rﬁot(has_sep(A)).

research.project_page (A)

|
research.project_page (A}

research.project _page (A)
research.project_page (R)

[research<projecthpage(A)

not {has_depart (A)), link-to(B,C,A,B}, has_univers(C),

has_cluster (C}, has_human(C).

has_sequenc(h), has_fri(A), not(has_universi(a}).

has_pattern(a), has_layer{A).

has_transform{(a), notthas_univers(A}), has_principl ().

has_sun{A)}, has_homepag (A}, has_wisc{h) .

171 2.26 ny research.project_page e liiuiwsivnineduiindadiudayavaney

research.project _page (A)

research.project_page (A}

research.project _page (A)
research.project page (A)

research.project_page ()
has_engin(C) .

research.project_page {A)
has_neighborhood _imagi{B) .

research.project_page {A)

research.project page(A)

research.project page (A)

research.project_page (A)

research.project_page (A)

! research.project_page (A)

has_neighborhood_ _access (B) .

has_relat (A), 1ink~to(B,Q,A,D), has_anchor_group (B} .

not {has_interest(A}), has_research(A), has_includ({a},

has_public{A), not(has_professor(A}).

not (has_home (A}), has_show(A), not(has_oct(A)}.
link-to(B,C,A,D), has_anchor_laboratori(B) . /f

not (has_comput {A) ), has public(A}, link-to(B,.C,A,D), .

not (has_home (A}), link-to(B,C,A,D),

has_extens (A}, not (has_univers(A}), not(has_class{h}).

not (has_howme (A}), link-to(B,C,A,D},

nas_approach (A}, not(has_interest(A)), has_optim(a).
has_group (R), not(has_page(A))}, has_adapt(A).
has_robert (&), has_put (A}.

has_peopl{A}, has_trace(d).

717 2.27 ng) research.project_page (dalfiiumanwivandunedeiuiudeyanaasy

{ research.project _page (A)

research.project_page (A)
net (has_student {(A)] .

regsearch.project_page (3) :- link-to(B,C,A,D), link-tol(E,A,F,G), has_anchor_group(R).
has_project(a), has_peopl{A), has_intern(a).
not (has home{A}), has_perform{A), has_specif (A},
:- not (has_scienc(A)), has_research(A), not(has_interest(A}},

research.project_page (A)

research.project_page (A)
not (has_web(A}) .

research.project _page (A)
research.project_page (A)
research,project_page (A)
research.project_page(A)

research.project_page (A}

link-to{B,A,C,D), has_librari(C).

not (has_home (A)), has_user(A}, has_includ{a},

has relat(A), not{(has home(A}), has_proceed(A).

not (has_comput (A)), has_share({A).

has_robert (A), has_laboratori(A}, not(has_inform(a)}.
not (has_date (Aa}) .

has_move {A), has_browser(A)}.

7117 2.28 ny) research project_page deliuwasminendsiarauiuliutoyannan
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Input Data

n Base Classifiers

Class Predictions

Combiner

Final
Decision

Final Class
Prediction

91l 2,29 fausnuez sty dastisaiinianuioniy

amAfafuiuenuesivinauiiuiu Gusuluga 90 Tag Hensen uaz Salamon (Hensen and
Salamon, 1990) AMnn1sdanasssutRrassuanuazuuulasinalssanifian flanamiBvesaniy
w o g e & . o o o , o o e 5
Llafios (Unstable) TanmussniBilifunafsionsruaunisaesfousnuasinieusaniy cnddafubas
grAnestann e ldludunsfagiuuy (Pattern Recognition) TnelduenuasdunteFeufuuuiing
<= L) o ezl' =t & ' aa @ o ‘ o T g b= L") ’
teudhiagiuflasinewandusnuesitdseninow egragdu fwwefaanimeduntiiu wezusidn
mslEmusnuszinauiniuacgnuesuunsmddeduiiumsidfsonussduuninetviailay
W AREE R IE UM sAneedwwialiasussfrawiiatrerad sulisiisauudmudasiouen
<l.¢=( = - g a4 I3 =4 =Y Lar Ld = ar “ o l#‘ o ’

ugsiilszAns ity fwwedmonmefuneiu AlFfulsslomiainemddeswiuenusziinieudon
i

nsdunufdrdny luindezesniswansauanuazannd uilda (Combining Classifiers) Aa
aminunssurasiiuenuesinnauituiy (Ensemble Architecture) AN nFeegendansina e
souonuesiiussflszneufaviifes msldfusnuerinmusmiulunsFuuiieasiading oo

b g gl S B o o Tl ' U aZ
vavintuanAdeideuindug Betuisuddduliue wilsgaiueduds aufstidsmngitu
Analunnel Condorcent Jury snewwiniiuds Tae Marquis Condocent vausngufjiilull 1784
uazgnadasianing Nizan uar Paroush Tull 1998 waz Christian List Tuil 2003 (Nizan and Paroush,
=4 g ] 1 i T3y A ! e L4 4
1998, List, 2003) Sfamulauaguin “laenuinaniiiuiiudaziuanue mmmmuunlmqun
4, s

FAINNTT 0.5 waRIIan s Lunesinueniesdiulvg Ansuldgndasiuiininndiiete uszified:
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wenuo A nesunnauies 1 e Winansduunanlngifiremhandugeauiadiing 1 (dlayn
armhazdufidowsnuesszdauundeyaldgnaieduinndr 057

i
s

T @A, 1990 sunRg it Fnenugziiviausiugainginouuiudannndm

4

e =

wnuszieniiunsilaznon Sredlemununsiifiue s neuimantiuiiranwiug (Accuracy)
YArHAMLANS 1T (Diverse) Bnday” Qmm:ﬁﬂma Hensen WAz Selamon (Hensen Ua Salamon,
1990) %ammmﬁzﬁqﬂdwﬁnmmﬁa LLsma,m:aﬁm?;v.ﬂumﬁﬂi‘znﬂULufi’lﬁ’uwﬁuaguﬁﬁu
(independence) WaxiNdATINIEAWANR (Error Rates) 283Wanetiesndn 50% Gaavann LEIERT
AsTimANAtRIEa LENLEL NN T TiA N Raranatannd Waftuiusuianalniiinan
Foupnuuzien u@:ﬂmﬂﬁmﬁﬂﬁﬁ'\ﬁmmnﬁﬂ ﬂQ’luLmu{lwg}w‘TfJLmnuﬂ: UATATINWANAITUUBIF9
unues Sagnnaaesiag Dietterich (Dietterich, 1997) agUlddn “Edmsinsfiananaesninuanuey
Seundn 50% (Fedmsnnsfiamansuantulifendeariu) LLﬁQﬂQWNﬂﬂW:Lﬂuﬁ1ﬁqﬁﬂﬂﬁ?ﬂ\!ﬂi’,}muﬁ‘w
Woadnlugy axlinaaenuniiumaditannniiAmisesiusn s inanana” .
dennfuenuasinhiasivsavinmanasileduundesyaiinniu fafudeinishiens
sine iR srAnsnwlitieanuasioya fusnusrinesisiudunsdenuianeiFun
AARi NN LT IANRI MR AR R Ian s LN And e e fusnuasRea i
Hhuasndnearsuy SamaRssrAnd nliiusuenussivnusmiiy ilduataumn i nag
Benfusnuus AL NaReNARMALILUFARLA RO LATARABNFILIENANT AN A2
sy
291 1sWIeeiE NI F U RN {Categorization Scheme of Classifier
Ensemble) fusnuazvineuinsiugnini ussAneddniteiulgss @i nnudonaneds "ﬁu@g‘
Aupnman Ay dad Taeae Tuitusadiu 4 Usinmanueniddaes Shixin Yu (Shixin, 2003)
Thvdn Fat
n. ﬁqmmLm:?{ﬁNméwﬁu‘[mm‘fmn'\ﬁmﬂaﬂn (Ciassifier Ensemble Manipulation
Training Sample)
3. Fusnuasivneniiuiudneussuesgedayaidnteniiunnsiei
(Classifier Ensemble with Difference Input Feature Subsets) ﬁﬂﬁm&‘Mﬁﬁnwm:wiumawm'i‘mgﬂﬂﬂﬁ‘
wenAnai ieaiusiazfunnues
A, FusnusinouiniulsaitisresiusnussAumnsiady (Heterogenecus
Classifier Ensemble) ﬁ@ﬁmmnuﬂ;ursiﬂ:ﬁqﬁ'ﬁ’um@umiﬂnLm:ma"ﬁmunﬁmﬁu
1 FausnuasTiauiuiuinefintisrssiuen s imioui {(Homogeneous
Classifier Ensemble) AausiasfauenuuriAsnsinuaznisauuniniiousu
o~ al

muanuuzivinawiniulnensdanisdfeyatin Anwensiinuresiousnuesd

T
= 3

vnnuisiudsrmiided] fumeuiiniedeug (Leaming Algorithms) Aflmsvineususaegasd

Waunsupaniawed (Run) wany - afs Inefludavaiensziniudeysdmivinfiuansinaiu nminau
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. X e ey B ey s | ‘ 2l aa
anwnsihunziunisGogresiunowitiliaios (Unstable Learning Algorithm) winadafunawis
o gl o o el oy o v o el o 5w v 3

nsBriAgnintfilAouwulamisEeud wiiauadn i RusuAiinisuReuulaadnias ludoystn

as =l e a Avu P =4 v fr »

