

Using text and title features with 1vsAll_Voting
algorithm (exp. D) gives the highest F-measure value when
compares with using text only with 1vsl_Voting algorithm
(exp. A), using text only with 1vsAll_Voting algorithm
(exp. B), using text and title features with 1vsl Voting
algorithm (exp. C). The study at 250 features shows in
Fig. 7. For example, 1) on the voting algorithm of RF and
IG, the F-measure value of exp. D is 93.98% while exp. A is
87.81%, exp. B is 91.46%, and exp. C is 90.36%, 2) on the
voting algorithm of RF and CS, the F-measure value of
exp. D is 93.18% while exp. A is 87.63%, exp. B is 91.63%,

and exp. C is 90.23%, 3) on the voting algorithm of RF and
GR. The F-measure value of exp. D is 92.23% while exp. A
is 87.81%, exp. B is 91.61%, and exp. C is 90.05%.

V. CONCLUSION

This paper presents voting algorithm from multi-class
SVM for web page classification. The experimental results
concluded as following. 1) Using ReliefF feature selection
technique gives the highest F-measure value when compares
with Information Gain, Chi Square, and Gain Ratio.
2) On multi-class SVM, 1vsAll SVM strategy gives higher
F-measure value than 1vsl SVM strategy 3) voting
algorithm gives higher F-measure value than the individual
classification. 4) Using text and title features with
1vsAll_Voting algorithm gives the highest F-measure value.
Hence, the VAMSVM_WPC can improve the efficiency of
the traditional web page classification methods.
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