Brsidszauanududaussduianuiniias sutielddndumunusanisiam
Tuduiuenuesivineusnfusuiilaqiud AAsdsnisfiTunds wlnfi (Bagging) uay yasHs
(Boosting)

e o [ 2 v oG A . ar & al '

AantsRnuundeyadianisifulinta (Breiman, 1996) avdagaanstnfiuAnsng
fudegnainlaonisduuasnsunifiaingadayadudnduiunistn (Bootstraps Replacement) uaxiin

' | <4 ﬂ‘ e ' a o o 9.r 1 ar 2
wiazgArean1INTsiin innsEnie WARGuenuazsing q Amdumssruindeys uiazdwsnuaslvug
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(1) autasaiiiteyi=1fan
won1 T Tawd T unleaniinasgudeyatinain T1neA3 Bootstrapping
h. = L(T) Aa dusawidnsduufandetw T welildmuonuazdszon A,
(2) s ndumauseninWidiuanues # i Wad uendeyaneaau x wazwdasdusnussWinans
Fuuniiszum y disuadunisataziuu sz lafinanisauengagainaunisdruunilssnm

AN FRNANNNT

h,(x) = argmax Z:V hi(x)=y (14)

ye¥

Fanrduundeyaditenisldyafiia (Freund waz Schapire, 1996) azfinnaliin
winliiudeystin waraisiausnuessing v %ummni@uuﬂﬁqnﬂﬁ’uﬁwﬂ’n&u grinserdumetiantg
SIAZULLAN 1 TRyARe QnigaTh wriartumauaesiinisduuifisauns (Weak Learning Algorithm)
273N Ul (Boosted) Wilannaiuaduld
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LARA (AdaBoots) A1u1IneBununIrLIunIIesis NI undayalaunield wenyasia 1da
(1) wEefed b, (1, 2,3, ... ,b) WennReeluil
(1.1) ahedanenues COLX*) uugadeyaindignlshiwin

* b b b
X =W x, wyx,,. .. w)x, (15)
LY . . 4 ;
Wwin w! Tavi =1, 2,3 ..., n duudardayatin (¥ w’ = 1ile b =1)

(1.2) thgadeyatinfignliiminiuudazseu b WiiudmuwnuezfeGuuiudmagsudn
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1
C, = log(w/s}) (17)
fvuatrninlusilisuseysaliainanns

wht e w;"” exp(~C,&) Tavfii=1,2,...,n (18)

!

n
La¥gN Renormalization 1ag Z(wf’*' y=n (19

i=l
' '
= 11/ 5 &

(2) andumauwsnlunn 7 saufsuaradeyatiniuansafurutwminignimvunliudazgadeya
° ar as d = o i H A '
Hn i ilAfuanues Co (X9 Aedmuenuar C dufinannnisnssinsaud b Aldangadayatin X* s
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(3) winziuenuerFoudlidummAsiurssduanuazin vie A, aeg ¢ Aadiuenuezle 5 aamiud
aanI R ldvau AN unszuunTatAzuLLTag M (Weight Voting) Taunwingeanisad
AziuEnanAn Cp Aeanms Ve

H, (d)=sgn{d C,h (d)} “(20)
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2.9.2 wATiANITAIALILL (Voting Techniques) (Van Erp et al., 2002) wallalunsadasiuuiiu
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AzILURKANFNAT neaswetiala il doufiuiuaamnranesddayaviedinisinem uiitiae
PNAEH NS IBINTRIAS LLUATN WAL 18 Meriin wazands unanau 5 3l
n. Afnsasasuuuuuulignidiimin (Unweighed Voting Methods) hwiBnagas
prududs ihwinfusansduundeyaannn  fauonuezwin q f fuenuosusasias inang
Auunigsdnisuazfofunlisnzium et anisaeAruuudneAiiae N17aIASILULLLATWIUNIN
(Plurality), N19a9AzuuLU@englnny (Majority), nratpzuWnwuLLilY (Amendment Vote), N13ad
AruuuLuLiuneW (Runoff vote) LAt NNIAYATLLULLILABUABALTY LAY (Condorcet Count)
1) mMeasazasuunnannuEnn UL ERaA1sINTaIAzIUL Ausn
vevusazsarlduantsdwundssnmesnin wastimiiunliazuu dszumlaiasuu@easgaian ax
. v S - —
paUNANTSMUNAINEY Tneasuu@sdigand niuana il @eadouluofld
2) masspzwuuiuL@essdaulun) uansteiU NMSRATLULLLLAUINGNG AD
HANATMRNEBUANNAT AT sd ] (dousnnifiusde)
3) msatpzisuuui e lagdnasuuwdesainmainuis s luasasonm

drunisasnzuuiiuuBmdiuiuney windsunmla s suundssganonazgnideniuatunisas
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- o o o i o el P - .
Aruaunidesdeulun sanfuszusaosaanmeduuntissnmdu - dal FEiided wailsnmlmi
gy uweRdtinnaasnsdlunana

4) msaspzuuiuuieew dunrzununteiill 2 Tuneay Tussuusnmana
Uit lfpzuuin@osgeiananynuszinmil ez uuadoeainnnsinuanees uforesn dunsuiiaadld
= o a4 o L -
nsataziusuuu@nadoulue sowivaesUsunnigndeduluduseuusn Taaliyninuanuazdsanm
andfewAgesdisnniiinefiElignnudiannsoasdatanatn luUNTaIAS LML UIUN LAY
nsasAzuLuuuu@ssdaulun 1
£) NTRIATHUBILILATUARAITM 1AW TneniAzi @i ldannuanisauun
nosuanue: thunsBuudaussanla q faze sunnussaomgnufFauiiouiunie wanissiuun
is d‘ - 1 “/4 ﬂﬂidyd 8 i
qavnasaundszrmilifuaruudnegaasnmnalisrmuargaanreaiaveg Jailaoududeu
S A o oaod 2 oan¥ o e = o X nw
wnfigaiflediauiudiou 1l AT nsataziuuuuuligndiumin wifawnsnasdatowaeiinile

ra
7. FEnsasaziumuuugnlumin (Weighed Voting) uslaztansauwnilgann

ynswenuor arlaFulninignin i dunesgunanauds e liiudadousenadaaiuduiud
ﬂ' | o 9 3/ d‘ = o d‘ - '0; e

wenugzfiliuesfliznan uansauungavinadaienunanisdruunlafunmingaga

A. AEnsasAziuuuugn I minaunsasrTwstuL@adowlug) (Weighted
Majority Voting) A8 e AT uen wswansafuinistuuaAimin lnodnvuadrinwindueudlunii
luynAauanues Wesuonuerldnanisdaruunia dninazgnviniiasatinoamsiiedduds@ng

1. FEnvsasazuuuuLLAIARITail (Confidence Voting Methods) Fausnus
AMWNTOUARRITALTBINANTA WU FEAnnAing 7 16 UszinniilAAIdeii (Confidence) ganin
ITRLITAR IFFuscAuAzuBLANGNAEY YIBA NI UANF LN fEnMIINNT Y FRat T IAZ I
audadugu muinazitly (Probabiliies) warsyes (Distances) sy @ iludwivdinasas
Aruwumaniife fugnuosfiasndndadaiviugamiumnzay uazilymas dedndnueedinaiu
& o'r ° 4 a [ 1Y Add"ﬂ = al .
Faupqiuduuiasdndiuwinle Methantsatazunusiodinae wwwAluilan (Pandemonium),
UANNITUIN (Sum Rule) uaz MANN3AN (Product Rule) 1lusi

v +
1) wuilinfen tudusnuesynaasincwiuiluvionsuug dwiunanis
o dl 1 ar ’-’/ - 4 ol ﬂ‘ a‘/ i’ wr Q 2 p 7
Muunfldanuanuesii q wasynausnuozdasdatrnudeiulifussnisdnuundng Uszinnde
YAl LR UN s aIATULUAIE AP T DT UAA ATBINITAIAT LU AAS ) NETARLRAN T WUN AN
dszimiu Aslduniinafausnusnetnassansdtuun Tnofidisnniny viasunu (Separate
Experts/ Agents) luaanfunainainizaaniiomes Taihfiiny e uaannuusnsitanadiuey
Usziwiignauun uazideandrasndeiugags wenantidelidriadnunu ertecaciudeiu
dwiusuenues Deidudednfminllundanisifiuseiuaugnies fsenagu (Musnuos o, Wua
° o A o

NIFRIUN Yy, NHAITAY
1o 9) udraziRenaanisduunninagaian 8 s, v, 0.9), (c, ¥, 0.7) uataenisasnsuuniag g

win faziflu y1 WesainAtaaui@edutly 0.9 Fauinndn 0.7
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2) vannasuan pgdaadsivieslsanndeyaioaiuniuanduy
dsrladuasmanuderiugerziuundeyamud ssanmiu
3) wannsg ARaruMANNITLLn Al nareAa ey Ba3Eunns
=l

'

-

yanslaniavestssnmfidiAianudeiue,

q, 3§mmm:memugné’mé’uﬁ’u (Ranked Voting Methods) H&U8INITIIMUNNN
Uszinvilifuatndananues azgndrdusiuniudiansndedu Anaaisgnsies videAwnwin duiu /@

i 7 = q‘l’-ﬂi '8 2 4‘ =3 ar = a e [

gEnITAATILNAIeAENAB UafAAW (Borda Count) Telindnnishesiuenuazla 9 axindusuNa
nunUssrmeeanyninay MEuRas st e 1 anynsuanuszdiunisesaiy wn
UszinvlalWinamnuesAnnsdniuiugaan avdunndeyamutlszinntiu wu @fuunues o, SuAuNs
Ny, AUAUNEI LN y1) 81 (c1. 2, 5). (2. 3. 1) Wdm y1 HAzuuu 2+3 , y2 Hdazuuu 5+1 6

wawanm Az lalszing y, wazilasuuugandt dusi PE
rd

A7 2,40 Anudnensiuluenaisszinmeing q aesgadeya Webks

MuaudnziniaduduRe T fayaudn AU
WNENTAL
o . Eh
bila) FIUTU
Titte Title+Meta+ Content,
UTLON | 1BNANS | Content | Meta | Title Header | Anchor
+Meta Header+Anchor | Title+Meta
,Hea-der,
Anchor |
[P I R R -
834 800 6 735 735 773 773 800 686
Course ’
 Course | | |
Z.
Cacul 1.020 987 2 786 786 874 901 983 649
aculty
]
I —
481 469 1 429 429 416 461 469 375
Project |
W T T T
1,485 1,432 91| 1,19 1,194 1,219 1,370 1428 995

Student
PN 3,820 3,688 18 | 3,141 | 3,144 3,282 3,505 3,689 2,705
7] N

7 Distinct
Words Y837
lanansiilu
Content, 3.5056 - - 345 1,164 2,509 2,990 -

Title+Meta,

Header, LAY

LAnchor i J
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AR 2 47 ArunuAnwziiuluenaslsznmsing 1 eesgateya WebPage

AN a i udur s TR ey s i AU
BNA TN
. T
2 ST
FaUszinm Title Title+Meta+ Content,
VANATT | Content | Meta | Title Header | Anchor
+Meta Header+Anchor | Title+Meta
, Header,
“ Anchor
1.
Commercial 1,000 973 | 323 | 954 978 89 941 993 88
Banks ]
2 Building
1,000 999 | 277 | 929 935 133 868 974 132
Societies
3.
Insurance 1,000 999 378 | 953 966 170 906 998 145
Agencies
4. Java 1,000 1,000 396 | 963 976 585 957 1,000 528
5 C/C++ 1,000 989 | 386 | 905 924 658 953 962 648
6. Visual ‘
1,000 1,000 | 412 | 887 889 240 929 971 213
Basic
7.
1,000 999 [ 248 | 924 944 573 964 996 532
Astronomy
8. Biology 1,000 1,000 | 434 | 852 904 473 967 999 426
9. Soccer 1.000 1,000 | 464 | 927 944 221 825 978 199
10. Motor
1,000 1,000 | 384 | 937 948 393 928 995 332
L44 Sport
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A9 2.41 (Fg)

a L r =4 4 o =i 2 % o
T ANMTUANBTUZA UL B HTUTUABULATUMIBHAUNT 147U
l [ BNATTA
| 4 . lu
bikd I
' Title Title+Meta+ Content,
Uszinm | @nans | Content | Meta | Titie Header | Anchar
+Meta Header+Anchor | Title+Meta
- . Header,
) Anchor
11. 1,000 1,0007 410 945 983 346 954 999 L 327
Py
Sport ;
PN 10,000 | 10,969 | 4,112 | 10,176 | 10.371 3,881 | 10,192 10,860 3.507
L,——-—_r—'—__-'—\“—“-“_\ —
U7 Distinet
Words
209 AANAT ST
T
17,758 - - 1,649 2,262 7,637 8,376 -
Content,
Title+Meta,
Header, LAY
Anchor
oo J L

FrUUMIRTUBNALMA st 2 Tunaundn Aeturauniseiduntaya (Preprocessing Step)

uprdumaunisdnundays (Classification Step) udunaunssiondayadssneusiusnidou An 4u

ARUNITANAANEIULLAL (Feature

Extraction Module) uazdiunisuivdayalaadiinan-ases wad

AnEI AFUTURI LN MDA Fszneudiudasstunauting Ao duReuntsEn (Training Step)

uwardupaLMIMeAReU (Testing Step) #agUiii 2.30
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Preprocess

o Feature
Extraction | % ﬂ Fold Cross.
Web Feature Sets Vnhdmmn

Paces

- Performance Hypotheg' Training <« Trammg

ing

qis Sten MNata
Testing y
Step : Pata Classification
b ‘,/ '

519 2.30 syuun1sdnuniuma

>

SYULIENFUINITINAN NN TA T EAN IS IAWTB UG Tneaz@AuangiuasdARFaanisaanain

Wwnang iy AnkaniannzdauzesinfidsonideGed (Tite) AMfusingivinGes (Header) Ausse e ded

(Anchor Description) 1dusiu ArfidmueniFuufesudagnidundn gaanwozsiu (Feature Sets) o
. A e aa . e o a ey . v
anwuswumaiazgnin ey lugluuudtaawenimefane Sellaungnfildanmsdsanaimin wuy

fewlafon uazynAngninliidusfniidniouns JeAldidumPlitiu (Distinet Words) #ign

o oy

AdnAmeA (Stop Words) gninldeglugUaeasindw (Stemming) T Porter Stemmer Algor:thm

(Porter, 1980) wargnindaA s ngdeundn i wnanseanudy (i = 4 mmumanum:mumﬂmm

s o ae x o X « o o oA
wua Awdugadansnsaduly | = 2) ludureunssondeyatinellie msfidaenansdng wie

wnas¥ ifiAn legnldlunsafrnnwafeansie

2.9.3 ANWISIANIRIANANT

LS i ! 1
dunsun AT TeanEeiu aglutunaunsaiadn Ay Gaiawiniaingednws

Wil 5 ARl

1 |53 rr i
(1) WHewiamus (Content Base) luntaidandilaviaiuasemiindiiva wasannnssangu

\
o

Fadnusitlun e tibuues (HTML Language) Faufasudn

(2) Fofananasih JunsldngusdnesTates uazush ifiseannisiedes uazusi in

@ o o

Unnglurauaemasusin <head> uar </nead> Ashur lsmmunsinadAtysasanans
o ) = o e as o o =
n. ade (Tite Tag) wisnlnunisAnuaniawiznansdnysisglwlinnsndosi
\nueaTe e <title> uay <fitle>
4 - o ¢ o ar v o =4 o
G LA (Meta Tag) lunisnivusadtdnilszdnfimas wisnlpanisfauen

nguddrsiedluleinsnlieriiduueareuifa <meta name= “keywords”
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content=""> WAz <meta name= "description” content=""> éﬂ’ﬁﬂ@:uﬁqﬁnwﬂu content="" {Thy
dneuisutenanasiiuiedes
(3) Waifos (Header Tag) winlasmsfauanariznguisnesiiegiubonsaliosfiduueain
fHoq <Hi> Az </Hi> @l i = 1 B 6 Whinudenemsidashmiviumafludnsussiusaenas
(4) Arussenu@ed (Anchor Description) Wit lamsfausnianisnguidnusiiag lulsensal
waiduusanusTunsAsAABIIILURe wuusn Mngdudnesly
<a href=" "> UAY </a> WULTARIAE <a href=" "><img sro="" alt=""> LAz </a> dnilunslngusn

fneslu alt=" " WuanEuLIsLIaaNans

<4

(5 Faides ws Wdes uarAussenaded lumslinguidnusdinanfanfududnsnsisu

VONLENANT

<HTML>

<TITLE>Kaydon Bearings</TITLE>

<META name= "keyword" content="Slewing Rings, Worm Drive, Canstruction Eguipment, Man lifts” >
<BODY=>

<B>Kaydon bearings</B> are the designer’s for difficult and sensitive applications in material
handing, construction equipment, robotic and other key industrial positions. Carefully engineered
solutions are available

<H1>0ther Kaydon Divisions at yours service:/</H1><BR>

<A HREF= "/keydon/cooper.default. htm">Cooper Split Roller Bearings</A>|

</BODY>

</HTML=> "
L B

ol A

71l# 2.31 FathadumaRilAnyusumNLIL

angiil 2.31 FeafndnsusuLuiEenivueudar el “Kaydon
Bearings Kaydon pearings are the designer's for difficult and sensitive applications in material
handing, construction equipment, robotic and other key industrial positions. Carefully engineered
selutions are available
Other Kaydon Divisians at yours service:/ Cooper Split Roller Bearings|”
Haadrdnnsisuuundedacacndn wdaalidemnneail “Kaydon Bearings
Slewing Rings, Worm Drive, Construction Equipment, Man lifts”

T 1 (7
WeaiadneozpuuuuiaFes udaazlidannuiiail “Other Kaydon Divisions at yours

WHoATAANHUZLAYLLILALITEURIR Winaslddananudsil “Cooper Split Roller

Bearings”
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nslEanmnziAuAINgs esnanemsiAumatiu aunsn lAd@dnumnzes
dwFudlufunuenasin W s usuandr Ay bidesfuly wardoyawatusiargpanmusiaudany
wansinafuReewa Aeldfinlugy 4 Mo wudoys ludneussiuie e uarws arlidudayagafion
futandreadaiundwuniu foyateagadne e @ uinGed WA TAANE LT AWAILTIENLRIA NI

] ar & m‘i‘ k'3 =i o ﬂ“ o - & ‘J a 1 -

AmuEnsaiiuguaniRisediluhuanuesifsduiuesdlsrnaunsiuanuazivinamsouny

grdayaonarsivFauld saxgndniueylugduecdaneiuienans uazuuanansi
ummeasess dusienansiilluie 5 gadnenisen e lfazsansenissznanaluduneusell

= = o ar o '

wazienisFeuisudss@nsuaiimnaniunndnens s

-

2.9.4 MITRIULNTLLNG

A
rd
AP INTUPEUNNTADAAN UL FAUIBIENATATAAUAT FaTayAaNATTATNTIN LY
Hudan o welflunasin uasnsmasaudsr@viom Tneuivdeyadruiviln uaznaasy ludnedou
) >

80:20 foeid 5-WWam Asan uladianaiu Weduufeaudaninnifluiureunsdisuniiuma taeti
gadayatindruiurewitnisduundssinmuunse - W nmsdruunduwadaiuanuenifies uay
N unIumasufm L nuasAiinusam iy dAwiudupaunismasoy gpdeyanagavtiruauys

=8 ar - 1 ] 1:& <5 as - ﬁ.; 250 2 ) 1 Q "
uvFamuunuezwunndantiedng anddeindses@nina willdaianugnitas Aiaonudugd e
PINNIEAN WAL F1-measure (NBBuuiieu)sedvinarasfmuanuanfenifinanuaeiunuenans

wANFNai Y wazfanenutsivausntulag Mnsaemz wuusn et

= v i =i w ar o e . o
ATV 2.42 ﬂuﬁl@u’lﬁﬂW?LTﬂug‘ﬂﬂdﬁ’JLLﬂﬂLLH:WVl’N’m’a"mﬂu

Algorithm : learm_ensemble

train irain train

X

train

[nput © training set X, mera+title s Xpand X,

confent ?

integer s (number of base classifiers)

l. forj=110s /f for each feature in training set X

train
i

train

1.1, hfj] = naiveBayesLearner(x ) /[Train naive Bayes with x;

2. endfors

Output: § base classifieris A,,..., A

-1

51



P13 2 43 TURAUI NN MU LIWA A EF LN AN UTIRAY

Algorithm : classify_ensemble

fest fest test st

Input “test set canfent . xmemﬂh‘le . xh and )‘n

1. forj=0 to s-1 // for each feature in test set x
{*Classifier, |, classify Web page d and keep its prediction in y[j] */

1.1 if the voting technique is majority vote

fest

X
thern  y(j]1 = naiveBayesClassify(hfjl, /¢ )
else  /ivoting technique is Borda Count

fork=0tol /fVis number of class

test  p*

rank_value[kl(j] = naiveBayesClassify(hfj), ~/« }
rank [k] = sum{rank_valuel[Kk)}{j])

end for k

ANl 243 (da)

Aigorithm : classify_ensemble

end for s
/* Finalize the prediction */
2. if the voting technique is majority vote
then class = maximum{y{jl}
else /ivoting technique is Borda Count
class = maximum{rank {k]}

Output: Class of Web page d

2.9.5 nansdsuardaInin s LRMALWAS U AN kS R0

Fanenuuiienaieanngadns i iu e maRusn sty qaAN LI AUTIA NN
=i o PRy =l e 2 P =4 ] <2 2/ o e 1% . :
udunuenatsid idas sl wnudeyaffaesenisiin uaslduan1sauuniia i geansmssy
reafuiwanagianuinlivas eswindaiaiumainogene 1y gadnwaissuniadussany

aA Wisuyndumassinsddiane adnwnmsueinusniude e Alumnpeganeiiasanng

afadumaldlidueyadwiudueduarduiaiumald dmdugadnsnsrurindadesiolid

TWandAytmsnzasissfudunuenansia duiy widwiugadnenssuidundrdeyaiity
g

Wad (Tagged Fleld) 7linBu 1y favwt fadiss Taduls dusi dndsngluenaiesiuouties sl

ar

AvhmanaiiteevieiisdrAndidAsmnsisgiudunenansid i nsvasaiidaliansuign

&
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Anuzal 5 atn A 'qmﬁnmm:wiumﬁmﬁ@mﬁmm 'qmﬁnwmmiumﬁm?ﬁﬂffimm:mﬁn TAANHILE
wuatlades uas wﬁnwmzwiwﬁmﬁmﬁmaﬁﬁ%a‘qmﬁnmm:uﬁuuﬁﬂ:'ﬂﬁm WiUsyAnanmituan
Gy uan LGN 2.43 Faflunnsdtuuniiuinauugadeys Webkas wazpnIad 2.44 ugate
& WebPage

AINANTT 2.43 uaz 2.44 S vnefagednsusutiaiawiounn S EVRUIIEL T

Cantent Title+Meta

AnunuzisuriisfeFoauazindin S, mnefegaanrueruTiaiaGes 5, uniaivgraneussutindn

USTHNURNA WAy S winafagadAn s siuEiadaEeq win ¥eiTes uarAusteu e

Title+Mala+H+A

o N 9 S . .
ANANTNT 2.44 uaz 2.45 wamalidiudnnsTidanwisnadugedne e (S ) Wia

Conlenl
P39 U IUNARNNAY F1-measure T 81.1949% A9 2.44 ey 90.1844% Tpnanadt 2.45 34
gan3 sl 'nﬂﬁnwmwiu'nﬁm%u Lfimmnmmmme,anms”lﬁlﬂfam?{m@mﬁumnﬁam weina s
Luﬂmwmumﬂwmﬂﬂwmvmu dana Al zauys ﬂummﬂmeﬂwm'luﬂmﬂ?vawﬁmyluﬂw
Sruuniumandld fapnsned 2.44 wmwmnwmvnmmummim Wi Falkaa mem?muam

) Wnan 93 wunangn s

(5 A 91.5762% WAL 90.1844%

Title-Meta+ H+A Content

A3 2 44 wansauuniumwATasiusnuasieg uugadeys WebkB

Performance STitle+Meta SH SA STitle+Meta+
SContent
H+A
Accuracy {%) 82.1852 73.3704 78.4815 74.0000 77.0741
Precision {%) 81,5786 76.6627 78.1869 73.2657 75.4841
Recall (%) 81.1945 72.2007 77.5427 73.2686 76.3692
F1-measure 73.6988 776813 72.9537 75.7053
81.1949

(%)

#1597 2,45 wan1sAuniwstasausnuasdng vugadays webPage

Performance STitie+Meta SH SA STitle+Meta+
SContent
H+A
Accuracy (%) 92.3554 84.5134 77.3484 90.4372 93.8223
Precision (%) 90.0152 84,0737 73.5346 88.5244 91.3186
Recall (%) 90,9053 84.1084 74.4192 89.6310 92.6130
F1-measure (%) 90.1844 83.7148 73.5981 88.5406 91.5762

Fate! =

nns iAot sas A lunadnenssuld F1-measure mmwmﬂmu@mmwm Aalumsneit
244 {11 72.9537% 111 81.1649% um 5199 2.45 11U 88.5406% ML 90.1844% INGIZANLIILLEE

o A =0

Tanunsounmaanansilifidsdiediussasdeiifioadnilas s vnl¥ldrsouaguilow uadmiu

53



e o s =

StmaiiRefinnenain i A limnssuduiuduiunaenansgnuatiadaadniu « flang
daennile ssonpdediudmunnibidafeciuiiamsosenanay Armeniia s ansam
Tun1suunNanas

gainunzwiurlatedossasidi fu godnsnzuriaiados fudas lfuantsd i
meﬂnﬁﬁﬂmﬁwumﬂuﬁ pdmenizAn e WA A Aysusuliaendn winudnlusngad 2,44 40
fnenzwiuaiaides X F1-measure 1y 77.6813% Seganinnslgadnurusisuafiadwsseneded
(72.9537%) uargpdnuusiiuslafiLssoreRedifAsa sl 73.2657% dedesndtye
snrnzusintefomazih (76.6627%) insanamnsaseditliduiiuiFuuenn

suaEHan WFans197 2 44 uaz 2.45 Waplldunswnomd 32 uwax 33

Accuracy (%) Precision (%) Recail (%) F1-measure (%) I

3 Content @ S Tide+Meta DSH ABSA @S Tide+Meta+H+A

21 32 neuanusnisAuunumaTeiusnutziis vusadaya Webka

160 =

Accuracy {%) Precision (%) Recall (%) Fl-measure (%)

05 Content 0 S Title+Meta osH Bm3A 05 Tite+Meta+H+A

U7 33 newuanananirundumatesiuanugziun uwgatays WebPage

Jﬁl‘ L5 lh t’ < ' o = ol ﬁ' = i 3 o
Wipgannnng wayanuaiumassiunuenass (udsiteu 1 luaeudunisis HUNLILILNA

=]

wrzanNnITaRa L IERan st L EndLmaganus s ana 8y Auiinivasasiallagld

o

wdsiswmaanantiawvisrusdunaeilunsnFouiey (Baseline) MUFBNeduwunuuyau - dely
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2.9.5 uandiduuazaanrninisa Al UIwasEiusnus vy

Foutnuesiniesaniuil aienfaunniesifioouany q fa Tadawenuenifaousasioaing

sngaAnsAuiAeaieniy 5 1l deluiuanuasiine iRl s nausauAtuanue i 5

oA

#7718 Scontent STitlerMeta St 4ae Sa e leaiungliuda luindedinng duivluwindaliscuanafians
s = o i o X o 3 H o o ]
m3nuundunalpuAuenuasiviusi waznan1ssuuni IS medadunanissuungainai
i ar Pl el
URNFNaTY 2 AAe NRTatAzLAAn NN

& T :‘/ 9 1
(Em_v (Cantent, Title+Meta, 1, A)) 402 W8T WA (Ep_c (Content, Title+Meta, H, A)) HBNAMTUTIMAAIH

' ]
ar ol ol

wiutewasan v Agnliihwindududuiigian nensaufaidudssdng (a =2)

(Eb_¢_weight (Content, Title+Meta, H, o)) THANIMaaLugatoYya WebKB waz WebPage liuaasiumy

94V 2. 46UAT 2 47 RIHAA
.//

AR 2.46 Usr@vEnmassinuenuaniien werdausnuesivinengoniu uugadeya Webke

Em v Es ¢ Eg ¢ weigni
Performance SCumem {Content, Title+Meta, {Content, Title+Meta, {Content, Title+Meta,
H, A) H, A) H, A)
Accuracy {%) 82.1852 85.2963 86.2222 86.2222
Precision (%) 81.5786 85.3574 87.8798 87.2153
Recall (%) 81.1945 84,7564 86.3742 86.2814
F1-measure
81.1949 84.9382 86,7959 86.5911
(%)

A NA 2.47 UrrBEnmeasiusnugzifon ussiongnuusivieminii uugadoys

WebPage
Em v Ep ¢ Ep ¢ weight
Performance SContem (Content, Title+tMeta,  {Content, Title+Meta,  (Content, Title+Meta,
H, A) H, A} H, A)
Accuracy (%) 92.3554 93.7659 92.5529 95.0917
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Abstract —This paper prosemts a  semi-supervised leaming
algorithm called [terative-Cress Training (ICT) to solve the Web
lages classification  problems. We apply [nductive logic
programming (1LP) as a strong learner in JICT. The objective of this
tesearch is to evaluate the potential of the strong learner in order to
byest the performance of the weak learner of ICT. We compare the
dult with the supervised Naive Bayes, which is the well-known
gworithm for the text classification problem. The performance of our
lsming algorithm is also compare with other semi-supervised
lesming  algorithms  which are Co-Training and EM. The
mpenmental results show that 1CT algorithm outperforms those
Aldorithms and the performance of the weak learner can be enhanced
oy ILP system.

Keywords—Inductive  Logic
Learming. Web Page Categorization.

Programming, Semi-supervised

I INTRODUCTION
HE Web page categorization lask is a challenging problem
since the growth rate of the Web page is very high
Nevertheless, there 1s no common style of these Web pages in
ch category. Thercfore we need human experts to categorize
these Web pages into categories which is a time consuming
and expensive task.
Many researches have been done to find the efficient
orithm which can classify these documents automatically.
These algorithms use machine learning concept such as ncural
itworks, naive Bayes and &-nearest neighbors [1], [2], [3] in
order to find the general model of each Web’s category based
on a set of labeled documents. Unfortunately, the efficient
algonthms still need a high portion of labeled documents to
eanstruct the model.
In order to relax the problem of the big amount of these
Jabeled documents, the semi-supervised learning algorithms
are developed. These algorithms need a small amount of
libeled data, afler that the algorithin will try to label the
tnlabeled decuments and accumulate the newly labeled data
Huring the learning process.
- This paper aims to combine the Inductive Logic
mgramming (ILP) with the iterative cross-training algorithm
ICT). ICT is the semi-supervised learning algorithm which
consists of two jearners, the strong and the weak learner.
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The strategy of 1CT is to find the sirong leamer that can
induce the ability of the weak learner and use the weak
learner with the knowledge supplied from the strong learner
to do its job in the real world application.

Our assumption is that the ILP is the strong learner since
it is normally supplied with the domain knowledge during
the leamning process, hence it has high abilty in making the
decision of the Web’s category. Th€ reason that supports
this idea comes from the expenments which were done on
the Thai-non Thai Web page classification [4]. In that
problem domain, ICT use a word-segmentation with the
domain knowledge in the form of dictionary as a strong
learner. We found that the word-segmentation classifier
could enhance the performance of the simple naive Bayes
classifier of [CT

This paper 1s organized as follows, section 2 of this paper
gives the concept and the detail of ICT. Other algorithm
used in comparison with ICT wili be given in section 3. The
experimental results and the conclusion part will be
described in section 4 and 5.

I1. ITERATIVE CROSS-TRAINING
A. The Architure of ICT

In this section, we present the framework of the ICT,
which consists of two learners. Each learner gets a small
amount of labeled data. The strong leamer (clussifier!)
starts the learning process from the labeled data and classify
unlabeled data (TrairingData2?). The weak leamer
(classifier?) uses these newly labeled data to leamm and
classify TraimingDatal, The detail of ICT algoritm will be
given in Table L.

TeoniagDuted FromnggDatad

T
o
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Classifierd Clossificr 2
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Figure. 1. The Archire of licrative Cross-Training



TABLEI
THE LEARNING ALGORITHM OF ICT

TABLEII
A SET OF BACKGROUND ENCOWLEDGE FOR DRUGUSAGE DATASET

Given:
o Two waining scis  TrainingDaiui  Tor the swonyg learner and
Trenviing Date? For the weak learner (TrainingDatal and TrainingData?
both contn {7 labeled cxamples).
- lise labeled data in TrannngDore ! 1 estimate the parameter set 6 of the
rong leamner,
= Use labeled data in Training Datoe2 1o cstimate the parameter set 8, of the
weak learner,
~ Loop untl all data arc labeled.
o Usc the strong classifier with corvewt 8, o classify TrainingData2 mo
CAICROTICS.
* Train the weak learner by the labeled examples in TraimingData2 to
cstimate the paamcter set 8, of the classifier
»  Use the weak classfier with current &, 10 classify TraimngPlaiai inlo
CACEONICS,
= Traun the stronp classifier by the labeled examples in TrainingData!
to estumate the parmmeter sct £, of the classifier.

B. The Strong Learner

The ILP system is embeded in the strong learner of ICT.
Many ILP systems have been developed such as GOLEM [5],
FOIL [6], PROGOL [7]. We choose the PROGOL system
which uses a technique called inverse entailment to generate
the single most specific hypothesis that, together with the
background knowledge entails the observe data [8]. PROGOL
uses the sequential covering algorithm to learn a set of rules
from the hypothesis space. 1t employs A’ search along the way
to find a set of rules that represent the concept of the class.
Many researchers point out that PROGOL is seen as a
standard ILP learner and is eften used as a benchmark when
new {LP systems are introduced.

Our ILP system is supplied with two set of examples, i.e., a
small amount of initial labeled data and unlabeled data. The
ILP system makes use of background knowledge about the
categories of the Web pages together with a set of initial
labeled data to induce a sel of rules (€). Then the system
classifies unlabeled examples using the rule set and feeds the
newly labeled examples to the weak lcamer. The weak leamer
starts its process with the accumulated labeled data to
estimated &, and classifies Trainingdatal into categories. The
ILP system continues using its background knowledge and
Trainingdaial as labeled examples to induce a new rule set.
This process is repeated until the system is converged.

The feature sets used by the ILP system are in predicate
forms. We extract three feature sets from each Web page as
follows.

[} A title predicate, has title(p,word), is created using

words appearing in the title of the Web page, p.

2) A heading predicate, has_head(p, word), is created using

words appearing in all headings of the Web page, p.

3Y A hyperlink predicate, has fink(p,word), is created using

words appearing in all hyperlinks of the Web page, p.

For the background knowledge which is an important part
of the [LP system, we supply the knowledge for cach Web
page category. This knowledge is also written in predicate
form. Table Ii and i1 give example lists of background
knowledge for the DrugUsage and WebKb dataset.
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DrugUsage dataset

class name adverse

adverse{adverse) symtom(hematology) symiom(aculc)

adverse(reaction) synmtom{vascular) symtom liver)

synntomfcardiovascul

- symtom{metabolism)

adverse{interaction}

symtom{sleepy) symtom{digestion)  symtom{hepatitis)
symtom{nervous) symtom{allergy) symiom{urinary)
class name overdose

contraimdicale

effect(vonn) P ——

overdosc{overdosage)

overdose contraindicate i )
= - contraindicate(heant)
(comraindicalc) (contraindicate)
coniraindicate cantraindicate
effect(fatal) B .
(hypersensitivity) (hypertension)
) mill ., eétraindicate
Tegt(tor contraindicate{peptic ]
effect(toxic} co dicate{pep }(allergjc)
P
i g contraindicate
effect(coma} contraindicate(ulcer) =
(hypertrophy)

class name warning

warning{warn) targetpeople(nurse)  targetpeople(dilivery)

targetpeople{pediatric

wamning{precaution) targetpeople(maternal)

targetpeaple(pregnancy) 1argetpeople(labor)  targeipeoplc(animal)

targetpeople{maother)

class name patient information

patientinfo(patient) physician(physician) usage{room)

information(inform) physician(doctor) usage(shake)
information{product) patientinfo(take} usage(breath)
information

usage(lemperature)  usage(instruction)

(prescription)

class name clinical pharm

phamacology ST . ; T
(phamacology) clinical(chnic) druganalysis(negative)
phamacology iy P, g .

AArm— S druganalysis(gram)  dilution{dilution)
phama.colog_y _ druganalysis{positive difistiontiechivqae)
(pharmacckinetic)

C. The Weak Learner

For the weak lcarner, we employ the naive Bayes
algorithm  which makes its prediction based on the
probability obtained from the Bayes theorem. Note that
there are 2 assumptions concerning with naive Bayes. These
assumptions arc (1) The presence of each word is
conditicnally independent of all other words in the
document given the class label and (2) an assumption that
the position of a word is unimportant, ¢.g. encountering the
word “subject” at the beginning of a document 15 the same
as encountering it at the end. The classification result (%)
obtained from naive Bayes can be found in Lquation | and
2. m

* = argmax Prii}TT Pr(w] Lw, ., w) ()
b i~1
n
= argmax Pr({) [T Priw;| 1) (2)
! =1
’



TABLE [i]
A SET OF BACKOGROUND KNOWLEDGE FOR WENBKR DATASET

Class name
COUrse student Mculty project
; jeat_def
subjectios) spori(soceer)  academic(faculry) e

(project)
project_defl
{mission}
project_def
(objective)
project_def

Academic
(instiiue)
academic
{university)
academic

subjoctese) sport{hockey)

subjeoieg) sport(sotthall)

assigninent{assign)  spoit(goH) f— (icopca)
assignmeni{solution) spor(ski) teach(course) F‘i:?éic;t)__gl'k)llp
o

As=igRment 3 project_group
Mhamevrk) hobby(iravel)  teach(subject) i)
asmiEnment{problem) hobby{movic) teach(student) F‘T::::a;g::))up
Al T _ . = project_group
assignment{question} hobby{gamc)  interest{rescarch) {fegedraiest
assigamentiguz) hobby(cook) interest{paper) F;ﬁ{;;lc—)gmup

interest st
class{course) hobbyi{cat) cpiibication ?:,:Tm,lcl-)
class(lectase) hebby{dog) interest{subject} F::ﬂfz::ﬂmoup
class{lah) relative{wifc)  job(lecture) F]i'i‘;&fmlmy)
semester( fall) relative{friend) job(icach) place(lab)

]

semeater{winer) relative(futher) job{course)

semester(spring) relative{son) activity(member)
relative

semester{authum)
(daughter)

activity(acm)

matcrial{handout) relative{fanmily) activity(icee)

personal{resume Activity
([commiteg)
activity
(conference)

materal{syllabus)

miierialitextbook) personal{life)

‘The concept of naive Bayes can be found in [4]. Note that
the paramecter 6. of the naive Bayes are the probabilities,
Pr(l) and Pr{wll) which are estimated from the training
data. The prior probability, Pr{{}), is estimated from the ratio
between the number of examples belonging to class /, and
the number of all examples. The value of Pr(w]!) is the
conditional probability of sceing word w; given class label /.

I, ALGORITHMS USED IN COMPARISON
A ICT-NB Algorithm

For ICT-NB algorithm, we implement two classifiers of
ICT using naive Bayes. The different between these two
chassifiers is the feature set. The first classifier is supplied
with the words uppearing on the heading of the Web page as
the feature set, whereas the second classifier uses the words
appuaring on the conteni as the feature set. The leamning
mechanism is the same as the 1CT algonithm,

B. Supervised Naive Baves Algorithm

This algorithm is a single classifier which gets a high
portion of labeled documents during the learning process.
We test the performance of supervised naive Bayes using
two feature sets which are heading and content feature.
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C. Co-training Algorithm

The Co-Training algorithm was first introduced by Blum
and Mitchell in 1998 [9]. The concept of the algorithm is
based on the boosting technique.

That means, the algorithm learns from a small number of
initizl labeled data, and then it wili incrementally classify
unlabeled data into categories. The basic assumption of Co-
Training is that the instance distribution is compatible with
the target function. It requires that, for mest examples, the
target [unctions over each feature set predict the same label.
For example, in the Web page domain, the class of the
instance should be identifiable using either the text
appearing on the hyperlink or the text appearing in the page
content. The second assumption is that the features in one
set of an instance are conditionally independent of the
features in the sccond set, given the class of the instance.

D.  Expectation-Maximization Algorithm

Another boosting style algorithr” is Expectation-
Maximization (EM). This algorithin was first-introduced by
Dempster et al, [10]. it is an iterative algorithm for
maximum  likelihood estimation in  problems with
incomplete data.

Given a model of data generation, and data with some
missing values, EM iteratively uses the current model to
estimate the missing values, and then uses the missing value
estimates to improve the model. Using all of the available
data, EM will locally maximize the likelthood of the
parameters and give estimates for the missing values.
Therefore, the class labels of the unlabeled data are treated
as the missing values. EM has two steps, which are the E-
step and M-step, respectively. The E-step calculates
probabilistically weighted class labels for every document
using the classifier. For the M-step, it estimates new
classifier parameters using all documents. In Nigam, et al.’s
work [11], they combined EM with a naive Bayes classifier
to solve the text classification problem. The algorithm has
shown 1o be able to significantly increase lext classification
accuracy when given limited amounts of labeled data and
large amounts of unlabeled data.

IV. EXPERIMENTAL RESULT

The Web page datasets, we use for our experiments are
the WebKb dataset [[3] and the Drug-Usage dataset [12],
The performance evaluation is done using the standard
precision (P), recall (R) and F,-measure (F,}). These
measurements are defined as follows.

P =no. of correctly predicted examples in the target class (3

no. of predicted examples in the target class

R =no. of correctly predicted examples in the target class (4)
no. of all examples in the target class

F,=2PR (s)
P+R

The experimental set up for cach dataset is as follows.



A The WebKb Dataset

For ICT, Co-Training and EM, we randomly selected 30%
of all examples from cach category to be initial labeled data.
The unlabeled training data consisted of 30% of all
examples and 40% of all examples were used as a test set.
The experiments were conducted wsing S-fold cross-
validation. Table IV shows the results of all experiments
conducted on the WebKb dataset. In the table, ICT-ILP
stands for the performance of ICT which combines the ILP
system in one of the c¢lassifiers. ICT-NB 1s ICT which
combines two naive Bayes classifers, each of which learns
from different feature sets. Co-Training stands for the Co-
Training algorithm, S-Bayes stands for the supervised naive
Bayes algorithm. Note that the Classifier! of ICT-ILP is the
Progol system. For other algorithms, Classifier] means the
heading-based classifier. The Classifier? is the content-
based classifier for all of the algorithms.

Considering the two versions of ICT (ICT-ILP and ICT-
NB) in Table 1V, we found that ICT-ILP’s performance
measured by F, was increased from 78.25% to 80.90% on
Classifier]. Moreover, Classifier! was able to boost the
performance of Classifier2. The Classifier2’s performance
was enhanced from 71.76% to 84.44%. Compared to the
supervised naive Bayes algorithm, ICT-ILP outperformed S-
Bayes on Classifieri. The reason that ICT-ILP got the
highest performance came from the contribution of the
strong leamer {the Progol system).

B DruglUsage Dataset

For ICT, Co-Traming and EM, we selected 33% of all
examples to be initial labeled data. The training set
consisted of 33% and the remaining 34% was a test set. For
the supervised naive Bayes classifier, we selected 66% of all
examples 10 be labeled data. The test set consisted of 34% of
atl examples. All experiments were conducted using 3-fold
cross validation.

For the performance of Classifier! (as shown in Table V),
ICT-ILP got the highest F). ICT-NB’s performance was
increased from 69.17% to 89.90%. This means that the [LP
system had contributed 30% of performance enhancement to
LCT-NB. For Classifier2, ICT-ILP got 65.39% measured by
F\. which was higher than that of ICT-NB. The overall
learning process of ICT-ILP took | hour to converge.

The learning process of ICT-ILP took more time than the
ICT-NB, since the strong learner, Progol, needed time to do
a general-to-specific search to get the optimum set of rules.
In each iteration of ICT, the Progol took about [ hour to
generate the rules, therefore it took 3 hours for [CT-ILP to
converge.

V. CONCLUSION

We have presented the enhancement version of {CT using
the 1LP system. We found that the induced rules have more
efficiency in classify unlabeled examples. This evidence can
be seen from all experimental results. The benefit of the ILP
system can be seen clearly when all categories in the datasel
ate closely related. The reason is that most of the words in
the closely related categories are likely to be equally
distributed. Thus using the statistical approach like the naive
Bayes learner might not perform well enough to distinguish
the difference between categories. The representation of the

ICCI 2004

TABLEIV
THE PERFORMANCE OF CLASSIFIERS ON THE WERKB DATASET

Classifier] Classifier2
Algorithm P R F, P R F,
ICT-ILP B0.00 B182 B0OO0 826! 8636 R44d
ICT-NB 71.85 94.39 78.25 67.23 8673 71.76
Co-Training  73.95 84.69 75.64 1969 60.72  066.14
5-Bayes 7499 8724 7991 7695 8418 7960
EM 68.62 9164 7598 7678 7428 70.70
TABLEV
THE PERFORMANCE OF CLASSIFIERS ON THE DRUGLJSAGE DATASET.
- Classificrl Classifier2
Algorithm P R Fi P R E,
ICT-ILP 82.37 9832 9.9 5603 B82 6539
ICT-NB 60.54 80.66 69.17 5714 70.3 63.04
Co-Training 5551  62.52 5881 5043~ 77.56 61.14
S-Bayes 7574 9267 8335 (881 8712 7689
EM 7241 875 79.25 3333 9583 4946
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rule sets, on the other hand, can point out the specific
location in each Web page that can be used as a standard
prototype of the categories.
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Abstract. We propose a new approach to seclve the Web pages
categorization task. Our method consists of a set of learners which
learn from different feature sets of Web page. The motivation of this
work is to utilize htm! tag which is the unique characteristic of the
Web document. These himl tags provide high expressive feature that
can be use to enhance the Web page categorization task. We supply
these features to ensemble classifiers in order to learn and construct
the models for the classifiers. The reason that makes ensemble
classifiers yield better performance than the single classifier comes
from the fact that each base classifier learns and constructs different
models. These models lead to the different predictions on a Web page
and are finalized by the voting technique. We set up experiments on
WebKB and WebPage dataset using 5 fold cross validation technique.
Each base classifier learns from different features which are content,
meta-+title, heading and link description. We compare the performance
of ensemble to the single classifier and found that ensemble classifiers
outperform single classifier on both datasets.

1 Introduction

Ensemble classifiers were used as a methodology in a broad area of research.
Recently, the technique was implemented to solve a bioinformatics problem in order
to predict the protein structure [1]. A work done by Didaci [2] empleyed ensemble to
solve the intrusion detection on network. Grimaldi and Cunningham [3] used
ensemble technique for the music recommendation system. All of these works show
the success performance of ensemble. Therefore, it is interesting to see the potential
of ensembie on Web page categorization problem.

Considering the related works done on text classification, we found that Adaboost
technique was used in combination with support vector machine [4]. The



performance measured on Reuter and OHVMED dataset are 74.21% and 42.92%,
Furthermore, the research done by Fuernkranz [5] which used the content and anchor
text as a feature set got 86.86% as an average performance. Another research done by
Diao et al {6] shows a promising result in Chinese news classification. They got
86.80%% on the classification result, Therefore, we propgse to use ensemble classifiers
with variety of feature sets that can be found on the Web document.

The rest of the paper is organized as follows. In Section 2, we explain the concept
of feature-based ensemble classifier. In Section 3, we briefly describe a baseline
algorithm which is a naive Bayes concept. The experimental results and conclusion
part are shown in Section 4 and 5.

2 Ensemble Classifiers

This section gives details about the overview of ensemble technique, follows by the
problem definition of the learning task and the feature-based ensemble framework.

2.1 Overview

One of the major advance in learning technigque in the past decade was the
development of ensemble or committee approaches that learn and retain multiple
hypothesis and combine their decision during classification {10]. There are two well
known techniques used in ensemble which are bagging and boosting. The technique
called boosting [11} is an ensemble method that learns a series of weak classifiers
each one focusing on correcting the errors made by the previous one. Unlike boosting,
bagging technique main considering is to build a model from a subsampling training
set. The concept of ensemble is to obtain a set of diversity hypotheses that can be
combined in order to find an optimum classification result.

In our framework, each learmer employs naive Bayes concept which is a strong
algorithm for text classification. The motivation is that we want to enhance the
potential of naive Bayes in text classification. Therefore, we integrate many naive
Bayes learners using different feature sets via ensemble technique.

2.2 Problem Definition

We start with the problem definition of supervised learning task. Below is the
noiation and definitions.

Y is a set of classes.

T is a set of training instances, each element is feature-classification pairs.
C s a classifier.

C* is an ensemnble.

C; is the i classifier in ensemble C*

115 a set of hypotheses obtained from the learner



L is a learner which s a function from training set to classifiers.

For the supervised learning problem, a learner is given a set of training instances with
some unknown function y = flx) in the form {(x;,¥1),(X2,¥2),---.(Xm.¥m}}. Each
instance is a vector of the form < x;, Xz, ..., x> A leamer L, is trained on a set of
training examples T to produce a hypothesis, &, with the belief that it represents the
true target function. The classifier employs the hypothesis to predict the class of
example x. The main objective of the classification task is to learn and construct a
classifier that minimizes the error in predictions of an unseen data.

The ensemble classifier C*, collects ail predictions from each base classifier C,
and make the final prediction C*(x) by the voting technique. There are two main
approaches to finalize the prediction result of base classifiers, which are combining
approach and selection approach. For the combining approach, when the base
classifiers produce their class predictions, the final prediction result can be obtained
via voting technique which considers those predictions. For the selection approach,
the final result will rely on the selected classifier which has the most confident
classification result. Therefore, only one classifier is selected to produce a final
classification result of ensemble.

The simplest method for the combining approach is the voting technique, that
collects all classification results from base classifiers and makes a voting result, y.
The advantage of an ensemble is that they provide more accurate result than any of
the base classtfiers in the ensemble. But a good ensemble is one where the base
classifiers in the ensemble are both accurate and make their errors on different parts
of the input space [7].

In this work, we study three voting techniques which are majority vote, Borda
count and weighted Borda count technique. The majority voting technique considers
all predictions and make a final result using equation 1

y= arghr?-lax hdx) (1)

The Borda count method [12] needs a complete preference ranking (r) from all
voters over all candidates. It computes the mean rank of each candidate over all
voters. All predictions are reranked by the mean rank and the top ranked prediction
class will be output as a finalized prediction.

y = argmax ri(x;) ()
Fi
The weighted Borda count technique pays more concentration on the first rank
prediction by putting more weight on the classification result of the first rank.



<HTM. >

<TITLE> Prof. Adison Hoffman </ TITLE>

<META> name = "keywords" content = “lecturer,
artificitial intelligence"> -

<body >

<B> Prof. Adison Hoffman</B> is currently an
lecturer at university of Heidelberg. He started
his work here since 1980. He is an expert in
Aritificial Intelligence.

<H1> Publications list </Hl>

<A HREF="/list.htm "> paper in Artificial
Intelligence </A>

</ body >

Fig. 1. Feature sets based on html tags in a Web document

2.3 Feature-based Ensemble

Our proposed ensemble classifier consists of a set of leamer L, which learns from
different feature set of a Web page. These feature sets are words occurred in the html

tag. (see Fig 1} The feature sets used in our work are as follows.

e~

Therefore our feature-based ensemble has 4 base learners and 4 base classifiers. Each

words appear in the anchor tag <A>

words appear in the heading tags <H1> <H2> <H3> and <H4>
words appear in meta and title tags <meta> and <title>

words appear in the content of the page <Body>

element in the feature vector is calculated using TFIDF [13]




3 Baseline Algorithm

This section presents a baseline algorithm used in our study which is a naive Bayes
concept. .

For text classification problem, Naive Bayes has shown its potential in many
datasets. Its original idea comes from Bayes theorem which addresses the way to
calculate the conditional probability. The light version of Bayes theorem called naive
Bayes works under the assumption that the likelihood of the feature’s occurrence is
mutually independent for each class.

Given a feature set of the Web page, naive Bayes predicts the class of the Web
page using the prior probability, P(y,) and the probability of Web page in class y,
having the observed feature, P(featurefy;) (see equation 3). The class that has the
hughest posterior probability will be assigned to the Web page.

a
P(yjfeature;) = P{y,} IT P(feature|y;} (3)
i=1

4 Experiments
4.1 Feature Extraction

The feature sets used in our experiments are words appear in the content of Web page,
words appear on meta and title html-tag, words appear on <h;> tag and words appear
on <a> htmi-tag. The feature extraction process starts with the html tags removal then
words that oceur less than 3 times are excluded. After that the stopword deletion is
done followed by the stemming process.

4.2 Experimental Setup

The purpose of the first experiment is 1o evaluate the performance of each feature set
using single classifier. The single classifier uses naive Bayes algorithm as a learning
mechanism but leamns from different features as follows.

{1)The single content-based classifier, which is a baseline algorithm (2) The single
narve Bayes using tag <meta>+<title> classifier. (3)The single naive Bayes using tag
<h.> classtfier. {4) The single naive Bayes using tag <a> classifier. (5) The single
naive Bayes using tag <meta>+ <title>, <h>, <a> classifier. (6)The single naive
Bayes using content and tag <meta>+<title>, <h>, <a>

The second experiment aims to investigate the potential of ensemble using variety
of feature sets. We use three types of voting technique which are majority vote, Borda
count and weighted Borda count.



4.3 Performance Measurement
We use metrics such as precision, recall and F-measure to evaluate the performance
of leaming algorithms. These metrics have been widely used for performance

comparison,

Precision = number of correctly predicted examples in the target class

number of predicied examples in the target class )

Recall = number of correctly predicted example in the target class (5)
number of all examples 10 the target class

F,. measure = 2 * Precision *Recall (6)

Precision+Recall

4.4 Performance of Classifiers

The performance of single classifiers conducted on WebKB dataset are shown in
Figure 2. Considering F-measure, we found that the single classifier using content
got the highest performance (81.19%). The single classifier using heading feature got
77.68% followed by the single classifier using titletmela+h+a (75.70%) and the
single classifier using title+meta (73.70%). The lowest performance belongs to the
single classifier using word appearing on anchor text of the Web page which got
72.95%
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Accuracy (%) Precision (%) Recall (%) Fi-measure (%)

18 S Content 20 S Tille+Meta JosSH 4@SA 5@ S Tidlo+Meta+H+A

Fig. 2. Performance of single classifiers using different feature sets on WebKB
dalaset
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Fig. 3. Performance of single classifiers using different feature sets on WebPage dala set

Accuracy (%) Precision (%) Recall {%) F1-measure (%)
| @ 3 Content 2 2 5 Tile+Meta+H+A
3DEM_V (Gontent, Titie+Meta, H, A) 4 BEB_C (Content, Tile+Meata, H, A)

S@EB C Waight (Contenl, TitletMeta, H, A)

Fig. 4. Performance of ensemble classifiers using difterent feature sets and
different voting techniques on WebKB dataset

Considering the experimental result done on WebPage dataset (Figure 3), we
found that the single classitier using content and the single classifier using
title+metath+a gol competitive performance which is 90.18% and 91.57%. The
single classifier using heading teawre got 73.59% which is the lowest performance
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Fig. 5. The pecformance ensemble classifiers using different feature sets and different voting
techniques on WebPage dataset

Figure 4 and 5 show the result of ensemble classifiers on WebKB and WebPage
dataset. Considering experiments done on WebKB dataset, we found that ensemble
using weighted Borda count gol the highest performance which is 86.59%. Then
ensemble using Borda count got 86.22% which is higher thar majority vote which got
85.29% whereas the single content-base classifier got only §1.19%. For WebPage
dataset, ensemble using Borda count and weighted Borda count got 92.52% which is
higher than single conteni-based classifier which got only 90.18%

4.5 Computational Time

Since the ensemble classifiers consists of many classifiers, therefore it consume more
computational time than single classifier. Figure 6 shows computational time used by
all classifiers in our experiments on WebKB and Webpage dataset.
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Fig. 6. Computational ume measured on single and ensemble classifiers on two datasets

5 <Conclusion

We presented a feature-based ensemble classifiers to solve the Web page
categorization problem. Ensemble classifiers have an advantage that the system
combines many learners those leam from many views of cxamples. These learners
construct their models and are used by the classifiers. Therefore, constructing
ensemble classifiers using different feature sets can enhance the performance since
the system find the best solution based on the leamer’s experties to finalize the
prediction result.
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